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Abstract. This paper presents a machine learning analysis of driving behaviors in informal minibus taxis,
focusing on both controlled and uncontrolled environments. Informal minibus taxis play a crucial role in urban
transportation, particularly in developing countries, yet their driving patterns and safety implications remain
under-explored. We utilize exploratory factor analysis to analyze data collected from smartphone GPS carried
by a passenger of a minibus taxi, identifying key driving behaviors and patterns. Our study highlights significant
differences in driving styles between controlled and uncontrolled environments, offering insights into safety and
efficiency. The findings provide valuable information for policymakers, transportation planners, and technology
developers aiming to enhance urban mobility and safety in the informal transport sector.

1 Introduction

While there is growing interest in the health benefits of
mobility (reduction of sedentary lifestyles, active mobil-
ity), we must not forget that mobility is also a source of
pollution and accidents. According to the World Health
Organization (WHO), each year road accidents kill over
1.35 million people. An increased burden of road accident
deaths and injuries happens in low- and middle-income
countries, and the problem is getting worse as a result of
rapid motorisation and urbanisation [1]. In most of the
developing world, transportation services are provided by
independent stakeholders – the private sector – and consti-
tute a greater share of road accident fatalities and injuries,
which in turn account for an increasing and large amount
of disease burden and death [2]. In South Africa, the road
traffic accident mortality rate is 27 fatalities for a 100,000
population, which is over double the international average
and well over the African region average. In South Africa,
75% of households depend on public transport, particu-
larly with minibus taxis [3]. However, it is more regularly
involved in road traffic accidents compared to other modes.
Indeed, minibus taxis account for 70, 000 road traffic acci-
dents each year, the double of the number of other public
transport modes [4]. Pedestrian injury-related deaths ac-
count for 38% of all traffic deaths, followed by driver and
passenger deaths at 26% and 33% [5].

Road safety and road accidents have become a seri-
ous public health issue, leading The United Nations to in-
corporate road safety into the 17 Sustainable development
goals (SDGs), in particular, SDG 3 on good health and
well-being and SDG 11 on sustainable cities and com-
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munities [6]. The persistence and extent of this public
health issue demands new methods for road safety pro-
cedures [7]. Because of the second Decade of Action for
Road Safety, announced by the World Health Organiza-
tion as the 2021-2030 Decade of Action for Road Safety,
road safety has become a major area of interest for re-
searchers, policymakers, and transport engineers [8]. Tra-
ditional methods to improve road safety are centred on ex-
ecuting seminars and workshops on safe driving, aware-
ness campaigns on safe driving, and implementing strict
road rules to change the behavior and attitude of road users
[9].

Research conducted by public institutions, private en-
tities, and scholars on traffic safety discovered that human
error was a contributing factor in more than 90% of road
traffic accidents while being the sole cause of 57%. In con-
trast, only 2.4% of collisions were caused by mechanical
problems and 4.7% were caused by environmental issues
such as rain, storm, fog and hail [10]. According to [11],
contributing factors to road accidents include unsafe driv-
ing behaviors (speeding, reckless driving, and drug or al-
cohol abuse-influenced driving), road curves, undulating
terrain, and driver distraction. Unfortunately, the conse-
quence of dangerous driving behavior is evident in sub-
Saharan Africa, which has experienced an undesirable in-
crease in road traffic accidents and fatalities. The majority
of the road traffic accidents are largely linked to human
elements such as gender, age, and education level, while
other factors could be linked to drivers’ attitudes and be-
haviors on the roads [12]. The authors of [13] define driv-
ing habits, or driving style, as how drivers decide to drive
– the way they choose to handle themselves when they are
driving. Furthermore, the characteristics of driving style
include driving speed (choice of speed), braking or decel-



eration, acceleration, choice to commit road traffic viola-
tions, and headway.

Literature review in [13] confirmed that driver behav-
ior and driving style fall into two classifications, namely,
vehicle motion research and survey studies. The latter
uses self-reported questionnaires on driving habits to in-
vestigate relations between driver personality, driver be-
havior, and driving style factors [14–17]. Vehicle mo-
tion research collects and uses data on the movement of
motor vehicles to categorize the driving style of vehicle
drivers. These types of studies usually distinguish driv-
ing style into three groups: (1) aggressive, (2) normal,
and (3) calm [18–20]. Harsh deceleration and accelera-
tion, high speeds, harsh vertical and lateral movements,
and sudden changes in motor steering angles are usually
related to aggressive driving behavior [21]. Various algo-
rithms and methods can be used to classify driving styles;
the two main categories being rule-based approaches and
machine learning-based approaches. Taking into consider-
ation the challenges in acquiring driver style classifications
in real application settings, current studies mainly employ
unsupervised learning algorithms to detect and categorize
driving styles. Random forest decision methods, support
vector machines, and artificial neural networks are often
the most utilised methods for the categorization of driv-
ing style [13, 19, 22, 23]. In contrast to the literature, the
study presented in this article concerns smartphone data
collected on the passenger side. By focusing on minibus
taxis, our aim is to analyze the factors characterizing the
driving of this means of transport, widely used in devel-
oping countries, and to compare different indicators in a
controlled or uncontrolled context. A controlled context
is one in which the presence of law enforcement agencies
is evident. An unsupervised machine learning approach is
adopted to solve the problem.

The remaining of the paper is organized as follows: the
problem under study is formulated in Section 2 and the
case study described in Section 3. The analysis and rele-
vant findings are explained in Section 4 before concluding
the paper.

2 Problem formulation

Consider two sets Sc and Su of minibus taxis operating
in two disjoints areas C and U, respectively. Equipped
with a smartphone, a passenger can collect speed, loca-
tion and inertial measurements during trips. The collected
data gives rise to a matrix S ∈ ℜN×K , where N stands for
the number of trips using minibus taxis in Sc ∪ Su and K
for the number of attributes extracted from the measure-
ments. Since the study is related to driving behavior or
style, we restrict the study to speed and acceleration as
measurements. Therefore we assume that S can reveal R
hidden factors related to the driving behavior of minibus
taxi drivers. Typically the mathematical objective is to
carry out the decomposition

S = A + LFT + E (1)

where A ∈ ℜN×K contains the observation means of each
attribute, L ∈ ℜN×R stands for the loadings matrix, F ∈

ℜK×R the hidden factors matrix, and E ∈ ℜN×K the error
term matrix. Interpretation of the obtained factors can be
deduced by analyzing the attributes contributing the most
to the considered factor. Then we will analyze how these
factors are statistically distributed in the two considered
sets Sc and Su in order to highlight differences between
the two considered environments if any.

Equation (1) stands for an exploratory factor analysis
(EFA) problem. It is well known that the number R of
hidden factors can be estimated using a scree plot and/or
the explained variance of data while L and F are in general
obtained by solving a maximum likelihood problem.

3 Case study

The study concerns the city of Durban (eThekwini, in Zulu
language), South Africa. It is the third-most populous city
in South Africa, after Johannesburg and Cape Town. It is
situated on the east coast of South Africa, on the Natal Bay
of the Indian Ocean.

Minibus taxis are the standard form of transport for
the majority of the population. With the high demand for
transport by the working class of South Africa, minibus
taxis are often filled over their legal passenger allowance,
making for high casualty rates when they are involved in
accidents. Minibuses are generally owned and operated in
fleets. Although minibus taxis account for approximately
9% of the automobiles on Durban roads, they are involved
in 18% of serious and fatal injury crashes in Durban [24].

Two routes were selected for this study. One in a con-
trolled area C and the second one in an uncontrolled area
U. The controlled route stretched from Marine Parade to
Suncoast Casino, and vice versa (see Fig. 1). The con-
trolled route has high visibility of metro police, metro po-
lice station, speed humps, traffic robots, roundabouts, and
traffic circles as measures to control driver behavior on the
road. The uncontrolled area was a route stretched from

Figure 1. Controlled environment site.

KwaDabeka to Pinetown (see Fig. 2). It included a dis-



advantaged area (township). It had traffic lights and speed
humps as measures to control driver behavior on the road.

Figure 2. Uncontrolled environment.

Table 1. Difference between controlled and uncontrolled
environments.

Environment Features
Controlled Metro police, Police station

Speed humps, Traffic robots
Roundabouts, Traffic circles

Uncontrolled Speed humps, Traffic robots

Data was collected using smartphone GPS, specifically
location and speed. The minibus taxis were randomly cho-
sen, and drivers were unaware of the data collection cam-
paign. The study did not require driver participation nor
responses. The minibus taxis were randomly selected, and
drivers were not informed of the data collection campaign
to avoid cognitive bias. There was no interaction with
the driver, and the smartphone was carried by the same
passenger for all the trips. The researcher collected the
smartphone data and was not at harm or risk. Measure-
ments of smartphone sensors were collected by means of
the App Senslogs1. Data was collected over a period of
two months. Some of the collected data on trips had a high
rate of missing data and were discarded from the research.
Finally, 77 trips were analyzed.

4 Data analysis and results

Location and speed provided by the smartphone’s GPS
were collected with a frequency of 1 Hz. The location
is used to confirm whether the route used by the minibus
taxi is an urban road where the speed is limited to 60 km/h
or an expressway where the speed is limited to 100 km/h
for this category of vehicles. Fig. 3 depicts two examples
of recorded speed profiles. Note that the measured speed
is normalized by the speed limit as follows:

v̄t =
v(xt)
V(xt)

(2)

1https://www.senslog.org/about/

where xt, v(xt), V(xt), and v̄t stand for the location at time
t, the measured speed, the speed limit at location xt, and
the normalized speed. This normalization step allows to
detect over-speeding whatever the speed limitation.

Figure 3. Normalized speed profile in a controlled environment.

Since data is collected at a 1 Hz frequency, accelera-
tion is given by:

at = v(xt) − v(xt−1) (3)

If at > 0, the vehicle is accelerating while at < 0 accounts
for deceleration. According to the literature [25, 26], ac-
celeration or deceleration is considered as risky if |at | >
1.2m/s2. Fig. 4 depicts the magnitude of the acceleration
and exhibits some risky cases (magnitude above the lim-
its). In the sequel we will count the ratio of such events as
a marker of risky driving. For risky acceleration:

Ra =

T∑
t=1

H (at − 1.2)

T∑
t=1

H (at)
(4)

where H(.) stands for the Heaviside step function while for
risky deceleration we get:

Rd =

T∑
t=1

H (−at − 1.2)

T∑
t=1

H (−at)
(5)

With speed and acceleration, one can also compute the
stopping distance, a crucial quantity for safety concerns.
It is the sum of the reaction distance with the deceleration
distance

S Dt = v(xt)Tr +
v2(xt)
|at |

(6)

in deceleration mode (at < 0) where Tr = 0.68s stands
for the reaction time. We consider 70m as a safe stopping
distance. Therefore, in the sequel S Dt is normalized by
70m.



Figure 4. |at | for two trips. Points above the bound in black solid
line represent risky accelerations or decelerations.

Figure 5. Stopping distance for two trips. The points below the
black solid line are related to unsafe configurations.

For the analysis, as attributes, we consider the risky ac-
celeration ratio, the risky deceleration ratio, the maximum
normalized speed, and some statistics of the normalized
speed, the acceleration, the deceleration, and the stopping
distance; precisely, the 10th, 50th (median), and 80th per-
centiles. It appears that the only attributes allowing higher
data suitability for factor analysis according to the KMO
(Kaiser–Meyer–Olkin) test were:

1. Maximum normalized speed

2. Median of normalized speed

3. 80th percentile of normalized speed

4. Risky acceleration ratio

5. 10th percentile of acceleration

6. Median acceleration

7. 80th percentile of acceleration

8. Risky deceleration ratio

9. 10th percentile of deceleration

10. Median deceleration

11. 80th percentile of deceleration

12. Median stopping distance

13. 80th percentile of stopping distance.

With these attributes we get KMO=0.8062, meaning that
data is meritorious for factor analysis.

Matlab was used to perform scree plot analysis and
computation of factors of the EFA. Using the scree plot
criterion, 2 factors can explain the collected data. To inter-
pret these factors, we set a threshold of 0.5 to the obtained
coefficients. After thresholding we get the results depicted
in Fig. 6. It can be noticed that the first factor is related

Figure 6. Threshold loading of quantitative data mode.

to acceleration and deceleration. Our interpretation is that
it accounts for aggressive driving. The second factor is
constituted with attributes related to speed and stopping
distance. We interpret it as speeding.

Table 2. Definition of factors

Factor Definition
Aggressive Harsh braking – to use more force

driving than required to decelerate
Speeding Risk taking – driving carelessly,

above speeding limit

Based on this, we can compute the score for each fac-
tor for each driver (trip). Let σi f be the loading of attribute
f in factor i as provided by EFA. We define the threshold
value as

σ̄i f =
σi f

2

(
1 + sign

(
σi f −

1
2

))
,



where sign(.) stands for the sign function. Hence, given
D j f the score of the jth driver on the f th attribute and
F = 13 the number of attributes, the scores of aggressive
driving and speeding for the jth driver is given by:

A j =

F∑
f=1

σ̄1 f

F∑
φ=1
σ̄1φ

D j f (7)

S j =

F∑
f=1

σ̄2 f

F∑
φ=1
σ̄2φ

D j f (8)

Figure 7 depicts the statistical distribution of the aggres-

Figure 7. Statistical distribution of the aggressive driving score.

sive driving score. The median value on the aggressive
driving score in the controlled environment is below 0.5
while it is below 0.4 for the uncontrolled environment. It
can be noticed that the driving style of minibus taxi drivers
is more aggressive in a controlled environment where there
is a high number of speed bumps, roundabouts, traffic cir-
cles, and traffic robots, than when there is less control.

Figure 8 depicts the statistical distribution of the
speeding score. We can observe that the median value on
the speeding score in the controlled environment is 1 while
it is above 1.5 in the uncontrolled environment. The results
on the speeding score show that high visibility of metro
police, speed bumps, roundabouts, traffic circles, and traf-
fic robots reduces speeding unlike in uncontrolled environ-
ments which have traffic robots and a few speed bumps to
reduce at-risk driving. The results on the uncontrolled en-
vironment speeding score provides evidence to support the
findings of the Road Traffic Management Cooperation on
their study where the Quantum (minibus taxi) was found
to be one of the top three vehicles more involved in road
traffic crashes in South Africa. It also confirms eThekwini
Municipality concerns on harsh driving, and often over-
loaded minibus taxis [24]. Abrupt braking behaviour and
accelerating are typical at-risk driving behaviours (see [25]
and [26]) and can explain the problem of serious and fatal
injury crashes in Durban.

Figure 8. Statistical distribution of the speeding score.

5 Conclusion

Traffic accidents pose a significant public health challenge,
especially in developing countries where many people rely
on informal transport, such as minibus taxis. This paper
aims to enhance our understanding of the driving behav-
ior of minibus taxi drivers by employing machine learn-
ing techniques to compare driving behaviors in controlled
versus uncontrolled environments. The primary finding is
that a controlled environment fosters aggressive driving,
while a less controlled setting encourages speeding. These
findings support the eThekwini Municipality’s stance in its
road safety plan, which identifies driver aggressiveness as
a major factor in road traffic accidents in Durban. How-
ever, one key factor was not considered in this study: lane-
changing behavior. To properly analyze this behavior, at-
titude data or angular speed measurements are required.
This aspect is part of ongoing research, as our database
includes accelerometer and gyroscope measurements.

*This work is partly supported by the National Research
Foundation South Africa, Grant 499 Number 129925, South
Africa/France (Protea) Joint Research Programme-PercepTrans.
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