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Abstract

In developing countries like India, pedestrians crossing inthe mid blocks is a common occurrence, and
it has two major consequences from the traffic point of view. First, When there are pedestrian crossing the
street, cars slowdown because they are tryingto prevent crashes, which lowers the overall capacity. Second,
such pedestrian engagement in traffic flow may irritate drivers, resulting in a high number of accidents
between pedestrians and vehicles. The current research focused on examining the impact of undesignated
midblock pedestrian crossings on vehicular flow. The study attempts to quantify the impact of such
pedestriancrossings ontraffic parameters, suchas vehicle capacity and speed, using data-driven approaches
like Support vector regression (SVR), Locally weighted regression (LOESS), and Gaussian processes
regression (GPR). Data is modelled using data-driven techniques, which show improved modelling
performance. Information was gathered from midblock segments of six-lane urban arterial in many Indian
towns, such as Surat, Baroda, Noida, and Udhana. Among which, Baroda Surat and Noida are taken as non-
base sections where pedestriancrossflowis presentand Udhana locationis consideredas base sectionwhere
there is no pedestrian crossing. Videographic survey is used for collecting data, and extracted using
Avidemux 2.6 software. With varying degrees of pedestrian crossflow, the speed of each vehicle category
and the capacity of the base and non-base sections were estimated and validated against field data. MAPE
and RMSE values were used to conduct a comparative study and relative evaluation of data-driven
techniques and conventional theoretical pedestrian models. The results show that proposed data-driven
approaches outperformed the conventional model for different vehicle categories.
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1. Introduction

Walking isa means of transportation that can be used in conjunction with other modes.
For short journeys of 1-2 kilometres, walking is the ideal means of transportation.
Between any particular trip origin and destination, walking serves as a feeder mode.
Pedestrian facilities like crossing and walking are inadequate in underdeveloped countries
like India. This results inthe sharing of the roads by pedestrians with driving automobiles.
Instead of using designated crossing facilities, pedestrians usually choose to cross the
road at points that are advantageous for reaching different kinds of land uses. Crossings
like this are forbidden. At at-grade facilities, zebra crossings are present, although moving
traffic rarely yields to pedestrians. As a result, people usually choose to cross the road at
undesignated sections. Figure 1 shows an undesignated pedestrian crossing. At these
crossings, people and traffic flow interact. As a result, cars must change their course or
slow down to avoid colliding with pedestrians. This causes the flow velocity to drop,
which inturn reduces the capacity of some sections of the path. However, it is important
to note that capacity is not as significant as speed in urban road section. This is because a
road section might allow for relatively continuous flow and thus have a higher vehicle
capacity, the intersections at both ends of the street section determine the maximum rate
at which vehicles can actually proceed through the road network. The present study is
conducted at urban midblock sections which is free from all mentioned side frictions
except the undesignated pedestrian crossings. Undesignated roads are those that do not
have grade-separated facilities, pedestrian signals, or zebra crossings. In order to examine
how crossing pedestrians affect traffic dynamics in urban midblock sections, the study
will make use of data-driven approaches. In the big data era, skilled data processing
becomes essential to improving traffic model accuracy and reliability. In a future world
where vehicles may link to each other and to infrastructure, all possible travel scenarios
and modes must be represented.

e -t

Figure 1: Undesignated pedestrian crossings

The study is controlled to 1 base section and 3 non-base sections from 3 cities in India.
Here, the non-base section refers to the midblock sections with pedestrian crossing only
as a friction factor. The 3 non-base sections considered are Surat, Baroda, and Noida.
Initially the study was planned for the prediction of the speed of vehicles and capacity of
roadway but later on, sensitivity analysis was also done for the results.
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The limitations of traditional models have prompted to look into alternative approaches
to model estimation that combine flexible data-driven components. These techniques
have beenappliedto avariety of transportation-related applications. In recent years, many
machine learning approaches have been utilised in transportation research.

2. Previous Approaches

Marisamynatha and Vedagiri (2013) developed a practical delay model by examining
pedestrian delay at signalised junction crosswalks. Gao and colleagues (2012)
investigated how pedestrians affect junction delay. Latent variable approaches were
employed by Cantillo etal. (2015) to simulate pedestrian crossing behaviour. By creating
speed models and evaluating capacity, Golakhiya and Dhamania (2019) investigated the
impact of pedestrian crossings on traffic variables. According to Golakiya et al.'s (2019)
study, capacity declined as pedestrian crossflow increased when considering the impact
of midblock pedestrian crossings on speed and capacity. Models of speed prediction for
urban arterials were developed by Dhamania and Chandra (2013) without taking
pedestrian impacts into account. Numerous research presented novel approaches. A high-
performance pedestrian gap acceptance model was suggested by Lyons et al. (2001).
Vehicle-pedestrian interaction at crossroads and midblock sections was investigated by
Ujjal et al. (2016). Gaussian processes and support vector machines were introduced by
Xie and Huynh (2010) as tools for forecasting urban traffic. Multiple linear regression
modelling was used by Kadali and Vedagiri (2013) to simulate pedestrian road crossing
behaviour. Antoniou et al. (2013) used emerging sensors to forecast the short-term traffic
situation. A data-driven nonparametric regression model for estimating urban signalised
traffic flow was suggested by Yoon and Chang (2014). Kadali et al. (2014) used artificial
neural networks (ANN) to study pedestrian mid-block road crossing behaviour. Data-
driven car-following models were created by Papathanasopoulou and Antoniou (2015).
The fields of traffic modelling, controlled lane behaviour, pedestrian delay, and
microscopic pedestrian behaviour were all studied by Kouskoulis et al. (2018), Golakiya
and Dhamaniya (2021), Sharifi and Burris (2019), and Chattaraj (2021).

Previous literatures were used to identify the study's gaps. Some of the gaps identified
are as follows:

1. On undivided urban midblock sections, the illegal pedestrian crossings effects on
traffic dynamics and road capacity can be studied.

2. Pedestrian modelling can be done using data-driven techniques

3. Comparative analysis of theoretical and data-driven techniques can be done

4. Can compare models with additional goodness-of-fit measures

5. Among various algorithms available, some of the most efficient algorithms that can
be used for pedestrian modelling are locally weighted regression, gaussian processes
regression and support vector regression.

3. Research Objectives

From a comprehensive literature review and the identified research gaps in previous
studies, the research objective for the present study has been formulated as follows:
1. To analyze the influence of crossing pedestrian on traffic characteristics at urban
midblock sections using Data-driven approach.
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4. Research Methodology

A literature review was conducted in order to have a better understanding of the many
aspects of pedestrian impact. The key variables that influence the forecast of speed and
capacity have been discovered. The gaps were discovered based on the literature review.
Figure 2 depicts the methodology framework for this research, which gives a general
structure of the research work based on the study plan. Traffic operations will be
influenced by a variety of parameters, including traffic density, speed, and composition.
Among these, speed has a significant impact on comfort, service quality, and traffic
safety. In addition to traffic variables, environmental factors, and road geometry can
influence speed at any given location. All of these factors, however, stay unchanged
during the observation period. When traffic volume and highway geometry factors remain
constant, the relationship between vehicles and their manoeuvrability becomes
increasingly important in traffic management. Manoeuvrability is influenced by the size,
shape, acceleration-deceleration characteristics, and driving ability of the vehicleThe
"free flow speed” is the speed at which each kind of vehicle may travel at its preferred
level depending on the characteristics of the driver and the vehicle when traffic volume
and density are low in a traffic stream. The relative interaction between each type of
vehicle causes its speed to drop as the volume grows. When pedestrian cross-flow affects
such portions, the vehicle-pedestrian interaction affects the speed of each kind of vehicle.
Different vehicle kinds are predicted by taking into account variables like the number of
people crossing a certain road segment, the density, and the free flow speed of various
vehicle categories, among other pertinent aspects.

* Problem statement

UGG — * Identification of objectives

Data Collection — * Videographic Survey

Classified Volume

4

Data Extraction — + Avidemux Software Pedestrian Flow

Speed Data

* Hourly Traffic Volume (vph)
* Speed

* Traffic Stream Composition
* Pedestrian Crossflow

Data Analysis —

* Locally Weighted
b Regression
Model Development ——— + Support Vector Regression
* Gaussian Processes
Regression

Findings and conclusion

Figure 2: Flowchart for proposed methodology
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The capacity of urban midblock sections is assessed with pedestrian crossings in
account. Sections with side frictions (pedestrian cross-flow) are examined to see how
each vehicle type's speed is affected by pedestrian-vehicle contact. Also, many studies
concluded that data driven modelling shows superior performance compared to
theoretical modelling. Hence the present study will also use data driven techniques to
model the pedestrian and traffic behaviour at undesignated midblock crossings and
compare with conventional models as a reference benchmark. There are various data-
driven algorithms available for the application to the above said traffic scenario in order
to predict the speed and capacity. Locally weighted regression (LOESS), gaussian
processes regression (GPR), support vector regression (SVR), and other methods are
among the most helpful ones. Thus, by using density and pedestrian cross-flow as
independent or explanatory factors and speed as the dependent variable, this study
likewise employs these methods. The obtained results are validated against field data
using mean absolute percentage error (MAPE) and root mean squared error (RMSE). The
results are also compared with the speed predicted by conventional mathematical models
using these goodness-of-fit measures. Finally, using the predicted speeds capacity of each
section is calculated. The calculated capacity at both non-base sections and base sections
are compared to identify the effect of the pedestrian crossing on capacity at non-base
sections. Also, the capacity obtained using data-driven techniques is validated for
accuracy by comparing it with field data.

5. Data Collection

A videographic survey was used to gather the study's essential data, and Avidemux 2.6
software was used to extract the data. Data on six-lane divided roads with pedestrian
crossings and without pedestrian crossings were gathered from important Indian cities
including Baroda, Noida, and Surat. Vehicle speeds were measured across 500-meter
sections with consistent traffic conditions and no access points. Furthermore, flow and
speed measurements were made easier by a 60-meter longitudinal trap located in the
middle of each segment (Figure 3). In order to meet the study's goals of examining how
pedestrian crossings affect traffic operations and developing data-driven models, this
data-gathering approach was crucial.

On normal weekdays from 6:00 a.m. to 6:00 p.m., data is collected using video cameras
of high resolution at each of the designated places. On the study site, a 500-meter stretch
of road is measured. Throughout the entire length of the trap, cameras were mounted on
stands and configured to record views. With 60 knvh speed restrictions for automobiles
and 40 km/h for large vehicles like buses, the design vehicle is a car. Videographic
surveys are conducted at designated places, and traffic data is recorded. All of the cars in
the stream are divided into five categories, as illustrated in Table 1.
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Figure 3: Method of data collection

Table 1: Sizes of vehicle categories

Type of vehicle Length (m) | Width (m) | Rectangular plan area (n?)
Two -Wheeler (2w) 1.87 0.64 1.20
Three-Wheeler(3w) 3.20 1.4 4.48
Small car (SC) 3.72 1.44 5.36
Big car (BC) 4.58 1.77 8.11
Heavy vehicle (HV) 10.10 2.43 24.54

Because of the wide range of mechanical properties and physical dimensions of
automobiles in India, cars are divided primarily into two categories: small cars (SC) and
big cars (BC). SC refers to cars with engines up to 1400cc with typical length of 3.72m
and width of 1.44m. BC refers to cars having a 2500cc engine with average lengths of
4.58m and widths of 1.77m. The maximum length and width of the vehicle are used to
determine its size. If a vehicle category has more than one type of vehicle, the average
measurements are used (Indo-HCM, 2017). For validation purposes, traffic data was
collected from a location in Surat with similar geometric features.

6. Data Extraction and Analysis

To get the relevant information, the recorded video is viewed on a computer. Avidemux
2.6 is a program that records the moment a vehicle enters and exits the trap. It does this
by converting 1 second of video into 25 frames. At 5-minute intervals, this software
retrieves classified volume count data from the recorded video. The video is played frame
by frame in order to maintain the necessary accuracy. Every vehicle category is computed
in a single round to achieve the best precision possible in volume counting, and then the
subsequent vehicle category is repeated. For the purpose of measuring speed, the entry
and departure times of the 60-meter trap are precisely recorded every minute with an
accuracy of 40 milliseconds (ms) for every kind of vehicle. The 1-minute traffic volume
data was then converted into 5-minute categorized volume counts. In the non-base
sections, pedestrian crossflow was assessed in addition to volume and speed counts.

Data Analysis is the process of analysing, cleansing, manipulating, and modelling data
in order to identify usable information, make conclusions, and support decision-making.
Outlier detection is an important part of data analysis. There are two simple methods for
outlier detection which are, by scatter plot method and box plots. These two methods are
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used in this study for the removal of outliers. Speed, Traffic composition, and hourly
traffic volume are extracted in this study. The traffic compositions at selected sites are
shown in Table 2. The average composition is also included for reference, however, the
5-minute flow rate varies considerably depending on the composition of the vehicle. For
all the locations considered in this study, the composition of two-wheelers compared to
other categories of vehicles is high followed by the percentage of three-wheelers as
highest. While comparing the total vehicle composition at the selected study locations,
the heavy vehicle proportions are relatively less. Similarly, the variation of pedestrian
crossflow and the flow rate are also noted in Table 2. Udhana section does not have
pedestrian crossflow since it is a base section with no pedestrian crossing. Pedestrian
crossflow ranged from 84 ped/h to 1,404 ped/h, as shown in Table 2.

Table 2: Composition of different vehicle categories at study locations

Observed range

Section Base or Non | 2w | 3w | SC | BC | HV ["pedestrian Traffic

- Base (%) | (%) | (%) | (%) | (%) | crossflow volume

(ped/hr) (veh/hr)
1- Udhana | Base 32 | 28| 26| 8 6 - 372-4716
2- Surat Non-Base 53|13 | 9 1 2 108 -708 3000-5364
3- Baroda | Non-Base 46 | 11 | 36 | 6 1 84 - 516 624 - 3432
4- Noida Non-Base 34 | 21| 33| 8 4 | 276 -1404 | 3372-4836

The values of the pedestrian crossflow range from very low to very high. It is therefore
difficult to assess the capacity loss caused by the reported pedestrian traffic. To mitigate
this issue, a range of speed estimates are employed, which assess the effect of pedestrian
crossflow on the velocities of various vehicle classes at certain traffic volumes and
proportions in the traffic composition. These forecasts are based on data-driven
techniques. Furthermore, the stream speed is determined by these speeds, and capacity
decrease is computed for each volume of pedestrian cross-flow using speed-volume
curves.

7. Model Development

The limitations of traditional models have prompted to investigate alternate ways for
model estimate that combine flexible data-driven components. In recent years, many
machine learning approaches have been utilised in transportation research. Figure 4
depicts the complete data-driven model creation process. Training and application are the
two stages of the strategy. Initially, the model's relevant explanatory variables are
identified, and the necessary surveillance data is collected. In the training stage, traffic
models are estimated using the surveillance data that is currently available, and these
models are then employed in the application step. Finding underlying patterns in the
available data that match similar traffic situations is the first step in the training process.

Flexible regression approaches are used in data analysis to build representative models
that are stored in a knowledge base. In the application step, the model is pulled from the
database and used to estimate the response variable whenever fresh data becomes
available. After evaluating the expected values, the model is improved in the next
iterations. This chapter provides a summary of computational models that outperform
traditional models constrained by theory-based functional constraints in data fitting, all
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without the need for explicit functional forms. Alternative data-driven algorithms for
estimating speeds in modelling techniques such as Locally Weighted Regression
(LOESS), Gaussian Processes Regression (GPR), and Support Vector Regression (SVR)
are discussed in this work. The purpose of this work is twofold: to describe and compare
alternatives to conventional speed-density models, especially those that are relevant to
pedestrian modelling.

Historical
database

Evaluation
of
predicted
values

Flexible
model
calibration

Data-driven
modeling

Selection Storage in
of a

appropriate knowledge
model database

New
observations

Figure 4: Data- driven model development

7.1.Locally Weighted Regression (LOESS)

There are some important flexible regression algorithms available for speed estimates.
According to a critical literature evaluation, LOESS performs better in this situation. As
a result, LOESS was used to estimate speeds, with number of vehicles and pedestrian
crossflow as explanatory factors. Typically, locally weighted regression uses Equation 1.

yi = u(xi) + &i, wherei=1,...,n (1)

where u is the regression function, n is the index of observations and &i are residual
errors, provide an estimate u(x) of each regression surface at any value x in the d-
dimensional space of the independent variables. Let,

q be an integer, and 1<q<n

u() at x is estimated using the q observations with the closest xi values. Each of these
points is given a weight based on its distance from x, with points closer to X receiving
greater weights and those farther away receiving lower weights. The dependent variable
is fitted with a function of the independent variables using least squares with these
weights. The value of this fitted function at x is then will be like Equation 2:

y=u(x (2)

To derive the proper weights for locally weighted regression, a distance function p
defined in the space of the independent variables is necessary. For locally weighted
regression, a weight function and a neighbourhood size specification are also necessary
(where neighbourhood is defined by the g observations whose value is closest to x, as
defined by the appropriate distance function). Equation 3 is an example of a weight
function (tri-cubic weight function) that is often used:
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3
_ p(x,x;) _ _(xi—x 3
Wi(x) - W[ d(x) ] _<1 (d(x)) )
& | | _
where d(X) is the distance between the most distant predictor value and the influence
area (xi and x). In order to fit linear or quadratic independent variables to the centre of

neighbourhoods, weighted least squares is used (Cleveland, W. S., 1988).

7.2.Support Vector Regression (SVR)

A relatively new machine-learning technique is Support vector machines (SVM). They
are appealing from a theoretical and practical standpoint, and were designed to address
categorization problems. After then, SVM technology was used to deal with issues like
density estimation and regression (function approximation). The basic principle behind
SVM s to construct a "tube" around the fitted regression curve with a predetermined
radius, and assume that the error is zero if all of the data fall inside of it. The degree of
inaccuracy applied to other observations might be directly correlated with their distance
from the tube. The border curves are the decision boundaries. With the most points, the
centre curve—also referred to as the hyperplane in higher dimensions—has the most.
Consequently, the decision boundaries are extracted at a distance of ¢ from the
hyperplane. Consider Equation 4 for the hyperplane:

Y=PX +b (4)

The decision-boundary equation thus given by Equation 5 & 6:

PX+b=+¢

(5)

PX+b=-¢

(6)

Therefore, the SVR needs to fulfil the conditions given by Equation 7 should be
satisfied by every hyperplane:

-e<Y-—-(PX+b)<+e (7

The major goal is to choose a decision boundary that comprises data points or support
vectors that are closest to the original hyperplane and is at a distance of '¢' from it.
Consequently, only points falling within the margin of tolerance alone, or inside the
decision boundary and having the lowest error rate, are considered. The decision
boundaries in SVR need to be properly determined or specified. A few kernel functions
are available to help with this. There are many other kinds of kernels available for use in
SVR, including radial, polynomial, and linear ones. However, because the RBF kernel is
versatile and may be applied in circumstances when prior knowledge of the data is
lacking, it was chosen for this investigation. In Equation 8, the RBF kernel format is
displayed (Awad, M., 2015).

K(xi,x;) = exp(=vllx; — x11?) (8)

The parameter y specifies how much influence a single training example has. The
greater it is, the closer other examples must be to be affected.

7.3.Gaussian Processes Regression (GPR)
A popular machine learning technique for regression analysis, the Gaussian Process

(GP) is renowned for its automated evaluation of prediction uncertainty. In general
probability, the prediction f(x) at a given point x isa normally distributed random variable
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with the formula f(X) ~ N(u(x), 63(x)). The prediction mean (p(x) and prediction variance
(o3(x)) serve as indicators of prediction uncertainty. By directing the wise distribution of
useful training data, estimation of prediction uncertainty supports active learning and is
essential for decision dependability. When GP is used, iterations are made to predict
function output y* from input x* using training data D = (X;, yi), where y; is the real-
valued label. GP forecasts complex input-output patterns and computes prediction
uncertainty by using Gaussian random process realisation to represent the underlying
actual function y(x). In terms of random processes, GP specifies a function f(.) with the
following characteristics: at any location x, f(x) has a Gaussian distribution; at different
locations x; and x;, f(x;) and f(x;) are correlated random variables, and the degree of the
correlation depends on the distance between xi and xj. The word "Gaussian" indicates
that GP characterises the random process using a Gaussian distribution, which calls for a
formal mean function (u(x) and covariance function (o2K(x, x*). The total process
variance is shown by the correlation function, also known as the kernel function, K(X,
x*), and o2 A single location x has a Gaussian distribution f(x), and f = [f(x1), f(x2),...,
f(xa)] represents the multivariate Gaussian distribution for any collection of locations [xi,
X200y Xn].

By considering observed labels of training data [yi, Y,..., Y] as a draw from a
multivariate Gaussian distribution, the Gaussian Process (GP) model describes the actual
function y(x) as a Gaussian random process. In training, likelihood estimation is used to
determine the probable values of p(x), o2, and K(x, x*). Using a similarity-quantifying
kernel function—often referredto as a series of 1-dimensional kernel functions for multi-
dimensional input—the trained GP assesses prediction uncertainty at unknown locations.
Furthermore, It is frequently assumed that the multi-dimensional kernel function K (Xx;,
Xj) is a series of multiplications of one-dimensional kernel functions for each of the input
features when the input includes two or more features (Equation 9).

m
K(xi,xj) = nk_lK(xik,x]'k) (9)
where m stands for the total number of features, often known as the input dimension.
This approach is advantageous since it allows for customised correlation structures for

particular input attributes. Gaussian kernel will be used in this study. The formula for a
one-dimensional Gaussian kernel is shown in Equation 10:

2
K(xl-,xj) _ o 0(xi-xj) (10)
The Gaussian kernel in m dimensions is written as Equation 11:

m
K(x;,x;) = exp [— Z Oy (x;* — xj")z]
k=1
(11)
where 0 is a kernel parameter that affects the correlation strength (J. Wang, 2023).

8. Experimental Results

Using collected traffic and pedestrian data, Python was used to develop models for
forecasting vehicle speeds in several categories (2w, 3w, SC, BC, and HV). Using a
variety of goodness-of-fit metrics, the study confirms the data-driven techniques (LOESS,
SVR, and GPR). The effect of vehicle volume and pedestrian cross-flow on vehicle
speeds is evaluated at four sites, including base and non-base portions, using locally
weighted regression. Vehicle speeds were calculated using the time it took a car to pass a
60-meter trap; for non-base parts, the number of persons crossing the road was

10
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additionally measured for one minute; and traffic data was averaged from one minute to
five minutes. Because estimating density in the field is difficult, it was determined by
dividing the number of vehicles of a certain class counted in each 5-minute interval by
their average speed. The following are the explanatory variables used to predict speed:

1(712—“’) . N,y = Number of two-wheelers passing the section per second

VZW
2(7;33“’) ns = Number of three-wheelers passing the section per second
w
3. (:Z;) ngc = number of small cars passing the section per second
4, (:Zz) ngc = humber of big cars passing the section per second
5. (Z:;) nyy = count of heavy vehicles passing the section per second

6.nped— number of pedestrians crossing the section per second

Vows Vaws Vsc, Ve, Vyy in the above terms represent the average speed of respective
category of vehicles. Pedestrian—vehicle interaction was used to quantify how different
vehicle types' speeds were affected by crossing pedestrians. The Mean Absolute
Percentage Error (MAPE) and Root Mean Square Error (RMSE) values derived from
field data applied to mathematical models created by Golakiya and Dhamaniya, 2019 are
used to compare the anticipated outcomes with the observations collected from the field
data. The mathematical models developed by them for friction sections (non-base sections
here) are displayed as Equation 12, and the parameter values are given in Table 3.

Viode = C—al (;’22—::) —a2 (12_::) — a3 (%) — a4 (’;?BCC) — a5 (;‘HLVV) — a6 (ﬁ) (12)
Table 3: Parameters for regression model (Equation 12)
Mode C al a2 a3 a4 ab a6
2w 16.35 68.54 | 28.36 24.53 4942 | 38.56 28.24
3w 13.92 45.61 | 59.11 28.48 16.92 | 41.39 28.72
SC 16.96 60.73 | 33.30 40.43 61.96 | 70.52 30.87
BC 17.36 72.16 | 40.40 33.71 79.43 | 85.39 31.17
HV 13.50 50.91 47.70 23.80 53.40 | 141.52 4.55

Table 4: RMSE and MAPE value comparison between models

Type of LOESS Mathematical model % %
Vehicle | RMSE | MAPE RMSE MAPE Improvement | Improvement
(RMSE) (MAPE)
2w 0.35 2.90 0.62 5.35 44 46
3w 0.33 3.22 1.63 9.97 80 68
SC 0.57 4.87 0.92 7.81 38 38
BC 0.85 7.16 1.11 9.25 23 23
HV 0.82 7.57 2.40 9.96 66 24

Table 4 presents a comparison of speed predictions using LOESS and shows that it
performs better than standard models with less error values. On average, there is a 57%

11
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improvement in both RMSE and MAPE. In a similar way, LOESS excels above the other
two data-driven strategies (SVR and GPR) with an average percentage improvement in
error reduction of 57%.

Table 5: Speed Comparison (non-base and base sections)

Speed Modelling 2W 3W SC BC HV

characteristic | technique | BS | NBS | BS | NBS | BS | NBS | BS | NBS | BS | NBS

Mean speed | LOESS 56 |33 53 | 29 50 | 33 49 | 32 48 | 32

(kmph) SVR 56 |35 53 | 31 51 | 34 50 | 35 48 | 32

GPR 57 |35 53 | 31 51 |35 49 | 35 50 | 32

The mean speeds at base and non-base portions with and without pedestrian crossings
are contrasted in Table 5. Due to interactions between pedestrians and vehicles, non-base
parts have slower speeds. Sensitivity study looked at changes in speed when there was no
change in the composition of the vehicle and the flow of pedestrians, and vice versa.
Figure 4 (a) and (b) depicts the results of the sensitivity analysis. The graph clearly shows
that Except for heavier vehicles, which gradually increase in speed, vehicle speeds drop
as the number of pedestrian crossings rises. For big cars, the first decline is less sharp,
suggesting a gentler hit with fewer people. Similarly, increasing traffic congestion causes
all vehicle classifications to experience notable speed decreases.

The greatest traffic flow achievable on a given roadway using all available lanes is
known as road capacity, and it is commonly stated in vehicles per hour or vehicles per
day. Several things influence this, including traffic circumstances, road geometry
characteristics, environmental considerations, pedestrian influences, and so on. When
calculating a section's traffic-carrying capacity, three essential traffic parameters— speed,
flow, and density—are critical.

Flow= 2500 veh/hr _— Pedestrian Cross Flow = 750 pedestrians/hr ~ 2w=40x
a7 W5 E IW=15%
46 - ; _

45 SC=30% 5C=30%
BC = 10% ol BC=10%
o HV = 5% K =5%
43 ‘
a2 PR S T
z :g g ——— e,
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Figure 4: (a) Variation of speed v/s Pedestrian crossflow, (b) Speed v/s traffic flow
variation

The emphasis for capacity evaluation is always on flow and speed due to the difficulty
of measuring density in the field. Plotting speed-flow curves employed stream speed since
numerous Vvehicle groupings had speeds that varied significantly from one another.
Weighted average 1- to 5-minute intervals were used to convert each kind of vehicle's
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speed, as calculated by the speed model, to mean stream speed at certain flow and
pedestrian crossflow levels. Density was calculated for every 5 minutes of data using
stream flow and speed. The capacity values obtained from above analysis for different
study locations are shown in Figure 5.
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£ 4000
= 3414
o 3500
2= 3000
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= 1500
‘= 1000
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= 0

Surat Baroda Noida Udhana
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Figure 5: Capacity variation at various study sections
All of the non-base sections have a significant reduction in capacity, as seen in Figure
5. The reason for this is that when there is pedestrian crossflow at a section, the traffic
volume reduces. As part of the sensitivity analysis, the variation in capacity with varied
degrees of pedestrian crossflow is calculated. For each of the non-base sections, the
Figure 6 shows how capacity changes with varied degrees of pedestrian crossflow.

Speed - Flow curve for different Pedestrian crossfow for Surat
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Figure 6: Variation in capacity with varying pedestrian crossflow for Surat
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Figure 7: Reduction in capacity with pedestrian crossflow at non-base sections

With steady traffic volume, pedestrian crossflow in Surat varied from 100 to 700 people
per hour (pph). Likewise, pedestrian flows in Baroda and Noida ranged from 100 to 500
pph. Figure 7(a), (b), and (c) shows how capacity is reduced. Because pedestrians impede
vehicle movement, capacity falls as pedestrian crossflow increases. Reduced pedestrian
cross-flow has little effect on traffic volume and flow. But when the number of
pedestrians rises, cars could have to stop and yield, which would reduce the capacity of a
road segment.

9. Model validation

To validate the formulated models, traffic data from a new location influenced by
crossing pedestrians (non-base section) in Surat city was collected. The geometric
features of this location are similar to those of other locations. The speed, traffic volume,
and pedestrian crossing flow were observed at the site. The data was used to predict speed
using the LOESS method and the mathematical models proposed by Golakiya and
Dhamaniya (2019). The results of the speed predictions from the two approaches are
presented in Table 6.

Table 6: RMSE and MAPE value comparison between LOESS and mathematical models

Type of LOESS Mathematical model % %
Vehicle | RMSE | MAPE RMSE MAPE Improvement | Improvement
(RMSE) (MAPE)
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2w 0.36 3.25 0.62 6.12 42 47
3w 0.32 3.02 1.52 8.15 79 63
SC 0.6 4.78 0.92 9.25 35 48
BC 0.91 7.02 1.11 8.87 18 21
HV 0.78 8.15 2.4 9.56 68 15

Table 6 presents a comparison of speed predictions using the LOESS method at the
independent location in Surat. The table indicates that the results from LOESS are
superior to those from the mathematical models, with lower error values. There is an
approximate 43% improvement in the results.

10. Conclusions

With the goal to estimate the speeds of vehicle types (2w, 3w, SC, BC, HV), this study
compares data-driven methods (LOESS, SVR, GPR) with theoretical pedestrian models,
mainly linear regression. The results show that data-driven models perform better than
theoretical models, especially LOESS, with lower RMSE and MAPE values. The study
highlights the potential for precise outcomes of data-driven modelling approaches for
pedestrians, adding to our understanding of their performance. Furthermore, the findings
of this study show that all data-driven techniques, particularly LOESS, are extremely
promising approaches for speed and pedestrian modelling, as they are likely to deliver
accurate results. Sensitivity analysis of speed with respect to change in pedestrian
crossflow was done. The findings revealed that when the amount of pedestrian crossflow
increases, all vehicle speeds decrease. The acquired traffic data on various metropolitan
midblock portions impacted by crossing pedestrians was investigated further to determine
the capacity of such non-base sections. For 6-lane highways in four separate locations,
average base section capacity is 4226 PCU/hr for one direction, while for non-base
sections it ranged from 2177 PCU/h to 4104 PCU/h. The discrepancy in capacity is due
to variations in operating speed at various sections in various towns and cities of various
sizes. Sensitivity analysis of capacity also was done to check the effect of pedestrian
crossflow on it. Results showed that, as pedestrian crossflow increases, at non-base
sections, capacity tend to decrease. The datasets used in this work are previously used to
calibrate linear regression models. Although this approach has yielded useful insights, it
may not comprehensively measure the relative performance of the models. In order to
overcome this constraint, forthcoming research will integrate an autonomous third
dataset, which was not utilised in the calibration process of either model. This will
facilitate a fairer comparison and a thorough sensitivity analysis.
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