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Abstract
Accurate estimation of factors affecting pedestrian walking speed is of paramount importance for e�cient operation and management of at-grade and grade-
separated infrastructures (such as foot over bridges or skywalks). Understanding such factors helps in planning for better circulation of pedestrians within
con�ned elevated passageways as well as evacuation preparedness during emergencies. The walking speed on elevated infrastructure generally depends on
the microscopic factors (demographics characteristics), macroscopic factors (average �ow and density), and geometric factors (obstruction, land use type,
length, connectivity, and effective width). The wide variability of these factors and their impact on walking speed makes the speed prediction modeling
complex. Therefore, accuracy of such models depends on accurate �eld data collection, identi�cation of pertinent variables, and implementation of
appropriate modeling approaches. With the increase in computational capabilities, tree-based ensembles have gained immense popularity due to their high
prediction accuracy in comparison to traditional regression models. The tree-based ensembles provide better interpretable results without a huge data
requirement and are able to capture the complex non-linear relationships. These properties make tree-based ensemble models better candidates for modeling
pedestrian walking speed, however, exploration on the tree-based ensemble in pedestrian related research is limited. In the current study, an attempt is made to
model and compare seven tree-based models (including ensembles) to suggest the best modeling approach to identify the dominating factors and accurate
prediction of pedestrian walking speeds over elevated walkways. The result of the present study showed that Gradient Boosted Trees (MAE 9.27) and Light
Gradient Boosted Trees (MAE: 9.96) were best in predicting walking speed over the skywalk and foot over bridge facilities, as these boosting based methods
improved the weak trees (on the basis of accuracy) sequentially. The variable importance of �nal models was estimated using SHapley Additive exPlanations
(SHAP) which revealed that walking speed was dependent on the average �ow, average density, and length of the facility. Moreover, other features such as
gender, age, height, and width of the facility also play a signi�cant role in determining the pedestrian walking speeds. The identi�cation of important variables
not only provides better insight on factors that affect walking speed over elevated facilities but also provides a valuable source of information to researchers,
planners, and policymakers for better designing, operation, and management of the elevated pedestrian infrastructures.

1. Introduction
Pedestrians are the most essential part of the transportation system. Every person at some stage of his or her journey is a pedestrian. While traveling to
schools, colleges, o�ces, shopping areas, or recreational places, pedestrians require dedicated facilities to minimize their interaction with vehicular tra�c and
thus travel safely while maximizing their walking comfort. Apart from at-grade facilities (such as sidewalks, crosswalks, and walkways), there are grade-
separated pedestrian facilities (such as overpasses and underpasses) which are built across vehicular tra�c streams to avoid interaction between pedestrians
and motorized tra�c.

Pedestrians are the most complex part of the transportation system, as it is extremely di�cult to predict their movement behavior. The fundamental factors
such as pedestrian speed, �ow, and density in�uence the overall dynamics of pedestrian movement. The pedestrians present in streams have varied
demographic characteristics (like gender and age). Further pedestrian behavior differs in their group con�guration (i.e. size of group), baggage conditions, and
use of hand-held devices. All such behavioral differences among pedestrians signi�cantly impact the overall �ow and density of the stream. Therefore,
developing a pedestrian speed prediction model while incorporating the impact of all the above-mentioned features becomes a cornerstone in better
understanding and modeling pedestrian stream behavior, which leads to better design of such infrastructures, especially during emergency evacuations.

Previous researchers mainly focused on predicting stream speed characteristics based on the average �ow or density, using the fundamental diagrams for
sidewalk (Arasan et al., 1994; Cepolina et al., 2018; Hoogerdoorn and Daamen, 2005; Karatas et al., 2018; Laxman et al., 2010; Marisamynathan and Vedagiri,
2016; Morall et al., 1991; Navin and Wheeler, 1969; Oeding, 1963; Older, 1968; Polus et al., 1983; Sarsam, 2013), crosswalk (Asaithambi et al., 2016; Bargegol et
al., 2014; Bowman and Vecellio, 1994; Gates et al., 2006; Marisamynathan and Vedagiri, 2018; Sahani and Bhuyan; 2017; Tarawneh, 2001; Wilson and
Grayson, 1980) and stairway (Fruin, 1971; Lee and Lam, 2006; Liu et al., 2018; Weidmann, 1993; Zhang et al., 2011) facilities. The mean speed over sidewalks
vary consistently, as low mean speeds (52 m/min) were reported by Nazir et al. (2012) and Poei et al. (1995) in Bangladesh and Indonesia; while Kno�acher
(2006) and Finnis and Walton (2008) reported higher walking speeds of 97m/min and 88m/min in Austria and New Zealand, respectively. In India, the speed
over sidewalks/ walkways was reported to range between 65 m/min (Sukhadia et al., 2016) to 84 m/min (Laxman et al, 2010). The variation in walking speed
was mainly due to the physique (height), attractions (presence of vendors), and culture (attire and privacy). The pedestrian studies related to crosswalk speed
observed that the crossing speed of Asian pedestrians was higher (78–91 m/min) in comparison to American/ Canadian pedestrians (80 m/min), due to the
higher risk-taking tendency while crossing.

Recently, the focus has shifted from macroscopic to microscopic modeling in order to predict pedestrian dynamics using different machine learning (ML) and
data-based algorithms, as these tools have higher prediction accuracy, faster training speeds, and can handle missing values better. Table 2 shows the various
studies conducted for speed prediction using different modeling approaches for �eld or experimental studies.
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Table 2
Studies in Tra�c and Transportation planning related to pedestrian speed prediction modeling approach

Author Objective of study Facility & Type
of study

Sample size
& Locations
covered

Variables used Model approach

Al-Azzawi and
Raeside (2007), UK

Predicting walking speed F: Sidewalk,
TS:
Videography

SS: 7535,

LC: 6

Flow, speed, density,
land use, pedestrian
characteristics

MVR

Vathsangam (2010),
USA [70]

Walking speed estimation with on-body
gyroscopes and accelerometers

TS:
Experimental

SS: 8 Age, height, weight,
gender

GRP, BLR, LSR

Chang et al. (2011),
Taiwan

Prediction model development for
crosswalks

F:
Intersections,
TS:
Videography

SS: 5235,

LC: 8

Demographics,
geometry, signal type,
and phase length

-

Rengarasu et al.
(2012), Sri Lanka

Walking speed estimation TS:
Videography

SS: 50, LC: 1 Gender HTBRM such as
CART and CHAID

Park et al. (2012),
USA

Walking speed estimation using hand-
held devices

F: Long
corridor,

TS:
Experimental

SS: 14 Device in hand, at ear, in
trouser pocket, in bag

SVM

Rastogi et al. (2013),
India

Estimating �ow characteristics F: Sidewalk,
TS:
Videography

SS: 4784,

LC: 19

Width, �ow direction LR

Matsubayashi and
Shiraishi (2016),
Japan

Estimate walking speed by using
magnetic signatures

F: Indoor
passage, TS:
Experimental

SS: 400,

LC: 10

Length of section,
walking time

SPRING

Byun et al. (2019),
South Korea

Walking speed estimation using single
inertial measurement unit

F: straight
corridors,

TS:
Experimental

SS: 785 Demographics,
anthropometrics

LR

Shrestha and Won
(2018), USA

Develop smart phone-based approach
using DeepWalking for walking speed
prediction

F: Treadmill,
TS:
Experimental

SS: 10 Gender, age, physical
condition

DCNN

Herrera-Angulo and
Zenteno-Bolanos
(2018), Peru

Pedestrian speed estimation using low
cost microwave presence detector

TS:
Experimental

SS: 100 - ML techniques

Guo et al.

(2019), China

Estimating pedestrian walking speed
based on pose awareness solution using
smart phones

F: Indoor,

TS:
Experimental

SS: 101 Gender, texting,
swinging, pocket and
calling mode

Bayes, k-nearest
neighbour, DT, NN,
SVM, RF

Kawaguchi et al.
(2019), Japan

Walking speed estimation for smartphone
PDR

TS:
Experimental

SS: 5,

LC: 79 routes

Position, gait, routes,
walking time, route
length

Dual CNN-LSTM

Bansal et al. (2019),
India

Capture variation in pedestrians speed F: Signalized
intersection,

TS:
Videography

LC: 16 Age, gender, group size,
luggage, geometry

SLR

Tordeux et al. (2020),
Germany

Pedestrian speed prediction in complex
architectures

F: Corridor,
bottleneck,

TS:
Experimental

SS: 230 Geometry, �ow, density ANN

Note: F- Type of facility, TS- Type of study, SS- Sample size, LC- Locations covered, MVR- Multivariate Regression, GRP- Gaussian Process Based
Regression, BLR- Bayesian Linear Regression, LSR- Least Squares Regression, HTBRM- Hierarchical Tree Based Regression Model, CART- Classi�cation &
Regression Trees, CHAID- Chi-square Automatic Interaction Detector, SVM- Support Vector Machine, LR- Linear Regression, DCNN- Deep Convolution Neural
Network, ML- Machine Learning, DT- Decision Tree, NN- Neural Network, SVM- Support Vector Machine, RF- Random Forest, LSTM – Long Short Term
Memory, SLR- Stepwise Linear Regression, ANN- Arti�cial Neural Network

As per Table 2, linear or multivariate regression models were used by some authors to predict the pedestrian speed on sidewalk or crosswalk facilities.
However, majority of studies, which used ML tools to predict the pedestrian walking speed, were based on controlled or experimental setups.

Past studies on overpass facilities mostly compared the preference of pedestrian’s choice for the grade-separated facility over at-grade facility (Abojaradeh,
2013; Anciaes and Jones, 2018; Hasan and Napiah, 2018; Oeding, 1963; Räsänen et al., 2007). Some recent studies also tried to measure illegal at-grade road
crossing speeds (Demiroz et al., 2015; Truong et al., 2019). However, there is a paucity of studies highlighting the impact of different demographic and
geometric features on pedestrian walking behavior (especially walking speed) over elevated facilities using �eld data collection techniques.

1.1. The Study Motivation And Objective
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Speed plays a very signi�cant role in the better circulation of pedestrians (with comfortable levels of service) as well as evacuation preparedness during
emergency situations. Moreover, as the speed depends on different individual and geometric factors, it affects the travel time accessibility to elevated facilities
as well. As per Table 2, machine-learning tools were mainly used to predict the speed under controlled conditions; while the conventional regression modeling
approach was used for estimating speed over sidewalks/ crosswalks.

However, in the present study, an attempt is made to predict the factors impacting pedestrian walking speed over elevated pedestrian walkways (foot over
bridges and skywalks) using individual characteristics (gender, age, luggage condition, mobile use), group characteristics (average �ow and density) and
geometric conditions (the type of obstruction present, land use type, type of connectivity, length and width of the facility), through different tree-based machine
learning algorithms. The outcomes of the present study can provide researchers, planners, designers, and policymakers with ample justi�cation to account for
the factors affecting the walking speed over elevated walkways, and thus come up with better designed user-friendly infrastructures in the future.

2. Methodology
2.1. Selection Of Survey Locations And Collection Of Data

In order to capture the factors affecting pedestrian walking speed, a videography data collection technique was used. Firstly, the different elevated pedestrian
facilities (FOBs and skywalks) were visited across six cities (NCR: National Capital Region, Bengaluru, Kolkata, Gangtok, Guwahati and Mumbai) covering
different geographic locations of India. In total 13 FOB locations and 7 skywalk locations were �xed for �nal data collection. The data was collected using
high de�nition video camera �xed over a high vantage tripod stand. The duration of data collection over the mid-block section of the elevated facilities was
approximately 3 hours, during either morning peak hour (7.30-10.30am) or evening peak hour (4.30-7.30pm). The trap length across different locations varied
between 10-15m for both the elevated facilities. Figure 1 shows the position of the camera along with the trap length and effective width for an elevated
walkway situated in Gangtok. The details of the locations from where the data were collected across different Indian cities are provided in Table 3.

 
Table 3

Site characteristics for elevated facilities
Details of
section

City Type
of
Facility

Land use
type

Length
of
facility
(m)

Effective
width
(m)

Trap
length
(m)

Obstruction Total
Sample

Sample size (%)

Gender Age

Male Female ≤ 
10

11–
20

21–
40

Anand
Vihar

NCR FOB PTT 61.5 4.7 10.0 Beggars 631 76.86 23.14 4.12 19.65 48.34

ITO Commercial 39.2 1.6 10.5 Beggars 622 78.78 21.22 0.32 1.13 66.40

Maharani
Bagh

Residential 41.3 1.6 8.5 Both 527 77.04 22.96 1.71 6.64 61.86

Vaishali PTT 88.1 2.5 8.3 Beggars 572 77.45 22.55 1.40 7.17 73.43

Marathalli Bengaluru Commercial 32.1 2.4 10.2 None 598 79.43 20.57 1.34 11.87 72.91

Tin
Factory

Commercial 49.8 1.6 8.4 Vendors 726 72.31 27.69 1.24 1.93 75.76

Lake
Town

Kolkata Residential 42.2 1.9 9.0 Vendors 610 64.75 35.25 2.62 13.44 50.00

Ultadanga Commercial 42.4 1.9 12.0 Beggars 691 77.57 22.43 1.88 9.70 63.97

Telephone
Exchange

Gangtok Commercial 18.8 1.5 10.0 None 695 56.26 43.74 2.45 3.31 70.22

M.G.
Marg

Commercial 18.5 1.4 10.0 None 809 67.49 32.51 1.24 0.99 69.34

STNM
Hospital

Institutional 42.6 1.5 10.0 None 809 48.83 51.17 0.62 1.11 77.87
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Table 3
Site characteristics for elevated facilities (continued)

Details of
section

City Type of
Facility

Land use
type

Length
of
facility
(m)

Effective
width
(m)

Trap
length
(m)

Obstruction Total
Sample

Sample size (%)

Gender Age

Male Female ≤ 
10

11–
20

21–
40

Maligaon Guwahati FOB Commercial 34.0 1.6 10.2 None 651 68.36 31.64 5.53 10.45 49.92

IIT
Bombay

Mumbai Educational 43.3 2.6 10.0 None 883 75.54 26.46 1.02 12.12 76.33

Andheri Skywalk Commercial 581 2.5 10.0 Vendors 781 71.83 28.17 - 9.86 74.90

Bandra Commercial 494 2.7 15.0 None 706 75.78 24.22 2.83 9.49 53.26

Ghatkopar Residential 315 2.7 16.0 None 773 74.00 26.00 0.26 12.94 69.47

Goregaon Commercial 625 3.4 15.0 Vendors 798 79.07 20.93 0.88 5.76 78.20

Kalyan Shopping 1287 2.0 15.0 Vendors 669 80.87 19.13 1.79 6.28 67.71

Santa
Cruz

Shopping 438 2.6 10.0 Vendors 896 69.53 30.47 1.00 12.39 66.52

Vile Parle Shopping 460 3.0 15.0 Vendors 719 69.40 30.60 3.48 23.37 43.39

From Table 3, it can be observed that the total length of the elevated walkways varied between 18.5-88.1m (FOBs) and 315-1287m (skywalks). The effective
width varied between 1.4-4.7m (for FOBs) and 2-3.4m (for skywalks). The effective width was calculated after deducting the shy away or buffer distance from
the actual width. The average sample size per location varied between 679 (for FOBs) and 763 (for skywalks). The dominant categories across both the
facilities were male pedestrians (≥ 70%), 21–40 years’ age group (≥ 65%), with luggage (≥ 52%), and without mobile phones (≥ 85%). From Table 3 it is also
observed that across many FOB locations, the beggars and vendors were prevalent; while across some skywalks, the vendors were present. Also, the different
land-use types considered in the study ranged from public transport terminal (PTT) to commercial, residential, institutional, educational, and shopping
locations.

2.2. Data extraction

Collected data were processed in the lab using the manual data extraction technique. As the aim of the study was to identify the factors affecting the
pedestrian speed, thus individual parameters (such as age, gender, luggage condition, mobile use) along with other factors (such as obstruction, land use type,
time of data collection, average �ow, average density, length of facility, connectivity, effective width) were considered while extracting the video data. Table 4
shows the description of the factors extracted and considered for the modeling of pedestrian behavior.
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Table 4
Description of factors considered for data extraction

Parameters Description

Gender 0: Male, 1: Female

Age (in years) 0: ≤10, 1: 11–20, 2: 21–40, 3: 41–60, 4: ≥60

Luggage
condition

0: Without, 1: With

Mobile use 0: Without, 1: With

Obstruction 0: None, 1: Beggars, 2: Vendors, 3: Both

Type of
elevated facility

0: FOB, 1: Skywalk

Land use type 0: Commercial, 1: Educational, 2. Institutional, 3. Public Transport Terminal (PTT), 4. Residential, 5. Shopping

Time of data
collection

0: Morning, 1: Afternoon, 2: Evening

Length of
facility

The distance between the entry and exit points of the facility

Width of the
facility

The breadth of the facility, either in terms of actual width (with buffer space) or effective width (deducting buffer space)

Average �ow
(ped/min/m)

Calculated as the number of pedestrians crossing the entry section of the study area per minute by the effective width of the trap

Average density
(ped/m2)

Calculated by counting the number of pedestrians within a trap area at every 20 second interval. In one minute, three density reading
were taken, and then average value of density was calculated per minute

3. Data Analysis
The demographic characteristics and speed distribution data were obtained by performing exploratory data analysis on extracted videography data containing
7522 (FOB) and 5325 (skywalk) samples respectively. The �nal analysis was carried out comparing the speed prediction between the two types of elevated
walkways (FOBs and skywalks) under different land-use types (commercial, educational, institutional, public transport terminal, residential, and shopping).

3.1 Demographic characteristics

The demographic characteristics such as gender, age, luggage condition, and mobile use are relevant in understanding the existing usage pattern of the
elevated walkways. Table 5 presents the demographic characteristics of the pedestrians based on gender, age, and luggage condition for FOB and skywalk
facilities. The table also shows the results of the statistical tests (t-test and ANOVA single factor test) between the different pedestrian demographic
characteristics. The statistical tests were conducted to check whether a signi�cant difference exists between the different pedestrian categories. The t-test is
performed to compare if a signi�cant difference exists between two sub-categories (e.g. gender: male/ female, luggage: with/ without, and mobile: with/
without), while the ANOVA test is performed to compare between two or more pedestrian categories (e.g.: age: <10/ 11–20/ 21–40/ 41–60/ >60 years). Higher
values of t-statistical value in comparison to t-critical value (for t-test) and higher F-statistical value in comparison to F-critical value (for ANOVA test), signi�es
that signi�cant difference exists between the different pedestrian demographic characteristics (at 5% signi�cance level).
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Table 5
Demographic characteristics of the pedestrians for both elevated facilities

Pedestrian
demographics

Category Facility Sample
size (%)

Mean speed
(m/min)

Standard
deviation

Variance t-test ANOVA test Signi�cance

t-stat t-crit F-stat F-
crit

Gender Male FOB 69.24 73.18 13.10 182.51 22.71 1.96 - - Sig.

Female 30.76 66.55 12.15 146.05

Male Skywalk 76.98 81.51 12.80 159.98 18.07 1.96 Sig.

Female 23.02 74.31 12.24 141.94

Age (years) < 10 FOB 1.89 63.09 11.16 175.65 - - 121.23 2.37 Sig.

11–20 8.62 70.56 12.65 168.84

21–40 64.44 73.33 12.98 177.29

41–60 21.07 67.93 12.50 155.99

≥ 60 3.97 61.28 12.41 155.09

< 10 Skywalk 0.97 72.27 11.60 154.43 - - 33.51 2.37 Sig.

11–20 10.82 77.55 13.37 154.31

21–40 66.44 80.02 12.75 160.09

41–60 17.85 78.08 12.73 158.99

≥ 60 3.93 70.3 13.64 187.21

Luggage With FOB 51.52 71.04 12.80 163.84 3.96 1.96 - - Sig.

Without 48.48 71.93 13.59 184.66

With Skywalk 77.91 77.95 12.71 163.07 6.48 1.96

Without 22.09 81.37 13.79 162.86

Mobile With FOB 7.81 69.58 13.28 166.66 3.16 1.96 - - Sig.

Without 92.19 71.34 13.15 180.15

With Skywalk 14.93 77.45 13.30 190.72 5.24 1.96

Without 85.07 80.16 12.89 158.19

From Table 5 it is observed that the majority of the pedestrians using the FOB and skywalk facilities were male pedestrians (73–81%) in the age group of 21–
40 years (73–78%) and with luggage (71–78%). The male pedestrians were observed to walk at higher average speeds in comparison to the female
pedestrians over both the elevated walkways by 6-7m/min. The pedestrians in the age group of 21–40 years walked fastest in comparison to the other age
categories. The pedestrians without luggage had signi�cantly higher average walking speeds in comparison to the pedestrians with luggage for both the
facilities. Further, the proportion of pedestrians using a mobile phone while walking alone over skywalk facilities was double in comparison to FOB facilities.
The reason for the higher proportion of mobile users over skywalks could be due to the long traveling length on skywalk facilities and thus the pedestrians
may use the mobile phones to overcome boredom. The average walking speeds for mobile users were 3m/min slower than the non-mobile users. The results
of the statistical tests (t-test and ANOVA test) showed that for different demography categories, signi�cant difference exists between gender (male/ female),
luggage (with/ without), mobile (with/ without) and age (< 10/ 11–20/ 21–40/ 41–60/ >60 years).

3.2. Speed distribution

Probability density functions were also used to understand the speed variation among the different categories of pedestrians (based on gender, age, and
luggage condition) for FOBs and skywalks (refer to Fig. 2). The x-axis represents the walking speed (m/min) while the y-axis represents the probability or
relative frequency.

Figure 2(a) shows that the male pedestrians walked faster than the female pedestrians for both the facilities by 6m/min. The male pedestrians using
skywalks were observed to have higher mean speed than the male pedestrians using FOBs by 7m/min. This increase in speed is observed as skywalks offer a
wide path for pedestrians which encourages them to walk at a higher speed than FOB facilities. Further, as the walkways are much lengthier than FOBs,
pedestrians try to travel faster to cover the longer length quickly.

The age-wise speed distribution (refer to Fig. 2(b)) shows that the child (< 10 years) and elderly (> 60 years) pedestrians over FOB facilities were the slowest
pedestrians. The young adult pedestrians (21–40 years) were observed to have the highest walking speed across both the elevated facilities. In comparison to
the FOB pedestrians (of age 21–40 years), skywalk pedestrians users (in the age category of 21–40 years) had higher walking speeds by 7m/min due to the
greater available walkway widths and thus had the freedom to choose higher walking speeds to cover longer distances.
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From Fig. 2(c), it was observed that the pedestrians with and without luggage had higher walking speeds on skywalks in comparison to FOBs by 6–10 m/min.
The speeds for pedestrians with and without luggage over FOBs were quite similar, while over skywalk the pedestrians without luggage walked at higher
speeds (4m/min) in comparison to the pedestrians with luggage. The reason for similar walking speeds over FOB facilities was due to the fact that as the
traveling length was smaller, the luggage did not have much impact on their speed. However, over skywalk facilities when pedestrians had to travel longer
distances, carrying luggage played a crucial role and signi�cantly reduced the walking speed.

Figure 2(d) shows that for both skywalks and FOBs, the pedestrians without mobile usage had a higher walking speed than the ones with mobile by 3m/min.
Also, similar to other distribution functions, the pedestrians with/ without mobile over skywalks had higher speeds in comparison to FOBs. The main reason
for higher speed over the skywalks could be the available higher walkable width and the longer length which pedestrians had to travel over skywalk facilities.

4. Modelling Approaches
In the present study, an effort was made to understand the best-suited model in terms of prediction accuracy of walking speed over elevated walkway
facilities. The tree-based algorithms have several advantages over other machine learning algorithms, described in Table 6. The different tree-based modeling
approaches used in the current study were Light Gradient Boosting Machine (LGBM), Gradient Boosting Regressor (GBR), Adapting Boosting Regressor (Ada
Boost), Extreme Gradient Boosting (XGBoost), Random Forest (RF), Extra Tree Regressor (ETR) and Decision Tree (DT).

 
Table 6

Description of different tree-based modeling approaches
Modeling
approach
&

Developer

Description Features Important parameters Advantages Disadvantages

Light
Gradient
Boosting
Machine,

Ke et al.
(2017)

It is a gradient boosting framework
based on a decision tree algorithm,
used for regression or classi�cation

It splits the tree leaf wise num_leaves,
min_data_in_leaf,
max_depth

• Faster
training
speed

• Higher
e�ciency

• Lower
memory
usage

• Performance
of small dataset
is poor

Gradient
Boosting
Machine,

Friedman
et al.
(2000)

It is an ML technique for regression and
classi�cation problems, which
produces a prediction model in the form
of an ensemble of weak prediction
models, typically decision trees

GBM sequentially builds
regression trees on all the
features of the dataset in a
fully distributed way

ntrees, max_depth,
learning rate

• High
prediction
accuracy

• High
�exibility
towards loss

• Can cause
over�tting and
cross-validation
must be used to
neutralize

•
Computationally
expensive

AdaBoost
Regressor,

Freund
and
Schapire
(1997)

It is a meta-estimator that begins by
�tting a regressor on the original
dataset and then �ts additional copies
of the regressor on the same dataset

• It works by putting more
weight on di�cult to classify
instances

• It can be used for both
classi�cation and regression
problems.

base_estimator,
n_estimators,
learning_rate, loss,
random_state

• Very useful
for weak
classi�ers
and
cascading.

• AdaBoost
has a high
degree of
precision;

• Data
imbalance leads
to a decrease in
classi�cation
accuracy

• Training is
time-consuming

Extreme
Gradient
Boosting,

Chen and
Guestrin
(2016)

XGBoost uses second-order gradients,
i.e. second partial derivatives of the
loss function which makes faster
optimization

• It provides a parallel tree
boosting (also known as
GBDT, GBM) that solves
many data science problems
in a fast and accurate way.

min_child_weight,
max_depth,
max_leaf_node, gamma,
subsample,
comsample_bylevel,
lambda, alpha,
scale_pos_weight

• Better
regularization
which
reduces
over�t

• Parallel
processing,

• Higher
�exibility

• Handles
missing
values better

• More likely to
over�t than
bagging
(random forest)
if the model is
not stopped
early,

• Training time
is higher in
comparison to
Light GBM
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Table 6
Description of different tree-based modeling approaches (continued)

Modeling
approach &

Developer

Description Features Important parameters Advantages Disadvantages

Random
Forest,

Breiman
(2017)

It uses a bootstrapping analogy
similar to bagging but adds
additional randomness to
models at each split by
randomly selecting input

variables/ features.

In comparison to GBM,
where one tree is built at
a time, in RF each tree is
trained independently
using random sample
data

mtries, ntrees, depth • Fast
training
speed,

• Simple to
implement

• High
computation
power required

• Complex as it
creates a lot of
trees,

• Longer
training period

Extra Trees
Regressor,

Geurts et al.
(2006)

In Extra Trees, the features and
splits are selected at random.

• Creates a large number
of unpruned decision
trees from the training
dataset

• Splits are selected at
random for each feature
in the Extra Trees
Classi�er,

max_features, max_depth,
min_samples_split,
min_samples_leaf,
min_weight_fraction_leaf,
max_leaf_nodes, bootstrap,
oob_score, n_jobs, random_state,
verbose, warm_start

• Provide the
best trade-
off between
bias and
variance,

• It produces
trees with
low variance

----

Decision
Tree/ CART

(Classi�cation
& Regression
Trees),
Breiman
(1984)

It is a non-parametric supervised
learning method that is used
for classi�cation and regression.

• Classi�cation trees:
models where the target
variable can take a
discrete set of values

• Regression trees:
decision trees where the
target variable can take
continuous values

max_depth, min_samples_split,
min_samples_leaf, max features

• Can solve
both
classi�cation
and
regression
problems,

• Could
handle
missing data

• Easy to
explain

• Unstable,

• Over�tting

• Suffer from
high variance

5. Study Methodology
Algorithm 1 shows the step-by-step methodology of speed prediction for elevated walkways. The study methodology involved literature survey, preliminary site
inspection, videography data collection and extraction, followed by speed prediction modeling, and �nally extracting the important features for a policy
decision.

As explained earlier in Table 3, the data was collected from 13 FOBs and 7 skywalks across different Indian cities. This data must be processed carefully
before using them for training speed prediction models. Initially, the data columns were normalized using min-max scalar. Further, one hot encoding was
applied to the categorical columns. The �nal prepared dataset was randomly divided into 80% (FOB: 11332, Skywalk: 4273) for training and 20% (FOB: 2833,
Skywalk: 1069) for testing of the developed model respectively. Different modeling algorithms offer different hyper-parameters. Thus, initially, all the selected
algorithms were trained using 10-fold cross-validation (CV) with 10 random hyperparameter space on 80% train data. The models were ranked in decreasing
order based on Mean Absolute Error (MAE) evaluation metric. The MAE metric was selected for model performance evaluation due to its less sensitivity to
outliers. Once the top algorithms were identi�ed, they were further tuned with 100 random hyperparameter space using a 10-fold CV to get more reliable
estimates. The tuned model was then �nally tested on the remaining 20% test dataset.

Algorithm #1: Estimation of factors for walking speed prediction over FOBs and Skywalks

Input

Demographics, existing condition, usability dependent, land use type, facility type, mid-block walkway length and width, steps, and stair characteristics.

Output

Predicting the factors in�uencing the walking speed of pedestrians for FOB and skywalk facilities

// Pre-Processing Stage

1. For a column in violation dataset

2. Call handle missing values
3. Call normalize
4. End For

// Model Building and Ranking
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    5. For i in range (1: total samples)

    6.      Split the dataset into 80% training and 20% testing 

    7.      Split 80% dataset according to 10-fold CV training and validation dataset

    8. End for

    9.  For i in range (1: N model algorithms)

    10.      For each 10-fold CV training part

    11.               train model with 10 random hyperparameter search space 

    12.     End for

    13.     Call evaluate MAE on the validation set for Model Ranking

    14. End for

// Hyperparameter Tuning

    15. For best model’s each 10-CV training part 

    16 .       For i in range (1 to 100 random hypermeters combination)

    17.            with each i train model

    18.        Call evaluate MAE on the validation set     

    19. End for

// Evaluation stage

    20.   Evaluate the best model on the remaining 20% test dataset

    21.   Print test MAE score

    22.   Save the best model

    23.   Compute Shaply Values and rank variables as per their importance

6. Speed Prediction Model Development
In the present study, different tree-based modeling approaches (GBM, LGBM, XGBoost, Adaboost, RF, ETR, and DT) were explored to predict the walking speed
determinants over elevated pedestrian facilities (regression: continuous outcome) using PyCaret 2.0 (Ali, 2020) machine learning library (through open-source
programming language Python version 3.6). The speed models were trained for two separate elevated pedestrian facilities i.e., Foot Over Bridges (FOBs) and
Skywalks.

6.1. Model Training And Hyperparameters Tuning

In order to train the speed models, PyCaret 2.0 machine learning library was utilized. The total samples (FOB: 14165, Skywalk: 5342) were randomly split into
80% train (FOB: 11332, Skywalk: 4273) and 20% test dataset (FOB: 2833, Skywalk: 1069). Comparing multiple models and tuning all types of hyperparameters
could be time-consuming; thus, initially, a 10-fold CV was performed with default hyper-parameters to get the idea about the overall best-performing model.
The 10-fold CV models were trained with different tree-based models including ensembles. The models include Light Gradient Boosting Machine (LGBM),
Gradient Boosting Machine (GBM), Extreme Gradient Boosting (XGBoost), Adaptive Boosting Regressor (AdaBoost), Random Forest (RF), Extra Tree Regressor
(ETR), and Decision Tree (DT). The models were trained, and the average performance of the CV was reported using various regression metrics such as MAE,
MSE, RMSE, RMSLE, MAPE, and Training Time (TT), refer to Tables 7 and 8. After training, the models were sorted based on the MAE criteria as this evaluation
metric is robust. The 10-fold CV result of the FOB speed prediction model (refer to Table 7) revealed that LGBM topped in the overall performance (MAE:
9.520). Similarly, models were trained using 10-fold CV for skywalks; where GBR was observed to be the best performing model with an MAE of 9.232 (refer to
Table 8).
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Table 7
FOB 10-fold CV model comparison summary

MODEL MAE MSE RMSE RMSLE MAPE TT (Sec)

Light Gradient Boosting Machine (LGBM) 9.520 156.111 12.493 0.174 0.141 0.165

Gradient Boosting Machine (GBM) 9.967 159.707 12.636 0.176 0.143 0.442

Extreme Gradient Boosting (XGBoost) 10.116 165.312 12.855 0.178 0.145 0.292

AdaBoost Regressor (Ada Boost) 10.229 167.105 12.925 0.180 0.147 0.126

Random Forest (RF) 10.480 177.035 13.303 0.184 0.149 0.415

Extra Trees Regressor (ETR) 10.530 178.070 13.365 0.185 0.150 0.278

Decision Tree (DT) 10.531 178.717 13.366 0.185 0.150 0.019

  
Table 8

Skywalk 10-fold CV model comparison summary
MODEL MAE MSE RMSE RMSLE MAPE TT (Sec)

Gradient Boosting Machine (GBM) 9.232 136.888 11.695 0.153 0.123 0.217

Light Gradient Boosting Machine (LGBM) 9.261 136.361 11.801 0.154 0.123 0.138

AdaBoost Regressor (Ada Boost) 9.846 154.428 12.418 0.161 0.130 0.074

Extreme Gradient Boosting (XGBoost) 9.995 162.098 12.727 0.165 0.132 0.243

Random Forest (RF) 10.262 169.975 13.034 0.169 0.136 0.402

Extra Trees Regressor (ETR) 10.945 165.413 13.974 0.181 0.144 0.273

Decision Tree (DT) 11.483 216.114 14.696 0.191 0.151 0.014

6.2. Model Hyper-Parameters Optimization

To obtain the best performing model and to reduce over�tting, a random hyper-parameter search was performed. Random search is faster and
computationally less expensive compared to complete grid search [10]. For the FOB speed model (i.e., LGBM), the hyper-parameters were the number of leaves,
maximum tree depth, learning rate, number of estimators, minimum split gain, regression alpha, and lambda. Similarly, for the skywalk model (i.e., GBM) the
hyper-parameters were loss, the number of estimators, learning rate, subsample, criterion, minimum samples split, minimum samples leaf, maximum depth,
and features. The different hyperparameters, their ranges, and de�nitions are presented in Table 9.

Table 9. Hyper parameters used in Light Gradient Boosting Machine (LGBM) and Gradient Boosting Machine (GBM) and their unique

parameters
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Model Hyper-parameters Unique parameter de�nition

Light Gradient
Boosting Machine
(LGBM)

num_leaves:
[10,20,30,40,50,60,70,80,90,100,150,200]

max_depth: [10, 20, 30, 40, 50, 60, 70,
80, 90, 100, 110]

learning_rate:
[0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,1]

n_estimators: [10, 30, 50, 70, 90, 100,
120, 150, 170, 200]

min_split_gain:
[0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9]

reg_alpha: [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7,
0.8, 0.9]

reg_lambda: [0.1, 0.2, 0.3, 0.4, 0.5, 0.6,
0.7, 0.8, 0.9]

• num_leaves: it is the main parameter that controls the complexity of the tree-based
models.

• max_depth: it de�nes how long a tree will be allowed to grow, i.e., the maximum
number of children which can grow out from the tree until the tree is cut off.

• learning_rate: it is the process of adding weighting factor to new trees in the model
to slow down the leaning.

• n_estimators: the parameter represents the number of trees that need to be built
before majority voting or an average of predictions.

• min_split_gain: it is the minimum loss reduction requires in order to make a further
partition on the leaf node of the tree.

• reg_alpha and reg_lambda: regularization terms based on weights.

• loss: it is a function that de�nes the mean squared error (MSE), which can be
calculated by using gradient descent and updating the predictions based on the
learning rate.

• subsample: the parameter controls the proportion of random samples for each tree.
The lower value of subsample prevents over�tting.

• criterion: it is the parameter that measures the impurity of the split. In the case of
regression, it is represented by “friedman_mse”, “mse”, or “mae.

• min_samples_split: it represents the minimum number of data points or samples
placed in a node before splitting operation.

• min_samples_leaf: it represents the minimum number of samples that are required
in the leaf node.

• max_features: while splitting a node, it is the size of the random subset of features
to be considered in the model.

Gradient Boosting
Machine(GBM)

loss: ['ls', 'lad', 'huber', 'quantile']

n_estimators: np.arange(10,200,5)

learning_rate: np.arange(0,1,0.01)

subsample: [0.1,0.3,0.5,0.7,0.9,1]

criterion: ['friedman_mse', 'mse', 'mae']

min_samples_split: [2, 4, 5, 7, 9, 10]

min_samples_leaf: [1, 2, 3, 4, 5, 7]

max_depth: [10, 20, 30, 40, 50, 60, 70,
80, 90, 100, 110]

max_features: ['auto', 'sqrt', 'log2']

By default, PyCaret performs 10 random iterations over search space. Thus, to get highly optimized FOB and skywalk models, the random iteration for
hyperparameter was set to 500. The training involved 10-fold cross-validation to get a better estimate (average) of the model performance. The MAE was
selected as the model evaluation metric. The FOB 10-fold CV hyper-parameter optimization results revealed an average MAE of 9.839 with a standard
deviation of 0.182 (refer to Table 10). In case of the skywalk model, the hyperparameter tuning showed an MAE of 9.223 with a standard deviation of 0.119
(refer to Table 11). The optimized model hyperparameters for both FOB and skywalk speed models are presented in Table 12.

 
Table 10

Summary of tuned 10-fold CV FOB Model Performance
CV Folds MAE MSE RMSE RMSLE MAPE

1 9.912 157.868 12.564 0.177 0.114

2 9.615 152.079 12.332 0.167 0.134

3 10.037 161.588 12.711 0.173 0.141

4 9.587 148.379 12.181 0.174 0.143

5 9.965 161.440 12.705 0.175 0.141

6 9.768 159.022 12.610 0.179 0.142

7 10.003 156.811 12.522 0.172 0.142

8 9.549 148.692 12.193 0.170 0.137

9 9.986 156.961 12.528 0.173 0.143

10 9.973 160.706 12.677 0.180 0.147

Mean 9.839 156.355 12.502 0.174 0.141

SD 0.181 4.720 0.189 0.003 0.003
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Table 11
Summary of tuned 10-fold CV Skywalk Model Performance

CV Folds MAE MSE RMSE RMSLE MAPE

1 9.074 132.700 11.519 0.146 0.118

2 9.135 133.192 11.540 0.153 0.123

3 9.361 147.865 12.160 0.171 0.134

4 8.866 123.222 11.100 0.138 0.113

5 9.476 143.502 11.979 0.149 0.120

6 9.103 133.738 11.564 0.148 0.118

7 9.365 139.856 11.826 0.153 0.123

8 9.448 138.764 11.779 0.160 0.129

9 9.011 131.864 11.483 0.154 0.123

10 9.391 141.629 11.900 0.157 0.125

Mean 9.223 136.633 11.685 0.153 0.123

SD 0.119 6.719 0.288 0.008 0.005

 
Table 12

Tuned best performing models hyperparameters for FOB and skywalk facilities
Models Model Hyperparameter

Light Gradient Boosting

Machine (for FOB)

num_leaves: 20, max_depth: 20, learning_rate: 0.1, n_estimators: 90, min_split_gain: 0.2, reg_alpha: 0.1, reg_lambda: 0.1

Gradient Boosting Machine
(for Skywalk)

loss: huber, n_estimators: 175, learning_rate: 0.01, subsample: 0.3, criterion: friedman_mse, min_samples_split: 10,
min_samples_leaf: 1, max_depth: 10, max_features: auto

Further, to obtain the model performance on the unseen (test) dataset, the �nal models were tested on the remaining 20% (FOB: 2833, Skywalk: 1069) test
dataset. Table 13 shows the model performance summary on the test data set. The performance summary revealed that the overall optimized FOB speed
prediction model (i.e., using LGBM) performed well on the unseen/test dataset (MAE: 9.960). Similarly, the skywalk speed prediction model (i.e., using GBM)
performance on unseen/test dataset provided an overall good performance (MAE: 9.273).

 
Table 13

Summary of FOB and skywalk model performance estimated on the test dataset
Model MAE MSE RMSE RMSLE MAPE

Light Gradient Boosting Machine (LGBM) 9.960 156.394 12.505 0.176 0.144

Gradient Boosting Machine (GBM) 9.273 132.358 11.504 0.147 0.122

7. Applications Of Tree-based Machine Learning Techniques In Other Areas Of Transportation
Engineering And Its Comparison With The Current Study
There are different studies based on application of advanced soft computing techniques in the transportation engineering domain (refer to Table 14), but very
few of them are related to pedestrian-based research. Results of the present study highlighted that boosting-based model could be one of the best choices for
predicting pedestrian walking speed over FOBs and skywalks. 



Page 14/21

Table 14
Application of Tree-Based ML techniques in the Transportation Sector

Study type Author Soft computing technique used Evaluation
metrics

Important conclusions

Travel mode
choice

Ermagun et al.
(2015), USA

Nested logit, RF Accuracy RF signi�cantly outperformed nested logit

Sekhar and Madhu
(2016), India

RFDT, MNL Kappa statistic,
MAE, RMSE, RAE

RFDT model had higher accuracy

Cheng et al. (2019),
China

RF, SVM, AdaBoost, MNL MAPE, accuracy RF and SVM outperformed AdaBoost and MNL

Ha et al. (2019),
Indonesia

GBM, DNN Relative
importance plot

GBM outperformed DNN

Travel time
prediction

Zhang and Haghani
(2015), USA

RT, GBM, RF MAPE GBM performed better in comparison to RT
and RF

Cheng et al. (2019),
China

SVM, GBDT, BPNN MAD, MAPE, RE On basis of MAPE, GBDT outperformed other
methods

Tra�c
prediction

Yang et al. (2017),
China

GBM, SVM, and BPNN MAPE, MAE GBM performed better than SVM and BPNN

Alajali et al. (2018),
Australia

XGB, GBRT, RF MSE, MAE Similar MSE values were obtained using the
three techniques

Lane
changing
maneuvers

Mousa et al. (2018),
USA

DT, RF, GBM, and XGB AUC XGB outperformed other techniques

Driver’s stop-
or-run
behavior

Ding et al. (2016),
China

GBM R² GBM better handled different predictor
variables and �t complex non-linear
relationships

Bike-sharing Regue and Recker
(2014), USA

GBM, Neural Network, Linear Regression RMSE GBM performed well

Flow
prediction

Ling et al. (2018),
China

Historical average (HA), multilayer
perception neural network (MLP), SVM,
GBRT

RMSE, MAPE SVR and MLR performed best

Crash
prediction

Hossain and
Muromachi (2011),
Japan

CART, RF OOB error,
misclassi�cation
rate

RF was able to predict better

Pande et al. (2011),
USA

MLPNN, RF Impurity Performance of RF was better than MLNPP

Note: RF- Random Forest, RFDT- Random Forest Decision Tree, MNL- Multi Nominal Logistic, SVM- Support Vector Machine, GBM- Gradient Boosting
Machine, DNN- Deep Neural Network, RT- Regression Tree, GBDT- Gradient Boosting Decision Tree, BPNN- Back-Propagation Neural Networks, XGB- Extreme
Gradient Boosting, GBRT- Gradient Boosting Regression Tree, RF- Random Forest, CART- Classi�cation & Regression Trees, MPLNN- Minimum Parameter
Learning of Neural Network, MAE- Mean Absolute Error, RMSE- Root Mean Square Error, RAE- Relative Absolute Error, MAPE- Mean Absolute Percentage
Error, MAD- Mean Absolute Deviation, RE- Relative Error, MSE- Mean Squared Error, AUC- Area Under Curve, OOB- Out of Bag

The current LGBM and GBM models showed overall good prediction accuracy (MAE ≤ 10%). As per past studies, better prediction accuracy was obtained
using different boosting-based algorithms for different study domains. For example, the study of Ha et al. (2019) showed that GBM could achieve an
astonishing 95.1% accuracy in travel behavior prediction. Ding et al. (2016) studied the stop or run behavior of drivers in China and reported that GBM could
be useful when data had complex non-linear patterns. The other studies proved the e�ciency of boosting-based algorithms in different study domains, as
mentioned in Table 14.

Similar to other domains, in pedestrian-based researches where accurate pedestrian macroscopic behavior (speed and �ow) prediction is required, these
algorithms could provide an accurate solution. They would help in smooth management of busy facilities such as bus, train or airport terminals. In this regard,
the current study results tried to �ll this gap and showed the effectiveness of such algorithms in pedestrian-based research, which could act as a better
alternative when model quality (or accuracy) is the main goal.

8. Variable Importance Analysis
As discussed in Table 13, the LGBM (FOB) and GBM (skywalk) models were found to perform best on the test dataset as well. The main advantage of a tree-
based regressor is that it provides the global importance scores of each feature which explains the contribution of different predictors in the model. Still, these
high-end black-box models lack interpretability as they do not provide the direction of impact, i.e., whether the model variables have a positive or negative
in�uence. Thus, to trust a black-box model, the understanding of inner workings is essential. Lundberg and Lee (2017) proposed the SHAP (SHapley Additive
exPlanations) values method which is fast and offers a high level of interpretability for a model. In the present study, the “shap” python library was utilized to
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interpret the existing trained models. The SHapley values were estimated for tuned LGBM (i.e., for FOBs) and GBM (i.e., for skywalks) on the test data and were
plotted using a summary plot (refer to Figs. 3 and 4).

The summary plot not only provides the variable importance in descending order but also illustrates the positive or negative relationship with the outcome
variable. The y-axis shows different variables (top �ve predictors) while the x-axis shows SHAP values ranging from -ve to + ve. The feature value is illustrated
with blue and red color gradients. The red color indicates a high feature value, while blue indicates a low feature value.

The feature importance plot of the FOB model (refer to Fig. 3) illustrates crucial �ndings for the top �ve factors which in�uence walking speed over FOBs. As
per Fig. 3, the total length of the facility, average density, average �ow, facility height, and mid-block width are the top �ve parameters that impact the
pedestrian walking speed over the FOB facilities. The most important feature is the length of the facility which determines the walking speed. In FOBs, after
climbing the stairs (in most of the FOBs considered, stairways were the only form of vertical connectivity), pedestrians feel tired. Due to this tiredness, the
pedestrian speed was initially observed to be a little slower. However, with the increase in length of the FOB as the pedestrians approach the middle section,
this impact on pedestrian speed towards the middle portion of the FOB (where the data was collected) does not show much variability in speed. From Fig. 3 it
is observed that density values present a wider range and have a negative relationship with walking speed. As the average density increases, the space for
faster movement reduces and thus pedestrians’ walking speed reduces. The impact of width and height of the facility on the pedestrian speed is not clear, and
this necessitates data requirement over a wider range of facilities to establish a concrete relationship. The impact of the �ow parameter re�ected here (as well
as in Fig. 4 for skywalk facilities) is somewhat unclear or contradictory. Such behavior of �ow is re�ected as few sites for both elevated facilities (FOBs as well
as skywalks) were in congested conditions (i.e. speed increases with increase in �ow under congested regime), as opposed to most of the other sites which
were in free �ow condition with lower densities. Observation of pedestrian speed data over a wide range of densities in most sites might resolve this
ambiguity.

The feature importance plot of the skywalk model illustrated that the top �ve parameters impacting the walking speed over skywalks were the average �ow,
average density, gender (male/ female), age (< 10, 11–20, 21–40, 41–60, and > 60 years), and length of the facility (refer to Fig. 4). Males were found to walk
faster compared to female pedestrians. Moreover, the proportion of male pedestrians leads to higher stream speed. Similarly, pedestrians belonging to age
group of 21–40 (young adults) walked faster than any other age group. The old (> 60 years) and young (< 10 years) pedestrians are observed to negatively
impact the relative stream speed. Thus with a higher proportion of old and young pedestrians, the overall stream speed would be signi�cantly reduced. The
total length of the facility although is found signi�cant, however, its direction of in�uence on the walking speed is not clear.

9. Conclusions, Limitations, And Future Recommendations
The current study focuses on the accurate prediction of factors impacting pedestrian walking speed over elevated facilities. The observed data of pedestrian
behavior were collected using the videography survey method over 13 Foot Over Bridges (FOBs) and 7 skywalk locations across different land-use types in
India. The different factors considered for speed prediction modeling were microscopic factors (demographics characteristics), macroscopic factors (average
�ow and density), and geometric factors (obstruction, land use type, length, connectivity, and effective width). In total 7,522 observations of FOB pedestrian
data and 5,342 observations of skywalk pedestrian data were utilized to model the walking speed of pedestrians. This study conducted a comparative
analysis of different tree-based models like Gradient Boosting Machine (GBM), Light Gradient Boosting Machine (LGBM), Extreme Gradient Boosting
(XGBoost), Adaptive Boosting (Adaboost), Random Forest (RF), Extra Tree Regressor (ETR) and Decision Tree (DT) to obtain a model that predicts pedestrian
walking speed accurately.

The major �ndings of the current study are as follows:

i) Demographic characteristics showed that majority of the pedestrians using the elevated facilities were male pedestrians (FOBs: 69.24%; skywalks: 76.98%)
of age 21–40 years (FOBs: 64.44%; skywalks: 66.44%).

ii) The majority of the pedestrians on the skywalk were observed to carry luggage (77.91%) in comparison to pedestrians on FOBs (51.52%). Further, a small
proportion of pedestrians (FOBs: 7.81%; skywalks: 14.93%) were observed using a mobile phone while walking on both facilities.
iii) Light Gradient Boosting Machine (with MAE: 9.96) and Gradient Boosting Machine (with MAE: 9.27) provide the best prediction accuracy of pedestrian
walking speed models over FOB and skywalk facilities respectively.
iv) Variable importance for both elevated facilities revealed that average �ow and average density were extremely important to predict the walking speed.
v) FOBs variable importance plot revealed that the length of the facility in�uences the walking speed positively while the reduction in available walkway width
reduces the pedestrian walking speed.
vi) Skywalk variable importance plot revealed that pedestrian demographics (gender and age) were important predictors for walking speed. Male pedestrians
walked faster than female pedestrians, and a higher proportion of male pedestrians led to higher stream speeds. The young adults (aged between 21–40
years) had the highest walking speed among all age groups. Similarly, locations with a higher proportion of young (< 10 years) and old (> 60 years)
pedestrians signi�cantly reduced the overall walking speed of the facilities.

The identi�cation of important variables not only provides better insight on factors that affect walking speed over elevated facilities but also provides a
valuable source of information to researchers, planners, and policymakers for better design, operate and manage elevated pedestrian infrastructures.

Similar to other studies this study also has some limitations. Some of the signi�cant challenges were: duration of data collection (restricted to a single day
observation for 3 hours) and the number of locations covered.
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Future studies could be extended by including a larger spectrum of facilities and covering more location types (e.g. recreational) across major Indian cities.
Further, studies can be carried out including both observational and survey data.

10. Abbreviations
Table 1: Acronyms/ abbreviations

Acronyms Full form Acronyms Full form

AdaBoost Adaptive Boosting Regressor LSR Least Squares Regression

ANN Arti�cial Neural Network MAD Mean Absolute Deviation

AUC Area Under Curve MAE Mean Absolute Error

BLR Bayesian Linear Regression MAPE Mean Absolute Percentage Error

BPNN Back-Propagation Neural Networks ML Machine Learning

CART Classi�cation & Regression Trees MNL Multi Nominal Logistic

CHAID Chi-square Automatic Interaction Detector MPLNN Minimum Parameter Learning of Neural Network

CV Cross-Validation MSE Mean Squared Error

DCNN Deep Convolution Neural Network MVR Multivariate Regression

DNN Deep Neural Network OOB Out of Bag

DT Decision Tree RAE Relative Absolute Error                  

ETR Extra Tree Regressor RE Relative Error

FOB Foot Over Bridge RF Random Forest

GBDT Gradient Boosting Decision Tree RFDT Random Forest Decision Tree

GBM Gradient Boosting Machine RMSE Root Mean Square Error

GBR Gradient Boosting Regressor RMSLE Root Mean Squared Log Error

GBRT Gradient Boosting Regression Tree RT Regression Tree

GRP Gaussian Process Based Regression SHAP SHapley Additive exPlanations

HTBRM Hierarchical Tree-Based Regression Model SLR Stepwise Linear Regression

LGBM Light Gradient Boosting Machine SVM Support Vector Machine

LR Linear Regression XGBoost/XGB Extreme Gradient Boosting
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Figure 1

Geometric description along with camera position

Figure 2

Variation of pedestrian speed with (a) Gender, (b) Age, (c) Luggage, and (d) Mobile use
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Figure 3

Variable importance plot for FOB walking speed model

Figure 4

Variable importance plot for skywalk walking speed model


