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Abstract In most developing countries, a significant per-
centage of households rely on public transport, specifically
informal minibus taxis. In South Africa, this mode of trans-
port is more regularly involved in road traffic accidents com-
pared to other modes. However, very few studies have fo-
cused on analyzing driving in this transportation mode from
the perception of the commuter. In this study, the analysis
is carried out using qualitative (questionnaires) and quan-
titative (speed and acceleration) data with the aim of find-
ing factors that characterize public transportation drivers,
specifically understanding how minibus taxi drivers differ
from other drivers and how the regulatory environment in-
fluences their on-road behavior. The personality and skills
of the drivers are shown to be the two main factors to ana-
lyze. It is shown that minibus taxi drivers perform lower than
ride-hailing drivers. In addition, their driving is more ag-
gressive in a controlled environment, while it is more reck-
less in an uncontrolled environment. Cultural, training, and
technology-oriented actions are suggested to improve the
on-road driving of the minibus taxi in the chosen study area.
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1 Introduction

Road accidents are one of the six highest causes of disability
and kill over 1.35 million people each year; more than tu-
berculosis, diarrheal diseases, or HIV/AIDS [39,28]. Each
year nearly 50 million commuters are injured or disabled by
traffic accidents [40]. The majority of these fatalities occur
in developing countries, transforming road accident mortal-
ity into both a socioeconomic development challenge and
a public health concern [14]. This issue is exacerbated by
the rapid pace of motorization and urbanization [33]. That
is why the United Nations incorporated road safety into sus-
tainable development goals (SDGs), in particular in SDG 3
on good health and well-being and SDG 11 on sustainable
cities and communities [36]. The persistence and extent of
this public health issue demands new methods to road safety
procedures [27].

Due to the announced 2021-2030 Decade of Action for
Road Safety by the World Health Organization (WHO), road
safety has become a major area of interest for researchers,
policy makers and transport engineers [31]. Research con-
ducted by public institutions, private entities and scholars,
such as [13], on traffic safety discovered that human error
was a contributing factor in over 90% of road-traffic acci-
dents while only 2.4% were caused by mechanical problems
and 4.7% by environmental issues alone [13]. Identified con-
tributing factors include unsafe driving behaviors (speeding,
reckless driving, and drug or alcohol), road curves, undulat-
ing terrain and driver distraction [3].

In South Africa, the WHO reported that the country’s
cities are particularly prone to traffic accidents, with approx-
imately one million road-traffic incidents occurring annu-
ally. According to the Road Traffic Management Corpora-
tion, fatal accidents claim the lives of over 40 people daily,
while at least 20 others suffer lifelong injuries resulting in
permanent disability due to road-traffic collisions [39]. It is
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worth noting that in South Africa 75% percent of house-
holds depend on public transport, the minibus taxi having
the greatest modal share [32][26]. This mode plays a signif-
icant role in the lives of South Africans but, when it comes
to research, minimum attention has been given to driving
behavior concerns, working conditions, and the attitude of
law enforcement toward these drivers. The country faces a
road-traffic accident mortality rate that is over double the
international average, and well over the African region aver-
age [18]. Minibus taxis are more regularly involved in road-
traffic accidents compared to other modes. Each year, minibus
taxis account for 70,000 road-traffic accidents; the double
of the number of other public transport modes with higher
deadly crash rates (projected at approximately 20 per 100
million vehicle km traveled) than freight vehicles and buses
(10 per 100 million vehicle km) [30]. Speeding is responsi-
ble for nearly 40 percent of fatal crashes as a result of human
error [1]. In [7], it was found out that median width, vehicle
speed, road width, and access roads impact the incidence of
road-traffic crashes, while in [35] a neighborhood measure
of crime and violence indicated to be a notable predictor of
road-traffic fatalities in addition to several factors linked to
driver behavior, socio-economic deprivation, and traffic ex-
posure. The strong link of driver behavior with road traffic
crashes was also highlighted by [2] and [21].

Literature review by [43] stated that driver behavior and
driving style (the way a driver operates his vehicle and the
behavior he displays while driving) fall into two classes of
studies: vehicle motion research and survey studies. The later
uses self-reported questionnaires on driving habits to inves-
tigate relations between driver personality, driver behavior
and driving style factors [9,17,37,41]. Vehicle motion re-
search collect and use data on the movement of the motor ve-
hicle to categorize the driving style of vehicle drivers. These
studies usually classify driving style in three groups: aggres-
sive, normal, and calm [11,16,22]. Harsh deceleration and
acceleration, high speeds, harsh vertical and lateral move-
ments, sudden changes in motor steering angles are usually
related with aggressive driving behavior [38]. A calm driv-
ing style is characterized by controlled deceleration, lower
speeds, gradual acceleration, controlled longitudinal maneu-
vers, smooth lateral movements, and minimal adjustments to
the steering [4,38]. Various algorithms and methods can be
used to classify driving styles and the two main categories
are rule-based approaches and machine-learning based ap-
proaches. Taking into consideration the challenges in acquir-
ing driver style classifications in real application settings,
current studies mainly employs unsupervised learning algo-
rithms to detect and categorize driving styles. Random for-
est decision methods, support vector machine, and artificial
neural networks are often the most utilized methods for the
categorization of driving style [5,16,23,43].

In the literature, driving is analyzed by questioning drivers
or by recording data from on-board sensors, which requires
equipping the vehicle with specific sensors. Noting that very
few studies have focused on the quality of road driving of
minibus taxi drivers, despite the fact that it is a major mode
of transport in developing countries and is involved in a sig-
nificant number of accidents. In this article, we adopt the
point of view of the passenger, who is the beneficiary of
the service and unfortunately the potential victim of poorly
controlled driving. Knowing the significant role played by
minibus taxis in public transport in developing countries,
from the passengers point of view, the research questions
we would like to address are as follows:

— what factors characterize the drivers of the different modes
of transport used by the majority of passengers in the
case study? (Q1)

— how do minibus taxi drivers differ from other drivers
with regard to these factors? (Q2)

— how does the regulatory environment influence the on-
road behavior of minibus taxi drivers? (Q3)

The proposed analysis is based on qualitative and quantita-
tive data. Qualitative data was obtained by means of ques-
tionnaires, where a sample of commuters were asked to eval-
uate various attributes of three transportation modes (minibus
taxi, bus, and ride hailing) related to the driver. Quantitative
data was obtained using a smartphone carried by a passenger
in two contexts: controlled environment with high visibil-
ity law reinforcement and uncontrolled environment where
drivers face only their consciousness to follow rules or not.

The paper is organized as follows. Section 2 concerns
the study context, data and the methodology. Results are pre-
sented and analyzed in Section 3. Lastly a discussion and
policy implications are provided in Section 4 before con-
cluding the paper.

2 Study context, data and methods
2.1 Study context

The study considers a township named KwaDabeka Ward
20, a disadvantaged area located 25 kilometers west of Dur-
ban’s Central Business District (CBD) in KwaZulu Natal
Province of South Africa. This township has a population of
28, 853; almost 19,042 adults (18 years old and above). It
is mostly inhabited by blacks, unemployed, and low income
earners. The area is mostly residential with little economic
or industrial activity. Given the socioeconomic background
of the area, it is necessary to travel to Durban CBD and other
places of interest for work, health, education, and entertain-
ment. This can be done using minibus taxi, bus, train, and
ride hailing services. However, the township is dominated
by the minibus taxi industry, and has proven to be one of the



Qualitative and Quantitative Assessment of Public Minibus Taxi Driving

greatest challenges in public transportation in KwaDabeka.
The minibus taxi routes in this area, from this township to
the main places of activity, lacks a visible presence of law
enforcement entities.

2.2 Data
2.2.1 Qualitative data

The questionnaire used in this study was designed to be con-
cise and targeted, consisting of demographic questions (age,
gender, employment, and level of education) followed by a
single core question: "Rate, from 1 to 10, your level of sat-
isfaction according to the following attributes (see the list in
Appendix 1)”. The questionnaire was set up following the
steps below:

1. Design process: The question and satisfaction attributes
were developed based on a review of the literature on
user satisfaction in mobility studies. The attributes re-
flect key dimensions commonly evaluated in transport
satisfaction research.

2. Validation process: The questionnaire was internally re-
viewed and approved by senior co-authors who are ex-
perts in both engineering and social sciences with a strong
focus on mobility issues. Their interdisciplinary exper-
tise ensured the relevance and clarity of the attributes
included.

3. Pilot testing: A pilot test was conducted with a small
group of 10 participants to verify that the attributes were
easily understood and that the single satisfaction ques-
tion was clear. Feedback from the pilot test confirmed
the interpretability of the questionnaire.

Given the focused and straightforward nature of the ques-
tionnaire, we did not conduct formal quantitative reliability
testing. However, the rigorous design process, expert review,
and pilot testing ensured that the question and attributes prop
erly capture the intended subjective data.

Pen-and-Pencil Interview (PAPI)/Face to face interview was
used for the survey purpose. The researcher explained the
purpose of the study and the definitions of the considered
attributes to each respondent. The researcher made sure the
questions were properly understood by using the local lan-
guage if necessary. Evaluation was carried out for differ-
ent transportation modes (Minibus taxis, ride-hailing (Uber),
Bus, and train (metrorail). In this paper, the focus is on the
attributes defined in Table 1 and for road transportation modes
(minibus taxi, bus, and ride-hailing).

The data was collected over a period of 2 months (30
September to 2 December 2022). The study did not include
minors. The sample size is 240. It is found to be adequate
(> 194) for a population of 19,042 at a 95% confidence
level, 7% margin error, and worst-case percentage of 50%

[34]. A random sampling method was adopted to conduct
the survey while targeting a gender balance among a popula-
tion that uniquely uses public transportation to access places
of employment, and other services such as health care and
shopping centers. The socio-demographic information of the
respondents is given in Table 2. The study adhered to the eth-
ical procedures of informed consent, voluntary participation,
honesty, confidentiality and anonymity. The study required
ethical clearance and it was granted on the 19th of August
2021 by the University of Johannesburg ethics committee.

2.2.2 Quantitative data

Over a period of 2 months (September and October 2023),
a single researcher carried out data collection as a passenger
of a minibus taxis. The same Android smartphone, placed in
a handbag carried on the lap, was used to collect GPS data.
Knowing that the inertial movement of either the researcher
or the handbag could potentially introduce bias into the col-
lected GPS data, the following measures were taken:

1. Stable positioning of the smartphone: the smartphone
was firmly placed inside a fixed compartment of the hand-
bag, reducing internal movement of the device.

2. Minimizing human movement: the handbag was kept
stable on the user’s lap throughout the journey without
any handling. The absence of significant movement was
verified during preliminary trials.

3. Consistency of GPS data: the GPS readings, collected
using the Senslogs App, were evaluated to detect any ir-
regularities such as position jumps or abnormal shifts,
and only stable data were retained for analysis. Some
recordings were discarded and 77 were considered as
consistent.

These precautions ensure that the smartphone’s GPS sensor
can reasonably be considered as being attached to the ve-
hicle, thereby minimizing potential biases. Based on inter-
views conducted with minibus taxis unions during the data
collection phase, it appears that nearly 900 minibus taxis are
registered in KwaDabeka. For this number, 77 trips is ad-
equate (> 63) at a 90% confidence level, 10% of margin
error, and worst-case percentage of 50%. The minibus taxis
were randomly selected, without repetition, and drivers were
uninformed of the data collection campaign to avoid cogni-
tive biases. The research did not require drivers participa-
tion or responses and did not interact with the drivers. The
research used 50 recorded trips in a controlled urban area,
a 2.5 km route stretched from Marine Parade to Suncoast
Casino. This route has high visibility of metro police, metro
police station, speed bumps, traffic robots (traffic lights),
roundabouts, and traffic circles as measures to control driver
behavior on the road. The research used 27 recorded trips in
an 8.4 km uncontrolled route stretched from KwaDabeka to
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Table 1 Evaluated attributes of the considered public transportation system.

Index Name Interpretation
1 Politeness Friendly attitude towards commuters (e.g. greetings, respect,. . . )
2 Safety Exposure to criminal activities, theft, harassment at stations and during transit
3 Driving style | The way a driver operates his vehicle and the behaviour he displays while driving including compliance to road traffic regulation
4 Waiting time | Time spent before departure
5 Speed Driving in high speed

Table 2 Demographics information

Total number of respondents: 240

Gender | Male 50%
Female 50%

Age Under 25 | 22%
26-33 28%
34-41 29%
Above 41 | 21%

Pinetown. It has traffic robots and speed bumps as measures
to control driver behavior on the road. The smartphone data
is based on GPS measurements, precisely location z; and
speed v(x:), on the minibus taxis. The location is used to
confirm whether the route used by the minibus taxi is an ur-
ban road where the speed is limited to 60km/h or an express-
way where the speed is limited to 100km/h for this category
of vehicles. The speed is normalized as

B v(xy)

Uy = V(xt) (1

where V' (z;) stands for the speed limit at location ;. This
normalization step allows to detect over-speeding whatever
the speed limitation. Since the GPS data was recorded at a
1Hz frequency, acceleration is computed as

ar = v(xy) — v(Tp—1) (2)

for each time sample .

2.3 Method

Whether using data from questionnaires (qualitative data)
or from GPS (quantitative data), the considered method is
based on the following steps (see Fig. 1): (i) data collec-
tion, (ii) data cleaning and features computation, (iii) data
qualification, (iv) Exploratory Factor analysis, and (v) inter-
pretation and analysis of hidden factors.

Consider S € RV*X a data matrix to be analyzed,where
N and K stand for the number of records and the number of
evaluated attributes respectively. The entry s,, ;, of S stands
for the evaluation of the kth attribute in the nth record. The
principle of Explanatory Factor Analysis (EFA) [15] is to
model S as

S=A+LF'+E 3)

Data cleaning and
features computation

|

Data qualification :

Data collection

Exploratory Factor

Analysis KMO test

Interpretation and
Analysis of hidden
factors

Fig. 1 Methodology.

where A € RV*X contains the observation means of each
attribute, L € RY*% stands for the loadings matrix, F €
REXR the hidden factors matrix, and E € RY*E the error
term matrix. R denotes the number of hidden factors, which
can be estimated using a scree plot and/or the explained vari-
ance. Our objective is to find F'. It is generally obtained by
solving a maximum likelihood problem. In this study we
used Matlab to solve the EFA problem. However, prior to
applying an EFA, it is important to evaluate the suitability
of data. The Kaiser-Meyer-Olkin test (KMO) can be used
to evaluate the suitability of the data for EFA. The statistic
is a measure of the proportion of variance among variables
that might be common variance. The higher the proportion,
the higher the KMO-value, the more suited the data to factor
analysis. Kaiser proposed that a KMO value greater than 0.9
was marvelous, in the 0.80s, meritorious, in the 0.70s, mid-
dling [19]. In the literature, a KMO value greater than 0.7 is
considered as acceptable [29].

Interpretation of the obtained factors can be deduced by
analyzing the attributes that contribute the most to the con-
sidered factor, i.e. values f; , of F.

Then we can compute the score wy, ;. of the nth record
on the rth hidden factor as follows

F
Z Sn,kfk,r
k=1 %)

Wn,r =

- F
> far
qg=1
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2.3.1 Method for the assessment of minibus taxi drivers
with regards to other modes

Here the data matrix S € RV*¥ contains the records of
the N = 3 x 240 evaluations of the 3 considered modes by
the 240 respondents of the questionnaire about the K = 5
attributes listed in Tab. 1. For the analyzed set of data, we
got a KMO = 0.747. We can therefore perform EFA on this
data. After computing the eigenvalues of the correlation ma-
trix, the scree plot depicted in Fig. 2 allows us to select 2
hidden factors. The Pareto curve on Fig. 3 confirms that al-
most 70% of the variance is explained by the two first fac-
tors. We therefore conclude that the observed attributes are
related to two hidden factors. Given F obtained by perform-

*
25 1\
N
N\
AN
\
2 A
A\
N AN
P \
: AN
g15 \
2 Y
2 \
E N\
\\
.t
~—fe
05 - 7
— ]
| !
1 2 3 4 |

Component number

Fig. 2 Scree plot for the analysis of qualitative data.

‘ I | I - — * )
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0%

1 2 3 4 5
Component number

Fig. 3 Explained variance of qualitative data: individual (bar) and cu-
mulative (solide line).

ing EFA on S using Matlab, we can deduce the scores wy, .,
n =1,2,---,N,r = 1,2. By grouping w,, according
to the corresponding transportation mode, statistics of each
hidden factor can be computed for each transportation mode
to compare these modes. This is done in section 3.1.

2.3.2 Method for the assessment of minibus taxi drivers
with regards to the regulatory environment

As stated in section 2.2.2, we have N = 77 records of speed
and location of minibus taxis in both controlled and uncon-
trolled environment. From the speed we can deduce acceler-
ation (see equation (2)). If a; > 0 the vehicle is accelerating
while a; < 0 accounts for deceleration. According to the
literature [12,20], acceleration or deceleration is considered
as risky if |a;| > 1.2 ms. In the sequel we will count the
ratio of such events as a marker of risky driving:

NgE!

T
X H (0~ 12)
R, ==

H (—at - 12)
- (5)
H (—ay)

t
7Rd:

M=
M=

; H (at)

Il
-

t

1

where R,, R4, and H(.) stand for the ratio of risky events
during acceleration, ratio of risky events during decelera-
tion, and the Heaviside step function, respectively. In this
study, we also consider the stopping distance as an attribute
to be evaluated. The stopping distance is the distance needed
to stop the car. It is the sum of the reaction distance with the
deceleration distance

(6)

in deceleration mode where 7, = 0.68s stands for the re-
action time. The proof is provided in the appendix. In the
sequel The stopping distance is normalized by 70m con-
sidered as a good compromise when considering the max-
imum speed in both controlled and uncontrolled areas. For
the analysis, as attributes, we consider the risky acceleration
ratio, the risky deceleration ratio, the maximum normalized
speed, and some statistics of the normalized speed, the ac-
celeration, the deceleration, and the stopping distance; pre-
cisely, the 10th, 50th (median), and 80th percentiles. The
attributes allowing higher data suitability for factor analysis
according to the KMO are given in Table 3. Note that the
10th percentile of the normalized speed and of stopping dis-
tance were discarded since they lowered data suitability for
factor analysis. Therefore the data matrix S to be analyzed
is 77 x 13. We got KMO=0.8062 meaning data is merito-
rious for factor analysis. When performing the scree-plot,
we also get a number of hidden factors R = 2. Therefore,
given F obtained by performing EFA on S using Matlab, we
can deduce the scores wy, ,, n = 1,2,--- ,N,r = 1,2. By
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Table 3 Selected features and their weights.

Number | Definition Factor 1 | Factor 2
1 Maximum normalized speed 0 0.530
2 Median of normalized speed 0 0.710
3 80th percentile of normalized 0 0.900

speed
4 Risky acceleration ratio 0.689 0
5 10th percentile of acceleration | 0.7491 0
6 Median acceleration 0.859 0
7 80th percentile of acceleration 0.785 0
8 Risky deceleration ratio 0.964 0
9 10th percentile of deceleration 0.613 0
10 Median deceleration 0.896 0
11 80th percentile of deceleration 0.979 0
12 Median stopping distance 0 0.763
13 80th percentile of stopping 0 0.696
distance

grouping w,, , according to the corresponding regulatory en-
vironment, statistics of each hidden factor can be computed
for each environment for comparison purpose. This is done
in section 3.2.

3 Results

3.1 Assessment of minibus taxi drivers with regards to
other modes

After applying EFA, we get the loadings f}, ,- of the two hid-
den factors given in Table 4.

Table 4 Loadings of identified factors.

Factor 1  Factor 2
Politeness 0.896 —0.173
Safety 0.764 —0.073
Driving style 0.383 0.381
Waiting time 0.203 0.378
Speed —0.178 1.101

By adopting a threshold of 0.3 (values highlighted in
bold in Tab. 4), one can note that the first factor is more
related to Politeness, Safety, and Driving style while the
second factor is related to Speed, Driving style, and Wait-
ing time. Therefore one can interpret Factor 1 as related to
the driver’s personality while the Factor 2 is related to the
driver’s skills. It can be noticed that the driving style de-
pends on both personality and skills. Note that it is, at first
glance, surprising to link waiting time to driver skills. How-
ever, by considering in details the way these transportation
modes operate, the waiting time is a consequence of an op-
timization the driver needs to carry out. Waiting time is the
time spent prior departure. This could be at the bus stop,
stop, minibus taxi rank or pick-up location for ride hailing.
For example, for minibus taxis, commuters egress at the taxi

rank to board the respective minibus taxis. Sometimes com-
muters wait in a queue to board a minibus taxi or commuters
wait in the minibus taxi for it to be filled to capacity. The
driver has to optimize the profit. Optimizing one ride would
mean waiting until full capacity is reached while optimiz-
ing the daily profit can lead to shorten the waiting time and
maximize the number of rides. To do so efficiently the driver
must be skilled enough.

Given f -, we can deduce the scores w,, ,, as given by
equation (4) and then perform the analysis per mode. The
obtained scores are normalized to a range of 0 to 1 for com-
parison. The results are depicted in Fig. 4.

Minibus taxi Bus Ride Hailing
F
1F - 1+ — 4
| T 1 ! 1
L1 | | oal |
0.8 | oo ! | |
l } l |
08F 1 F L l o8t l
i | 0.8 I | |
L 1 l
o7 I o7l I 07r
1 1
06 1
06 061
0.5F ‘
051 05F
04r ! |
l | | [
I 0.4 04 |
03F | ! l
I ! L | !
0zb 1 | 0.3 | 03 } I
: | 1 | l l
L
l ! 0z2F | ! !
0.1 | | 1 | 02r |
n 1 l l
of 1 01r 1 1
01F

Personality  Skills Personality  Skills Personalty  Skils

Fig. 4 Factor scores for each mode.

At first glance, it can be observed that regardless of the
mode, the driver’s personality is better evaluated than their
skills. To ensure that this difference is significant, we con-
ducted a t-test with the null hypothesis stating no differ-
ence in the average evaluation of the driver’s personality and
competence. As it can be seen in Table 5, considering the
standard threshold of 5%, the null hypothesis is rejected for
collective transportation modes (minibus taxi and bus), not
for ride hailing. This means the difference in the evaluation
of drivers’ personality and skills is significant for collective
transportation modes. A second observation is about differ-

Table 5 Significance of the difference in the evaluation of the person-

ality and the skills of the drivers.

Minibus taxi  Bus
0.031 [ 0.021 ]

Ride hailing
0.207 |

P-value |

ence between collective transportation modes and ride hail-
ing. To test its significance, we resort again to a t-test with
null hypothesis drivers personality (resp. skills) are in aver-
age the same as for minibus taxi. It can be seen in Table 6
that the null hypothesis is rejected in the case of ride hailing.
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Table 6 Significance of the difference in the evaluation of drivers’ per-
sonality and skills according to transportation modes.

Bus Ride hailing
0.112 0.018
0.237 0.002

P-value for driver’s personality
P-value for driver’s skills

Since evaluation is higher for ride hailing, the significance
difference points out that drivers’ skills seem being a major
concerns for collective transportation modes than for ride
hailing.

3.2 Assessment of minibus taxi drivers with regards to the
regulatory environment

Using the scree plot criterion, two factors can explain the
collected data. To interpret these factors, we set a threshold
of 0.5 to the obtained coefficients. After thresholding we get
the results in Table 3. It can be noticed that the first fac-
tor is related to acceleration and deceleration. It accounts
for driving aggressiveness. The second factor is constituted
with features related to speed and stopping distance; it ac-
counts for speeding. Similarly to the analysis carried out in
section 3.1, we can compute the scores w, , and then per-
form the analysis by regulatory environment. Figure 5 (resp.
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Fig. 5 Statistical distribution of the aggressive driving score.

6) depicts the statistical distribution of the aggressive driv-
ing (resp. speeding) score. We observe that aggressive driv-
ing is more prevalent in a controlled environment, whereas
speeding is more prominent in an uncontrolled environment.
The significance of the difference is confirmed by p-values
given in Table 7. The above results indicate that the driv-
ing style of minibus taxi drivers is more aggressive in con-
trolled environments where there is a high number of speed
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Fig. 6 Statistical distribution of the speeding score.

Table 7 Significance of the difference between environments.

Aggressive driving
0.003

Speeding
[ 4685 x 1077 |

P-value |

bumps, roundabouts, traffic circles, and traffic robots. The
results on the speeding score show that high visibility of
metro police, speed bumps, roundabouts, traffic circles, and
traffic robots reduces speeding unlike in uncontrolled envi-
ronments which have traffic robots and a few speed bumps
to reduce at-risk driving. One can conclude two opposite be-
haviors with respect to the level of presence of law enforce-
ment: aggressive in controlled environment and speeding in
uncontrolled one.

4 Discussion and policy implications

Based on the results above, we propose a three-fold action
plan to address drivers’ personality and skills, as well as
the aggressiveness and speeding of their driving, which may
also be influenced by contextual factors such as the visibility
of law enforcement.

4.1 Cultural actions

Driver personality is shaped by culture, and improving it
can be achieved through cultural workshops or campaigns
that promote community engagement with public transport

drivers. These initiatives should focus on the concept of Ubuntu,

emphasizing that an authentic individual is part of a broader
relational, communal, and spiritual world [25]. Furthermore,
a review by [24] highlights how Zulu people use impression
management strategies to positively influence perceptions
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in work environments, including transport services. Impres-
sion management shapes how individuals perceive and en-
gage with their surroundings, fostering favorable impres-
sions and encouraging positive interactions.

4.2 Training actions

Programs promoted by the municipality [10] include iden-
tifying champions and volunteers, promoting road safety,
reducing drunk driving, encouraging seat belt use, address-
ing speeding, and raising awareness of road rules. Increased
visibility of police, especially in towns, has educational po-
tential. The Road Safety Action Plan emphasizes the im-
portance of driver attitudes and the municipality’s role in
speeding up planning and implementation. Aligned with the
Decade of Action for Road Safety in Africa, deterrence the-
ory suggests that penalties outweigh the benefits of unlawful
driving behavior [2,6]. This theory supports traditional prac-
tices such as awareness campaigns, workshops, and semi-
nars. Effective measures require drivers to understand the
high likelihood of detection, swift penalties, and harsh pun-
ishments. Workshops for minibus taxi drivers are crucial to
improving professionalism, reducing dangerous driving, and
enhancing service quality.

4.3 Technological actions

In addition to cultural and training efforts, technology-driven
solutions are essential. Public institutions should increase
funding for road safety research, while government and trans
port agencies invest in intelligent transport systems (ITS)
to reduce accidents. ITS integrates computers, communi-
cations, and technologies to create an integrated system of
roads, vehicles, and people. Research should focus on lever-
aging big data and Al to enhance public transportation, im-
prove driver behavior analysis, and optimize planning [42].
The use of technologies like GPS, Wi-Fi, and sensors in
smartphones can improve traffic safety and public transit
quality by monitoring travel and driver behaviors [8]. The
municipality road safety mentions on plans to have fixed and
mobile cameras to enforce speed limits [10]. There are plans
to have software and devices to monitor drivers speeding. It
is suggested that the municipality does not only plan for the
urban areas but include the township areas. In KwaDabeka
there are no speed cameras to ensure that drivers adheres to
the speed rules even on the freeway. As much as the city is
proposing and planning to provide some type of transporta-
tion technologies, it would be suggested to involve the pub-
lic by way of encouraging, supporting, and financing fea-
sible external transportation technology solutions. It is sug-
gested to include this in the eThekwini Municipality road
safety action plan, to encourage think tanks through funding

opportunities. To plan for programs such as business incu-
bation programs for exclusively transport technology busi-
nesses within the municipality. It requires all stakeholders
in the road public transport sector to work together to pro-
vide effective solutions.

5 Conclusion

The quality of driving in the informal public transport sector
is a key issue, given that a significant percentage of com-
muters in developing countries depend on these means of
transport. However, very few studies have been dedicated
to this topic. By considering a township in South Africa
in KwaZulu-Natal as a case study, this paper has provided
a contribution on concocting tools to identify the key fac-
tors to improve commuter safety in similar areas. One of the
original features of this paper is that it considers the com-
muter’s point of view rather than that of the drivers. Indeed,
the study is based on qualitative data based on question-
naires from commuters and quantitative data obtained from
a smartphone carried by a passenger. From qualitative data,
the study shows that the quality of driving can be character-
ized by two factors: the driver’s personality and the driver’s
skills. A deeper investigation using quantitative data on driv-
ing style of minibus taxi drivers further allowed us to iden-
tify two hidden factors: driving aggressiveness and speed-
ing. These factors are expressed differently in controlled and
uncontrolled environments. It is probable that driver per-
sonality and skills are related to driving aggressiveness and
speed but require further investigation. Another future work
concerns ways to mitigate road-crash fatalities in low- and
middle-income countries. Very little research has been done
on the solution to this critical issue on the African continent.
Suggestions have been provided that include cultural, train-
ing and technological actions.
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Appendix
Appendix 1: Questionnaire

See Fig. 7

Appendix 2: Stopping distance

Assume that the driver sees an obstacle while he is driving
at speed v(z;). A reaction T;. is needed before starting brak-
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Questionnaire N*:

Age: Under 18 T 18-25 [0 26-33 0 34-41 0 42-49 0 50-57 0 58-65 0 Above 650

Gender: Male 0 Female O Other O

Education: None [ Primary _ Matriculated [ Certificate O Diploma O Degree [ Postgraduate O

Rate from 1 to 10 your level of satisfaction (10 being the highest score)

Overall Politeness | Safety | Travel-time | Waiting time | Speed Driving style | Affordability | Accessibility to Quality of
score the stop (Bus infrastructure
stop/station, (Bus stop/station,
taxi rank/stop, taxi rank/stop,
train station or | train station or
pick-up place) pick-up place)
Taxi
Bus
Uber
Metrorail
Fig. 7 Questionnaire
ing. Therefore, he has moved a distance v(x;)T,. Let vy be  project.

final speed after starting braking. From basics kinematics it
can be shown that ?)J% = v2(x;) + 2a; Az, Az being the dis-
tance traveled. When the vehicle stops, vy = 0, therefore

2
Az = 7%::)_ Since we are in deceleration mode, a; < 0.
i 2
As a consequence, Ax = ”2‘(;"'). One can then deduce the
vz(zt)

stopping distance as v(x¢)7T, + Sar]
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