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Abstract 
Traffic congestion is associated with increased environmental pollutions, as 
well as reduced socio-economic productivity due to significant delays in tra-
vel times. The consequences are worse in least developed countries where 
motorized road transport networks are often inefficiently managed in addi-
tion to being largely underdeveloped. Recent research on traffic congestion 
has mostly focused on infrastructural aspects of road networks, with little or 
no emphasis at all on motorists’ on-the-road behavior (MB). The current 
study thus aimed to bridge this knowledge gap by characterizing traffic jam 
incidents (TJI) observed over a period of 80 days in Uganda’s Capital City, 
Kampala. MB as well as road network infrastructural factors such as road 
blockage (RB), were captured for each of the observed TJI. A total of 483 
peak-time TJI were recorded, and exploratory data analysis (EDA) subse-
quently performed on the TJI dataset. EDA involved Hierarchical clustering 
analysis (HCA) and K-means clustering of the TJI dataset, as well as a de-
tailed descriptive statistical analysis of both the entire dataset and the emerg-
ing TJI clusters. A highlight finding of this study is that 48.2% of the observed 
TJIs were as a result of on-the-road motorist behavior. Furthermore, the in-
tervention of traffic police officers in a bid to regulate traffic flow was equally 
responsible for 25.9% of the TJIs observed in this study. Overall, these results 
indicate that whereas road infrastructural improvement is warranted in order 
to improve traffic flow, introducing interventions to address inappropriate 
on-the-road motorists’ behavior could alone improve traffic flow in Kampala, 
by over 48%. Additionally, in-order to effectively regulate traffic flow in Kampa-
la and other least developed cities with similar traffic congestion management 
practices, motorists’ on-the-road behavior ought to be factored into any da-
ta-driven mechanisms deployed to regulate traffic flow and thus potentially 
significantly curbing traffic congestion. 
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1. Introduction 

Road traffic congestion refers to a scenario where traffic flow along a route slows 
down primarily due to demand for space exceeding the road network’s capacity 
[1]. Road networks in cities and urban areas experience traffic congestion either 
recurrently such as during peak-times of the day, or as once-off occurrences re-
sulting from a specific on-the-road incident [2]. Traffic jam on the other hand, is 
worse than traffic congestion, as it implies a total halt to traffic flow as a result 
one or more causal factor, consequently leading to an even more complex con-
gestion. Traffic jam incidents (TJI) leading to total halt of traffic flow include, 
road accidents, road blockage (RB) possibly as a result of both natural or man- 
made factors, motor vehicle failures, and inappropriate on-the-road motorists’ 
behavior (MB) [1] [3].  

The socio-economic cost and impact of traffic congestion has been empha-
sized numerously in literature [1] [3]-[18]. Economically, time wastage as a re-
sult of the persistent delays of motorists (commuters) in traffic has been asso-
ciated with the undesired non-conduciveness of the business environment in 
and around cities often as a result of increased costs of business operations [7] 
[16] [19] [20] [21]. This association explains why traffic congestion in cities and 
urban areas has often been used as a determinant factor in as far as attracting 
foreign investors to a country is concerned, particularly in the least developing 
countries. With regards to quality of life and the health of residents in cities and 
urban areas, traffic congestion and traffic jam have been associated with increase 
in air pollution-related illnesses such as lung cancer and respiratory diseases [6] 
[10] [11] [12] [17] [18]. This is so due to the increase in carbon emissions into 
the atmosphere, a direct implication of fossil fuel-based motorized transport 
systems popularly used in most cities and urban areas. While traffic congestion 
affects both the most developed [10] [18] and least developed countries [2] [7] 
[13] [15] [21], the consequences on the latter are more severe given that more 
often than not, the under pressure motorized road transport infrastructure in 
underdeveloped countries and largely lacking.  

Research related to traffic congestion globally, can be categorized into four 
themes: studies aimed at understanding and describing traffic patterns both 
quantitatively and qualitatively [1] [2] [3] [22] [23] [24], research work aimed at 
predicting and estimating traffic congestion using various parameters [25]-[38], 
studies aimed at modelling road networks with a primary aim of decongesting 
cities and urban areas [23] [24] [25] [39] [40] [41] [42] [43], and studies aimed 
at quantifying the impact of traffic congestion on other socio-economic aspects 
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such as air quality, health, economic performance, etc. [5] [6] [7] [8] [9] [11] 
[12] [13] [18] [19] [20] [44] [45] [46] [47]. The current study falls in the first 
thematic category, i.e. understanding and profiling traffic jam in Uganda’s capi-
tal, Kampala, both quantitatively and qualitatively. While previous research per-
taining traffic congestion has been impactful in various aspects, it should be 
noted that majority of it has largely studied the phenomenon from a road net-
work infrastructural view-point with little emphasis on real-time on-the-road 
motorists’ behavior (MB). This work therefore aimed to bridge this information 
gap by observing and profiling the traffic jam causing incidents (i.e. both 
MB-related as well as RB-related) in Uganda’s capital city, Kampala. Recent re-
search that has aimed to profile motorist’s behavior has mainly been through 
simulation-generated data such as driver behavior towards signalized traf-
fic-light junctions [48]. To the best of authors’ knowledge, the current study is 
the first of a kind to attempt to profile on-the-road MB using real-time on-site 
road observation data. Moreover, traffic congestion or traffic jam data partic-
ularly in the least developing cities and urban areas in largely lacking in litera-
ture.  

Kampala is Uganda’s Capital City and has a resident population of about 1.7 
Million people and a total day-time population estimated to be about 4 Million 
people as of 2022 [49] [50]. The city is part of the Greater Kampala Metropolitan 
Area (GKMA) occupying approximately 1000 square kilometers, consisting of 
Kampala, Wakiso, Mukono, and Mpigi districts. The GKMA is Uganda’s major 
industrial and business hub and contributes over 60% of Uganda’s Gross Do-
mestic Product (DGP) [50]. Majority non-resident day-time occupants in Kam-
pala City commute daily from their places of residence mostly within the GKMA, 
either for official and business work or for education purposes, among other 
reasons. This early morning and late afternoon inflow and outflow of people in 
and out of Kampala, coupled with the inefficient commonly utilized motorized 
modes of transport and the narrow road network, are the major contributors of 
traffic jam in Kampala [2]. Therefore, the outcomes of the current study pre-
sented in this manuscript offer a significant contribution to the existing body of 
knowledge on traffic congestion, especially in as far as Cities and Urban towns of 
the developing world is concerned.  

The contribution of this exploratory cross-sectional study is therefore three-
fold: Firstly, this work is providing quantitative data on the role of motorist’s 
on-the-road behavior in as far as causing traffic jam (congestion) is concerned. 
This is a vital contribution as it offers potential immediate remedies to the traffic 
jam menace, especially in Kampala and similar cities particularly within the least 
developed world where road infrastructural upgrades may not happen anytime 
soon. Secondly, by quantifying the contribution of the different traffic jam caus-
ing incidents studied in this work with respect to traffic jam duration, a more 
data-driven approach taking into account real-time updates of traffic jam inci-
dents could now be developed and deployed to objectively manage road traffic 

https://doi.org/10.4236/jtts.2023.131004


S. Hamza et al. 
 

 

DOI: 10.4236/jtts.2023.131004 64 Journal of Transportation Technologies 
 

along interconnected routes within congestion-prone cities. Finally, this manu-
script reports descriptive statistics of the entire dataset of traffic jam causing in-
cidents generated in this cross-sectional study, following exploratory data analy-
sis. These statistics offer insights into the degree of how each individual traffic 
jam causing factor studied in this work, individually and collectively contributes 
to the overall impact of traffic jam in Kampala and other similar cities. This 
quantitative data could also potentially aid the design and development of a 
data-driven traffic monitoring and thus regulation model within Kampala and 
similar cities, that takes into account real-time traffic incidents data along in-
terconnected routes. Such a model could feasibly be deployed over a mo-
bile-application accessible to all traffic regulation officers as well as City dwellers 
including motorists, there by significantly contribute to improving on-the-road 
experiences and the general quality of life within Kampala and other similar ci-
ties. 

2. Methods 
2.1. The Current Exploratory Study in Stages  

This exploratory cross-sectional study involved three main stages as illustrated 
in Figure 1 below. 

2.2. Profiling Incidents Causing Traffic Jam  

This study focused on traffic jam incidents observed along routes leading to and 
out of Kampala’s Central Business District (CBD) [51], during the early morning 
(M) and late afternoon (A) rush hours/peak-times respectively. We define a traf-
fic jam incident (TJI) as an incident resulting into a temporary total halt to traf-
fic flow. Our interest was to identify the main factor that led to the occurrence of 
a TJI as well as the total duration (in minutes) of the observed TJI (TJI dura-
tion). As most of the recent related works primarily focused on traffic jam from  
 

 
Figure 1. The 3 main stages of the current study. 
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a road infrastructural view point, in the current study focus was on both TJI 
causing factors arising from both motorists’ behavior (MB) as well as from an 
infrastructural view point of road blockage (RB).  

Therefore, in order to profile the TJIs on the basis of MB and RB, the data 
collection team stationed in 3 prominent routes leading to and out of the CBD, 
spent a total 30-days observing traffic flow during both the early morning (i.e. 
6:30 AM-8:30 AM) and late afternoon (i.e. from 5:30 PM-7:30 PM) peak-time 
rush hours to and out of the CBD. As illustrated in Figure 2, the routes in-
cluded: the Bombo Road-Kampala Road route, Kampala Road-Jinja Road route, 
as well as the Kampala Road-Entebbe Road route. These three routes are some of 
the main entries into and out of Kampala’s CBD, and therefore most traffic jam 
and congestion during peak-hours is often experienced here. 

Following a 30-day observation of traffic flow along the main routes as illu-
strated in Figure 2 below, it was observed that the most frequent on-the-road 
MB and RB TJI causing cases included the following:  

2.2.1. Motorist Behavior  
• Abrupt stop (AS)—This is a TJI caused when a motorist suddenly stops in 

the middle of the road thereby blocking traffic flow along the route resulting 
in a temporary halt of other motorists’ movement.  

• Abrupt turn (AT)—This is a TJI caused when a motorist abruptly makes a 
wrong turn in the middle of the road, resulting into a temporary halt of traf-
fic flow.  

• Lane disruption (LD)—This is a TJI resulting from a motorist joins a lane 
they should not be joining thereby disrupting traffic flow from the opposite  

 

 
(a)                                                       (b) 

Figure 2. (a) Shows the studied area on the public transport routes’ map for Kampala City [52]. (b) Shows a Google Map showing 
live traffic in the 3 main routes that experience traffic jam in and out of Kampala’s CBD [53]. Points A to B is the Bombo Road- 
Kampala Road route, B to C is the Kampala Road-Jinja Road route, and B to D is the Kampala Road-Entebbe Road route. 
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direction leading to a temporary halt in traffic flow.  
• Road rage (RR)—This is a TJI resulting from a motorist or a group of motor-

ists stopping their motor vehicles or motorcycles in the middle of the road 
and raging about a matter they are unhappy about (e.g. another motorist 
scratching their vehicle). This RR consequently often leads to a temporary 
halt of traffic flow in part due to the narrow road networks, but also because 
very often other non-involved motorists stop, in trying to understand the 
cause of the RR, often a scuffle ensues before traffic police intervenes.  

2.2.2. Road Blockage  
• Accident incident (AI)—This is when traffic along a route is halted as a result 

of an accident incident along the same route or feeder route.  
• Poor drainage (PD)—This is when traffic flow along a route is halted as a re-

sult of flooding of the road after a heavy downpour or a bust underground 
water pipe, often due to poor drainage.  

• Ongoing construction (OC)—This is when traffic flow has to be temporary 
halted at different time intervals due to ongoing road constructions works 
along a route or a feeder route.  

• Motor vehicle failure (MF)—This is when traffic flow along a route is halted 
as a result of a mechanical failure of a motor vehicle thereby blocking other 
trailing motorists. This also includes cases where motorists run out of fuel 
(gas) thereby suddenly stopping mid-way the road and have to be pushed out 
of the way. 

• Traffic diversion (TD)—This is when traffic flow is temporarily disrupted 
because an exit or entry route has been blocked for public access by traffic 
police due to either an ongoing road traffic operation or as a mechanism of 
reserving the route for very important persons (VIP), often government offi-
cials.  

• Traffic officer (TO)—This is when traffic flow along a route comes to a com-
plete halt because a traffic officer (or officers) are physically manning a mul-
ti-intersection junction as opposed to signalized traffic lights regulated junc-
tions. This happens frequently especially during peak hours in the morning 
and evening. 

Motorists involved in both the MB and RB TJIs mentioned above, included 
public taxis, private motor vehicles (private car), government (gov’t car) and 
non-government (org car) vehicles as identified from their number plates, mo-
torcyclists also known as boda-boda in Uganda. The outcome of this 30-day TJIs 
profiling exercises resulted in the generation of the TJI data capture tool (DCT) 
shown in Table 1 below, which was utilized for real-time data collection of TJIs 
along the identified TJI-prone routes using on-site observation by the data col-
lection team. As shown in the DCT specimen, the route along which the TJI oc-
curred is recorded (i.e. either A-B, or B-C, or B-D as per Figure 1), together with 
the exact location along the route as well as the time stamp of the incident 
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Table 1. The TJI data collection tool populated during TJI data collection. 

Route: 

Location of TJI (i.e. feeder junction): 

Day/Date/Time: 

TJI # 
Cause of TJI (Traffic Jam Incident) 

A Motorist Behavior (MB) case A Road Blockage (RB) case 

 
Tick  

observed TJI 
Specify  

motorist involved 
Tick  

observed TJI 
Specify motorist if 

AI/MF 

1. 

AS  Gov’t Car  AI  Gov’t Car  

AT  Org Car  PD  Org Car  

LD  Boda-Boda  OC  Boda-Boda  

RR  Public Taxi  MF  Public Taxi  

  Private Car  TD  Private Car  

  TO    

TJI Duration = ……………. Minutes 

 
(i.e. the Day of the week, date, and peak-time range). The TJI is categorized as 
either a MB case or a RB case, and the specific type of TJI and the type of motor-
ist involved are accordingly captured. 

2.3. The Data Collection Process 

Following the 30-days TJI observation and profiling phase explained in the pre-
vious section, a data collection protocol was designed. The protocol required a 
human data collection agent to stand at specific points along the targeted routes, 
in possession of a wearable pocket-size stopwatch, print out of the data collec-
tion tools, and a pen. The points along the routes were selected on the basis of 
the safety of the data collection agents as well as the degree of visibility so as to 
enable them continuously monitor the traffic flow along the identified routes.  

Once a TJI is observed, the data collection agent immediately starts their 
stopwatch, and only stops it when traffic flow resumes, and then accordingly 
records the TJI’s duration as the reading at stop moment in minutes as per the 
DCT shown in Table 1. The stopwatch is then reset and the agent continues to 
observe traffic flow for any other TJI occurrences. The TJI observation and re-
cording process continues until the end of the peak-hours for that particular 
peak-time (i.e. either early morning or late afternoon). A total of 12 data collec-
tion agents were sufficiently trained for this data collection protocol prior to the 
beginning of the real data collection process.  

The agents collected data for a period of 80 days, both during the early- 
morning peak-hours as well as during the late-afternoon peak hours. By the end 
of the 80-days long data collection phase, a total of 483 traffic jam causing inci-
dents had been observed along the targeted routes and accordingly recorded, 
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hence the TJI dataset with 483 entries presented and characterized in this work.  
The data collection protocol adopted in this work was approved by the Uni-

versity’s research committee on ethics and safety. 

2.4. Data Pre-Processing and Exploratory Data Analysis 

The total 483 TJI entries that were captured on hardcopy were saved into a 
spread sheet file, resulting into a 483 by 6 dataset. An entry (TJIe) in the total 
dataset is defined by the six main TJI attribute as per Equation (1). A snapshot of 
the resulting dataset is shown in Figure 3 

( )TJIe TJI id,Motorist Involved,Peak Time,TJI cause,TJI class,TJI durationf=  
(1) 

where e is any of the TJI entries 1 to 483. 

Hierarchical Clustering and K-Means Clustering 
Hierarchical clustering analysis (HCA) and K-means clustering were performed 
on the TJI dataset sub-set of dimension 483 by 1, to establish whether natural 
subgroups would emerge within the observed TJIs on the basis of their duration 
(TJI duration). The clustering was performed used the open-source Python 3.7 
software on a core i7 dell laptop computer with 8 GB RAM.  

K-means: We used the elbow joint method [54] [55] is to establish the optimal 
number of clusters. Using this method, the number of clusters (K) is varied from 
1 to 10, and for each Kth value, the within-cluster sum of square (WCSS) is 
computed as per Equation (2). WCSS is basically the sum of squared distance 
between each data point and the centroid in a cluster. When WCSS was plotted 
against each K value for our TJI dataset, the elbow joint in Figure 4 from the 
goodness of split principle suggests 2 as the optimal number of clusters for our 
k-means clustering. 

( )2WCSS i ii n X Y
∈

= −∑                       (2) 

 

 
Figure 3. A snapshot of the 483 by 6 TJI dataset in a spreadsheet. 
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where X is the ith member data point and Y is its cluster’s centroid, for all n data 
points. 

After visually confirming 2 as the number of optimal clusters as seen in Fig-
ure 4, K-means clustering is performed on the 483 by 1 dataset with the number 
of clusters set to 2. The resulting two subgroups’ compositions are further ana-
lyzed on the basis of the descriptive statistics for the other dataset features (i.e. 
TJI cause, motorist type, peak-time of the day, and TJI category).  

Hierarchical Clustering: In performing HCA on the 483 by 1 TJI dataset fea-
ture subset (i.e. clustering only 1-D data of TJI duration for the 483 TJI entries), 
Euclidean distance method was used to compute pairwise distances between 
points as per Equation (3). Following computation of Euclidean distances, Ward’s 
linkage method as per Equation (4), is then applied to pair the objects which 
consequently and continuously form binary cluster groupings until a dendro-
gram is produced as was applied in [56] [57]. Besides visual inspection of the 
emerging dendrogram, the subgroups are further confirmed using the cophe-
netic correlation coefficient. i.e. a measure of how faithfully the pairwise dis-
tances between original data points are preserved by the hierarchical tree. As in 
K-means clusters, the emerging HCA subgroups’ composition is further ana-
lyzed through descriptive analysis. 

( )( )2
pq p q p qd x x x x ′= − −                       (3) 

where xp and xq are row vectors in the input matrix. 

( )
2

2
, k m

k m
k m

n n
d k m X X

n n
= −

+
                   (4) 

where kX  and mX  represent k and m clusters’ centroids respectively, while 
nk and nm represent the number of elements in clusters k and m respectively. 
 

 
Figure 4. Within-cluster sum of square distance for k-means clusters 1 - 10. 
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2.5. Data Visualization and Descriptive Statistics  
2.5.1. Data Visualization  
Using Seaborn, a Python data visualization library, statistical graphics are created 
to visualize the TJI dataset generated in this research work. The current research 
particularly aimed to visualize the extent to which motorists on-the-road beha-
vior contributes to daily traffic jam incidences in Kampala, in addition to the 
other road infrastructural aspects especially common within cities and urban 
areas of the least developed countries, Uganda inclusive. Graphical visuals of the 
following TJI are particularly a salient contribution of this work:  
• A graphical visualization of time wasted in traffic as observed for each of 

the TJI causes reported in this work (i.e. TJI duration plotted against TJI 
cause). 

• A graphical visualization of time wasted in traffic as observed for each of the 
TJI categories (MB or RB) studied in this work (i.e. TJI duration plotted 
against TJI type). 

• A graphical visualization of time wasted in traffic as observed for each of the 
daily peaks hours (early morning or late afternoon) investigated in this work 
(i.e. TJI duration plotted against Peak-time). 

• A visual representation of the frequency of TJI occurrences for each of the 
TJI causes studied in this work (i.e. TJI frequency plotted against TJI cause). 

• A visual representation of the frequency of TJI occurrences for each of the 
TJI categories studied in this work (i.e. TJI frequency plotted against TJI type). 

• A visual comparison of the frequency of TJI occurrences between early 
morning and late afternoon peak times (i.e. TJI frequency plotted against 
Peak-time). 

• A visual representation of the TJI durations for the identified clusters fol-
lowing HCA and K-means clustering of the entire TJI dataset on the basis of 
TJI duration parameter (i.e. TJI duration plotted against Clusters for both 
HCA and K-means clustering). 

2.5.2. Descriptive Statistics 
Using IBM’s Statistical Package for Social Sciences (SPSS) version 22, several 
quantitative descriptive statistics (mean, standard deviation, range) are com-
puted from both the entire TJI dataset as well as from the identified subgroups 
following HCA and K-means clustering. These descriptive statistics are neces-
sary to quantitatively qualify the contributions of each traffic jam aspect studied 
and reported in this work. Non-parametric statistical tests are also performed to 
establish whether there is any significant difference in the TJI duration between 
the TJI clusters emerging from both HCA and K-means clustering conducted in 
this work. 

3. Results and Discussion 
3.1. HCA and K-Means Clustering Results 

Both HCA and K-means clustering processes produced two subgroups (clusters) 
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as is visualized in Figure 5 and Figure 6 for HCA and in Figure 7 and Figure 8 
for K-means clustering, respectively. 

3.2. Visualizing TJI Dataset in Statistical Graphs 

The frequencies of the different TJI causes in the total TJI dataset are graphically 
visualized in Figure 9 and as quantified in Table 2. It was observed that from a 
motorist behavior viewpoint, abrupt stops (22.80%) by motorists produced the 
most cases of TJIs. Lane disruptions came second (14.10%), followed by abrupt 
turns (10.60%), and finally road rage (0.80%) by motorists contributed the few-
est TJIs in the MB-TJI category. The low road rage cases are perhaps attributable 
to the collective normalization of the observed motorist behavior, which conse-
quently makes motorists more persevering of inappropriate behavior of other  
 

 
Figure 5. Dendrogram resulting from HCA of 1-D TJI Duration dataset. 

 

 
Figure 6. Visualization of TJI duration for the 2-subgroups from HCA of 
TJI dataset. 
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Figure 7. Visualization of subgroups (2—clusters) emerging from 
K-means of TJI dataset. 

 

 
Figure 8. Visualization of TJI duration for the Subgroups (2—clusters) 
emerging from K-means. 

 

 
Figure 9. TJI frequency visualization with respect to TJI Cause. 
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Table 2. Descriptive statistics of the TJI dataset. 

TJI Parameter TJI Duration (Minutes) 

TJI Cause/Motorist  
involved (N = 483) 

n Mean (SD) % of N Minimum Maximum 

Boda-Boda 42 7.24 (3.53) 8.70% 5 24 

Gov’t Car 47 8.53 (2.91) 9.70% 5 20 

Org Car 23 7.61 (3.58) 4.80% 5 20 

Private Car 48 12.58 (6.79) 9.90% 6 30 

Public Taxi 144 8.56 (4.27) 29.80% 5 30 

Traffic Diversion 54 7.20 (1.41) 11.20% 5 10 

Traffic Officer 125 11.81 (4.85) 25.90% 4 25 

 Total = 483     

TJI Cause (N = 483) n Mean (SD) % of N Minimum Maximum 

Accident Incident (AI) 13 17.85 (8.61) 2.70% 5 30 

Abrupt Stop (AS) 110 7.04 (1.82) 22.80% 5 17 

Abrupt Turn (AT) 51 7.06 (1.89) 10.60% 5 15 

Lane Disruption (LD) 68 7.51 (2.56) 14.10% 5 20 

Motor-vehicle Failure (MF) 58 13.71 (5.54) 12.00% 5 28 

Road Rage (RR) 4 11.25 (4.78) 0.80% 5 15 

Traffic Diversion (TD) 54 7.20 (1.41) 11.20% 5 10 

Traffic Officer (TO) 125 11.81 (4.85) 25.90% 4 25 

 Total = 483     

TJI Category (N = 483) n Mean (SD) % of N Minimum Maximum 

Motorist Behavior (MB) 233 7.25 (2.20) 48.20% 5 20 

Road Blockage (RB) 250 11.57 (5.48) 51.80% 4 30 

TJI Peak-time (N = 483) n Mean (SD) % of N Minimum Maximum 

Morning Peak-time (M) 211 9.29 (4.32) 43.70% 5 28 

Afternoon Peak-time (A) 272 9.64 (5.05) 56.30% 4 30 

 Total = 483     

 
motorists. From a view point of road blockage aspects, traffic officers manning 
the investigated traffic jam hotspots were responsible for the most cases (25.90%) 
of the overall observed TJIs. This was followed by motor-vehicle failures 
(12.00%) and then traffic diversion (11.20%). It should be noted however, that 
while traffic officers contributed over 25% of the reported TJIs in this work, their 
absence would surely have results in even worse TJIs, especially at junctions 
without traffic lights management systems in place. 
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Considering the different types of motorists leading to the observed TJIs, pub-
lic taxis (mini-buses) were responsible for the most of TJIs (29.8%) as can be 
seen in Figure 10 and statistically quantified in Table 2. This was followed by 
privately owned motor-vehicles (9.90%), then government owned motor-vehicles 
(9.70%). Motorcycles (boda-bodas) came next (8.70%), and finally motor-vehicles 
owned by non-government organizations (4.80%) identified using the vehicle 
number plate system of Uganda. While government owned motor vehicles ap-
pear to have caused fewer TJIs, it should be noted that halting and diversion of 
traffic flow by traffic officers as indicated in Figure 9, often involves making way 
for motor-vehicle convoys of very important persons usually in government 
owned motor-vehicles. 

As expected, it was observed that the different TJI causing factors, resulted in 
TJIs of varying durations as presented in Figure 11 and Table 2. It was observed  
 

 
Figure 10. Visualizing TJI frequency with respect to type of motor-
ist causing the TJI. 

 

 
Figure 11. Visualizing TJI duration variations for the different TJI 
causes. 
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that accident incidents resulted in the highest mean (SD) TJI duration of 17.85 
(8.61) minutes and a range of 25 minutes (i.e. minimum of 5 and maximum of 
30 TJI duration). This is quite obvious as serious accident incidents often require 
intervention of multiple response teams before traffic can normalize again. This 
was followed by motor-vehicle failure cases which had an average (SD) TJI dura-
tion of 13.71 (5.54) minutes and a range of 23 minutes (i.e. minimum of 5 and 
maximum of 28 TJI duration). This observation is also quite obvious, as very of-
ten, broken motor-vehicles have to physically removed from the road for normal 
traffic flow to resume. While abrupt stops were responsible for the most motor-
ist behavior TJIs, it was observed that they take the least time to resolve before 
normal traffic flow resumption, averagely (SD), 7.04 (1.82) minutes with a range 
of 12 minutes (i.e. minimum of 5 and maximum of 17 TJI duration). This ob-
servation quantitatively reveals the extent to which the motorists are accustomed 
to this peer behavior, that it is resolved quite seamlessly with minimal traffic 
flow delays. 

Furthermore, the descriptive statistics reveal that private owned cars resulted 
in the averagely longest traffic jam incidents to resolve, with mean (SD) TJI du-
ration of 12.58 (6.79) minutes and a range of 24 minutes (i.e. minimum of 6 and 
maximum of 30 TJI duration), as shown in Figure 12 and Table 2. This is per-
haps due to the observed statistical fact that motor vehicle failures and accident 
incidents often involving privately owned motor vehicles, produced the longest 
lasting TJIs. This was followed by traffic police officers who manually manning 
traffic jammed routes, with an average (SD) TJI duration of 11.81 (4.85) minutes 
and a range of 21 minutes (i.e. minimum of 4 and maximum of 25 TJI duration). 
This statistical revelation points to the fact that, due to traffic flow decisions by 
traffic police officers being primarily subjectively enforced, it is practically im-
possible to effectively regulate traffic flow manually while ensuring minimal traf-
fic jam delays. This notwithstanding however, without the intervention of traffic  
 

 
Figure 12. Visualizing variation of TJI duration for the different 
Causes/Motorists leading to TJIs. 
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police officers at grid-locked routes as is currently the practice, traffic jam delays 
would have undoubtedly been worse, particularly at multi-intersection routes 
without the traffic lights infrastructure, such as seen in Figure 13. 

While it was observed that road blockage factors contributed to the most TJIs, 
it is quite a revelation that motorist behavior was responsible for 48.2% (i.e. 233 
TJIs) of the 483 TJIs studied in this work, as can be visualized in Figure 14, Fig-
ure 15 and Table 2. This is practically even worse, because the intervention of 
traffic officers (which was categorized as a road-infrastructure related factor) at 
grid-locked traffic jam prone routes and junctions, is often due to the failure of 
motorists to self-regulate during peak hours. Furthermore, it was noted that 
road blockage factors resulted in the longest averaged TJI duration (i.e. 11.57 
(5.48) minutes) compared to motorist behavior caused TJIs which averagely 
lasted 7.25 (2.20) minutes, as reported in Table 2. 
 

 
Figure 13. Early morning traffic grid-lock at one of the traffic-unre- 
gulated feeder routes into junction C of one of the studied routes 
(Figure 2). Image source: Authors. 

 

 
Figure 14. Visualizing TJI Duration variations between MB and RB 
related TJIs. 
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Figure 15. Visualizing TJI frequency between MB and RB Types of 
TJI. 

 
Furthermore, as can be visualized in Figure 16 and Figure 17, and Table 2, 

the most TJIs were reported in late-afternoon/early-evening (56.30%, 272 TJIs) 
traffic jam peak-hours, compared to the early-morning peak-hours (43.70%). 
This is more likely due to the fact that motorist have a wider time window to 
enter Kampala’s CBD in the morning, than they have in the evening. This is also 
logical from a viewpoint of varying reporting times to work especially for the 
self-employed and business motorists, when compared to the nearly uniform ex-
it times from the CBD. Interestingly it was observed (see Table 2) that the aver-
age TJI durations for evening and early morning peak-hours did not vary signif-
icantly, i.e. mean (SD) TJI duration of 9.29 (4.32) minutes and 9.64 (5.05) mi-
nutes respectively. 

3.3. Descriptive Statistics of the TJI Dataset and the  
HCA—K-Means Clusters 

Table 2 presents descriptive statistics of the different features characterizing the 
TJI dataset produced in this work. 

Table 3 presents descriptive statistics of the different clusters identified 
through HCA and K-means clustering. 

The descriptive statistics presented in Table 3 are a result of further explora-
tion of the emerging clusters following HCA and K-means clustering as shown 
in Figure 5 and Figure 6, and Figure 7 and Figure 8 respectively. Interestingly 
as presented in Table 3, both HCA and K-means clustering produced two sub-
groups primarily split on the MB-RB classification of TJIs as adopted in this 
work. In HCA clusters, cluster 1 was MB dominated (i.e. by 53.57%, 150 out of 
the total 280 TJI data points in the cluster), while cluster 2 was RB dominated 
(i.e. by 59.11%, 120 out of the total 203 TJI data points in the cluster). Similarly, 
with K-means clustering, cluster 1 was MB dominated (i.e. by 50.40%, 122 out of 
the total 242 TJI data points in the cluster), while cluster 2 was RB dominated  
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Figure 16. Visualizing TJI duration variations between morning and 
evening peak-time TJIs. 

 

 
Figure 17. Visualizing TJI frequency between early morning and late afternoon peak- 
times. 
 
(i.e. by 53.94%, 130 out of the total 241 TJI data points in the cluster). This reve-
lation suggests that natural TJI subgroups emerge on the basis of TJI category 
(i.e. MB or RB), when TJI duration is clustered. Practically, this implies that 
MB-related and RB-related traffic jam incidents seem to be easily identifiable on 
the basis of their corresponding average traffic jam durations, a factor that could 
facilitate data-driven TJI-category centered approaches, in as far as management 
of peak-time traffic jam incidents in concerned. Whereas the non-parametric 
statistical test (i.e. Mann-Whitney U test) indicates a significant difference (i.e. p < 
0.05) between the clusters for both HCA and K-means generated clusters (see  
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Table 3. Descriptive statistics of clusters identified through HCA and K-means clustering. 

Cluster 

Cluster Composition TJI Duration (Minutes) 
Inter-Cluster TJI 

duration difference 

n (MB) vs  
n (RB) 

n (M) vs n (A) 
Peak-times Mean (SD) Min-Max 

p-value (95% CI of 
the difference) 

HCA Clusters MB RB M A 

Cluster 1  
(n = 280) 

150 130 125 155 8.38 (4.15) 5 - 30 

0.000 (1.82 - 3.47) 
Cluster 2  
(n = 203) 

83 120 86 117 11.02 (5.08) 4 - 30 

K-Means  
Clusters 

MB RB M A Mean (SD) Min-Max 
p-value (95% CI of 

the difference) 

Cluster 1  
(n = 242) 

122 120 105 137 8.55 (4.36) 5 - 30 

0.001 (1.04 - 2.70) 
Cluster 2  
(n = 241) 

111 130 106 135 10.42 (4.93) 4 - 30 

 
Table 3), it is worth realizing that the 483 TJIs reported in this work are numer-
ically insignificant so as to deem these results significant, from a general applica-
tion viewpoint. 

3.4. Implications of the Outcomes of This Exploratory Study  

The results of this exploratory cross-sectional study have several implications in 
as far as traffic jam in Cities and urban areas, particularly in least developed 
countries such as Uganda where the physical road network infrastructure is still 
largely lacking. Much as infrastructural road network features (such as traffic 
flow regulation lights, multiple lanes, road signage, etc.) are undoubtedly crucial 
to traffic jam reduction in Kampala and similar cities, the fact that 48.2% of traf-
fic jam incidents reported in this research were as a result of inappropriate 
on-the-road motorists’ behavior, is an objective statistical indication that calls 
for multi-stakeholder interventions to address motorists’ behavior. Conversely, 
this statistical revelation implies that by effectively addressing only motorists 
on-the-road behavior (specially for the studied routes and the characterized 
motorists’ behavior), the overall traffic jam problem would see a reduction of 
over 48%. Traffic regulators could therefore begin with interventions directed at 
addressing motorists’ on-the-road behavior characterized in this work (i.e. ab-
rupt stop, lane disruption, abrupt turns, road rage, and other related inappro-
priate on-the-road behavior). This similar inference has previously been made 
by [38] [57].  

Furthermore, future studies could aim to understand the indirect factors asso-
ciated with the motorist behavior characterized in the current study, an aspect 
that was beyond the scope of the current work. For instance, a TJI might ensue 
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as a result of lane disruption by a motorist who is trying to evade arrest by traffic 
police over a pending traffic violation or other indirect reason. Therefore, a fur-
ther exploration of these indirectly TJI associated factors could be crucial in in-
itiating effective corrective measures to address a wider spectrum of motorists’ 
behavior investigated in this work and beyond, so as to complement on some of 
the recent related work that has aimed to understand and profile driver pattern 
behavior in traffic congestion [46] [58] [59]. 

Whereas traffic officers intervening to regulate traffic flow during peak hours 
(see Figure 18) have been found to contribute to over 25% (i.e. 125 out of the 
total 483 TJIs) of the traffic jam incidents characterized and reported in this 
work, their absence would have resulted in even worse traffic jam situation 
within the studied routes, especially at multi-intersection junctions lacking in-
stallations of traffic lights systems (sew Figure 13). Potentially, a data-driven 
traffic flow control model that takes into account the TJIs reported along inter-
connected routes, could be developed to aid the traffic police officers in making 
real-time objective decisions with regards to traffic flow regulation. Future phase 
of the current study will therefore aim to design and build such a data-driven 
traffic police assistive tool, that could be deployed over a mobile application. 
This human factor in road traffic management, has previously been highlighted 
as a necessary input in the design of resilient road traffic systems [24]. 

Additionally, whereas both HCA and K-means clustering produced two sub-
groups with traffic jam duration proving a dissimilarity factor, more TJIs data 
involving new parameters (both motorist behavior related as well as road infra-
structural aspects) could be collected in future studies to further affirm this fact. 
This is particularly important so as to enable design and d deployment of da-
ta-driven traffic management models that are dynamic enough, to take into ac-
count the real-time traffic jam incident data arising from either motorists’ beha-
vior or infrastructural factors. 
 

 
Figure 18. A traffic police officer regulates traffic during peak hours 
at junction C of one of the studied routes (as shown in Figure 2). 
Image source: Kikomeko Jackson. 

https://doi.org/10.4236/jtts.2023.131004


S. Hamza et al. 
 

 

DOI: 10.4236/jtts.2023.131004 81 Journal of Transportation Technologies 
 

4. Conclusion 

This exploratory cross-sectional study aimed to characterize traffic jam causing 
incidents along the main entry and exit routes into and out of the central busi-
ness district of Uganda’s capital, Kampala. The rationale was to establish, 
beyond the road infrastructural factors, the extent to which motorists’ on-the- 
road behavior contributes to traffic jam incidents during both the dawn and 
sunset traffic peak-hours. Motorists’ behavior included on-the-road tendencies 
such as abrupt stops, abrupt turns, lane disruption, as well as road rage. Road 
blockage factors included traffic flow disruption factors such as poor drainage, 
motor vehicle failure, accident incidents, traffic diversions, on-going construc-
tion works, as well as intervention of traffic police officers. A total of 483 traffic 
jam incidents including traffic duration for each incident were observed and 
values of the defining parameters recorded and accordingly characterized both 
quantitatively and qualitatively. Descriptive statistics reveal that motorists’ beha-
vior was responsible for over 48% of the traffic jam incidents characterized in 
this work. Furthermore, it was observed that in trying to regulate traffic flow 
during peak-time hours (both early-morning and late-afternoon), traffic police 
officers were found to have caused over 25% of the total traffic jam incidents, 
primarily because their on-site traffic flow decisions are largely subjective in na-
ture and are not backed by real-time traffic jam incident data along the con-
nected routes. Additionally, results reveal that majority (over 29%) of the traffic 
jam incidents reported and characterized in this work, were caused by motorists 
driving public taxis, the most commonly used mode of public transport in 
Kampala. These results offer traffic regulatory and urban planning authorities, 
quantitative insights into possible feasible approaches to addressing traffic jam 
in Kampala and similar cities of least developed countries like Uganda, both in 
the short-term and long-term. For instance, the results obtained in this work 
suggest that, conversely, by addressing motorists’ inappropriate on-the-road be-
havior could alone reduce traffic flow along the observed routes by over 48%. 
Moreover, the descriptive statistics of the observed traffic incidents and their 
corresponding associative factors (i.e. MB or RB), could be used as quantitative 
input into a data-driven traffic management model to serve as a traffic assistive 
tool for managing traffic flow along the often grid-locked multi-intersection 
joints usually manned manually by traffic police officers. Overall, this work adds 
to the existing body of knowledge on urban traffic jam management, particularly 
in least developed countries where road network infrastructure is largely ineffi-
cient. Moreover, descriptive data on traffic jam such as one presented in this 
work, is still largely lacking in literature especially for much of the developing 
world, and at best it is not current. 
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