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Abstract penetration has reached over 590 vehicles per km of road
stretch and in Bangalore, where about 5 million vehicles ply
Road congestion is a common problem worldwide. Intel- on a road network that extends barely 3000 kms [2, 3]. This
ligent Transport Systems (ITS), in developed countriek se is leading to higher levels of road congestion, longer and un
to alleviate this problem using technology. But such ITS are predictable travel times, wastage of time and fuel for com-
mostly inapplicable in developing regions due to high cost muters and more cases of road accidents. Growth in infras-
and assumptions of orderly traffic. Efforts in developing re tructure has been slow due to various reasons such as high
gions have been few. We seek to develop low-cost ITS techeost, lack of space, bureaucracy, etc. It thus needs to be sup
niques to detect road congestion which will work in disor- plemented with ITS techniques that utilize existing infras
derly road conditions. We propose techniques based on roadtructure more efficiently to give better traffic management.
noise, especially vehicular honks, a characteristic feztf What is the congestion level at important road intersesfon
Indian roads. We take Indian traffic conditions as an exam- Given a source and a destination, what is the route that will
ple for our analysis but we believe that most of our claims take least travel time? How should new infrastructure such
and experimental results can be extended to other develop-as flyovers, freeways, etc be planned to minimize conges-
ing countries too. tion? There is an evident need of ITS based applications that
Our system comprises a pair of road side acoustic sen- can answer such questions to make traveling on Indian roads
sors, separated by a known distance. If a vehicle honksless cumbersome.
between the two sensors, its speed can be estimated from
the Doppler shift of the honk frequency. In this context, we 1.2 Inapplicability of Existing ITS Techniques in India

have developed algorithms for honk detection, honk match- Many ITS applications have already been designed, im-

mg\;cn;ss se(;]sors, atnd speed estlmatlotn.. . ol plemented, deployed and are being used in developed coun-
i < have OI?e e>§hensn:jgﬁexpetr|meln S 'g semi-contro edtries. But there are some major differences between the road
Setlings as well as three dilterent real road scenarios Un- g yratfic conditions that are prevalent there and in India.

der different traffic conditions. From the road-side record For e.g. in USA, freeways and expressways extend to over
ings, we have identified five possible metrics to charaeeriz - 00'0 -kms 4] ’while [1] claims that only about 200 kms

traffic state: 70th percentile of vehicle speed, percentfle . : : :
. tin India. Th t f traff
speeds below 10 Kmph, number of honks, duration of honks-0 expressways are preseiit in naia e narre of fratic

. R . is fundamentally different from that in the developed traf-
and noise level. Statistical divergence of congested aeel fr fic. The difference needs to be experienced to be fully un-
flowing traffic data, based on these five metrics, is verified at derstood, but an appreciation can be partially gleaned from
99% conf.|dence using the two sample K.S and MWU t.ests. Vye[he representative video at [5, 6]. Unlike traffic in devel-
have designed a threshold based technique to classifyctraffi

tate int ted and free flowi fold et oped countries, traffic on Indian city-roads is characestiz
s'ate Into congested and Iree tlowing. n-101d cross va : by two aspects (1) There is high variability in size and speed
of this technique gives minimum classification accuracy of

5% for all five metrics of vehicles. The same road is shared by 4-wheeled buses
: and trucks, 4-wheeled cars and vans, 3-wheeled vans and
auto rickshaws, 2-wheeler motor-bikes, bicycles, ofieres
1 Introduction pedestrians and bullock-carts too. (2) Partly as a cosodiér
) , the variability, traffic is often chaotic, with no semblarafe
1.1 Needfor ITS in India a lane-system common in developed countries [7]. Roads
Road traffic conditions in India have particularly wors- are also generally not as well maintained, with potholes be-
ened in recent times as is evident from one of the statisticsing common. Thus it is intuitive that the various techniques
which states that the average number of vehicles on Indianthat have been developed in the context of traffic conditions
roads is growing at an enormous rate of 10.16 percent annu4n developed countries will not be applicable directly in an
ally since the last five years [1]. The condition is particiyla  Indian context. We elaborate more on this intuition in Sec-
alarming in metropolitan cities like Mumbai, where vehicle tion 2.



1.3 Our Proposed ITS Technique

The chaos on Indian roads cause traffic to be inherently
noisy. A characteristic feature of this traffic noise is es<xce
sive use ohonks Honks are an integral part of driving on
Indian roads; cautioning pedestrians, alerting fellowehs
— everything is expressed through honking. This gives rise
to a system of moving sources (vehicles) of sound (honks).
Speed of such vehicles can be estimated using Doppler shift
of the honk frequency. Our proposed ITS technique uses this
concept.

1.4 Thesis Goal

We envision a system where cheap acoustic sensors i.e.
recorders are placed on the roadside and vehicle speeds are
estimated from the Doppler shift of vehicular honks recdrde
by the sensors. Till date, we have designed a two sensor ar-
chitecture to achieve this and designed algorithms for honk
detection, honk matching across the two sensors and fre-
guency extraction for speed estimation. Our speed estimate
validated through experiments on university campus roads
and a pair of city roads show error under 6 Kmph. This level
of accuracy is enough to use the speed estimates in binary
classification of traffic states into congested and freeflow-
ing. We have designed five metrics, based on whose values,
we can do such binary classification. Two of the metrics
are speed based, nam&§‘" percentile of speed and per-
centile of speed below 10 Kmph. The remaining three are
non speed based acoustic metrics - number of honks, dura-
tion of honks and noise level. Statistical divergence of-con
gested vs freeflowing traffic data has been verified at 99%
confidence level using MWU and two sample KS tests. We
have developed a threshold based technique for binary-class
fication of traffic data into congested and freeflowing states
Using 18 hours of city road data for both training and test-
ing and n-fold cross validation, we have achieved minimum 2
classification accuracy of 75% for each metric.

e Implementing a sound based synchronization technique

to time synchronize the recorder pairs. Details of this
step can be found in Section 4.5.

Speed estimation using Doppler shift of honks has three
components - detecting honks in each sensor’s record-
ing, matching a honk as the same across the two sen-
sors, extracting appropriate frequencies from matched
honks to estimate speed. While Zahir had the basic im-
plementation of all these, his work was incomplete. The
algorithms had many manual aspects and most param-
eters were arbitrarily chosen. | refined the algorithms
manifold through in-depth study, semi-controlled ex-
periments and data analysis. Prashima Sharma has
worked with me throughout this step, the division of
work being 60% by me and 40% by her. Details of this
step can be found in Sections 6, 7, 8.

Evaluation of the speed estimation technique using
semi-controlled experiments, both inside campus and
on real roads. The in-campus experiments and data
analysis were done along with Prashima Sharma. De-
tails of this step can be found in Section 9.

Studying the application of the technique in traffic state
classification on real roads through experiments. This
involved 18 hours of data collection sitting on the road,
data analysis, design of proper metrics to do traffic state
classification, verifying statistical divergence of data o
congested vs freeflow based on these metrics, imple-
menting a simple threshold based technique to do a two-
way traffic state classification and validating the last
technique using n-fold cross validation. Details of this
step can be found in Section 10.

Related Work

o ITS can be developed for many applications - monitoring
1.5 My Contributions the road surface condition, predicting the arrival timeahp

Prof. Bhaskar Raman had the idea of using Doppler shift liC transport, estimating travel time between two places, a
of honk frequency in vehicle speed estimation. Zahir Kora- tomatic toll collection, detection of road congestion tdire
dia did the initial implementation and some semi-contrblle  €Ct commuters to less congested roads and so on. This work
experiments for proof of concept of this technique. The de- IS On developing acoustic sensor based techniques for road
tails of Zahir's work can be found in [8]. | have moved Ccongestion detection in developing regions. So we focus
forward the initial work through the following steps. specifically on existing road congestion detection teches
and seek to gauge what advantages or disadvantages existing
¢ Extensive study of existing ITS techniques and their ap- approaches have in our context.
plicability in India and other developing regions. This ITS techniques can be divided into two broad categories
was done as part of my seminar. An integration of this - fixed sensor basedhere the sensors, that gather various
seminar along with those of Vishal Sevani and Prashima road related information, are statically placed on or by the
Sharma can be found in [8]. side of the road. The second categorgrisbe vehicle based
where the sensors are mobile and placed in a subset of vehi-
e Empirical data collection from real roads to see if suf- cles that ply the road.
ficient vehicles honk in practice and what are the com-
mon properties of honk like average duration and fre-
guency range. Details of this step can be found in Sec-
tion 5.

2.1 Existing fixed sensing techniques

There are three main on-road sensing techniques as fol-
lows.



2.1.1 Dual loop detectors

Technique Pairs of inductive loop detectors can be used to
identify vehicles based on their length [9]. Identifying
the same vehicle at the two detectors can give an esti-
mate of travel time between the two detectors. Devia-
tion from expected travel time can signal congestion.

Critigue Widespread application of the technique in con-
gestion detection can be prohibitive in terms of infras-
tructure cost, as dual loop detectors need to be con-
structed at regular intervals along the road. As given
in [10], a vehicle loop detector costs $700 for a loop,
$2500 for a controller, $5000 for a controller cabinet,
$300000 for fiber optic cable per mile and 10% of the
original installation cost for annual maintenance as of
1999. Furthermore, the inherent assumption of lane-
based orderly traffic makes it inapplicable for chaotic
road conditions.

2.1.2 Image sensors

Techniqgue Some papers [11] use image sensors, deployed
on road side and measure congestion level by image
processing techniques, where slower the images change
with time, higher is the level of congestion.

Critigue These technigues have high installation and main-
tenance cost, [12, 8], running into $10-20K per instal-
lation.

2.1.3 Magnetic sensors

Technique [13] uses a single magnetic sensor to detect the
ontime of vehicles pasing it, calculates the length of
vehicle based on the ontime assuming constant speed
common to all vehicles. From a large number of sam-
ples of ontime and vehicle length, they calculate me-
dian of the two metrics and estimate median speed as
medianlength i this median speed deviates from ex-

medianontime

pected median speed, congestion is reported.

Critigue While these techniques can be relatively inexpen-
sive, they also make assumptions of traffic orderli-
ness [8]. Secondly, detection of motorcycles is unre-
liable [13], which form a substantial part of road traffic
in developing regions. Thirdly, the assumption of low
variability in vehicle speeds also does not hold in de-
veloping regions where heavy slow moving trucks and
high speed motorbikes ply the same road.

2.2 Existing Probe-based Techniques

Techniques In probe based techniques, the main focus is
on GPS based sensing. A lot of work is being done
in developed countries to devise, implement and deploy
such systems. A small amount of work has been done to
use sensors available on smartphones. The basic details
of these works are discussed below.

e [12] considers GPS-enabled probe-vehicles. Us-

ing probe-vehicles’ GPS traces, they first clas-
sify the road network inteaegmentslelimited by
traffic signals. Temporal and spatial speed traces
within each segment are then analyzed, and a
thresholding technique is developed to catego-
rize traffic within the segment as congested versus
free-flowing.

Critique - Segments are bounded by signalized
intersections. In India, even within such a
segment, traffic conditions will vary as there will
many intermediate intersections, not signalized,
where drivers will follow random protocols to
decide who will go first.

The Mobile Millennium project of UCBerke-
ley [14] includes a six month pilot deployment
of GPS technology, where thousands of GPS mo-
bile phones were placed in a subset of vehicle
within a focus area. Participating users agreed to
place these cell phones in their vehicles in order
to transmit positioning data. The phones received
live traffic information from a map application for
free. In context of this deployment, they have
developed algorithms for travel time estimation,
optimal sensor placement and protecting user pri-
vacy.

[15] attempts to predict bus travel times in Chen-
nai, a metropolitan city of India. The authors de-
vise a system with GPS data and linear regres-
sion techniques using bus dwell times at intersec-
tions and bus stops, number of passengers, aver-
age speed of bus, lengths of 2 lane road, 4 lane
road and 6 lane road between start and target bus
stops.

Critique - There are three open issues with
this system— (a) deviation of the system from
linear regression model in case of road incidents,
(b) infeasibility of collecting passenger data
manually in case of practical deployments and (c)
recalibrating the linear model for each different
bus route.

[16] develops techniques to augment sparse GPS
data with Wi-fi localization information from ur-
ban hotspots. Secondly it develops a new tech-
nigue to map GPS traces to road segments us-
ing hidden Markov models with Viterbi matching.
Thirdly they experimentally quantify power con-
sumption in mobile devices if GPS sensing is kept
on.

[17] tries to characterize traffic and road condi-
tions in the Indian city of Bangalore at low infras-
tructure cost using mobile phones that have sev-
eral sensing components like microphone, GPS



receiver, accelerometer and camera. The main attract them to take part in participatory sensing

contribution of their work is automatic reorien- as that involves sensing as well as communication
tation of accelerometer. They devise a triggered costs. Power drainage figures, as reported in [16]
sensing mechanism to save power on resource to keep GPS receivers in on mode is quite high.

constrained mobile devices. They roughly local-
ize using GSM, radio for which consumes low

power. If this rough localization shows the phone
to be in region of interest, say an impending road
intersection, GPS receiver is turned on to localize
more accurately. Accelerometer is next turned on
to detect braking and if there is sufficient braking, 2.3 EXisting Audio based Techniques

microphone is turned on to detect honks. If honks Technique Vehicle speed estimation using Doppler shift of

Inspite of the above issues, probe based techniques are
definitely more promising than their fixed sensing counter-
part due to low cost and lack of unrealistic assumptions. If
coverage of any city by probe vehicles is high, practical ITS
technigues can be designed and deployed.

also are substantial, congestion is reported. frequencies of vehicular sound is a well known idea.
Critique - Accuracy and cost effectiveness of this Radars are based on this principle, and the adaptation
technique for road monitoring is yet to be judged of the technique to police “speed-guns” is common.
on the basis of how these mobile phone based Radars require the sound beam to be “aimed” at a spe-
sensors will be deployed (scale and density), how cific moving vehicle.

data from them will be aggregated, processed and

used to infer road conditions. Critigue On a road where there are multiple vehicles of

various sizes (i.e. multiple sources of reflection), and
Issues with deploying probe based techniques in In- where the ambient noise is high, the use of radars is
dia: guestionable. Indeed, we are unaware of the use of

Though probe based techniques are inexpensive and do radars on Indian roads.

not assume traffic to be orderly, there are some generalTechnique [23] suggests a low cost technique of vehicle
issues in their deployment in the current Indian traffic speed estimation by classifying acoustic wave patterns,
scenario for the following reasons. recorded with a single roadside acoustic sensor. It uses
engine, tire, exhaust and air turbulence noise as vehic-
ular sound, Doppler shift of whose frequencies is used
to compute vehicular speed.

¢ InIndia, proliferation of GPS receivers in vehicles
is quite low. Few fleet companies like Meru [18],
Easycabs [19] and state transport companies like
BMTC [20] have GPS units installed in their de- Critique Presence of highly noisy traffic and a huge variety
vices. The first two fleet companies have ser- of acoustic signatures of vehicles will limit the applica-
vices only in Mumbai, Hyderabad, Bangalore and bility of such techniques on Indian roads.
Delhi and have around 5000 vehicles in each city. . . .
BMTC has round 5500 vehicles in Bangalore. Bu); 3 qu Approach: Vehmle Speed Estimation
there are 42 cities in India with population exceed- Using Doppler Shift of Honks

ing 1 million [21] where there is no such service.  Noise in Indian roads has a unique characteristic, namely
Even for the cities which do have fleet services, apundance of vehicular honksHonks are present, in In-
percentage of fleet vehicles is low compared to the dia, under all road conditions: congested or otherwiseyThe
total vehicle number. Low percentage of probes gare tightly knit with the driving “protocol”, so much so that
might cause sensed information to be outliers and honking is considered an aspect of “safe” driving. And such
not representative of the general traffic trend. thinking is not without truth since, in many situations, ken

¢ The fleet companies might have GPS information are expected by drivers/pedestrians to avoid accidents. We
about their vehicles, but since that location infor- S€€k to develop a vehicle speed estimation technique, us-
mation is the key to their business success, there ing road-side acoustic sensors that record vehicular honks
is little reason for them to share travel time in- Based on the Doppler shift observed in the measured fre-
formation with other transport companies and the guencies of the honks, it is possible to estimate the speed
common commuters. with which the honking vehicle is moving.
If source of sound moves with speed receiver of sound

is stationary, emitted frequency of soundfisand speed of

sound isv, then

e Smartphone penetration in India is also quite low,
is about only 2% as claimed by [22], though mo-
bile phone penetration is extremely high. Most
people have low end phones unable to take partin e when source moving away from the receiver, frequency

participatory sensing. observed at receiver is given by,
e Even for the people who do have smartphones, it fi = v o (1)
is very difficult to think of a business model to (v +vs)



e when source moving towards the receiver, frequency
observed at receiver is given by,

v

(v —vs)

f2 fo (2

If fo is known,v, can be estimated easily from equations 1
and 2. But it is not easy to guegs as different honks have
different base frequencies. In absencggfwe thus need to

use an alternate arrangement using two sound receivers, as
shown in Fig.1. When a moving vehicle blows honk in be-
tween the two receivers, it is approaching one receiver and
receding from the other. Substituting valuefgffrom equa-

tion 1 in equation 2, we get following equation,

_ A
(f1+f2)

S

®3)

Estimation ofv, is thus a three step process.

Detection of honk from the recording at each of the two
sensors in presence of background noise.

Matching honks across recordings in two sensors to iden-
tify the same honks recorded in both.

Extracting frequencies f1 and f2 in Equation 3 from
each honk pair, matched as the same across the two sen-
sors.

Using the f1, f2 obtained through the above three step
process and taking speed of sounyl£ 340 m/sec, we can
estimatev, applying Equation 3.

The system we envision comprises of inexpensive
road-side acoustic sensors, collecting dynamic inforomati
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Figure 1. System Architecture
The more used or congested a road is, the more the
reason to honk; indeed we observe this consistently in
our experimental data. So we have a nice property:
more the need for traffic updates, more are the vehic-
ular speed samples we get.

The number of speed samples is likely to be far higher
than any probe-vehicle based mechanism. Furthermore,
we readily get speed samples from all kinds of vehicles
on the road (4-wheelers, 3-wheelers, 2-wheelers, etc.).
The lack of penetration of GPS receivers/ smartphones
in India, power drainage and privacy issues and lack of
incentives in participatory sensing have no role to play
here. Most vehicles honk, when traffic is chaotic and
congested.

about vehicle movement on the roads, using the techniqueScope of this work - Till date, we have done some empiri-

discussed above.

The sensors are wireless enabled, andal analysis of road noise data to learn honk properties. We

communicate with a central server to convey the learnt have designed and implemented algorithms for the three step
information. This is shown in Fig. 1. Subsequent analysis speed estimation. Road experiments to evaluate our speed
is used to extract information such as the road traffic state, estimation algorithm and verify its applicability in corsge

and this is conveyed to other mobile users. The traffic statetion detection has been done. Some specific things we have

can be in terms of a simple free-flowing versus congestedp
classification, or finer grained.

The advantages of our approach are listed below.

e The wireless-enabled sensors are cheap. The compo-
nents needed are a recorder, a processor, a flash mem-
ory, a local radio, a clock and some connectivity like
GPRS/GSM. ltis very similar to the mobile phone hard-
ware, which one can get as cheap as $20 in India.

The technique is custom made for chaotic traffic. There
is no orderliness assumption, in fact, more the chaos,
more is the number of vehicles honking and higher is
the number of speed estimates obtained.

ot done yetare as follows.

e We have used two N79 phones as recorders, and not yet
designed any acoustic sensor customized for our pur-
pose.

¢ All analysis has been offline, there has been no connec-
tivity or data transfer from the recorders in the experi-

mental site to any central server.

Recorders have been positioned in places showing con-
gestion in peak hours and free flow otherwise. Places
were also chosen according to convenience of stand-
ing/sitting with the recorder. Optimal sensor placement

based on traffic criticality or road coverage has not been
studied yet.



e The data analysis has been strictly in terms of detecting periments are within the 1IT-Bombay campus, where there
patterns and designing metrics for differentiating con- is relatively little traffic. So we use a motorbike and cohtro
gested traffic data from that of freeflowing. Correlating when we honk. We however have no control over the fre-
data from different sensor pairs to estimate travel time, quency pattern, the sound echoes, etc. So the campus-road
correlating data from consecutive sensor pairs to esti- experiments are semi-controlled. This greatly helped us du
mate vehicle queue length, doing time series analysis toing the algorithm development process.
detect congestion patterns at specific times of the day,  The city-road experiments are on various city roads. We
forecasting future traffic state from present state using term one set of roads asira, which are from a residential
machine learning techniques on historical data have not|ocality calledHiranandani These roads were one-lane in
been done. each direction, and about 10 m wide overall. We also have

a set of measurements on a much wider road, caldid

Shankaracharya Margwhich we abbreviate addi. This

road is 3 “lanes” each way: see [6]. Bdttira andAdi are

All the above things, not done yet, provide interesting av- known for their congestion at peak times, the latter more so

e No user level application has been designed to provide
information to commuters on the road.

enues of future work. than the former.
4 Details of Experimental Methodology 4.2 Line of vehicle motion
There are three distinct phases of the work done till now- | our architecture, we assume that the line of vehicle mo-

a) empirical study of road noise, b) designing and imple- tjon coincides with the line joining the two sensors. This
menting algorithms for speed estimation and c) designing causes some inaccuracy, but there are several ways to reduce
metrics to do traffic state classification and verifyingits a  jt. (1) If the inter-sensor distance is large with respect to
plicability on real road data. the road width, the inaccuracy is low. Most city roads are at
In the empirical Study of road noise, we seek to know most two “lanes” Wide, or about 5m each way. So we ex-
what is the average honk length and what is the peak fre-pect the speed estimation inaccuracy due to this to be small.
quency range of a honk, so that we can use this knowledge(2) Further, our algorithms seek to restrict honk samples to
in our algorithm design. We also seek to learn how often 3 sub-region near the middle of the two recorders; we call
vehicles honk as that will decide the feasibility of praatic  this the “honking zone of interest” (see Fig. 1). The intuiti
deployment of our system. behind this is that near the middle of the two recorders, the
In the algorithm design phase, our main questions are asspeed estimate inaccuracy due to distance between the line o
follows: how can we detect honks in presence of substan-motion and the line joining the recorders, is minimized. (3)
tial background noise of roads? How can we match honks Mmany roads have a divider separating the two directions of
recorded at the two sensors as one? How can we exttact traffic. In such cases, the pair of recorders could be deploye

and f2 in Equation 3 to estimate speed? How accurate are gn the divider, and not on the side of the road, to reduce the
our speed estimates thus obtained? inaccuracy.

In the third phase, we ask questions like are the speed es-
timates obtained from real city roads representative of the able, but as we show, this inaccuracy does not matter when
contemporary traffic state? Can we distinguish traffic state . finally estimate the traffic state.
as congested or freeflowing using some speed-based met-
rics? Can any non-speed based acoustic metric be used i4.3 Sensor placement
conjunction with speed-based metrics for traffic statestlas
fication? Is there a way to detect traffic state for individual
traffic directions on a bidirectional road? Will data for eon
gested and free-flowing traffic be statistically differeasbd
on the metrics that we design? Is there any way to classify
new traffic data into congested or freeflowing state based on
historical data and if so, what is the classification accyffac
Can we detect onset of congestion i.e. the transition from

Despite the above measures, some inaccuracy is unavoid-

There are several issues related to how far the sensors are
to be placed. The two sensors need to be sufficiently away
from one another for the primary reason that we get sufficient
honk samples in-between. An additional reason may be the
reduction of the above-mentioned inaccuracy. However, if
the two sensors are too far apart, the chances that the same
honk is heard at both places reduce. Furthermore, if a local
freeflowing to congested state? radio is used for communication between the two sensors in

Extensive experiments, both on campus roads and citnyture' its range is also a.concern. )
roads have been done to find answers to the questions above, W& have chosen an inter-sensor distance of 30m, and a

The setups, hardware and software used in the experiment€0m long honking zone of interest (see Fig. 1). This set-
are detailed in this section. ting gives a good number of honks in the zone of interest.

And if the sensors are mounted on light poles, the local ra-
dio range can be several tens of metres if not more, even for
We have used two kinds of experimental settings, which the relatively high frequency of 2.4GHz [24] for 802.15.4 or

we call campus-roadand city-road The campus-roadex- Bluetooth or 802.11.

4.1 Experimental setups



4.4 Hardware and Software Used

Our envisioned deployment will have custom-built hard-
ware for recording, which we have not worked on till
now. So we use the inbuilt voice recorder utility of Nokia
N79 phones for recording. Three open source softwares 2904
—mp4tomp3converter v3.(Praat and Audacity are used
for manual preprocessing and analysis of the recordings.
Though these are fairly complex audio processing softwares
having a wide array of functionalities, we use a limited set
of operations as follows.

a1
o
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Frequency (Hz)

2263

e \oice recorder utility in N79 saves the recordings 138.077410  138.606200
in MP4 format. We convert MP4 to MP3 through Time (secs)
mp4tomp3converter v3dbnverter. Figure 2. Spectrogram in Praat

e The recording is downsampled to 16 Khz from 48 Khz, o o
converted to mono channel from stereo channel and £
saved as a 16 bit encoded wav file ushgdacity The 5

wav format is easy for processing through open source
libraries like Libsndfile. According to [17], frequency
range of honks is within 2-4 Khz, so 8 Khz sampling
frequency would be enough according to Nyquist’s the-
orem. We double the sampling frequency to reduce
noise. Stereo channel and higher bit encoding do not
add any benefit to our analysis, so they are not used.
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e Praat shows spectrogram of the recordings with time
on the x-axis and frequency on the y-axis with higher Frequency (Hz)
amplitudes colored darker. We casesound peaks in Figure 3. Spectrum in - Audacity
the recording as dark bands as welllresar them by
playing. ThusPraat provides a two way identification

Part of recording to be clipped
from recordingl

t=100 ms

of characteristic sounds. w‘ Recording started early Synchronizatic_m pattern in
.. . ° recordingl
e The spectrogram of a characteristic soun&inat, see 2 t t t t t t
Fig.2, also shows the start time and the end time in mi- £ B ]
crosecs level granularity. < ull BN PN PN PR L
e As seen in Fig.3Audacitycan be used to see which fre- >
guencies have the highest amplitudes in the recordings.
e Bandpassing is dqne usn#gldacnyt_o reduce ampli- Synchronization pattern in
tude of sound outside frequency of interest. recording2
t t t t
4.5 Time Synchronization of Sensor Pair
. - o _ t)ptl| 3t]| 4t || 5t || et 7t 8t ot
Time synchronization of the audio files recorded in the - >
two recorders is an important subproblem for the following
reason. If Recorderl starts at timgand Recorder2 starts >
at time¢; according to some global clock and — t, = Figure 4. Time synchronizing audio files

At, then any event at timeaccording to the global clockin ~ 4.5.1 Synchronization Method

Recording2, should be matched a) not with an event attime

according to global clock in Recordingl, but b) with an event In practice, it is not possible to know which recorder stérte
attimet+At. If we erroneously do a) instead of b), we might early, let alone knowing the precise valuef. We thus

have very bad consequences in our case where honks frontake the idea of node synchronization using wireless mes-
two different vehicles might get matched as the same. Thesages that the nodes receive at the same time and start count-
basic problem is Recorderl hag time of extra recording  ingt¢ime = 0 from then. We seek to record a common sound

in the beginning that needs to be clipped. This is a precursorin the two recorders so that the two recorders can start eount
for any further experiment or algorithm development. Hence ing time = 0 from the time they record the common sound.
we give the details of this now. The common sound to be recorded needs to have two proper-



ties i) it should have a distinct pattern to be distinguished

a special sound ii) the starting needs to be easily detegtabl
so thattime = 0 in the two recordings can be assigned to
the two detected start times in the two recordings and they
should be within microseconds of each other.

For the common sound, we synthetically generate a wav
file usingMatlab that has 10 square waves, each of 250 Hz

frequency and 100 millisecs duration, separated from each

other by zeros whose durations increase from 100 millisecs
to 900 millisecs in steps of 100 millisecs (See Fig.4). When
we start Recorderl and Recorder2, we initially play this wav
file. It gets recorded in the two recorders which then con-
tinue to do the recording of road data in the same audio file.
At the end of recording, we detect the start of the common
sound¢1 andt2 in the two files respectively? being greater
thant1 and clipt2 — ¢1 part of the second file from the be-
ginning.

The common sound has a self non-repetitive pattern that

makes each crest-trough pair in the pattern unique. There is

no chance of matching one crest-trough pair in a recording
with another crest-trough pair in the other recording, tteds
ducing chances of synchronization error. Secondly, even if

one or both recorders start so late that this common sound

has already started playing, still we can clearly identifg t

crest-trough pair that the recorder starts to record as each

pair is unique. This allows us the late start of the recorders

) . _
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Figure 5. Method to calculate synchronization error
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Figure 6. Synchronization error

though the amount of delay after the common sound startsg Empirical Data on Honks

playing should be less than the duration of the common
sound before the last crest-trough pairi.e. 5.5 ms.

We use this audio based approach for synchronization be-
cause we have to record anyway. So using other synchro-

nization mechanisms like Wi-Fi, Bluetooth or GPS based

techniques, each of which is available on the N-79, will need

extra effort with no added advantage. In actual deployments
with automated data collections, no common sound playing
mechanism will be there. Then we will need to design a

different synchronization mechanism, maybe based on local
radio like Wi-Fi, Bluetooth or Zigbee.

4.5.2 Synchronization Error

The error in synchronization is the error in detecting thaetst
of the common sound. We seek to quantify this error in the
following way. The problem of detecting the start of the

In this section, we seek answers to three important ques-
tions: (1) are there indeed enough honks? (2) what are typ-
ical honk durations? (3) what frequencies have highest am-
plitudes in a honk?

We performed several road-side recording$lat, us-
ing an N79 mobile-phone. The recordings are in terms of
10-minute clips. We recorded in various conditions (morn-
ing, noon, evening, night), and at different roadsHina.
Since this was a precursor to our honk detection algorithm,
we sought to detect honks “manually”, using a two-step pro-
cess, to establish ground-truth. We first look for dark regio
in the spectrogram of the recordingfraat Such dark re-
gions indicate a sound peak. An example is shown in Fig. 2.
We then verify that this is indeed a honk by hearing the iden-
tified region of recording. The dark region also gives us a
measure of the honk duration, within an estimated error of
a few milliseconds. We can only guess the error here, since

common sound is same as the problem of detecting the star{ye aredeterminingground-truth.

of any of the 10 square waves. We know the expected dif-

ference between the start times of two consecutive squared.1 How often do vehicles honk?

waves. We take the absolute value of the difference between
e

this expected value and the calculated value as error (Se
Fig.5).

For the 18 ten-minute clips we recorded, we found an av-
erage of 30 honks per clip. The median was 27 honks, the
minimum 15, and the maximum 63 honks per clip. Note

We do the above procedure for 70 pairs of square wavesthat these honks were those within the recording range of

in eight different recordings. The results are shown iné:ig.
The maximum error is of concern here which is 62 or 63
microsecs. Majority of the errors are zeros.

the recorder we used. While these numbers can clearly vary
with the road and the conditions, there appear to be a large
enough number of honks to get several vehicle speed sam-



ples per minute. Breaking time into small windows: Unlike [7], in our
case, the problem is not only to detect the presence or the
absence of a honk. In case we detect the presence, we also
Fig. 7 shows the CDF of the honk durations, as visually need to detect the start and end times of the honk as pre-
detected in the spectrogram, for the 18 x 10-min = 3 hours cisely as possible. The first reason for this is matching two
of recordings. We see that over 90% of the honks are at leasthonks recorded in two recorders as the same will be difficult
100ms long. The median honk length is about 200ms. And if boundaries are imprecise. Secondly, if we do not get the
there are some honks which are more than 1-2 seconds longentire honk frequency spectrurfil and 2, extracted from
the spectrum, might not be correct. Hence we decide to di-

5.2 How long do vehicles honk?

1 — vide time into small windows to get precise time values.
2 g: g i The algorithm choices for honk detection that we discuss
g o7 - next, involve frequencies in the recording and hence we need
g 06 j,;r to compute FFT. The number of samples in a time window,
£ o ' to be used in FFT computation of that time window, is re-
2 03 ,rf quired to be equal to the number of FFT points. For a given
3 gf | sampling frequency (16 Khz in our case), the number of sam-
0 ples in a time window is directly proportional to the size of
0 100 200 300 400 500 600 700 800 900 1000 the time window, which we want to decrease. This will de-
Honk Length (ms)
crease number of samples and hence decrease usable number
Figure 7. CDF of honk length of FFT points. Reducing number of FFT points reduces fre-
guency resolution. Thus, though from the viewpoint of im-
5.3 What s the audio frequency of honks? proving time granularity of detected honk, decreasing time

window size seems necessary, the effect of decrease in fre-
guency resolution in detection needs to be analyzed. We do
this after stating the algorithm choices of honk detection.

We use the Discrete Fast Fourier Transform (FFT) [25]
tool in the Audacitysoftware to determine the honks’ dom-
inant audio frequencies. Nericell [7] claims that honk fre-
guency range is between 2-4 KHz. We verify this claim in 6.1 Algorithm choices

our data: out of approximately 300 honks in the recordings,  we considered three possible choices for the algorithm.

only 3 have a dominant frequency outside of this range. (1) PeakVsAvgAllFreq: This algorithm, similar to [7],

6 Honk Detection considers a time window to_ be a honk h_‘ a frequency in the

2-4 KHz range has an amplitude at ledsimes the average

The first of our three-step speed estimation process isof all frequenciesn that time window. We have found that

honk detection. T = 10 works uniformly well for all roadsafter the band-
Nericell [7] uses the following simple honk detection al- pass filtering step; without the band-passing, we were @nabl

gorithm. The recording is broken up into 100ms windows. to find one uniform threshold for all situations.

A Discrete Fast Fourier Transform (FFT) [25] is performed  (2) PeakVsAvgHonkFreq: This algorithm is similar to

on each window. A discrete FFT transforms a Sample setin PeakVSAng”Fremxcept that we compare the peak against

time domain to frequency domain. A 100ms window is said the average of the amp“tudes in the honk frequency (2-

to be a honk if there are at least twpikes with at leastone  4KHz). The intuition behind this is the same as the intuition

spike in the 2-4KHz range. A spike is defined as a frequency peing bandpassing. We wish to remove effect of noise in the

whose amplitude in the FFT is at least a threstiblimes  spectrum outside honk spectrum on deciding honk detection
the average amplitude across all frequencies. Values 6f 5-1 thresholds.

are reported to work vyell far'. . o (3) PeakAbsAmp: This labels a time window as a honk if
While we use Nericell's basic approach, we adapt it in the absolute threshold of any frequency in 2-4KHz range ex-
several subtle yet significant ways. ceeds -20dB. We saw the amplitudes of frequencies in honk

Band-pass filtering: Actual road experiments produce spectrum from the empirical data and saw that a honk typi-

highly noisy data. The noise level varies from road to road cally has amplitudes -20dB in the honk spectrum.
and from time to time. Since detection of honk involved

identifying some frequencies whose amplitudes are above
average amplitudes by a certain threshold, that threstesld b Returning to the question of what time window size to

comes difficult to be ascertained if the average amplitudesuse, we observe the following. In the honk detection al-
varied. This is exactly the problem posed by variable noise gorithms above, the exact value of frequency is unimpor-
which makes average amplitude to fluctuate. Hence band-tant. Whether a peak exists with the property stated in the
pass filtering, that reduces amplitude of frequencies deitsi  heuristic is all that matters. Thus high frequency resolu-
the honk frequency range of 2-4 Khz is doneAndacity tion and hence high number of FFT points are not required.
prior to further processing. We choose to use 128 FFT points (128 is the minimum FFT

6.2 Choosing the time window size



points supported by the open source FFT implementation weunlikely, so they will get filtered out in the honk matching
use). With 16 Khz sampling frequency and 128 samples perstep. But a false negative cannot be rectified in any way.
time window, we have time window size as 8 millisecs which The other two algorithms have comparable performances,
is enough for time granularity. with PeakVsAvgAllFredpeing the better of the two. So we

6.3 Experimental evaluation of algorithm choices choosePeakVsAvgAllFre@s our honk detection algorithm.

To evaluate the above algorithm choices, we use the same PeakVsAvgAlFreq | PeakVsAvgHonkFreq | PeakAbsAmp
3 hours of road-side recording as given in Sec. 5, where we Stage DO ] Moo | o) | MO | ol | M)
manually (visually and through hearing) labeled 257 honks. Default 23 | 02 98 e 89 | 03

A false-positive is an 8ms window which is labeled as not  [fenghbounding| 56 07 71 747 10 104
a honk in the ground-truth, but is detected as a honk by the  [Thoskmerging | 5.7 04 21 738 103 | Lol
algorithm. And a false-negative is a window which is la-
beled as a honk in the ground truth, but not detected by the Table 1. Comparison of honk detection algorithms
algorithm.

Table 1 tabulates the results for the three algorithms. As
we can see from the first row, the initial results are quiterpoo

6.3.1 Honk length bounding (1) Perform band-passing to filter out (reduce the ampli-
On closer look, we found that most of the false positives tude of) sounds outside 2-4KHz. (2) Break time into 8ms win-
were due to stray windows i.e. some stand alone windows dows, and us€eakVsAvgAllFreq (with T" = 10) to classify
accidentally matching the criteria of the detection altjoni. each window as a honk or non-honk. (3) Use honk length
Since our CDF in Fig. 7 shows that over 90% of the honks lower bounding followed by honk window train merging to
are longer than 100ms, we use this as a lower-bound in ourarrive at the final set of honks, along with their time bound-
honk boundary detection. That is, any 8ms window which is aries.

not part of a tra}in of at least 14 such windows, is classified as g 5 A alternate algorithm choice

nota honk. This lower-bounds the honk length to be at least

14 x 8ms = 112ms. The second row in Tab. 1 shows the Prof. I_Dreeti_ Rao of speech processing group in the Elec-
effect of honk length bounding. False positives are largely tical Engineering Department of IIT Bombay suggested an

6.4 The final honk detection algorithm

reduced. alternate algorithm of honk detection as follows.

Equidistant_maximas Frequencies in 2-4 Khz having
6.3.2 Honk merging highest amplitudes form an arithmetic progression series.
Furthermore, in our various in-campus experiments, we See Fig.8, where the arrows between two successive max-
found that the honk detection algorithms many tinsesit imas are approximately of equal length.

the same honk as several shorter honks. To correct this, we
introduced anergingstep, where two trains of 8ms windows [
(detected as honks) are merged if they are separated by nogmm
more than 3 intervening non-honk 8ms windows. The last
row in Tab. 1 shows the effect of this merging step. We see
that the false negatives come down further, with almost no
effect on the false positive rate. This honk merging step was
implemented by Prashima Sharma.

More than the reduction in the false negative rate, honk
merging ensures that we do not have spurious honk bound-
aries (start/end), which is important for honk matching, as  Above: Sonic-

hall Visualizer
we shall see. spectrogram
. . where lighter
6.3.3 Algorithm choice color degnotes
higher

PeakVsAvgHonkFreas a high rate of false negatives. The  ampiitude

reason is, in a honk window, most frequencies in honk range )

have fairly high amplitudes. So the peak cannot exceed the Audachy
. spectrum

average amplitude of the honk frequency range by a thresh-

old T. In fact, these values are for T=2, instead of T=10 as

in PeakVsAvgAllFreq Still the false negatives are so high. Figure 8. Equidistant peaks

The false positives fdPeakVsAvgHonkFreare low, but hav-

ing high false negative is a more serious offense in our sce- But when frequency spectrum of different honks were

nario. Having same false positives in both recorders is very seen inAudacityandSonic-Visualizerthe number of maxi-

Z000H=Z 3000H=z S|SO00H=Z SO00H=zZ
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mas varied from honk to honk, the distances between consecSharma.
utive maximas pairs were approximately equal instead of be-

ing exactly same and this distance also varied among honks.
These factors made it difficult to decide uniform thresh-

olds. Furthermore, high frequency resolution was needed R1 R2
that came into conflict with the need of high time resolution % Exot 1 Exot2
in detection. Hence the algorithm was not used. - y y

7 Honk Matching

Honk detection can be done independently by each 1om 1om
recorder. After detection, the same honk has terta¢ched
across the two recordings. In our honk-matching step, we Figure 9. Evaluation setup for ~ StartTimeDif& DurnRatio
also seek to ensure that we match only honks in the “zone of
interest” (Fig. 1).
To match honks, we consider the following two intuitions. o ) )
(1) StartTimeDiff: For two honk windows:; andhs, at Verifying StartTimeDiff: For sound speed of =

recorders R1 and R2 respectively, to have originated from 340m/s, the expected start time differencesms E_it 10m
the same honk, within the zone of interest, the difference @nd59ms at 20m. We measure the actual start time differ-

between the start times &f andh, must be bounded. For €nce for the 25 honks recorded in the above experiment using

instance, in Fig. 1, suppose the honking vehicle is at digtan  OU" honk detection algorithm. Fig. 1Q shoyvs the results.
1 anda respectively from the two recorders, when it starts We can see that most of the start time differences are close

honking. And if the vehicle is within the zone of interest at {0 What we expect. But there can be errors as much as a few
this time, thenz; — 22| < 20m. So ideally, the start imes ~ tens of milli-seconds, due to the various reasons listed ear
of hy andh, must differ by not more tha® = 20, wherev lier. Given this experiment, we take tB¢artTimeDifthresh-

is the speed of sound. N old value of D = 80ms, keeping some allowance from the

(2) DurnRatio: This criterion bounds the ratio of honk €xpected value di9ms at 20m.
durations in the two recorders to be abake ldeally, if

d; andd, are the honk durations at recorders R1 (honking . Closeto | . .
vehicle receding this recorder) and R2 (honking vehicle ap- 8 v pected i
proaching this recorder) respectively,f; = ds f», since the = ST ]
number of wavelengths (lambdas) seen by both the recorders 54 | expected i
is the same (also same as the number of wavelengths gener- 8 value = 59 ms
ated at source). Sél— Jff = 37~ Wherev is speed of B 7
sound andy; is speed of vehicle. Sinceis fixed, this ratio gz i N Iil i
will decrease with increasing;. The maximum value of; £ b ‘{I g
on Indian roads is about 50Kmph. Thgis >0.92i.e. R= 27 Ij i ]
0.92. o ; i 0
Sources of error: There are two main possible sources 15-25 25-35 35-45 4555  55-65
of error. First, there may be environment-dependent echoes Start time difference (ms)

The second source of error is something we realized after
experimenting: the honk amplitude is different at the two
recorders. This is especially so when the vehicle is in-
between the two recorders: most honk installations are di-  Verifying DurnRatio: To evaluate the DurnRatio heuris-
rectional by design. That is, they give a higher amplitude in tic, we calculate the durations of the 25 honks using our de-
front of the vehicle than behind it. Such amplitude diffeven  t€ction algorithm. The speed of the bike being 0, the dura-
in turn means that one recorder wdktectit earlier than the ~ tions of the same honk in the two recordings, should be the
other, for any given value df in our detection algorithm. same; i.e. we expeah = dp, or §- = 1. Butat a dis-
Experimental evaluation of honk matching heuristics: tance of 10m, we found th%@ varled all the way from 0.43
We use semi-controllecampus-roagxperiments to testthe  to 1.75 for the 15 honks. At a distance of 20m, the values
usability of StartTimeDiffandDurnRatia For this, we place  varied from 0.38 to 0.96. In both cases, most values were
Recorder-1 near a stationary bike. This is shown in Fig. 9. significantly different from the expected value of 1.
Recorder-2 is first at a distance of 10m and then at a distance We viewed each honk pair iHudacity and found a sig-
of 20-m from Recorder-1. For the first position of Recorder- nificant trailing pattern after each honk in Recorder-2 (see
2, we blow the bike honk 15 times, for the second position 10 Fig. 11). This is likely due to echoes. The cases where
times and record in both the recorders. This experiment wasd; > d. are likely due to the fact that the honk source was
conducted and data analysis was done along with Prashimanear Recorder-1. Since there is no discernible patterreto th

Figure 10. Start time difference values (ms) for 25 honks
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Figure 11. Trailing honk pattern in Recorder-2

variation ofj—;, we decide not to use it at all in the honk
matching algorithm.

The final honk matching algorithm: is thus as follows.
If the start time of a honk (h1) recorded in one recorder is
greater or less than the start time of a honk (h2) recorded
in second recorder by at mog2 = 80ms, hl and h2 are
matched; i.e. taken to be from the same honk.

8 Frequency Extraction

From a pair of honks, matched across the two recorders,
we need to findf1 and f2 and calculate speed. With 16
Khz sampling frequency, we have frequencies varying from
0-8Khz in each of the two matched honks after FFT compu-
tation. We are thus left with the question of how to choose a
singlef1 and a singlef2 from this range. In this section, we
concentrate on this problem of frequency extraction.

8.1 Choosing FFT Points

In Section 6, we reduce the FFT points to 128 for (a) in-
creasing time resolution at the expense of (b) decreasiag fr
guency resolution. In the detection algorithm, (a) is neces
sary for accurate honk boundary detection and (b) does not
cause problem as precise frequency values are irrelevant.

Can 128 points be used here? N point FFT computation
clubs
n = (sampling frequency) /N 4)
frequency values into one bin and the central frequency
of that bin represents all thefrequency values. So in
Fig.12, frequencied to n will be represented in FFT
output asy/2 andn to 2n as3n/2. So if we havef1 =

n/2 andf2 = 3n/2, we calculate the speed value as

(f1-f2) ©

(J1+/2)"
while the actual values of the frequencies might be (a)
F1 = 0 andF2 = 2n, in which case correct value of
speed should be

S

(F1-F2) (f1-n/2) = (f2+n/2)
(F1+F2) (f1=n/2)+ (f2+n/2)
(f1-f2)—n
- T itz ©)

or (b) F1 = F2
speed should be
(F1— F2)
(F1+ F2)

n, in which case correct viue of

(f1+n/2) = (f2=-n/2)
(f1+n/2)+(f2=n/2)

v v

12

(fl—f2)+nv
fl1+ 12

Since(f1 — f2) is negative, in the former case, we are
under estimating speed and in the latter case, over esti-
mating it. The lower the value d¥, higher is the value

of n and more is the error in speed calculation. So here
we should use high value of N. The corresponding de-
crease in time resolution is not an issue now, as we have
already detected the honk windows precisely. So we
can compute a high point FFT on the honk windows to
extractf1 and f2 as precisely as possible.

()

0 n/2n 3n/22n 0 n/2 n3n/2 2n

F1 f1 f2 F2 fl F1

F2
(a) (b)
Figure 12. Effect of FFT points on speed

f2

So what N to use?- In choosing high value of N, we need
to fulfill two criteria mandated by the FFT computation
— (a) N should be a power of 2 and (b) each time win-
dow passed to the FFT computation algorithm should
have N samples. If we choose N = 4096, we need
time window of 256 ms as our sampling frequency is
16 KHz. From Fig.7, about 65% of the honks in each
sound clip is less than 250 ms in length, so we will have
very few honks with 256 ms time window. Hence we
choose N = 2048, which needs 128 ms time window.
If a honk has more than one 128 ms windows, then we
do 2048-point FFT for each individual window and av-
erage out the amplitudes of each frequency across the
multiple windows. According to Section 6, the mini-
mum honk duration for us is 112 ms. So for the few
honks with duration 112 ms or 120 ms (our honk du-
ration always is a multiple of 8 as detection uses time
window of 8 ms), we will use N =1024.

8.2 Algorithms

1) peakremains_peak - Spectrum of several pairs of
matched honks iudacity show local maximas re-
main similar across matches (see Fig. 13). Based on
this observation, we argue that if a certain frequency
has highest amplitude in a honk and another frequency
has the highest amplitude in its matched counterpart,
these two frequencies are the Doppler shifted version
of the same frequency in the original honk. This is in-
tuitive theoretically as well. Doppler shift changes the
value of a frequency based on speed of source or re-
ceiver of sound, it does not affect the amplitude of that
frequency in any way. So we choose frequency having



highest peak
2601 Hz

having highest amplitude from its matched counterpart Highest peak

highest amplitude from one honk g$ and frequency Second
2515 Hz

as f2. Using these, we compute speed according to

. Highest peak
Equation 3. ighest p

3031 Hz

Second
highest peald
2960 Hz
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Figure 14. Exchange of first and second maximas after

Doppler shift
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9 Experimental evaluation of speed estima-

Figure 13. Local maximas remaining unchanged after tiOI’l technique

Doppler shift
Next we seek to experimentally evaluate our three step
speed estimation technique. We do semi-controlled experi-
2) peaklpeak2exchange- After analyzing data from  mentsin campus and on real roads, bathandHira, using
the experimentampusspeedvary described in Sec-  our own bike and honks from it.
tion 9.2.1, Prashima Sharma obsgrved that in 3 CaseSy 1 Ground Truth
out of 25, the second highest peak in one honk becomes
highest peak in its corresponding match. We call this 9.1.1 Detection and matching

situation peakl peak2 exchange which is described |, evaluating honk detection and honk matching, simple

in Fig. 14. We argue that since manual annotation of the recording suffices. For example,
o when experiments are done on real roads, there are many

F1/f2 = —vs)/(v+vs) (8) vehicles honking, other than our own bike. We wish to eval-
whereu is speed of sound and is speed of the honk uate honk detection and matching based on the honks of our

source, we can find a lower bound ff/ £2 by assum- own bike. _So every time our _bike honks, one qf_the two per-
ing an upper bound for,. The latter on most Indian ~ SONS holding N79s, speaks into the ph_one giving detalls_ of
roads is about 50Kmph, though it can be varied from that honk. Later these_ manual annotations are used to filter
historical knowledge of speed values of any road. For out the extra holnks. Fig. 15 shows how a honk followed by
example, withy = 340 m/sec and upper bound of as ~ Manual annotation looks iraat

50 Kmph, f1/f2 has lower bound of 0.92. 9.1.2 Speed ground truth issues

So we first seek to use the highest amplitude peaks in theBut speed ground truth is more difficult to ascertain.
two recordings. If this gives a value eftf; < 0.92, then Speedometer errors, parallax error while reading maké-it di
we assume that the local maximas have been exchanged iricult for even drivers of our bike to tell the speed with con-
the two Doppler shifted recordings. We then consider all the fidence. It is risky to do the three tasks of maintaining a
other three possible combinations of the highest and secondconstant speed, blowing a honk and reading the speedome-
highest peaks among the two recordings. We take the com-ter simultaneously while driving on a real road with other
bination which give®.92 < % < 1 as the final  vehicles around.
frequencies for speed estimation. In our setup, apart from the on-road recorders, we place
The final frequency extraction algorithm: is thus as a third recorder, called Recorder-3 (R3), on the moving ve-
follows. Compute 2048 point FFT for a matched pair of hicle. Since this recording has no Doppler shift, it should
honks, for honk length 128ms. Compute 1024 point FFT  give f, as in Eqns. 1 & 2. Thus now we can have three es-
if honk length is betweeml12ms and 128ms. Consider timates of speed for each honk: one from Recorder-1 and
frequenciesf; and f, as per thepeakl peak2exchange Recorder-2, using Eqgn. 3, which we temy. We also get
heuristic, and use Egn. 3 for speed estimation. an estimate from Recorder-1 and Recorder-3, using Egn. 2,
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honk  annotation honk  annotation expfe_riments_ a_Hira a_ndAd_i. We consider 7 Qiﬁerent honk
positions: this is depicted in Fig. 16. The vehicle movesairo
# ¢ ¢ ‘ position 1 to 7 at a fixed speed (as far as the traffic would al-
low), and honks approximately at the given positions. Three
honk positions, (3,4,5), are between the recorder position
These 3 are in the honking zone of interest. Two positions,
(2,6), are at the two recorders and the remaining two, (1,7),
about 10m before and after Recorder-2 and Recorder-1 re-
spectively. These experiments were don@&" Nov, 20009.

Frequency(Hz)

Time(secs) Figure 16. Honking positions of bike

Figure 15. Honk and manual annotations in Praat 9.3 Results
which we termuvy3. We getvss similarly from Recorder-2
and Recorder-3, using Egn. 1.

Intuitively, less the difference between the three speed es
timates from the same honk, more is the reliability of our In thecampusspeedvary experiment, out of the 30 honks
technique. However it might happen that though the three blown, 25 are matched across all the three pairs of recarders
estimates are close to each other, all three are in large erwhile the remaining 5 are not detected in one of the three
ror in terms of the actual ground truth. Hence we do a san- recorders. lrroad_speedvary experiment, 4 out of the 36
ity check by comparing the mean of the three speeds to thehonk samples were lost due to manual annotation errors.
speed intuitively estimated by the driver. And 26 out of the remaining 32 honks were matched across
all the three recorders.

9.3.1 Detection and matching in the cam-
pus_speedvary and road_speedvary experiments

9.2 Experimental setup
9.3.2 Speed estimates in the campLspeedvary and

9.2.1 Campus-road experiments (campuspeedvary) X
road_speedvary experiments

On a campus road, our bike was driven past the sensors at )

various speeds. We varied the speed from 0 Kmph (station-Table 2 show the speed estimates for the 25 honks matched
ary), to slow (about 10 Kmph), to medium (about 25 Kmph) &Ccross all three recorders in tbempus.spe_ed\{e_\ry exper-
to high (about 35 Kmph). The vehicle blows a honk near the 'Ment. The mean spe_eds_conform to the intuitive ;peed esti-
middle of the two recorders. A total of 30 honks are blownin Mates given by the driver in most cases. The maximum stan-

30 different experimental runs. The experiments were donedard deviation across,s, viz anduz; is 5.44 Kmph which
on 24" Sept andl 4" Oct, 2009 late in the night, to ensure shows that the three estimates are fairly close. Table 3 show

the speed estimates for the 26 honks matched across all three
recorders iroad_speedvary experiment. The mean speeds
9.2.2 City-road experiments (roadspeedvary) conform to the intuitive speed estimates given by the driver
We conducted similar experiments at roatisa andAditoo. in most cases. The maximum standard deviation aergss
Here too, we varied the motorbike speed between 0 Kmphviz andvss is 3.69 Kmph which shows that the three esti-
and about 40 Kmph (the actual speed here was also determates are fairly close.

mined by the traffic situa_tion at that insjcant). We have 18 g 3 3 Speed error metrics for the campusspeedvary
honk samples each fr0|h=llra & Adi, making a total of 36 and road_speedvary experiments

honks. In these experiments, there are several other eshicl

honks too in the same recording. To distinguish our own mo- Apart from standard deviation, we use three different mea-
torbike’s honk from these (which is necessary to evaluate th sures of error in the speed estimates. We defwg3Err
speed estimation), we annotated the recording by speaking@s the average of the three error quantifies — v1s|,

into one of the recorders. These experiments were done onv13 — v23, andjvas — v1a|. And Max3Err as the maximum
28t Nov, 2009. of these three quantities. Apart from these two measures of

) . . error, we estimate theelative error by taking the ground
9.2.3 Varying _ _the position of vehicle honk truth of the speed to be the average:of anduva;.
(road_position.vary) For each of the 25 matched honks in tlgam-
While the above experiments varied the vehicle speed, theypus speedvary experiment, Fig. 17 shows the three mea-
kept the honk position fixed (near the middle of the two sures of error.Avg3Errand Max3Err are given on the left
recorders). We now vary the honk position, on our city-road y-axis, while the relative error is given on the right y-axis

absence of other vehicles.
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type v12 v13 v23 mean s.d.
sta (6] [0} (6] (0] 0}
sta [0} (0] [0} [0} (0]
sta [0} (0] [0} [0} 0
sta 1.89 7.57 3.77 4.41 2.89
slow 11.2 14.79 7.53 11.17 3.63
slow 13 18.38 7.5 12.96 5.44
slow 14.88 18.38 11.3 14.85 3.54
slow 14.93 18.43 11.33 14.9 3.55
slow 16.82 18.43 15.16 16.8 1.64
med 20.55 19.03 22.03 20.53 1.5
med 20.56 22.05 19.01 20.54 1.52
med 20.56 19.01 18.93 19.5 0.92
med 22.39 22.81 21.99 22.4 0.41
med 22.39 22.81 21.99 22.4 0.41
med 23 15.62 25.19 21.27 5.01
med 23 25.08 26.27 24.78 1.65
med 24.22 22.81 25.58 24.2 1.38
med 25.5 26.04 24.98 25.51 0.53
med 25.5 20.83 29.98 25.44 4.57
high 27.99 20.83 20.23 23.02 4.32
high 27.99 20.83 34.83 27.88 7
high 30.73 29.98 31.52 30.74 0.77
high 33.36 34.97 31.66 33.33 1.66
high 33.36 31.66 34.97 33.33 1.66
high 33.36 29.98 36.93 33.42 3.48
Table 2. Speed Estimates in Kmph the cam-
pus_speedvary experiment
type viz2 vi3 v23 mean s.d
sta 0.00 0.00 0.00 () O
sta 0.00 0.00 0.00 [¢) [¢]
sta 0.00 0.00 0.00 [e] [e]
sta 0.00 0.00 0.00 o o
sta 0.00 0.00 0.00 [e] [e]
sta 0.00 0.00 0.00 o o
sta 4.65 3.11 7.05 4.94 1.99
slow 9.50 8.75 11.46 9.9 1.4
slow | 13.95 | 10.58 | 17.96 | 14.16 | 3.69
slow | 13.95 | 10.58 | 17.24 | 13.92 | 3.33
slow | 14.11 | 17.43 | 15.15 | 15.56 1.7
slow | 14.11 | 17.44 | 10.71 | 14.08 | 3.37
slow | 14.15 | 13.99 | 14.32 | 14.15 | 0.16
slow | 14.15 | 13.99 | 14.32 | 14.15 | 0.16
slow | 14.15 | 13.99 | 14.32 | 14.15 | 0.16
slow | 15.30 12.39 17.29 14.99 | 2.46
med | 17.49 | 17.24 | 17.74 | 17.49 | 0.25
med | 19.10 | 17.63 | 17.95 | 18.23 | 0.77
med | 21.04 | 18.93 | 17.84 | 19.27 | 1.63
med | 22.00 | 24.27 | 21.60 | 22.62 | 1.44
med | 22.00 | 24.20 | 21.54 | 22.58 | 1.43
med | 22.96 | 20.75 | 21.80 | 21.84 | 1.11
med 24.60 24.14 21.47 23.4 1.69
high | 26.42 | 24.14 | 28.80 | 26.45 | 2.33
high | 26.42 | 27.51 | 28.80 | 27.57 | 1.19
high | 29.00 | 34.19 | 28.80 | 30.66 | 3.06
Table 3. Speed Estimates in Kmph for the

road_speedvary experiment

The points on the x-axis are sorted in increasing order of rel
ative error.

Similar error plots are shown for the 26 matched honks in

theroad_speedvary experimentin Fig. 18.
We see that both in terms of absolute error and the relativehonks. They had 2, 4, and 2 honks matched each, out of a
error, our mechanism is quite reliable, even in noisy cigdo
conditions. TheAvg3ErrandMax3Err measures are mostly
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Figure 18. Speed estimate errors on city road
under 5-10Kmph. The relative error is mostly under 10%.
There is one case of high relative error of about 65%. As can
be seen, théwg3ErrandMax3Err are low for these cases.
We also verified that this was a case where the absolute speed
itself was low, and hence the relative error is high.

9.3.4 Speed error metrics for the roadposition_vary ex-
periment

There were a total of 6 honks each at each position except
4, which had a total of 12 honks. At a given position, some
honks are matched, while some are not. For each position,
Fig. 19 gives the average of tAeg3Er, Max3Errand rela-

tive error measures. The plotted value is averaged acress th
various number of matched honks for each position. There
are no matches at position 7, and hence no data point is
shown at that position.

As earlier, the relative error is very low (under 5%) at po-
sition 4, itis about 15% for positions 3, 5 and 6. Thg3Err
is below 5 Kmph and th&lax3Erris below 10 Kmph at 3, 4
and 5.

Ideally, our honk matching algorithm should not have
matched honks at positions 1, 2, 6, and 7, since the zone of
interest is between positions 3 & 5. While position 7 gives
no matches, as expected, position 1, 2, and 6 had matched

total of 6 honks at each position.
The speed estimates at positions 1, 2, and 6 do show high



10.1 Experimental Setup

We performed 18 hours of experiments on city-roads over
the month of Nov-2009. Of these 9 hours wereHina and
9 were inAdi. We did the experiments in 1-hour chunks,
over different days. The times were chosen such that we, by
visual observation, were able to clearly classify the gobun
truth as congested, (see Figure 20), versus free-flowirgy (se
Figure 21).
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Figure 19. Speed estimate errors at various honk positions

error. The relative error in speed estimates for positio&s 1

2 are as high as 60-100%. A closer look at the data revealed
that these are cases of incorrect low-speed estimates(in fa
zero-speed estimates at position-1), when the honk isdmutsi
the zone of interest. These are caused due to false positives
in the honk matching step.

9.4 Discussion

e Detection and frequency extraction steps in the three
step speed estimation process are seen to be working
well according to the above results. The matching algo-
rithm is somewhat naive, just comparing the start time
differences to a threshold. Even deciding this threshold
is difficult due to the variability of propagation delay of

Figure 21. Free-flowing traffic in

Adi

sound. We plan to study speech processing techniques The details of dates and times of experimentslira are
that match the same sound based on frequency patterngiven in Table 4. 'u’ denotes uncongested or freeflowing and

and see their applicability in honk matching.

'c’ denotes congested traffic. Hiral refers to one roddina

that always has freeflowing traffic in both directions. Hira2
e Some better mechanism to ascertain speed ground truthrefers to a road itdira that has congested traffic in one di-
needs to be developed. Only then we can quantify the rection and free flowing in the other direction sometimes. In

true accuracy of our speed estimates.

case of Hira2, traffic state is thus represented as combmati

of two states, one in each direction. Adli, we collected 4.5

In the next section, we shall see how we can work around
the wrong speed values coming from bad matches, and esti-
mate traffic state despite some fraction of errors in vehicul
speed samples.

10 Traffic state classification

Now if we put the roadside recorder pairs on real roads
and record honks from actual road vehicles, will the speed
estimates obtained from these recordings portray the con-
temporary traffic state? If that is possible, then useful mo-
bile applications can be developed to give traffic updates an
travel time estimates to on-road commuters or those plan-
ning to commute shortly. In this section, we focus on classi-
fying traffic state into two categories: congested verses-fr
flowing based on speed estimates. We eventually develop

Date Time Venue Traffic State
2" Nov 8—-9pm Hiral u
4™ Nov 7.30-8.30 pm Hiral u
6" Nov  |6.30-7.30 pm Hira2 c+u
7" Nov 5—6pm Hiral u
7" Nov 6.20-7.20 pm Hira2 c+u
9" Nov 5—6pm Hiral u
9" Nov 6.20-7.20 pm Hira2 c+u
11" Nov | 6.20-7.20 pm Hira2 c+c
12" Nov 9—-10 pm Hira2 u

Table 4. Experiment date and time at Hira

some non speed based acoustic metrics that can be used ihours of free-flowing data and 4.5 hours in congested state.

conjunction with speed based metrics in traffic state diassi
cation.

16

The road here was wider, and the road noise so high, that
we mostly sense traffic in only one direction, near the side



where we placed the sensors. There are almost no honks 1

- . . T T
recorded and matched for traffic in the other direction. The 0.9 l@f-“'* i
details of dates and times of experiments with correspandin 2 08 ; i
traffic states are given in Table 5. As mentioned earliehy bot S 0.7 bms
Q ' P
2 064 .
Date Time Traffic State o 05 -
16" Nov | 3.25-4.25 pm u 2 04k 7:15pm-7:25pm —+— |
16th Nov | 7.15-8.15 pm c 3 3% ; %gpm ; zgpm Coe ]
17" Nov 3.15-4.15 pm u g 02 | 74532_75522 ,,,,,,, B i
17t‘:1 Nov 7.15-8.15 pm c O 0'1 i 7:55pm-8:05pm -~ |
18" Nov 4.30-5.30 pm u . 8:05pm-8:15pm ----©---
18th Nov 5.30-6.30 pm u 0 L T
18th Nov | 6.30-7.30 pm c 0 5 10 15 20 25 30 35 40 45 50 55
4th Dec 6—7pm +320mnlﬁ?rs15uc Vehicle Speed (Kmph)
4th Dec 7 —8pm c Figure 22. Speed CDF samples: congested trafficin ~ Adi
Table 5. Experiment date and time at Adi 0 ; ' o .'_:0'( e BE' '
E 0.8 - n"ﬁ'x Q.eeé .
: . . _ _ 3 07 e
roads experience heavy congestion during peak times, with g 06 E;ﬁgoé' i
the congestion irAdi far more severeAdi also has a wider o 05 L i
variety of vehicles, large buses and heavy trucks, in aniditi 2 0'4 5:30pm-5:40pm —+— |
to two-wheelers, auto-rickshaws and cars, which are preva- R :40pm-5:50pm - -x:-
in Hi g 03 5:50pm-6:00pm ---%---
lent inHira. § 0.2 hms 6:00pm-6:10pm - ]
10.2 Speed Distribution Plots 0.1% g;%ggm:g;%ggm e -
O | | | | | | |

Prior to presenting possible metrics for traffic classifi- 0 5 10 15 20 25 30 35 40 45 50 55
cation, we first get a feel for our data. The primary mea-
surement from a 2-sensor deployment is the set of vehicular
speeds. This is what we look at first, from our experiments.

Vehicle Speed (Kmph)

Figure 23. Speed CDF samples: free-flowing trafficin ~ Adi
10.2.1 Granularity of classification
From our recordings, we clip each 1 hour recording into 6 difference in the CDFs for the congested versus free-
blocks of 10 minutes each. The intuition behind using 10- flowing scenarios; we observed this in all of our data.
min chunks is that the underlying traffic characteristicldou 2
change significantly from one 10-min period to the next. For
each 10-min data, we do honk detection, honk matching and
speed estimation from the matched honks, using our algo-
rithms.

We plot the CDF of speed estimates for each 10-min
block. The number of such CDF plots is too many to present 3. There are a fevhigh values of speed under conges-

. The CDFs under congestion are generally smoother
than CDFs under free-flow. This is due to the larger
number of speed estimates obtained under congestion.
That is, people honk more under congestion, increasing
the number of matched honks.

here, so we show some representative samples. For in- tion. We manually analyzed the recordings, and iden-
stance, Fig. 22 and Fig. 23 show 6 sample CDF plots each tified three different reasons for this. (a) Many 2-
(10min x 6 = 1hr each), under congestion and free-flowing wheelers overtake the stagnant vehicle queue at rela-
traffic, onAdi. The congested plots are 86" Nov, 20009, tively high speed on the wrong side, sometimes even
7.15-8.15 pm, and free-flowing are t8** Nov, 2009, 5.30- coming onto the pavement; during such overtaking,
6.30 pm. each vehicle honks several times (see [6]). (b) Some-
Thus when we do traffic classification later, we do it in times the honk-recording, in one or both the recorders,
blocks of 10 mins. We take a 10 min block and classify it as gets mixed with human voice, police whistle or an over-
congested or free-flowing based on some metric values. lapping honk, each of which has components in the 2-

4KHz range. This changgs or f5 or both, giving erro-

10.2.2. Observations from CDF plots neous high speed values. (c) The final possible reason

From the various CDFs of 10-min durations (only 12 of is wrongly matched honks from two different vehicles,
which are shown in Fig. 22 & 23), we observe the follow- getting wrongf; or fs.
ing.

4. There are a fevow values of speed under free flow.
1. First, it is striking to see the clear, visually obsereabl One reason for this is that there is a natural tendency for
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vehicles to honk if they have to slow down for some rea-

son, such as to warn a pedestrian crossing the road. That i 1
is, there is an inherent bias in our honk-based speed 2 slzie] HE
. SP = oéégggg%eeii T
sampling, towards lower speeds. Another reason is that, g e
like in Fig. 16, some low speed estimates come from g ,_-EEE'E' ol |
(badly-matched) honks outside the zone of interest. a ;FIIHI
S i
o : a
Obs_ervations (3)and (_4) essentially mean that there are som 5 ggégﬁm_ggiggm e s
outlier speed values in our speed CDF. The next section g 6:40pm-6:50pm ---%---
i =] 6:50pm-7:00pm -
(Sec. 10.3) shows how we can work around this. 3 7:00pm-7-10pm — & — |
10.2.3 Direction sensitivity of speed estimates 0 . . I7:1(|)pm|—7:2|0prr|1 @
Our speed estimates are direction sensitive: each non-zero 0 5 10 15 20 25 30 35 40 45 50 55
estimate is signed. The sign indicates whether the velsdcle i Vehicle Speed (Kmph)

moving from Recorder-1 to Recorder-2 or vice versa. Four

hours of data collected iHira was on a road which had traf- Figure 24. North-South Direction on Normal Day

fic in both directions. The north-south direction always had 1
free-flowing traffic, and during these four hours, the south- 0.9 .
north direction was congested, due to queue build up prior to E 0.8 -
a congested intersection. < 07
In such a scenario, we saw that our speed estimates were ‘§ 0.6 _
able to represent the two different traffic states, afteraanh % 05 4
of all the zero-speed estimates (which had ambiguity in the 2 04 6:20pm-6:30pm —+—
direction). A sample set of 6-plots for each direction isegiv %’ 03 giggmggggm : i
in Fig. 24 and Fig. 25 respectively which belong)té Nov, E 0.2 6:50pm-7:00pm - _
2009, 6.20-7.20 pm. The difference between the two sets of o 01 7:00pm-7:10pm - mo— |
plots is apparent visually. P . /"10pm-7:20pm - -
Rainy day: On the same road, a striking result is obtained 0O 5 10 15 20 25 30 35 40 45 50 55
from the data o1 Nov, 2009. There was unseasonal rain, Vehicle Speed (Kmph)
due to a cyclone in the Arabian sea, and this made the traf-
fic slow in both directions. This is clearly identified by our Figure 25. South-North Direction on Normal Day
speed estimates, as seen from Fig. 26 and Fig. 27. Hira Adi
10.3 Metrics for traffic state classification _ Congested | Free-flow | Congested | Free-flow
Metric mean (s.d) | mean (s.d) | mean (s.d) | mean (s.d)
What metrics can we use to classify traffic state as con- [30 samples] | [48 samples]| (27 samples] | [27 samples]
geSIEd versus free-fIOWing? The metric should be resilient 70" pere. 1224.0) | 1826.2) 7.7 6.1) 21.1(6.1)
to speed sample outliers like those in Fig. 22 & 23. We liiidqgﬁﬁ}f
present two kinds of metrics: (a) speed-based and (b) non- 1dgmph 65.6(11.6) | 51.1(16.3) | 79.5(16.1) | 37.6(20.2)
speed based acoustic metrics.
10.3.1 Speed-based metrics Table 6. Speed based metrics

From observing all our 10-min CDF plots, we arrive at the . ]
following two metrics: (1)70%* percentile speednd (2) 10.3.2 Non-speed based acoustic metrics
P(vs < 10K'mph), that is percentile of speed samples less
than 10 Kmph. Both these metrics showed clear difference
between the plots in congested and free-flowing traffic state
The visual difference can be readily seen in the plots o

The several hours we spent by the road-side, collecting data
was tiring but gave us useful intuition about road noise.-Con
f gested traffic was inherently more noisy than free flowing:
Fig. 22 versus Fig. 23. The 70th percentile horizontal line vehicles brak_ing, engines rewving, excessive honki_ng, etc_
and the 10Kmph vertical line are given for visual aid. We now conS|dqr whether non-_speed based aCOL?St'C Metrics
We observed similar differences in all of our other CDE &N be used to differentiate traffic states. We considethe f
h lowing three metrics, computed over 10-min recording clips
as earlier. (1) The number of honks detected. (2) The total
duration of honks in 10-min (sum of durations of each honk
detected). (3) And finally, the average noise level (acriss a
crequencies), in dB.

plots too. We summarize our data as follows. From eac
10-min data, we get one sample of each of the above two
metrics. The number of such samples obtained, their mean
and standard deviation, are given in Tab. 6.

We can see a clear difference between congested and fre
flowing states, for either road. The difference is much more  Tab. 7 shows the mean across the various 10-min samples
stark forAdi, which is also what we observed visually. as well as the standard deviation, of the three metrics for
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1 , classification.

0.9 e Two or more the metrics should be used in conjunc-

2
5 0.8 7] tion with one another to decide the traffic state. Any
s 07 one can give false alarms. For example, during free
£ 06 7 flow, it might happen that, none of the drivers of fast

0.5 . i i i
% o 6:20pm-6:30pm i moving vehicles honk. Only one or more vehicles, that
5 . 6:30pm-6:40pm - -x-- slow down or stop for some reason, bl(_)w_ hpnk_. Our
g 03 6:40pm-6:50pm ---%--- speed based metrics will give very pessimistic view of
3 02 gggpm;(l)gpm o EI:'-':- . the traffic state in this case. But if the non speed based

0.1 75103m-75203m o metrics are also considered, the actual scenario will be-

0 . 1 11 1 come apparent.
0 5 10 15 20 25 30 35 40 45 50 55
Vehicle Speed (Kmph) ¢ Metric should be chosen specific to road stretch, noise

level can be a metric iRlira, but not inAdi.
Figure 26. North-South Direction on Rainy Day

e The metric mean values, as seen from the tables, in-

O_; L dicate that thresholds for each metric should be road
2 o8l specific. If we always use number of honks under con-
g 07 gestion inAdi as threshoIdHira_l will always seem to
S 06k have free flow, as traffic load is much less there, even
% 0'5 | X under congestion.
'}_% 0.4 : f¢ 2 %8% giggm BV 10.4 Statistical divergence tests
% 8'2 g;égﬁm-g;ggﬁm flflf.;_'.flf. i For the above five metrics, is the difference between their
O 0.1 7:00pm-7:10pm ~—-m-— | values in congested versus free-flowing states statiltical
.0 . I7:1(|)pm|—7:2|0pnln 0 significant? To answer this, we employ two non parametric
0 5 10 15 20 25 30 35 40 45 50 55 statistical hypothesis tests: the Mann-Whitney U test aed t
) two sample Kolmogorov-Smirnov (KS) test. Non paramet-
Venicle Speed (Kmph) ric tests are used to avoid assumptions about the underlying
Figure 27. South-North Direction on Rainy Day distributions of the metric samples.
Hira Adi For each of the metrics, we conjecture an appropriate
Congested | Free-flow | Congested | Free-flow hypothesis For instance, for th&0th percentilemetric, for
Metric mean (sd) | mean (s.d) | mean (s.d) | mean (s.d) Hira, we have thewull hypothesighat the 30 samples from
[24 samples] |[30 samples]| [27 samples]| (27 samples] the congested state and 48 samples from the free-flowing
Num. Honks | 113(30.4) | 55.5 21.1) [149.4 27.8)] 57.6 21.2) state come from the same distribution. We thus have a to-
Honk duration tal of twenty such hypotheses: five metrics x two roads x
(sec) BLA24 | 2A30) (TISQLA f2170.2) two statistical tests.
noise level (db)[ -15.50.8) | -17.3(1.5) | -13.8(1.6) | -14.7(0.9) Tab. 8 lists the p-values from these 20 tests. We see that

other than the noise metric idi, all p-values are very low.
Thus the null hypotheses are rejected even at very low sig-
nificance levels for these p-values.

the two roads under the two traffic states. All three metrics  For the noise level metric, for thédi road, the null hy-
are averaged across recorders R1 and R2. For the first twgpothesis is not rejected at the 0.001 significance levelisbut
metrics, we see that there is a clear difference between therejected at the 0.01 significance level. This matches with ou
values in congested versus free-flowing states. This is trueobservation that thadiroad is noisy even in the free-flowing
for bothHira andAdi. For the third metric, the average noise traffic state, due to several buses and large trucks.

level, although there is a difference, it is not as significn
in the other two non-speed metrics, especial Adi.

Table 7. Non speed based acoustic metrics

10.5 Threshold based traffic state classification

) ) ) ) ] ) Given the above high statistical difference, we propose a
10.3.3 Discussions on metric choice for binary traffic  gimple threshold-based traffic state classification, dsvis!

classification For a given metric, sayOth percentile speedve compute
After seeing the five metrics, two speed based and three northe mean value of this metric across all congested 10-min
speed based, we conclude the following. windows. Denote it as, sa¥cong. Similarly we compute

the mean across all 10-min windows marked as free-flowing,
e The non speed based metrics are direction insensitive.and denote it as\s,... For the data we have collected,
So we cannot use them for the directionwise traffic state X.,,4 andX¢,.. are given in Tab. 6 & 7 for the 5 metrics.
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Mann-Whitney U test Kolmogorov-Smirnov test
Metric Hira Adi Hira Adi
70" perc. Speed 2.00E-006 | 7.48E-007 | 6.16E-005 | 4.48E-004
Perc. Speed < 10 Kmph| 1.05E-005 | 2.28E-004 | 3.57E-006 | 5.95E-004
Num. Honks 5.33E-015 | 2.13E-014 | 3.30E-014 | 5.36E-019
Honk duration 3.86E-014 | 3.89E-014 | 6.19E-014 | 6.53E-017
Noise 2.18E-013 0.0131 1.27E-014 0.0017

data from a continuous two-hour recording, 6pm-8pm, on
4th Dec, 2009, oM di. The traffic state is initially free flow-
ing. It starts becoming congested from about 6.35pm. Heavy
congestion set in by 7.10pm. The values of the four metrics
(1) Number of honks, (2) Duration of honks in secs, 18"
percentile speed and (4) Percentile of speed$0 Kmph

are plotted in Fig. 28. There are 12 values for each metric,

Table 8. p-values of statistical tests

We take the threshold for traffic state classification based
on that metric asX;,, = (Xcong + Xfree)/2. FoOr in-
stance, for th&0th percentile speeahetric, X:, = (7.7 +
21.1)/2 = 14.4Kmph for Adi. Essentially, we have trained
the classification algorithm using our data set, and any fur-
ther 10-min data would be classified as congested versus
free-flowing based on this threshold. For #@th percentile
speedmetric, if a future 10-min measurement has a metric
value> 14.4 Kmph, it would be classified as free-flowing,
and as congested otherwise.

The various metric mean values, as seen from Tab. 6 & 7,
are different for the different roads. So the thresholds we
calculate should be road specific.

How effective is this threshold-based classification? To
determine this, we have used the following method. For each
experimental 10-min run, marked with ground truth (con-
gested versus free-flowing) in our data, we seek to classify
it using the above threshold-based mechanism. The thresh-
old itself is determined using all the data on that road, pkce
that 10-min run itself. If our classification detects cortges
for that 10-min window, whereas the ground-truth is marked
as free-flowing, this constitutes a false positive in cotigas
detection. The vice-versa case is a false-negative.

Hira Adi
Metric Fp (%) Fn (%) Fp (%) Fn (%)
70th perc. Speed 24.1 8.3 12.1 5.6
Perc. Speed < 10Kmph 20.9 25.3 212 18.3
Num. Honks 10.7 17.4 0.0 5.9
Honk duration 7.1 19.6 0.0 5.9
Noise 19.6 6.5 74.3 65.6

Table 9. Threshold based congestion detection
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Figure 28. Change in metric values in two hours

The figures also show as horizontal lines, the classifica-
tion thresholds computed, as per Sec. 10.5. For this, we use
all other data o\di, except these two hours, as training set.
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10.6.1 Observations

The main observations from the figures are as follows.

Computing across all 10-min samples, we can thus cal-
culate the false-positive and false-negative rate, fortiair
fic congestion detection mechanism. Tab. 9 summarizes the
false-positive and false-negative rates for the variousiose
on the two roads.
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corresponding to 12 clips of 10 mins, over 2 hours.

Durn of Honks in 10 mins (secs)

Percentile of Speeds < 10 Kmph

e The plots in Fig. 28 show that according to each met-
ric, we start in free-flow state, and finally move to con-
gested state in the 2-hour duration. The four metrics

70th percentile speedP(vs < 10Kmph), number of

We see that we achieve reasonably good accuracy; inmost ~ honks andduration of honksletect congestion at clip
cases, the false positive and false negative rates are under numbers 9, 6, 4, and 4 respectively.

20%, and in many cases under 10%. Noise level metric in

Adi gives high error as expected.

10.6 Detecting The Onset of Congestion

We present one final experiment to show that our tech-
nigue can detect the onset of congestion. For this, we presen

e The number and duration of honks show an early in-
crease because, even as congestion is setting in, traffic
becomes more chaotic. Thus there is a state where vehi-
cles are moving yet honking more due to the increasing
disorder. Even though the four metrics do not agree on



the classification when the traffic congestion is setting signal serves is to allow people to cr@sdi. A foot bridge or
in, they all finally report congestion. a subway is all that is needed to remove this second factor.

« The first plot also shows the number and duration of 11 ~Some Problems Faced
honks at recorders R1 and R2 separately. We plotthisto  Certain issues slow down the course of our work at times.
show that R1 consistently shows more number and du- We discuss two such problems here.
ration of honks compared to R2. This supports our ear- .
lier observation that?/ehicle honks are di?epctional, with 11.1 Why Does Recording Stop?
bias toward the direction of motion. Another possible ~ On certain occasions, the recordings in the two N79s,
reason for the number of honks detected at R1 being even after synchronization using the method discussed in
higher is the presence of an impending fork in the road Section 4.5.1, became unsynchronized after recording for a
just ahead of R1. Vehicles honk more as they approachwhile. We first detected this problem when the same honk,
the fork. recorded in the two phones held close to each other, showed a

start time difference as high as about 2 secs in the two record

¢ We make a final observation using the above data. Clip ings. Multipath reflection or variability of sound propaigat
number 10 shows relatively fewer honks and lower speed would not cause such high delay. The problem seemed
honk duration, as compared to other clips in conges- to be that any one N79, in course of recording, stopped
tion. But a look at the speed-based metrics for this clip recording for sayAt time and then resumed to record. This
tells that the70*" percentile speed is 0 Kmph, and 80% resumed point of recording in this N79 wag time behind
of the speeds are 10 Kmph. Thus the clip clearly its corresponding point in the other N79 recording. The be-
belongs to congested state. This supports our earlierhavior was sporadic and hence difficult to reproduce and ana-
conjecture that metrics used in conjunction with one |yze. With the intuition that some other process is inténigr
another provide more information than using them in- with the recording, we turned off processes like screeri+eor

dividually. entation using accelerometer and Wi-Fi access point prob-
ing, searched for unnecessary background processes gunnin
10.6.2 Inferences on the phones using a softwafe.skman and killed them.

Observing the onset of congestion manually, we could in- We tried to see if moving the phones causes the problem. Fi-
tuitively understand the reason for the rapid change in the nally we realized that lighting up the display by pressing th
traffic state and even think of some simple and obvious so- scroll key stopped recording. 40 sets of experiments were
lutions to it. The road had an impending signal about 300 m done to validate that the problem occurred if key is pressed
ahead of our recorders’ position. At a signal, red light dura and another 40 sets to validate that problem did not occur
tion is the time when the traffic queue builds up, and green if key is not pressed. These experiments and analysis were
light duration is the time, when the traffic queue is cleared. done along with Prashima Sharma.

Initially, in the non peak hours, the small number of vehi- 11 2 Are We Terrorists?

cles that join the queue during a red light, get enough time . . )

to leave the queue during the next green light. Gradually Al our road experiments were done in Mumbai, an In-
fill rate starts growing while service time remains same and dian city that has undergone a number of terrorist attacks
the queue cannot be cleared within that service time. The!n the recent past. So sitting with mobile phones on the

vehicles remaining to be cleared in each green cycle add to"2ds, doing recording for hours, naturally raised suspici
the queue length to be cleared in the next green cycle andof pedestrians who informed security officers that we were

the situation worsens rapidly with a long queue building up. 90ing something fishy. Explaining our goal to such individu-

Gradually when fill rate again comes down, the vehicles get IS @nd convincing them by showing our credentials required

cleared. Given that the peak hours when people go to work ime and patience.

in the morning or return from work in the evening span 2-3 12 Conclusions

hours, conditions at important traffic signal points is bdun

to be grave, which is what we regularly observe in reality.
In case of this particular road stretohdi, the road per- e ITS techniques are needed in developing regions to al-

pendicular to it, that shares the same signal and operates in  |ayiate traffic issues. Existing ITS techniques are dif-
the alternate cycles, is a low vehicle load road and the load ficult to deploy in developing regions for several rea-

The important conclusions of our work are as follows.

remains mostly constant throughout the day. It does not con- sons. Hence designing and implementing a new ITS
nect any important points that will cause traffic to grow dur- technique is an important problem to solve. The chaotic
ing peak hours. On the other hand, traffic/ufi, as we have nature of traffic and low cost constraints in developing

noted, increases drastically in the peak hours. So a simple a regions, make the problem challenging and hence inter-

rangement to adjust the signal timer, to have a longer green esting.
cycle in Adi during peak hours, than on its perpendicular
road stretch can improve the situation. Another purpose the e We can estimate speed of vehicles from honks using
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a two sensor architecture and suitable algorithms for
honk detection, honk matching and frequency extrac-
tion. The matching algorithm is somewhat naive and
gives some false matches. Still the estimated speeds
have error under 6 Kmph, if we take the standard devi-

e Implementing a technique to know vehicle speed

ground truth accurately.

e Designing low cost acoustic sensors customized for our

purpose.

ation among three estimates of the same speed as error. Implementing connectivity and data transfer from the

The empirical CDF of speed values estimated from city
road recordings over 18 hours duration, in blocks of 10

recorders in the experimental site to central servers for
real time analysis.

minutes, brings out the traffic state of those 18 hours as | ong Term Goals:

congested or freeflowing.

Though there are some outliers in the speed CDF’s,
metrics like a)70*" percentile speed and b) percentile
of speed< 10 Kmph can be used to do binary classi-
fication of traffic states into congested and freeflowing.
Some non speed based acoustic metrics like ¢) number
of honks d) duration of honks and e) noise level can also
be used for such classification. Metrics should be used
in conjunction with one another to increase classifica-
tion accuracy.

Directionwise traffic state identification is possible on a
bidirectional road using the speed based metrics as our
speed estimates are signed, the sign giving the direction
of vehicle motion.

e Optimal sensor placement based on traffic criticality or

road coverage.

Automating the threshold calculation for different met-
rics on new roads using some clustering mechanism.

Correlating data from different sensor pairs and design-
ing algorithms to estimate travel time.

Correlating data from consecutive sensor pairs to esti-
mate vehicle queue length

Time series analysis to detect congestion patterns at
specific times of the day.

Forecasting future traffic state from present state using

machine learning techniques on historical data.
e The values of all the metrics for congested and freeflow-
ing states are statistically different. This has been ver-
ified at 99% confidence level using Mann-Whitney U
test and two sample Kolmogorov-Smirnov tests.

e Designing user level applications to provide informa-
tion to commuters on the road.
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