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Vehicle detectors play an indispensable role in traffic management and control systems (TMCS). The data collected
via vehicle detectors are used to fulfill various functions such as signal control and traffic information provision. In
Japan, TMCS use mainly ultrasonic detectors. Owing to their aged deterioration, their detection accuracy gradually
reduces over many years, and thus their efficient operation and maintenance requires accomplished engineers. In recent
years, it has become difficult to maintain great numbers of ultrasonic detectors because of the financial constraints in
public resources and shortfall of accomplished engineers. In this paper, we propose failure detection methods, and
confirm their validity by using actual data. First, we propose an aggregation method of detector data for classifying
installation positions, and validate the method by using large amount of data. Moreover, we propose a few failure
detection methods with the aggregated data, and compare their decision results by using the actual data.
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1. Introduction

Traffic management and control systems (TMCSs), which
play a role in social infrastructure, not only collect and pro-
vide traffic information but also regulate traffic signals to ef-
ficiently control the flow of excessive concentrations of ve-
hicles in city centers (1) (2). In order to adequately grasp the
traffic conditions on roads and then appropriately control traf-
fic signals in response to those conditions, it is necessary for
the road network extending in all directions across urban re-
gions to include numerous devices called vehicle detectors
for detecting the situation regarding passing vehicles. In fact,
there are over 130,000 ultrasonic detectors installed mainly
in the urban areas in Japan, making up two thirds of the to-
tal number of vehicle detectors. To achieve highly accurate
data collection from these vehicle detectors, maintenance in-
spection work is performed regularly to preserve their func-
tionality. However, there are many aging vehicle detectors,
maintenance is required frequently, and the existence of units
that are already broken cannot be ignored. It is rare for fail-
ure information to be constantly transmitted from the vehicle
detectors themselves, so maintenance is performed after de-
termining whether or not a vehicle detector in a TMCS is
faulty using the method of comparing the gathered data to
actual vehicle travel conditions. In addition, there are oc-
casionally cases in which the measurements from ultrasonic
vehicle detectors diverge from the actual vehicle transit situ-
ation as they deteriorate with age, and so it is difficult to de-
termine whether there has been a breakdown (3). Among pre-
vious studies as well, there have only been reports on efforts
to detect failure on expressways (4) with none considering or-
dinary roads. Also, although methods for detecting anoma-
lous traffic conditions on expressways have been studied for
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many years (5)–(8), these do not consider vehicle detector failure
and so are difficult to put into practice. There are high hopes
for the development of an efficient and effective method for
quickly detecting breakdowns like those described above in
ultrasonic vehicle detectors installed on ordinary roads. This
paper investigates methods for aggregating traffic volume and
occupancy time data and using statistical values to detect fail-
ure.

2. Methods for Detecting Failure in Vehicle De-
tectors

Today, TMCSs include vehicle detectors at fixed intervals
(ordinarily every five minutes) that collect data on traffic vol-
ume, occupancy time, and pulse abnormality count. The de-
tectors use a 50 ms detection pulse as the minimum unit of
time for the presence of a vehicle, and measure how many de-
tection pulses correspond to the time that a vehicle is present.
Thus, if a vehicle occupies the area beneath a vehicle detec-
tor for five minutes, the occupancy time measurement data
would be 6,000 counts. A threshold is set for each measure-
ment variable in the measured data at a single point in time,
and a value above/below that threshold is judged to be abnor-
mal. The vehicle detectors installed on ordinary roads are af-
fected by parked vehicles, vehicles waiting at stop lights, and
the like, and so temporary abnormalities are not uncommon.
However, it is infrequent for this abnormality determination
to continue to the following measurement time onwards, and
so in such cases the determination of whether the vehicle de-
tector itself has broken down is difficult.

In this context, previous studies include efforts on express-
ways, and Endo et al. have endeavored to generate informa-
tion necessary for maintenance from error flag information
and decreased traffic volume measurement accuracy based on
the premise of traffic volume continuity (4). However, on ordi-
nary roads the detectors are of a single-head type, and there
are also parked cars, merging at signalized intersections, and
inflow/outflow of vehicles at intersections between vehicle
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detectors. These greatly undermine the premise of traffic
volume continuity, making it difficult to apply. There have
also been efforts to detect unexpected situation by detecting
anomalous data from ultrasonic vehicle detectors (5)–(8). How-
ever, what is being detected is not failure of the vehicle detec-
tors themselves but instead is anomalustraffic conditions, and
so these are difficult to apply without modification. Also, the
measurement characteristics of the vehicle detectors on ordi-
nary roads should be kept in mind. This depends on differ-
ences in the length of a green time used in a signal controller
within the measurement period, and so a chronological view
of the measurement data contains short-term fluctuations as
indicated in Fig. 1.

The data in this study cover 24 hours on a weekday. Fig-
ure 2 indicates the installation locations of the vehicle de-
tectors that measured the data, including an installation at a
location approximately 150 m upstream from the stop line at
the Kuzugayato Park West intersection. Determining whether
there has been a breakdown is difficult from measurement
data containing such short-term fluctuations. Thus, we turned
to the average traffic volume and average occupancy time at
times of day representative for traffic conditions, and used
those values (statistically aggregated information) in an at-
tempt to eliminate short-term fluctuations. Furthermore, two-
dimensionally visualizing those values could conceivably be
used to understand the status of an ultrasonic vehicle detec-
tor by eye. In this paper, we propose a method for categoriz-
ing ultrasonic vehicle detectors on ordinary roads and for de-
tecting failures using it by aggregating the average values of
traffic volume and occupancy time at each time of day using
a minimum unit (ordinarily defined as a five-minute period)
for the measurement time. As a method for detecting break-
downs, we propose a method taking into account a traffic

Fig. 1. Example of Detector Data

Fig. 2. Location of vehicle detectors

flow model (Q-k curve) and methods applying mathematical
methodologies, and perform a comparative evaluation of the
determination results using actual data.

3. Categorizing Vehicle Detectors on Ordinary
Roads

3.1 Visualizing Information from Aggregate Vehicle
Detector Data Observations of the fluctuations in time
in traffic demand over a single day were divided into the five
time periods of midnight, morning, noon, evening, and night,
and the unit time detector data were averaged for each time
period with the results being aggregate vehicle detector infor-
mation. The definitions for each time period are indicated in
Table 1.

We believe that the basic attributes of vehicle detectors on
ordinary roads can be discerned using this information. Fig-
ure 3 illustrates the result of plotting data for a particular day
by unit time. Occupancy times of 0 to 500 counts are dis-
tributed linearly, whereas traffic volume for occupancy times
of 500 to 5000 counts are distributed in the range of 20 to 40
(vehicles). If the 288 points in time during one day are repre-
sented as aggregate vehicle detector information, Fig. 4 is the
result.

Furthermore, Fig. 5 depicts one month of aggregate vehicle
detector information. There is less scattering of the points in
Fig. 5 compared to Fig. 3, and so it can be considered to suc-
cessfully represent large-scale trends for the detector at this
location.

Below, the data is evaluated having been visualized in a
scatter plot that, like Fig. 5, tallies one month of aggregate
vehicle detector information.
3.2 Information Categorization According to Aggre-

gate Vehicle Detector Information It is common for
surveys of the relationship between traffic volume and traf-
fic density to be conducted in relation to expressways. From

Table 1. Time zone of aggregated vehicle detector data

Fig. 3. Scatter plot of the unit data (1 day, 288plots)
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Fig. 4. Scatter plot of the unit data (1 day, 5plots)

Fig. 5. Scatter plot of the unit data (1 month, 155plots)

Table 2. Categories and conditions of installation location of
the vehicle detector

these survey results, it is known that on expressways, vol-
ume and density are in direct proportion during freely flow-
ing conditions, whereas their relationship is markedly scat-
tered during congested flow conditions (9). However, there are
few examples of such studies on ordinary roads. Thus, we
confirmed whether aggregate vehicle detection information
can be used to categorize installation conditions and the like.
Vehicle detectors on ordinary roads are greatly affected by
signalized intersections, and so in this study, we checked six
conditions focusing on the distance from a signalized inter-
section, the lane of installation, and whether or not conges-
tion occurred, as indicated in Table 2. Subjects were selected
under the conditions that the vehicle detectors had no system
abnormalities, and the difference comparing a visual mea-
surement of traffic volume during a specific period and the
value measured by the vehicle detector in question was within
a certain range. The locations were selected from urban ar-
eas with a high density of vehicle detector installation. The
locations that were selected were ordinary roads in northern
Yokohama City as indicated in Fig. 6.

The upper and middle image in Fig. 6 indicate the sur-
roundings of the intersection with Route 246 at the east side

Fig. 6. Selected location

of Eda station. The middle image is an enlargement of the
area within the dotted lines in the upper image. At this in-
tersection, congestion occurs both on Route 246, which is
the approach of the main road, and the approach of the mi-
nor road during a morning rush hour and an evening rush
hour. The congestion extends up to approximately 1 km on
the main road and up to approximately 500 m on the mi-
nor road. The cause of the congestion is traffic demand ex-
ceeding the capacity of the intersection. In addition, there is
high demand for right turns at the eastward flowing side of
Route 246, causing congestion at the right turn lane marked
as Location F. On the other hand, the lower image in Fig. 6
indicates the Hiradai and Mukaihara intersections along the
Yokohama City Shin-Yokohama Motoishikawa Road. Con-
gestion does not arise around these two intersections. The
one-month aggregate vehicle detection information results at
the various locations are indicated in Figs. 7 and 8.

Location A and Location C are the locations of detectors
installed at main roads where congestion does not occur fre-
quently. However, the graphs for each exhibit a linear distri-
bution from the origin (the 0,0 point), which is a shape close
to what is expected for a non-congested area in the Q-k curve.
Thus, when the frequency of congestion is low, detectors on a
main road exhibit a linear graph with a high slope indicating a
free flow regardless of whether it is 150 m or 300 m from the
intersection. Location B and Location D are on roads flowing
into an intersection with frequent congestion. These graphs
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Fig. 7. Aggregated data at each location (1/2)

both include a linear section extending from the origin indi-
cating a non-congested state, and a section with increasing
occupancy time without the traffic volume changing. These
are similar to example data given in the literature (9). How-
ever, Location D is 300 m upstream from the stopping line,
and so more vehicles traverse this location while traveling
before reaching the area of congestion than at Location B.
As a result, it was found that when congestion occurs fre-
quently, the graph for detectors on main roads exhibit both
a linear section with a large slope indicating a freely flowing
state, and a section where the occupancy time increases when
the number of vehicles is uniform or increases only slightly
due to the length of a green time used in a signal controller.
In addition, we were able to confirm that locations further
from the stopping line had a longer linear section indicating
a lack of congestion. Finally, we evaluated data from Loca-
tion E and Location F, which are located on right turn lanes.
The vehicles in the right turn lanes usually pass by the detec-
tors during protected right turns. The signal phases for only
right turn traffic are used at both Location E and Location
F, but it is green time for a shorter amount of time than the

Fig. 8. Aggregated data at each location (2/2)

other lights, which can lead to a longer occupancy time. Both
graphs indicate that the occupancy time rises sharply with an
increase in traffic volume, and so we found that detectors on
right turn lanes have a linear graph with a low slope. From
the above analysis, we were able to confirm that using aggre-
gate vehicle detector information could be used to categorize
installation conditions.

4. Method for Detecting Failures on Ordinary
Roads

4.1 Traffic Flow Model Method From the above re-
sults, we found that vehicle detectors on main roads could
distinguish between free flow and congested flow of traffic
via the application of aggregate vehicle detector information.
Thus, we propose a method for detecting failures by taking
into consideration a traffic model for vehicle detectors at ap-
proaches on intersections. As shown in Figs. 9 and 10, dif-
ferent lines were defined for the free-flowing and congested
flow regions in order to define regions for measurement re-
sults that would correspond to a failure state. If a number of
aggregate data fall into these regions, the vehicle detector in
question would be judged to be defective (Method 1).
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Fig. 9. Region of failure data

Fig. 10. Flowchart of the proposed method

The definition of the regions in Fig. 9 are explained as fol-
lows. The slope of L1 is equivalent to when a vehicle with a
length of 4.5 m passes by the detector at a speed of 30 km/h.
This value was used because it was nearly the same as that
obtained from the average speed during 12 daytime hours in
Kanagawa Prefecture (10). Based on Fig. 7 and practical ex-
perience, L1 demarcating the breakdown region was the line
shifted by 500 counts of time occupancy, because correct ag-
gregate vehicle detector information is expected to be plotted
on a line extending from the origin of the graph. L2 is the
line linking the point on L1 with a traffic volume of 60 vehi-
cles, which is approximately 20% less than the critical point
of traffic volume, and the point at an occupancy time of 5000

counts and a traffic volume of 0 vehicles, which can be con-
sidered the saturation point. Here, the critical point was 75
vehicles calculated from an average thoroughfare-side split of
60% and a saturated traffic flow rate (1440 vehicles/hour) that
is used in practice. Region A defined by L1 and L2 focuses on
the phenomenon of the occupancy rate remaining high, which
is one breakdown state for vehicle detectors. Next, Region B
was defined from the fact that when the occupancy time ac-
cording to the aggregate vehicle detector information is 5000
counts or higher, there is a high likelihood of a breakdown, as
well as the fact that the occupancy time in the right turn lane
where congestion is believed to have the longest occupancy
time has a maximum of about 4000 counts (Fig. 8, Location
F). Region C was set to detect the phenomenon of the traf-
fic volume diverging from reality in the upwards direction.
This used as a threshold the maximum traffic volume (94 ve-
hicles/5 minutes) that can be observed based on the practical
upper limit cycle length (150 s) (11), a split value (78%) close
to the functional upper limit, and the saturated traffic flow rate
(1440 vehicles/hour) used in practice for control adjustment.

Next, Fig. 10 shows a flowchart for the specific determi-
nation process. To simplify the judgment, it was performed
using data from the noon time period (time period 3) and the
night time period (time period 5), which exhibit different con-
ditions but have relatively stable traffic patterns.

The number of data points for making a determination re-
garding Region A and Region B in the flowchart is 3, but this
number could easily be reached by data from external causes
such as parked cars in the vicinity of the vehicle detector, and
so the determination standard is actually 10% or more of the
number of data points for a period of one month.
4.2 Mathematical Method In recent years, mathe-

matical methodologies for two-class pattern recognition have
been studied in a variety of fields. Here, a support vector ma-
chine (Method 2-A) and a neural network (Method 2-B) were
used. Support vector machine (SVM) is a method combining
an optimal hyperplane method and a kernel method, and finds
many applications due to having a high ability to discriminate
as well as theoretical support for the structure of the discrim-
inant machine. Neural networks have been used for pattern
recognition for many years, but has returned to the spotlight
as a basic technique for deep learning for big data analysis.
Here, we used a common hierarchical network consisting of
an input layer, an output layer, and hidden layers. These
two methods have as inputs the same one month of aggre-
gate information as the traffic flow model method, but even
just the traffic volume data is 150-dimensional (5 time peri-
ods × 30 days). Thus, there are a large number of information
types compared with the amount of prepared data, which runs
the risk of an unstable learning process. We focused on the
categorization results in the previous section that considered
the data from detectors operating normally to have charac-
teristic features. Thus, we performed principal component
analysis on only data from detectors operating normally, and
performed dimensionality reduction by applying a coefficient
matrix to all input data. Specifically, the traffic volume and
occupancy time in the aggregate vehicle detector information
from a functioning vehicle detector were used as data in the
format shown in Table 3, and then centered and normalized
using the average and standard deviation for each column. In

299 IEEJ Journal IA, Vol.6, No.4, 2017



Failure Detection Method using Aggregated Vehicle Detector Data（Koichiro Iwaoka et al.）

Table 3. Input Data (Before principal component
analysis)

Table 4. Settings of Method 2-A

Table 5. Settings of Method 2-B

Table 3, “Det No”. indicates unique numbers for the vehicle
detectors in the TMCS, while “Date#i Time# j” indicates data
from time period j on day i in the month in question. Then,
eigenvalue decomposition was performed using a variance-
covariance matrix to derive a coefficient matrix. Data con-
version was performed using the coefficient matrix on all the
input data contained in the failed detector data, and dimen-
sionality reduction was performed.
4.3 Numerical Experiment A numerical experiment

was performed in order to check the state of detection of
failed detectors using the proposed methods. Out of 840 de-
tectors centered in Yokohama City, Aoba Ward and Tsuzuki
Ward, detectors determined ahead of time to be function-
ing according to the survey described above as well as de-
tectors known from to have been treated as broken accord-
ing to maintenance records were used as the subjects. The
data used for the verification was from August, 2014, and in-
cluded those from detectors that broke down between August
1 and August 31, 2014, as well as from those that had al-
ready failed by August 1 according to maintenance records.
As a result, 10 detectors operating normally (normal detec-
tors) and 6 failed detectors were used for data. Method 2-A
and Method 2-B require learning data, so detectors different
from those selected for the verification data were chosen, and
data from different dates (July 1 to July 31, 2014) were used.
For the learning data, 12 normal detectors and 28 failed de-
tectors were used. As a result, the effective dimensionality
of the input data was reduced using the aforementioned di-
mensionality reduction to 22 (11 traffic volumes, 11 occu-
pancy times). In addition, Visual Mining Studio (ver. 8.1)
made by NTT DATA Mathematical Systems Inc. was used
in Method 2-A and Method 2-B. In Method 2-A, the kernel
function type and its parameters must be set, while in Method
2-B, the output layer activation function type and error func-
tion type must be set. The settings used for the numerical
experiment are shown in Tables 4 and 5.

Table 6. Result of judgement with proposed method

Table 7. Settings of each method in calculating the best
result

Table 6 shows the best results obtained for differentiation
using the verification data.

At this time, all three methods yielded the same results.
However, the results in Table 6 were only obtained from
Method 2-A and Method 2-B when certain settings were
used. Those settings are shown in Table 7.

The correct response rate for normal detectors was 100%,
while the correct response rate for failed detectors was 83%.
Although it was not possible to detect unresponsive detectors
(indicating 0 vehicles and a count of 0), these are considered
detectable by current TMCSs. Thus, relatively good results
were obtained overall. The discriminant results using settings
other than those indicated in Table 7 are described as follows.
When the kernel in Method 2-A was a Gaussian function (pa-
rameter: 0.1), the correct response rate for normal detectors
was 20%, while it was 100% for failed detectors. When the
kernel in Method 2-A was a Gaussian function (parameter:
10, 100), the correct response rate for normal detectors was
0%, and the correct response rate for failed detectors was
100%. When the kernel in Method 2-A was a polynomial
function (parameter: 3), the correct response rate for normal
detectors was 70% and for failed detectors was 83%. For all
other settings for Method 2-A and Method 2-B, the correct re-
sponse rate for normal detectors was 80% and the correct re-
sponse rate for failed detectors was 83%. This demonstrated
the relationship between settings and differentiation results in
Method 2-A and Method 2-B. First, Method 2-A combines
an optimal hyperplane method and a kernel method as stated
earlier. Table 7 includes the case when the kernel function
was linear, which was equivalent to using only the optimal
hyperplane method. This suggests that the distribution of ag-
gregate vehicle detection information used as input data is in
a state that can be separated in linear space. Even when a
polynomial function was used for the kernel, it is a second-
order polynomial rather than a third-order polynomial that is
included in Table 7. In Method 2-B, the best results were ob-
tained with one hidden layer and Softmax as the activation
function. Since the distribution of the aggregate vehicle de-
tector information can easily be used to separate the normal

300 IEEJ Journal IA, Vol.6, No.4, 2017



Failure Detection Method using Aggregated Vehicle Detector Data（Koichiro Iwaoka et al.）

Fig. 11. Aggregated data on location G

Fig. 12. Aggregated data on location H

detectors and failed detectors, is was more suitable to have
fewer hidden layers. On the other hand, we believe that from
the perspective of optimizing parameters using a reverse er-
ror propagation method, the broad search space of Softmax
yielded favorable results. Although all three methods ob-
tained favorable results, we consider Method 1 to be the most
desirable. Since being able to indicate the operating condi-
tion of a device is needed when it breaks down in a social
infrastructure system, performance being equal among the
three methods, Method 1 can actually be explained. Also, the
need to select the functions and parameters used in Method
2-A and Method 2-B ahead of time can also be considered an
issue.

Next, in order to apply the method to numerous detectors
to check the detection results, Method 1 was implemented
for all 840 detectors described above. As a result, 65 termi-
nals (7.7%) were judged to have broken down. In order to
check the condition of the identified detectors on a priority
basis, they were sorted by the pulse abnormality count de-
tected within the vehicle detectors themselves and transmit-
ted to the TMCS, and the top five terminals were selected
for investigation. Of those, three had already been deter-
mined to be faulty according to maintenance records. The
remaining two were installed respectively at Location G and
Location H, and the aggregate vehicle detection information
(time period 3 and time period 5) used for the determination
according to Method 1 are shown in Fig. 11 and Fig. 12, re-
spectively.

The unit at Location G was determined to be faulty due to
two data points in Region A and one data point on line L1 in
Fig. 9. The unit at Location H had numerous data points in

Fig. 13. The aggregated data at location G after repair

Fig. 14. The aggregated data at location H after repair

Region A as can be seen in Fig. 12, and so was determined to
be faulty. At both locations, the data deviated from the traffic
flow model, and so the units were suspected of a breakdown
and were subjected to maintenance work. The unit at Loca-
tion G was malfunctioning, and was restored by regulating
the power source voltage. The unit at Location H is a vehicle
detector that simultaneously detects three lanes. Interference
between the ultrasonic transmission/reception heads was sus-
pected and so their orientations were adjusted. The data af-
ter the maintenance work at the respective locations are indi-
cated in Fig. 13 and Fig. 14. In them, it can be seen that the
data after maintenance for both detectors did not stray into
the failure detection regions and variance decreased. In addi-
tion, it was confirmed that repeating Method 1 would result
in a discrimination as a normal detector.

5. Conclusion

We visualized vehicle detection information on ordinary
roads using aggregate vehicle detection information, and it
was suggested that it is possible to categorize installation
conditions. This categorization was achieved between the
three broad categories of approaches on intersections with
frequent congestion, approaches on intersections with infre-
quent congestion, and right turn lanes. Next, we proposed
a method for detecting failure using aggregate vehicle detec-
tion information by using the relationship between traffic vol-
ume and occupancy time in the traffic flow model to set fail-
ure regions, and we attempted to apply discrimination meth-
ods using mathematical methodologies that have been used
more frequently in recent years. All the methods achieved
relatively good results, with a correct response rate of 100%
for functioning detectors and 83% for broken down detectors.
Furthermore, implementing the method using the traffic flow
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model to 840 detectors resulted in 7.7% of them being se-
lected as failure. When the five detectors with the highest pri-
ority were checked, they were found to already be registered
as failure or found to be failed in an on-site inspection. From
this, the effectiveness of the proposed methodology could be
confirmed. In the future, we would like to make further im-
provements towards practical application through many more
numerical experiments.
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