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INTRODUCTION
The driver, road, and vehicle are respon-
sible for the occurrence of road accidents 
in the traffic system. As per the World 
Health Organization (WHO), around 
1.19 million people die annually as a result 
of road accidents (WHO 2023). In India, 
461 312 road accidents occurred in 2021, 
resulting in 153 972 fatalities and 384 448 
injuries (MoRTH 2022). In 2022, there was 
an average of 11.19% more traffic crashes 
than in 2021. As per the Ministry of Road 
Transport and Highways (MoRTH 2022), 
54 593 accidents were reported on hori-
zontal curves during 2022 in India. The 
number of crashes, fatalities, and injuries 
increased 10% from 2021 to 2022 on curved 

sections. Driver error is solely responsible 
for 81.2% of total road accidents during 
2022 (MoRTH 2022). However, an accident 
may not always be caused by the same driv-
er in the same conditions. This indicates 
how a driver’s behaviour in a similar condi-
tion can be uncertain or unpredictable. 
The driver’s behaviour mainly depends on 
the road environment and conditions. A 
sudden change in road alignment can cause 
a driver to become confused, leading to an 
accident. Hence, the horizontal curve loca-
tions have been considered critical sections 
within the roadway network. According 
to the MoRTH (2022) report, 309 247 
accidents were reported on the tangent sec-
tion in India during 2022. The number of 
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Operating speed is considered a crucial factor in evaluating geometric design consistency on 
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accidents, fatalities, and injuries increased 
by 11.2% from 2021 to 2022 on the tangent 
section. Vehicle speed tends to be high on 
straight roads in open areas, which has 
been documented in the high percentage of 
accidents. Moreover, approximately 80% of 
accidents occurred on tangent and curved 
sections. Therefore, curves and tangent 
sections have been identified as critical 
highway geometric features associated with 
significant safety concerns.

One of the primary reasons for highway 
accidents is speeding. It accounted for 
72.3% of road accidents in India during 
2022. Speed is resultingly considered an 
essential parameter for designing highway 
geometry. Design speed is used to deter-
mine the geometric characteristics of a 
roadway (AASHTO 2011). The primary 
drawback of the design speed concept lies 
in its reliance on the design speed of the 
most constrained geometric feature within 
the highway segment. Consequently, this 
approach does not explicitly account for 
the speeds at which vehicles actually travel 
on curved and tangent sections. This may 
result in inconsistencies between succes-
sive roadway elements. Operating speed, by 
contrast, is observed under free-flow traffic 
conditions (AASHTO 2011). Therefore, 
operating speed, rather than design speed, 
should be considered when evaluating the 
consistency of highway geometric design.

Speed varies among drivers and tends 
to become more unpredictable when differ-
ent vehicle classes are present in the traffic 
stream. Drivers do not maintain a uniform 
speed when traversing a specific geometric 
feature. Consequently, the 85th percentile 
speed (operating speed) is adopted to assess 
geometric design consistency. Although the 
operating speed may be the same at two 
different geometric features, the underlying 
speed distributions can differ significantly. 
Earlier studies often assumed that vehicle 
speeds follow a normal distribution; how-
ever, speed profiles may follow non-normal 
distributions. Variability in speed distribu-
tion is therefore an important factor in 
evaluating the geometric design consis-
tency of horizontal curves on two-lane 
rural highways (Bassani et al 2016; Jesna & 
Anjeneyulu 2016). However, most studies 
focus on two-lane highways, with limited 
research on four-lane divided highways 
(Tottadi & Mehar 2022; Goyani et al 2022; 
Tottadi & Mehar 2024). Resultingly, there 
is a need to analyse speed distributions for 
geometric design consistency evaluation on 
four-lane divided highways.

OBJECTIVES
The study aims to achieve the following 
objectives:

QQ Examine the speed distribution of cars 
on both the curve and tangent sections 
of four-lane divided highways.

QQ Develop operating speed models on 
curve and tangent sections using multi-
ple linear regression (MLR) and investi-
gate the effect of multicollinearity.

QQ Predict the operating speed on curve 
and tangent sections using principal 
component regression (PCR) by 
addressing multicollinearity.

LITERATURE REVIEW
Several studies have been conducted to 
predict operating speeds on two-lane 
highways, while limited studies have been 
reported on multi-lane highways. Shankar 
and Mannering (1998) studied heterogene-
ity problems involving lane-mean traffic 
speeds and lane-speed deviations on 
multi-lane highways. They proposed a 
fundamental model for predicting mean 
speed, considering both environmental 
and traffic factors. The three-stage least 
squares method was adopted to develop a 
model for mean speed and speed deviation. 
According to the research results, there are 
inherent correlations between lane mean 
speeds and speed deviations. Additionally, 
it was reported that the mean speed in the 
middle lane decreased as the hourly traffic 
volume in the middle lane increased.

Tarris et al (1996) developed operating 
speed models on horizontal curves using 
linear regression and panel analysis of mul-
tilane urban roads. They observed a nega-
tive correlation between the degree of cur-
vature and operating speed, indicating that 
operating speed decreases as the degree 
of curvature increases. Poe and Mason 
(2000) developed models to predict mean 
speed on horizontal curves using linear 
regression analysis. Their results indicated 
that mean speed decreases with increasing 
curvature and grade, and increases with 
wider lane widths.

Fitzpatrick et al (1995) examined the 
association between design and operating 
speed of various vehicle types on highways. 
The authors reported that the curve radius 
was an essential parameter on horizontal 
curves, and the vertical distance was rec-
ognised as an important factor on vertical 
curves. Additionally, it was found that the 
operating speed decreased with increasing 
access density.

Medina and Tarko (2005) and Kim and 
Choi (2013) examined the influence of geo-
metric parameters on the operating speed 
of four-lane urban and rural highways. 
They found that more speed was observed 
on rural highways than on suburban high-
ways. Vehicles travel at speeds exceeding 
the posted limits when the speed limit is 
below 90 km/h.

Tseng et al (2005) developed exponen-
tial models for predicting the mean 85th 
percentile speed, and established speed 
distributions for each speed profile. They 
found that the vehicle type, speed limit, 
and the distance between signalised inter-
sections are the three most crucial factors 
that affect free-flow speed. Ali et al (2007) 
developed free-flow speed models on 
tangent sections as a function of geometric 
characteristics on multilane urban roads. 
They revealed that the operating speed 
was highly influenced by tangent length 
and the presence of a median. Gong and 
Stamatiadis (2008) predicted operating 
speed on both the inside and outside lanes 
of horizontal curves of four-lane rural 
highways. They concluded that the signifi-
cant parameters for estimating operating 
speed in the inner lane are curve length 
and the presence of a paved shoulder. 
Similarly, the operating speed on the outer 
lane increased with parameters like curve 
radius and paved shoulders.

He et al (2010) established relationships 
between geometric parameters and the 
85th percentile speed on long tangents on 
multi-lane highways. They concluded that 
the distance between the curve and the 
tangent section influences the operating 
speed. Andrade et al (2016) used multivari-
ate analysis for predicting operating speed 
on expressways. They employed principal 
component analysis (PCA) to identify 
the variables and determine the optimal 
number of principal components. Based 
on PCA, the authors concluded that three 
principal components explain the variance. 
Thereafter, stepwise linear regression was 
used to develop a free-flow speed model 
based on the components obtained from 
the PCA. Finally, the developed models 
were compared with the Highway Capacity 
Manual 2010 models. Yan et al (2017) 
used continuous speed profiles of three-
dimensional combinations for estimating 
operating speed on multilane highways. 
They selected the change rate of curvature, 
degree of curvature, curve angle, grade, 
and lane width as variables rather than a 
single index.
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Morris et al (2014) used the ordinary 
least squares method to estimate the operat-
ing speed of cars and trucks on multilane 
highways with a combination of horizontal 
and steep vertical grades. The results revealed 
that the curve radius has a greater influence 
on the operating speed of a car than that of a 
truck. Similarly, vertical grade seems to have a 
significantly greater influence on truck oper-
ating speed compared to a car. Maji and Tyagi 
(2018) studied the impact of highway geom-
etry on the operating speed of cars and sport 
utility vehicles along a horizontal curve on 
a four-lane divided highway. They collected 
speed at the point of curvature, the midpoint 
of the curve, the point of tangency, and 50 m 
before the point of tangency. Their findings 
indicated that the curve radius had a signifi-
cant effect on the operating speed at the mid-
point of the curve. Maji et al (2020) employed 
a stepwise MLR approach to develop speed 
prediction models for cars, light commercial 
vehicles, and heavy commercial vehicles at the 

85th and 98th percentiles on four-lane divided 
rural highways. Variables such as curve length 
and deflection angle had an impact on the 
85th and 98th percentile speeds. Sil et al (2019) 
proposed free-flow speed models for cars, 
light commercial vehicles, and heavy com-
mercial vehicles at the midpoint of the curve 
on four-lane divided highways. The authors 
concluded that the length of the curve, deflec-
tion angle, and preceding tangent length are 
the important independent parameters for 
model development. The variables, analysis 
techniques, and vehicle type used in earlier 
studies are summarised in Table 1.

Most studies employed MLR to predict 
operating speed. However, this approach 
often does not adequately identify the pres-
ence of multicollinearity among indepen-
dent variables. To examine multicollinearity, 
alternative techniques such as PCR should 
be adopted. Previous models have incorpo-
rated geometric variables including curve 
radius, curve length, degree of curvature, 

deflection angle, median width, shoulder 
width, and access density. In earlier studies, 
free-flow vehicle speeds were typically col-
lected using radar or laser guns. Preceding 
tangent length has also been identified as 
a key parameter for estimating operating 
speed on tangent sections. Therefore, 
additional studies are required to predict 
operating speed using modelling techniques 
beyond MLR and to incorporate a wider 
range of geometric variables for four-lane 
divided highways, thereby supporting 
improved geometric highway design.

SITE SELECTION
The roadways used in this study are located 
in five regions of India: Assam, Madhya 
Pradesh, Delhi, Mumbai, and Telangana. 
Table 1 presents the main criteria employed 
for selecting the study sites. A total of 44 
sections were chosen, comprising 22 tan-
gent sections and 22 curved sections.

Table 1 Details of operating speed models

Author Parameters used Modelling technique Country Data collection

Shankar and Mannering (1997) % of trucks, % of cars, mean speed Three stage least square USA Radar gun

Poe and Mason (2000)
Curve radius, degree of curve, lane width, mean 
speed

Multiple linear regression analysis USA Radar gun

Fitzpatrick et al (1995) 
Curve radius, vertical sight distance, design 
speed, operating speed

Linear regression analysis USA Radar gun

Gong and Stamatiadis (2008)
Shoulder type, median type, pavement type, 
length of curve, grade index

Multiple linear regression analysis USA Radar gun

Kim and Choi (2013) 
Curve radius, curvature change rate, tangent 
length, deflection angle

Multiple linear regression analysis China Trap length method

Yan et al (2017)
Curve radius, change rate of curvature, 
deflection angle of curve, grade, and lane width

Multiple exponential analysis China GPS and radar gun

Maji and Tyagi (2018)
Curve radius, curve length, superelevation, 
gradient

Linear regression India Trap length method

Maji et al (2020)
Curve length, curve radius, tangent speed, 
deflection angle, vertical grade

Step wise multiple linear regression India Trap length method

Sil et al (2019)
Preceding tangent length, degree of curvature, 
deflection angle

Step wise multiple linear regression India Trap length method

Figure 1 (a) Curve section on SH 18 in Madhya Pradesh and (b) tangent section on NH-27 in Assam

(a) (b)
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The tangent and curved sections were 
selected based on the following criteria:

QQ Located far from towns or built-up areas
QQ Absence of intersections within 1 km of 

the tangent or curve
QQ Good and dry pavement conditions
QQ Free from roadside activities, obstruc-

tions, or disturbances near the selected 
location.

The various study area locations are shown 
in Figure 1.

DATA COLLECTION
The data collection process included both 
highway geometric data and free-flow vehi-
cle speeds. Geometric characteristics such 
as curve radius (R), degree of curvature 
(DC), and curve length (LC) were esti-
mated by importing Google Maps images 
of the curves into AutoCAD. The exact 
locations of curve points were obtained 
using an Android GPS application called 
OSM Tracker. Site characteristics, includ-
ing the number of lanes, lane width (W), 
shoulder type and width (ST and SW), and 
median width (MW), were measured using 
a measuring tape. Details of all study sites 
are presented in Table 2. Access control 
type and access point density were also 
assessed and validated using Google Maps.

The free-flow speeds of small car (CS), 
big car (CB), heavy commercial vehicle 
(HCV), two-wheeler (2W), bus (Bus), 
and light commercial vehicle (LCV) were 
measured at the mid-point of the curve and 
tangent section using a radar gun during 
the day under good weather conditions. 
The descriptive statistics of the various 
vehicles are presented in Table 3.

SPEED DATA ANALYSIS
Statistical tests were performed on the 
speeds of different vehicle classes to deter-
mine whether any significant differences 
exist. Z-tests and F-tests were conducted 
to assess and compare the means and 
variances among speeds of various vehicle 
types. Table 4 provides the results of both 
tests. The F-tests and Z-tests are based on 
the following two hypotheses:

QQ H0 = �There is no significant difference 
in the means/variances between 
the big car and the small car.

QQ H1 = �There is a significant difference in 
the means/variances between the 
big car and the small car.

The computed F and Z statistics were 
found to be below their respective critical 

values, indicating no significant differences 
in the means and variances between small 
and large cars. Therefore, it is appropriate 
to combine both vehicle types into a single 
category, referred to as “Car.”

Analysis of speed distribution
A vehicle’s speed is a stochastic variable 
that conforms to various continuous 
statistical distributions. The observed 
speed data for cars at each highway section 
is grouped into small class intervals to 
determine the frequency distribution. The 
class interval used is based on Strug’s rule, 
and the values of frequency were obtained 
in that interval. Statistical tests, including 
the Kolmogorov-Smirnov (K-S) test, were 
conducted to assess the data’s fit to a cho-
sen distribution. The statistical test results 
showed the null hypothesis was rejected at 
a 95% confidence level, as the Kolmogorov-
Smirnov statistic surpassed the critical 

value of 0.21. The selection of the best-fit 
distribution is determined by considering 
both the maximum p-value and the K-S 
test within a 95% confidence interval. After 
analysing the speed distribution, the speed 
profiles follow the normal, log-normal, 
beta (with four parameters), Weibull (with 
three parameters), gamma, and general-
ised extreme value (GEV) distributions. 
Furthermore, it was observed that the vehi-
cle type ‘Car’ followed a beta distribution 
with shape parameter 4 and a log-normal 
distribution on the majority of roadway 
sections, including curves. Figure 2 shows 
the distribution of the curve and tangent 
of section 1. Likewise, the 85th percentile 
speeds were calculated from the developed 
cumulative distribution curves. The 
parameters include minimum speed, mean 
speed, and maximum speed, and the 85th 
percentile speeds were calculated. These 
statistics are presented in Table 5.

Table 2 Details of selected sites

Parameter Curve Tangent

Radius of curve (m) 180 to 745 NA

Length of curve (m) 170 to 1 100 500 to 3 000

Deflection angle (0) 32 to 106 NA

Degree of curvature (0) 8 to 32 NA

Lane width (m) 7.25 to 7.5 7 to 7.5 

Shoulder width (m) 1.3 to 2 1.3 to 3

Median width (m) 4 to 5.6 4.3 to 6.2 

Access type (per km) 0 to 12 0 to 13 

NA = not applicable

Table 3 Descriptive statistics of free-flow speed

Statistics
Curve Tangent

Car 2W LCV HCV Car 2W LCV HCV

Minimum (km/h) 61 42 45 43 66 49 51 48

Maximum (km/h) 112 87 82 65 126 92 88 75

Mean (km/h) 85 59 60 55 91 62 63 58

Standard deviation (km/h) 14 10 10 9 11 8 8 10

Table 4 Results of the F- and Z-test between the small car and the big car

Vehicle type CS CB Vehicle type CS CB

Variance (km/h) 111.72 98.09 Mean speed (km/h) 84.91 85.93

FCalculated 1.18 ZCalculated 1.73

FCritical 1.36 ZCritical 1.96

Alpha 0.05 Alpha 0.05

Remarks Not significant Remarks Not significant
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MODELLING METHODOLOGY

Multiple linear regression
Regression analysis examines the relation-
ship between the dependent and independ-
ent variables, explaining the linearity 
between the two variables. In this study, 
the 85th percentile speed is the dependent 
variable, while the geometric parameters 
serve as the independent variables. The 
basic form of MLR is as follows:

Yi = a0 + a1x1 + a2x2 + a3x3 … anxn� (1)

Where
Yi = dependent variable
a1, a2, a3 and an are the coefficients of x1, 
x2, x3 and xn.

Principal component analysis
PCA is a mathematical algorithm that aims 
to minimise the dimensionality of the data 
(minimising the dataset’s feature count 
while preserving maximal information), 
while restraining variation in the data 
as much as possible. This approach aims 
to extract original information from the 
dataset and characterise it as a set of novel 
principal components, which are uncor-
related orthogonal parameters (ideally 
characterises variability within a singular 
dataset). It seeks a linear combination of 
parameters that maximally represents 
the overall variance among them. This 
linear combination is referred to as the 
first principal component, and it accounts 
for the maximum variance in the data. 
Subsequently, PCA will look for a second 
linear combination that accounts for the 
second largest amount of variance in the 
data and is uncorrelated with the first 
principal component. Eigenvalues indicate 
the proportion of variance explained by 
each element, while eigenvectors serve as 
the weights utilised for computing scores of 
principal components.

Specific steps of principal 
component analysis
The first step in conducting PCA is to 
perform the Kaiser–Meyer–Olkin (KMO) 
test and Bartlett’s Test of Sphericity. KMO 
measures sampling adequacy and the 
degree of intercorrelation among variables, 
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Figure 2 Speed distribution of section 1 (a) curved section and (b) tangent section
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Table 5 85th percentile speed of ‘Car’ for all sites

Statistics
85th percentile speed (km/h) 

Curve Tangent

Minimum (km/h) 58 73

Maximum (km/h) 100 110

Mean (km/h) 82 80

Standard deviation (km/h) 11.20 11.85

Table 6 Interpretation rule for the KMO test

KMO value <0.5 0.5 to 0.6 0.6 to 0.7 0.7 to 0.8 0.8 to 0.9 >0.9

Level of acceptance Unacceptable Miserable Mediocre Excellent Meritoire Marvelous
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with values ranging from 0 to 1 (Andrade 
et al 2016). The interpretation of KMO 
values is presented in Table 6. Bartlett’s 
Test of Sphericity evaluates whether the 
correlation matrix is an identity matrix, 
which would indicate that the variables are 
unrelated and unsuitable for factor analy-
sis. A KMO value greater than 0.5 and a 
Bartlett’s test significance level below 0.05 
suggests a strong correlation in the data.

The second step in PCA is to compute 
the covariance matrix, which quantifies the 
variance and the degree to which pairs of 
variables are associated or vary simultane-
ously. The third step involves calculating 
the eigenvalues and eigenvectors of the 
covariance matrix. Eigenvalues represent 
the magnitude of eigenvectors and, concur-
rently, quantify the variance contributed by 
each vector. The fourth step is to select the 
number of principal components, based on 
the eigenvalues, which represent the num-
ber of principal components in the model 
using the scree plot.

PRINCIPAL COMPONENT 
REGRESSION
PCR is the combination of PCA and MLR. 
It is used to reduce multicollinearity among 

independent variables and estimate the 
impact of these variables on the dependent 
variable. The operating speed is regarded 
as the dependent variable, while the prin-
cipal components (PCs) are considered as 
independent variables. The basic form of 
PCR is shown in Equation 2:

Yi = α1PC1 + α2PC2 +  … αnPCn� (2)

Where
Yi = dependent variable
α1, α2 and αn are the coefficients of PC1, 
PC2 and PCn.

MODELLING OPERATING 
SPEED USING MULTIPLE 
LINEAR REGRESSION
The MLR approach was adopted to forecast 
operating speed on the curve and tangent 
sections. The results of the developed mod-
els are discussed in this section.

Horizontal curve
The dependent variable is the 85th 
percentile speed, and the independent 
variables are the geometric variables. 
Table 7 provides the results of the 
developed model. It was found that the 

degree of curvature, deflection angle, and 
access density have a negative correlation, 
while curve radius, curve length, shoulder, 
and median width have a positive 
correlation. It is clearly indicated that as 
the degree of curvature and deflection 
angle increases, the sharpness of the curve 
also increases, and the corresponding 
vehicle speed decreases. Furthermore, 
the curve radius and curve length 
increase the curve sharpness, while the 
vehicle speed and stopping sight distance 
decrease. If the shoulder and median 
width increase, the speeds of vehicles 
also increase due to the encouragement 
of vehicle movement on shoulders and to 
avoid the glare and influence of opposing 
vehicles. The standard error, t-value, 
and p-value lie within the permissible 
limits, but the variable inflation factor 
(VIF) ranges from 1.34 to 9.36. It shows 
that multicollinearity exists between 
the relevant independent variables. 
The general rule of thumb for checking 
multicollinearity among independent 
variables is a VIF greater than 4 (Kabacoff 
2011). The above results revealed that 
a few variables exceed the permissible 
limit value of VIF. Hence, it is necessary 
to employ an alternative methodology to 

Table 7 Results of the developed model

Variables Coefficient Standard error t-value p-value R2 Adjusted R2 VIF

Intercept 24.311 0.362 10.23 0.010

0.721 0.697

9.36

R 0.106 0.002 6.32 0.001 5.16

CL 0.005 0.001 2.36 0.002 2.83

DC -0.033 0.020 -4.56 0.000 6.26

D -0.001 0.001 -2.21 0.000 1.34

SW 0.091 0.000 3.36 0.002 2.76

MW 7.41 0.000 12.56 0.030 6.24

AD -0.254 0.001 -3.65 0.020 1.86

Note: �R = curve radius; CL = curve length; DC = degree of curvature; D = deflection angle; SW = shoulder width; MW = median width; AD = access density

Table 8 Results of the developed model

Variables Coefficient Standard error t-value p-value R2 Adjusted R2 VIF

Intercept 92.066 0.326 11.26 0.020

0.719 0.685

9.66

SW 5.083 0.020 4.56 0.001 5.21

MW 0.285 0.002 3.96 0.010 4.08

AD -4.377 0.001 -4.66 0.000 3.66

AT 20.203 0.030 6.66 0.000 8.26

ST 2.723 0.000 4.36 0.001 2.86

Note: SW = shoulder width; MW = median width; AD = access density; AT = access type; ST = shoulder type
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eliminate multicollinearity between the 
independent variables. In this study, PCA 
is used to develop models, and the results 
are presented in the following section.

Tangent
The attainment of maximum speed on a 
tangent section depends on the geometric 
and roadside features. The maximum 
speed observed on a tangent was 110 km/h 
for a car. The 85th percentile speed was 
estimated from the cumulative frequency 
curves, and these speeds were used as 
the dependent variable. The geometric 
features, such as shoulder and median 
width (SW and MW), shoulder type (ST), 
and other parameters like access density 
and type (AD and AT), are considered as 
independent variables. A value of ST = 1 
indicates a paved shoulder and ST = 0 
indicates an unpaved shoulder. In the 
same way, AT = 1 denotes no access, while 
AT = 0 denotes partial or full access. 
MLR was used to develop the model. The 
summary of model results is presented in 
Table 8. It is observed that the shoulder 
and median width, access, and shoulder 
type have a positive correlation, while 
access density has a negative correlation. 
All statistical measures are within permis-
sible limits except the variable inflation 
factor. The variable inflation factor ranges 
from 2.86 to 9.66; it is clearly shown that 
multicollinearity exists among the inde-
pendent variables. In the present study, 
PCA is employed to mitigate multicollin-
earity, and the results are discussed in the 
following section.

MODELLING OPERATING 
SPEED USING PRINCIPAL 
COMPONENT ANALYSIS

Horizontal curve
Firstly, the KMO and Bartlett’s test were 
conducted to measure sampling adequacy, 
and to verify the suitability of the data 
for applying PCA. The null hypothesis for 
Bartlett’s test assumes that the correlation 
matrix is an identity matrix. In the present 
study, the KMO value is 0.706, which falls 
under the ‘excellent’ level of acceptance, 
and Bartlett’s Test of Sphericity is less than 
0.001. Hence, the PCA applies to the col-
lected geometric dataset.

In PCA, the number of principal com-
ponents is decided based on the eigenvalue 
criterion. Using this criterion, any element 
with an eigenvalue of more than 1 is 
retained. It is observed that only the first 
two principal components have eigenval-
ues greater than one (see Figure 3). The 
examination of the scree plot confirms the 
presence of two principal components. It 
also provides information for selecting the 
number of principal components, as shown 
in Figure 3.

Therefore, two principal components 
(PC1 & PC2) are considered for regression 
analysis, and these two principal com-
ponents are given sufficient information 
about the data. The first two principal 
components explained 66.76% of the 
variance. Among them, PC1 accounts for 
38.28%, while PC2 accounts for 28.47% 
of the total variance. PC1 is a measure 
of curve radius, curve length, degree of 

curvature, and shoulder width, and PC2 
is a measure of deflection angle, median 
width, and access density, as shown in 
Table 9.

Table 9 PCA results of the curve

Variable
Component

PC1  PC2

R 0.957

DC -0.957

CL 0.806

D -0.822

SW 0.330

MW -0.563

AD 0.908

% of total variance 38.28 28.47

Further, it can be observed that there is a 
slight difference in the variances of PC1 
and PC2 before and after loadings. After 
loading, the PC1 variance drops to 37.15% 
from its original value of 38.28%. Similarly, 
the PC2 variance increased to 29.60% from 
its original value of 28.47%. The output is 
suppressed with values less than 0.3. The 
higher the factor loading, the greater the 
variable’s contribution to the variation 
of the PCs. The communality values for 
the variables are as follows: R (91.8%), DC 
(91.7%), CL (88.7%), D (67.7%), AD (83.2%), 
SW (54.4%), and MW (42.2%). The com-
munalities values show that the variables 
accurately represented the variances of the 
variables in the regression analysis. After 
finalising the number of principal compo-
nents, the scores of PC1 and PC2 are esti-
mated. The estimated scores are used to 
develop a regression model for a horizontal 
curve. The development of the regression 
model is explained in the next section.

Principal component 
regression for curve
The scores of PC1 and PC2 obtained from 
PCA are used for model development. The 
scores of PC1 and PC2 are considered as 
independent variables, and the 85th percen-
tile speeds are regarded as the dependent 
variable. A multiple regression model was 
developed for the study. The developed 
model and its statistics are shown in 
Table 10.

It can be observed that the coefficient 
of PC1 is positive, while the coefficient of 
PC2 is negative. The standard error for the 
intercept and both components is within 
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prescribed limits. The t-value is high for 
the intercept compared to the other two 
components. The value of p is less than 
0.05, and hence, all the variables are sig-
nificant at a 95% confidence interval. The 
coefficient of determination and adjusted 
R2 values are 0.858 and 0.787, respectively.

Tangent section
As noted earlier, the KMO and Bartlett’s 
Test of Sphericity were conducted. The 
KMO value obtained for the present data-
set is 0.787, and Bartlett’s test result is less 
than 0.002, indicating that the geometric 
data is suitable for PCA. Only the first two 
principal components have eigenvalues 
greater than one, and inspection of the 
scree plot further substantiates the pres-
ence of two principal components. Figure 4 
illustrates the scree plot used to determine 
the appropriate number of components. 

Accordingly, the regression analysis focuses 
on two principal components, namely PC1 
and PC2, as they capture the essential 
information within the data. PC1 is associ-
ated with shoulder width and median 
width, while PC2 represents access density, 
shoulder type, and access type, as sum-
marised in Table 11. Together, the first two 
principal components accounted for 70.95% 
of the variance.

Principal component regression 
for tangent section
The scores derived from the PCA for 
PC1 and PC2 are utilised in developing 
the model. The scores attributed to PC1 
and PC2 are treated as independent vari-
ables, while the 85th percentile speeds are 
regarded as the dependent variable. The 
developed model and its statistics are 
shown in Table 12.

It can be observed that the coefficients 
for PC1 and PC2 are positive. The standard 
errors for the intercept and both compo-
nents fall within the specified limits. The 
value of p is less than 0.05, and hence, all 
the variables are significant at a 95% confi-
dence interval. The coefficient of determi-
nation and adjusted R2 values are 0.848 and 
0.785, respectively.

RESULTS AND DISCUSSION
In multiple regression analysis, one of the 
assumptions is that the independent vari-
ables are not correlated with each other, in 
other words, there is no multicollinearity 
among them. The MLR technique was 
applied to both datasets, including the 
curved and tangent datasets. The vari-
able inflation factor ranges from 1.34 to 
9.36 and 2.86 to 9.66 for the curved and 
tangent datasets, respectively. It is clearly 
shown that multicollinearity exists among 
independent variables. This criterion is not 
satisfied in both the curved and tangent 
section data of the present study. Due to 
multicollinearity, the actual values of the 
parameters to be estimated cannot be 
accurately determined. Several techniques 
are available for mitigating or eliminating 

Table 10 Statistical summary of the operating speed model on the horizontal curve

Variables Coefficient
Standard 

error
t-value p-value R2 Adjusted R2 VIF

Intercept 82.045 0.226 12.45 0.001

0.858 0.787

1.28

PC1 9.166 0.001 7.48 0.001 1.01

PC2 -3.477 0.001 -2.83 0.001 1.08
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Table 11 PCA results of tangent

Variable
Component

PC1 PC2

SW 0.955

MW 0.890

AD -0.866

AT 0.730

ST 0.535

% of total variance 50.53 20.42

Table 12 �Statistical summary of the operating speed model on the horizontal curve

Variables Coefficient Standard error t-value p-value R2 Adjusted R2 VIF

Intercept 88.111 0.116 47.23 0.001 0.848 0.785 1.86

PC1 4.053 0.002 2.11 0.001 1.11

PC2 8.271 0.002 4.30 0.002 1.48
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the effects of multicollinearity. The most 
commonly employed techniques using 
biased estimation results are PCR, ridge 
regression, and partial least squares regres-
sion. In this study, the PCR technique is 
applied to both curved and tangent section 
datasets to eliminate multicollinearity.

Using PCR, the variable inflation fac-
tor ranges from 1.01 to 1.28 and 1.11 to 
1.86 for the curved and tangent datasets, 
respectively. The VIF values in PCR are less 
than 4; hence, the criteria are satisfied in 
this method. The difference in VIF values 
between MLR and PCR is approximately 
7 to 8. Similarly, the standard errors of the 
MLR coefficients are more than the PCR 
results. The obtained coefficient of deter-
mination (R2) values are 0.721 and 0.858 
in MLR and PCR of the curved section 
dataset, respectively. Similarly, the obtained 
coefficient of determination (R2) values are 
0.719 and 0.848 in MLR and PCR of the 
tangent section dataset, respectively. In 
both cases, the R2 values in PCR are higher 
than those in MLR. This indicates that the 
PCR model yields better results than the 
MLR model. Resultantly, PCR is chosen as 
the most suited prediction model to predict 
operating speed on horizontal curve and 
tangent sections of multi-lane highways.

Thus, while conducting multivariate 
models, it is essential to check for the 
presence of multicollinearity. To address 
this issue, a regression method that uti-
lises biased estimation results should be 
employed. Otherwise, the estimates that 
must be produced will lead to inaccurate 
and biased conclusions.

CONCLUSIONS
The primary objective of this study was to 
compare the effectiveness of PCR and MLR 
in estimating the operating speed as the 
dependent variable (Y) against geometric 
variables as independent variables (Xs) on 
curve and tangent sections of multi-lane 
highways. Firstly, statistical tests such as 
the Z-test and the F-test were conducted to 
compare the means and variances between 
big cars and small cars. The results indi-
cated no significant differences; hence, 
the two vehicle types were combined into 
a single vehicle category labelled ‘Car’. 
Further, it showed that speed distribu-
tion for cars on the curve and tangent 
sections were different from the normal 
distribution. It was observed that the car 
followed a beta 4 distribution on curves 
and a log-normal distribution on tangent 

sections. Thereafter, the developed MLR 
model for the curved section shows that 
the degree of curvature, deflection angle, 
and access density are negatively correlated 
with operating speed, while curve radius, 
curve length, shoulder, and median width 
are positively correlated. For tangent sec-
tions, the shoulder, median width, and 
access type exhibit a positive correlation, 
whereas access density shows a negative 
correlation with operating speed. In addi-
tion, the variable inflation factor is sig-
nificant for the coefficients of parameters 
in both models. Hence, it was reported 
that multicollinearity existed among the 
independent variables.

To address multicollinearity, PCA 
was performed. PCA is applied to both 
curved and tangent section datasets, and 
the eigenvalues are extracted, from which 
the principal components are derived. 
Principal components have the potential 
to integrate error variance and particular 
factor variance into the components. It was 
found that more than 66% and 70% of the 
total variance was explained by the first 
two components in the curved and tangent 
section datasets, respectively. The coef-
ficient of determination values obtained 
in the PCR model were more than those 
of the MLR model. Additionally, it was 
observed that the variable inflation factor 
in PCR is less than that in MLR. Through 
the use of orthonormal loadings, the linear 
independence of the independent variables 
was verified, demonstrating the absence of 
multicollinearity.

This study confirms that PCR is pre-
ferred over multiple regression analysis for 
predicting operating speed on curve and 
tangent sections of multi-lane highways. 
The present study can be further extended 
by considering vehicle type, terrain type, 
environmental factors, and road type to 
develop operating speed models for both 
curve and tangent sections. Future studies 
may also explore other approaches like 
ridge regression, lasso regression, elastic 
net regression, and partial least square 
regression analysis, etc., for better predic-
tion of operating speed on critical sections 
of highways.
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