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Abstract Traffic volume serves as a critical metric for
assessing the efficiency and planning of urban road
infrastructure. Traditionally, traffic volume data is
collected through field surveys, a process that demands
substantial time, resources, and financial investment. As an
alternative, the utilization of secondary data sources, such
as Google Traffic data, offers a more efficient and cost-
effective method for estimating traffic volume with
improved accuracy. This study applies Greenshield’s
modelling to estimate traffic volume. The primary
objective of this research is to validate the traffic volume
estimation derived from Greenshield’s model, using speed
data obtained via an API, by comparing it with field-
observed traffic survey data in Palembang City, Indonesia.
The data retrieved from the Google Traffic server via the
Application Programming Interface (API) consists of real-
time travel times recorded at 15-minute intervals for a
fixed-distance road segment. The real-time speed of a given
road segment is computed directly based on the ratio of
distance to travel time when data retrieval. The free-flow
speed (vy) is determined under uncongested traffic
conditions and is represented by the average speed
recorded between 22:00 and 05:00. Meanwhile, the
average speed (v) corresponds to the traffic conditions

observed during specific time periods that align with field
survey observations, namely morning (06:00-08:00),
afternoon (12:30-14:30), and evening (16:00-18:00).
Additionally, the maximum vehicle density (k;) during
congestion is assumed to be 200 pcu/km for each lane.
Subsequently, the model integrates the accumulated values
of traffic density (k) and average vehicle speed (v) to
determine the traffic volume using an hourly traffic flow (q)
approach on the road. This study showed a strong
correlation existed between traffic volume estimated using
Greenshield modeling with Google Traffic speed data and
traffic volume data collected from the field survey. The
coefficient of determination (R?) was recorded at 0.87,
while the Pearson correlation coefficient reached 0.93,
reflecting a high degree of agreement between the modeled
and observed traffic volumes. These results showed that
Greenshield modeling provided a reliable estimation of
traffic volume, as evidenced by how the estimated value
closely approximated direct field observations.
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1. Introduction

Traffic modeling is an aspect that has been observed to
play a very significant role in urban transportation planning
and management. As stated in a previous study, this form
of modeling enabled the prediction of traffic conditions, the
evaluation of traffic management strategies, and the
planning of new transportation infrastructure [1]. To
effectively develop a traffic model, real-time traffic data
are typically required and a renowned approach to
obtaining this form of data is through daily traffic surveys.
However, regardless of the fact that this approach provides
real-time data, the raw facts are often limited by high costs,
restricted coverage, and an inability to predict future traffic
conditions [2], [3]. Based on this insight, the development
and adoption of alternative approaches become very
necessary to complement these surveys. Within this context,
real-time traffic data from Google Traffic application have
been reported to offer a viable supplement, thereby
enhancing the scope of traffic monitoring [4]. By
leveraging Google Traffic speed data, traffic conditions can
be estimated more comprehensively [5], [6].

The rapid advancement of navigation technology, which
is facilitated by the evolution of smartphones, has
significantly improved access to real-time traffic
information [7], [8]. For instance, Google Traffic, a
specialized feature of Google Maps, provides up-to-date
traffic conditions for smartphone users [6]. This service
offers data on travel time and distance between origin and
destination points, allowing users to estimate current road
speeds [5].

Greenshield modeling was selected for this study due to
its mathematical simplicity in representing traffic flow
through speed-based relationships [9], [10] and the
approach capability to establish correlations between speed,
density, and traffic volume [11]. This modeling was
adopted to estimate traffic volume using Google Traffic
data, with the goal of validating these estimates against
field survey data collected in Palembang City, Indonesia.
Essentially, the primary objective is to assess the accuracy
of Google Traffic data in traffic volume estimation. Based
on observation, a key advantage of this approach lies in its
efficiency in reducing manpower, time, and costs
associated with traditional traffic data collection. By
utilizing real-time, continuously available data, this study
shows the potential of mathematical modeling to
streamline traffic analysis.

Several studies have utilized Google Traffic data,
Greenshield modeling, and daily traffic surveys as
methodological approaches for urban transportation
analysis. Google Traffic provides real-time or predicted
travel time and distance information between origin and
destination points. Typically, the results of analysis
conducted using these data have shown accurate
calculations of travel time fluctuations in the day,
assessments of travel time variability, and estimations of
origin-destination (OD) matrix schemes, as reflected in a

study conducted in Kaunas City, Lithuania [12]. In the
study, the data utilized were sourced from mobile device
GPS (Global Positioning System) signals and traffic
sensors. Other investigations have adopted the use of
Google Traffic data to evaluate road network performance,
identify congestion hotspots, and enhance traffic
management strategies as well as transportation policies in
Sri Lanka[4], [5], and Bandar Lampung City, Indonesia [7].

Greenshield modeling is a macroscopic approach that
describes the relationship between speed, flow, and traffic
density. As observed in Mataram City, Indonesia, the
modeling approach assumes a linear correlation between
speed and density, as well as simplified traffic volume
calculations to predict road conditions [13]. Regardless of
the fact that this approach is less precise for highly
fluctuating traffic conditions, it offers a fast and efficient
alternative to real-world traffic flow data for validating
proposed methodologies [14]. The use of speed data from
Google Traffic as input for Greenshield theory typically
enables efficient traffic prediction, particularly for roads
with stable traffic patterns. Google Traffic data has been
shown to provide reasonably accurate estimates of
congestion periods on arterial roads in Baghdad, Iraq [6].
Furthermore, route travel time estimation using Google
Traffic has been observed to offer rapid results, accounting
for two key uncertainties, namely route travel time
variability and estimated travel time accuracy. This
approach has been applied in a small network and its
applicability tested in less complex urban road networks in
downtown Baltimore City [15]. Following route travel time
estimation, speed analysis based on Google Traffic data has
also been reported to be particularly effective for real-time
traffic monitoring and for detecting significant speed
reductions as early indicators of congestion. This approach
has been successfully implemented in studies conducted in
Ecuador [5] and Boston [16].

Daily traffic surveys are a traditional approach for
collecting traffic flow data, including the direct recording
of vehicles passing a specific observation point over a set
period. Typically, data collection in this context occurs at
different times of the day, including morning and evening
rush hours as well as non-peak periods. This approach is
considered important particularly because through manual
field surveys, information on the number and composition
of vehicles traveling along a road section at a given time
can be effectively gathered. These surveys serve as a very
important source for validating traffic models, aiding
transportation authorities in identifying congestion patterns,
and predicting increases in traffic volume.

To enhance data accuracy, specifically during peak
hours, daily traffic surveys can be supplemented with
automatic monitoring devices such as video analysis [17],
Intelligent Transportation Systems (ITS) [18], and Smart
traffic monitoring [19]. However, other previous studies
have reported that regardless of the advancements in
automated data collection, manual daily traffic surveys
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remained highly reliable, particularly in areas with
significant commuter activity [20].

As stated in a previous exploration, daily average traffic
survey data played a very substantial role in calibrating
predictive models, ensuring correspondence with real-
world conditions [21]. This perspective is reinforced by A.
Stathopoulos and M. Karlaftis [22], who stated how this
data helped in the accurate identification of annual trends
and seasonal variations in vehicle volume [23].

Regarding data collection methodologies, previous study
advocated for the use of automated analysis software to
streamline the process and enhance accuracy [2], [24], [25].
In this context, the integration of sensors and surveillance
cameras has been observed to significantly improve data
precision while reducing reliance on human labor [26], [27],
[28], [29]. Other investigations also suggested that a
combined manual and automated survey approach was
more effective in capturing variations in traffic patterns,
particularly in complex urban environments [30], [31].

2. Materials and Methods

2.1. Data Collection

2.1.1. Google Traffic Data

Daily Google Traffic data collected for this study
includes traffic flow speed and travel time on selected road
sections in Palembang City. This data was sourced from
Google Maps service, which provides real-time road
condition updates based on GPS data from application
users. Figure 1 presents a script developed using Google
Traffic Application Programming Interface (API) to
automate the retrieval of real-time travel time between
specified origin and destination points. Accordingly,
Google Traffic API requires input parameters such as the
origin and destination points along with the departure time
in order to provide output in the form of distance and travel
time between these points. The obtained distance and time
data are then used to calculate the speed of the road
segment by dividing the distance by the travel time. To
ensure smooth data collection and availability at the study
location, the retrieval of Google Traffic data commenced
prior to the field survey. This preparatory step was
considered essential for verifying the effectiveness of data
acquisition and ensuring seamless integration with the
study approach.
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Figure 1.  Configuration of the Origin and Destination Points
Distribution

The implementation of the script on Google Sheets to
collect speed data is as follows:

/I Code by Muhammad Imaduddin

/I email: 03013682126 @student.unsri.ac.id or m.imaduddin@gmail.com
/I please use for research purposes

/I hopefully useful and contributes to the development of transportation
technology

function GTRAFmulti(origin, destination) {
const now = new Date();
const depTime = new Date(now.getTime() + (60 * 1000));
/I Adds 1 minute to the current time

const mapObj = Maps.newDirectionFinder();
mapObj.setMode(Maps.DirectionFinder.Mode.DRIVING);
mapObj.setOrigin(origin);
mapObj.setDestination(destination);
mapObj.setDepart(depTime);

/I Retrieving travel data (directions)

const directions = mapObj.getDirections();

const getTheLeg = directions.routes[0].legs[0];

const meters = getThelLeg.distance.value;

const duration = getTheLeg.duration_in_traffic.value;

/I Calculate speed in km/h

const speedKmph = (meters / 1000) / (duration / 3600);

Logger.log("Distance : " +meters+ " meter - Duration : " +duration+ "
second - Speed : " +(speedKmph.toFixed(2))+ " km/h");

return Number(speedKmph.toFixed(2));
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Figure 1 shows the distribution of origin and destination
points, totaling ten locations, denoted as TS-999, TS-600,
TS-400, TS-250, TS-150, TS-100, TS-050, TS-000,
TS+050, and TS+150. These notations represent distances
in meters relative to the reference point. To prevent
automatic route selection errors by Google Traffic
algorithm, all origin and destination points were placed
along the same road segment. Additionally, the departure
time used for data retrieval was set to one minute after API
request time to ensure consistency in data collection.

The data retrieved using Google Traffic API includes the
distance and travel time between origin and destination
points, which were subsequently converted into speed, as
shown in Table 1. To capture daily traffic variation patterns,
data retrieval was scheduled automatically at 15-minute
intervals over a 24-hour period, in correspondence with the
time intervals used in the field survey recapitulation. This
retrieval resolution was designed specifically to provide an
accurate representation of speed conditions on the surveyed
roads. Following data retrieval, the collected data were
subsequently processed to extract key parameters such as
travel time, speed, and entire traffic conditions for the study
area.

2.1.2. Field Traffic Survey Data

Daily The field traffic survey data utilized in this study
were validated and compared with Greenshield modeling
results obtained using Google Traffic data. To ensure
accuracy and effectiveness, the survey was conducted on
the same road section where Google Traffic data was
collected, with the survey point positioned as close as
possible to TA-000 reference point used for Google Traffic
data collection. In Figure 1, the green symbol represents the
survey point relative to each Google Traffic data collection

origin, while the black arrow signifies the direction of
vehicle movement on the observed road section.

During the field survey, the survey team recorded the
number and composition of vehicles passing through the
observation point every 15 minutes over a two-hour period
to identify daily traffic volume variations. The observations
were documented on data sheets in accordance with the
specified time intervals and vehicle classifications. The
survey was conducted during peak community activity
hours, covering three two-hour intervals including morning
(06:00-08:00 AM), midday (12:30-02:30 PM), and
evening (04:00-06:00 PM). The recorded vehicle types
included heavy vehicles, light vehicles, motorcycles, and
non-motorized vehicles. Furthermore, the collected vehicle
count was converted into standardized passenger car units
(pcu) using a multiplier factor based on the Indonesian
Road Capacity Manual (MKJI). This conversion typically
ensures comparability across different vehicle types. The
pcu values were subsequently aggregated per hour to
determine the maximum traffic volume in pcu/hour for
each surveyed road.

The peak traffic volume for each road segment was used
as a reference time for comparison, with the corresponding
average speed obtained from Google Traffic data. It is also
essential to state that harmonizing the timeframes of
maximum traffic volume and real-time speed
measurements allows for a more accurate application of
Greenshield approach in estimating real-time traffic
conditions. Based on this insight, comparing the maximum
traffic volume observed in the field with Greenshield
modeling results during peak conditions is expected to
showed a strong correlation, thereby validating the model
effectiveness in estimating traffic flow.

Table 1. Google Traffic Speed Data Retrieval Results Using API with 15-Minute Intervals
Index J02A2-01 J02A2-02 J02A2-03 J02A2-04 J02A2-05 J02A2-06 J02A2-07 J02A2-08 J02A2-09 J02A2-10

Distance 0 470 364 650 239 249 374 231 220 132
09/10/2024 05:50 0.0 36.8 29.1 18.9 23.9 30.9 29.9 39.6 37.7 33.9
09/10/2024 06:05 0.0 33.8 25.2 18.1 20.0 32.0 42.1 48.9 44.0 31.7
09/10/2024 06:20 0.0 28.2 23.4 15.2 20.5 28.9 39.6 43.8 44.0 317
09/10/2024 06:35 0.0 26.9 19.9 11.0 25.3 28.0 39.6 41.6 44.0 31.7
09/10/2024 06:50 0.0 22.3 18.0 9.6 26.1 27.2 385 41.6 41.7 29.7
09/10/2024 07:05 0.0 19.0 17.7 8.7 28.7 23.6 39.6 39.6 39.6 28.0
09/10/2024 07:20 0.0 17.3 16.6 8.5 27.8 19.9 36.4 37.8 37.7 28.0
09/10/2024 07:35 0.0 17.3 15.4 8.5 28.7 224 385 39.6 41.7 29.7
09/10/2024 07:50 0.0 21.7 19.3 10.2 29.7 224 38.5 39.6 37.7 26.4
09/10/2024 08:06 0.0 18.2 19.6 10.8 30.7 26.4 39.6 41.6 37.7 28.0
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Figure 2 shows the position of the observer in relation to
the road direction and the distribution of origin and
destination points used for data retrieval via Google Traffic
API. The Ampera Bridge served as the reference point for
determining the directional index of origin and destination
points. As presented, road section A, which leads toward
the Ampera Bridge, is marked with an orange arrow.
Meanwhile, road section B, which moves away from the
bridge, is denoted by a green arrow. The blue line
represents the route line, following the actual road layout
from the origin point TS-999 to the destination point
TS+150. The distribution of origin and destination points
is color-coded as follows: blue and orange for road sections
A and B, respectively, with distances indexed relative to
the observation point. The observer's designated positions
were at J02A-000 and J02B-000 for road sections A and B,
ensuring a precise correspondence between field
observations and data collected through API.

*\, J02B;050
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Configuration of the Distribution of Origin and Destination Points on J02 (JI. Jendral Sudirman)

2.2. Data Analysis

2.2.1. Greenshield Modeling

Speed data obtained through Google Traffic APl was
utilized to model the relationship between speed, density,
and traffic volume based on Greenshield's theory. The
fundamental equation of Greenshield modeling is as

follows:
V= (1 - k%) 1)
k= (1 - vi]) K @
qg=kxv 3)
where:

v = traffic speed (km/hour)
k = traffic density (pcu/km)
q = traffic volume (pcu/hour)
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This modeling approach includes determining the free
speed (vf-km/hour) and congestion density (kj-pcu/hour),
which are the main parameters in the approach. The speed
data used was taken at the same time as the traffic survey.

The Greenshield modeling process using Google Traffic
speed data was carried out following these steps, with an
example calculation for JO2:

1) The free speed value, representing vehicle speed
under light traffic conditions, was determined from
the average speed recorded between 10:00 pm to
05:00 am, producing values of vs,= 54.7 km/hour
and vy = 56.1 km/hour.

2) The real-time traffic speed data was obtained by
averaging speed measurements from TS-999 to
TS+150 per hour using Google Traffic data that is
used as real-time traffic speed data. The speed (v) at
each survey interval was then calculated as the
average speed during that period (Table 2).

Table 2. The Average Speed During the Period

JO2A (km/hour) J02B (km/hour)
Morning 21.8 27.6
Midday 20.5 215
Evening 18.5 17.9
vy 54.7 56.1

3) Kk represents the density of vehicles in conditions of
congestion per km, assuming that the length of a
passenger vehicle unit is 5 meters, and J02 is a road
with 3 lanes.

4) Vehicle density per hour was calculated using
Equation 2, considering the linear relationship
between speed and density (Table 3).

Table 3. Linear Relationship between Speed and Density

Speed (km/h) Density (pcu/km)
JO2A Jo2B JO2A Jo2B
Morning 21.8 27.6 361 305
Midday 20.5 215 375 370
Evening 18.5 17.9 397 409
vy 54.7 56.1

5) A traffic flow approach was carried out by
accumulating vehicle density against vehicle speed in
accordance with Equation 3. In this context, vehicle
volume represents the maximum traffic flow per hour
(Table 4).

Table 4. Vehicle Volume (pcu/hour)

JO2A (pcu/hour) JO2B (pcu/hour)
Morning 7867 8413
Midday 7690 7956
Evening 7346 7313
Volume 7867 8413

6) Traffic flow approach was carried out by
accumulating vehicle density against vehicle speed in
accordance with Equation 3. In this context, vehicle
volume represents the maximum traffic flow per hour.

2.2.2. Analysis of Modeling Parameter

The Greenshields model employs parameters such as
free-flow speed and jam density, the latter being estimated
based on vehicle length and the number of lanes. By
manipulating these parameter values, it becomes possible
to assess the iempact of such variations on the modeled
traffic volume.

1)  Variations in Vehicle Length

Vehicle length is determined by the vehicle's unit area
and, consequently, the safe following distance. Therefore,
variations in vehicle length can significantly impact traffic
flow and density. Increasing the vehicle length by one
meter can increase the jam density by 30-50 pcu/km for
each lane. Figure 3 demonstrates the correlation between
changes in flow due to variations in vehicle length,
assuming a free-flow speed of 60 km/hour on a three-lane
road. This leads to a decline in traffic volume, as longer
vehicles reduce the road's capacity to accommodate as
many vehicles.

2)  Variation of Free-flow Speed

The free-flow speed parameter signifies the theoretical
maximum velocity attainable by a wvehicle under
uncongested conditions, typically observed when traffic
density approaches zero and the roadway is devoid of
impediments.

Free-flow speed is directly correlated with the traffic
flow passing a point of observation. Figure 4 illustrates the
variation in free-flow speed on a three-lane road without
variations in vehicle length; consequently, the jam density
is not affected. Assuming a vehicle density of 600 pcu/km
on three lanes, increasing the free-flow speed by 5 km/hour
will increase the flow by 750 pcu/hour. These observations
align with traffic flow theory, where higher speeds, up to a
certain point, generally lead to increased throughput.

3)  Variation of Number of Lanes

The number of lanes available on a road directly affects
its capacity to handle traffic volume. A multi-lane road can
accommodate a larger number of vehicles compared to a
single-lane road, reducing the likelihood of congestion.
The relationship between the number of lanes and road
capacity is not always linear. The increase in road capacity
may diminish as the number of lanes increases.

The number of lanes significantly affects the jam density
per kilometer. Assuming a passenger car unit length of 5
meters, adding a lane can increase the density by 50 pcu/km.
Furthermore, the number of lanes also influences the free-
flow speed and the effective vehicle length, which tends to
be shorter on roads with more lanes, as illustrated in Figure
5. Consequently, increasing the number of lanes can
improve overall traffic flow.
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2.2.3. Modelling Formula Comparison

In contrast to the Greenshields model, which assumes a
linear relationship between speed and density, the
Underwood model posits an exponential decay, implying
that speed diminishes exponentially as density increases,
theoretically never reaching zero, even at saturated
densities. The Greenberg model, on the other hand,
suggests a logarithmic relationship, where speed decreases
logarithmically with increasing density, also resulting in
unrealistically high-speed values at near-zero densities.

When comparing the three flow models—Greenshields,
Greenberg, and Underwood—it's important to recognize
the mathematical formulations underpinning each, as these
equations dictate the model's behavior and suitability for
specific traffic conditions.

The Greenshields model posits a linear relationship
between speed and density, mathematically expressed as
v = v(1 — k/k;), where v represents the traffic
speed, vy is the free-flow speed, k is the traffic density,
and k; is the jam density. This model is straightforward
and easy to implement but often oversimplifies the
complex dynamics of real-world traffic. The Greenberg
model, in contrast, proposes a logarithmic relationship

between speed and density, formulated as v = vy *
In(k;/k), where [n denotes the natural logarithm.
While this model can capture certain non-linear effects, it
tends to overestimate speeds at low densities, leading to
inaccuracies under free-flow conditions. The Underwood
model suggests an exponential relationship, givenby v =
vy * exp, where exp is the exponential function. This
model is known for its ability to provide a more realistic
representation of traffic behavior at high densities, but it
may not accurately depict traffic conditions at low densities,
where the exponential decay might be too aggressive.
Understanding the mathematical nuances of each model is
crucial for selecting the one that best fits the specific
requirements of a given traffic analysis scenario.

A comparison of density and flow calculations using
Google Traffic speed data with other traffic flow models,
such as Greenberg and Underwood, was conducted to
assess the distribution of the modeled data relative to the
ideal distribution of each model. Figure 6a shows the
distribution of flow values obtained from the three
modeling methods. Figures 6b, 6¢, and 6d are distribution
plots of the modeling results using Google Traffic speed
data with the Greenshields, Greenberg, and Underwood
models, compared to their respective ideal models.
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Table 7. Comparative Analysis of Traffic Volume Estimates Derived from Greenshield's Theory and Field Surveys
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VOLUME (pcu/hour)
ROAD CODE ROAD TYPE
GGM SURVEY
JO1A 4/2 UD 6,149 8,020
JoiB 4/2 UD 5,887 6,340
JO2A 6/3D 7,867 8,197
Joz2B 6/3D 8,413 8,676
JO3A 42D 3,524 2,739
Jo3B 42D 3,301 2,478
JO4A 4/2D 5,632 5,970
Jo4B 4/2D 4,890 4,674
JO5A 2/2UD 4,078 4,528
JosB 2/2UD 3,793 5,536
JO6A 42D 4,410 5,040
Jo6B 42D 3,331 4,688
JO7A 4/2D 4,567 4,976
Jo7B 4/2D 5,789 7,112
JOBA 4/2 UD 2,733 2,624
JosB 4/2 UD 3,006 3,369
JO9A 2/2UD 1,409 2,175
Jo9B 2/2UD 1,330 1,754
J10A 2/2UD 2,162 3,805
JioB 2/2UD 2,083 3,544
J11A 4/2 UD 3,615 3,868
J11B 4/2 UD 3,935 3,896
J12A 2/2UD 1,691 1,632
J12B 2/2UD 1,351 1,128
J13A 4/2D 3,993 3,436
J13B 42D 5,018 6,864
J14A 42D 3,187 3,684
J14B 4/2D 2,643 3,410
J15A 2/2UD 1,377 1,336
J15B 2/2UD 1,368 1,274
J16A 2/2UD 1,783 2,156
J16B 2/2 UD 1,582 1,273
JI7A 2/2 UD 1,341 1,108
J17B 2/2UD 1,032 1,060
J18A 2/2UD 1,412 1,472
J18B 2/2UD 1,747 2,512
J19A 2/2UD 2,214 4,060
J19B 2/2UD 2,088 3,384
J20A 412D 3,358 3,639
J20B 42D 3,099 3,050
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Based on the graph presented, an inference can be made
that while the relationship between survey data and Google
modeling results was quite strong, it was not entirely
perfect. Google modeling effectively represents traffic
volume trends observed in the survey data, although there
is room for improvement in its accuracy.

4.2. Paired t-Test

During the course of this study, a statistical test was
carried out to analyze the relationship between survey
volume and Greenshield modeling based on Google Traffic
speed data in more detail. The paired t-test, which typically
compares the two data sets, reflected an average difference
of 467 pcu/hour. As shown in Table 8, the survey results
signified an average traffic volume of 3,467 pcu/hour,
while Greenshield modeling results produced an average of
3,000 pcu/hour. Furthermore, the variance of the survey
results was significantly higher (3,949,450) compared to
Greenshield modeling (2,996,547), suggesting that the
survey data had greater variability.

Table 8. Paired t-Test Results of Traffic Volume

t-Test: Paired Two Sample for Means

SURVEY GGM
Mean 3,467 3,000
Variance 3,949,450 2,996,547
Observations 52 52
Pearson Correlation 0.93

Hypothesized Mean Difference 467

df 51

t Stat 0.00
P(T<=t) one-tail 0.50
t Critical one-tail 1.68
P(T<=t) two-tail 1.00
t Critical two-tail 2.01

The obtained Pearson correlation coefficient of 0.93
showed the presence of a very strong positive relationship
between the survey results and Greenshield modeling using
Google Traffic speed data. This implied that an increase in
survey traffic volume was generally accompanied by an
increase in Greenshield modeling results.

The statistical hypothesis testing started with the null
hypothesis (Ho), which assumed no significant difference
between the survey results and Greenshield modeling
based on Google Traffic speed data. The alternative
hypothesis (H:), on the other hand, suggested that there was
a significant difference between the two data sets.
Following this, Paired t-test results, with an average
difference of 467 pcu/hour, showed the following values t
Stat: 0.00, t Critical (two-tail): 2.01, and p-value (two-tail):
1.00. Since the obtained p-value was significantly greater
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than 0.05 and the t Stat fell in the critical range, no
sufficient statistical evidence was available to reject the
null hypothesis. This implied that the observed difference
in traffic volume between the survey data and Greenshield
modeling results was not statistically significant.

4.3. Traffic Volume Analysis Based on Road Type

Further analysis was conducted with the primary aim of
exploring the relationship between road type and traffic
volume by comparing survey data with Greenshield
modeling results. Figure 10 presents a curve showing this
relationship, categorizing roads based on respective types
to assess variations in traffic volume patterns. The
comparison facilitated the process of determining whether
specific road types possessed distinct traffic volume trends
in both survey observations and Greenshield modeling
using Google Traffic speed data.

Figure 10. Curve of the Relationship between Survey Traffic Volume
and Greenshield Modeling VVolume Using Google Traffic Speed Data

Based on the results presented, it can be seen that
Greenshield modeling using Google Traffic data
effectively approximated observed traffic volumes, and
achieved an entire accuracy of R=2= 0.87. When classified
by road type, nearly all categories possessed high accuracy
levels with R=2values of 0.8 or above, thereby reinforcing
the reliability of this modeling approach across different
road types.
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The statistical analysis result presented in Figure 11
shows that, on average, survey traffic volumes tend to be
higher than Greenshield-Google estimates. For lower-
capacity roads, such as 2/2 UD-type roads, the survey data
reflected volumes between 2,000 and 3,000 pcu/hour,
while Greenshield modeling results fell below this range.
Subsequently, the substantial error bars suggested a high
degree of variability in survey observations, implying
greater uncertainty compared to the more stable modeling
predictions. For 4/2 UD-type roads, the survey data
similarly showed consistently higher traffic volumes,
exceeding 5,000 pcu/hour on average, while Greenshield
modeling estimates remained lower. The error bars also
showed significant variations in survey data, suggesting
that real-world traffic fluctuations were more pronounced
than what the modeling captures.
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Figure 11. Average Traffic Volume Diagram Based on Road Type

Classification

For 4/2 D-type roads, Greenshield modeling volume was
observed to be in correspondence with survey results,
suggesting that traffic on these roads was relatively stable.
The smaller data variations, as reflected by the error bars,
showed better consistency between the survey observations
and the modeling predictions. Dissimilar to 4/2 D-type, for
6/3 D-type roads, the average traffic volume from both
survey and modeling results were nearly identical, ranging
between 8,000 and 9,000 pcu/hour. The small error bars
further confirmed that both data sets were highly consistent,
emphasizing the strong accuracy of the model for roads
with larger capacities.

In essence, high-capacity roads (6/3 D type) were

observed to possess the best agreement between survey
data and Greenshield modeling. This implied that the
model was particularly effective for predicting traffic
volume on major roads with heavy traffic flow. However,
for lower-capacity roads, such as 4/2 D types, more
significant differences were observed, possibly due to local
factors or variations in traffic behavior that the model could
not fully capture. Regardless of the fact that the modeling
results showed less fluctuation compared to survey data
across all road types, further refinements are needed to
enhance its ability to represent real-world traffic variability
accurately.

5. Conclusions

The key findings from this research are as follows:

1. Accuracy of Greenshield Modeling: The relationship
between survey data and Greenshield modeling
results utilizing Google Traffic speed data
demonstrates a high level of accuracy. This is
supported by an R? value of 0.87, indicating a strong
similarity in variation between the survey data and the
modeled results.

2.  Statistical Validation: A paired t-test, with an average
difference of 467 pcu/hr, confirmed the acceptance of
the null hypothesis, indicating no statistically
significant difference between the mean values of the
survey data and the Greenshield model based on
Google Traffic speed data. Additionally, the Pearson
correlation coefficient of 0.93 further supports a very
strong positive relationship between the two datasets.

3. Model Performance across Road Types: The
Greenshield model, using Google Traffic speed data,
demonstrates high accuracy in predicting actual
traffic volumes, as indicated by R? values of 0.80 or
greater across all road types.

4. Consistency with Field Observations: The traffic
volumes estimated using Greenshield modeling and
Google Traffic speed data closely align with those
obtained from field surveys, reinforcing the model's
reliability in real-world traffic volume estimation.

5. To improve policy and technical implications,
transportation authorities need to develop interfaces
according to needs to utilize Google traffic data for
monitoring and preventing congestion.
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