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Abstract

Bahir Dar City, Ethiopia, is experiencing rapid urbanization and motorization, leading to major
transportation challenges characterized by uneven travel demand and variable trip durations. This
study investigates how departure times influence trip duration and mode choice by integrating
activity-based models (ABMs) with machine learning techniques. The combined approach enhances
predictive accuracy and offers deeper insights into the temporal dynamics of travel behavior. Using
population synthesis with PopulationSim and activity execution modelling in VISUM, a total of
147,351 activities, 56,121 tours, and 112,429 trips were generated. Results reveal strong temporal
variations in mobility, with peak demand observed around 8 AM, 12 PM, 1 PM, 2 PM, and 5 PM.
Minibuses dominate urban mobility during these periods, while auto-rickshaws provide flexible
options for medium-distance travel. Analysis of trip durations shows that buses and minibuses
experience the greatest variability due to congestion and operational delays, whereas private cars,
walking, and auto-rickshaws demonstrate greater stability. Machine learning results indicate that
Random Forest (R? = 0.769, RMSE = 3.78) outperforms XGBoost and MLP in predicting trip durations
and capturing peak-hour dynamics. These findings underscore the critical role of departure time in
shaping travel outcomes and suggest the need for coordinated land use and transport policies to
balance demand, improve reliability, and support sustainable mobility.

Keywords: travel behavior; departure time; activity-based model; trip duration; mode choice;
machine learning; random forest; travel time reliability; land use

1. Introduction

1.1. Background

Travel demand models are important in measuring the influence of policies, infrastructure
investments, and demographic shifts on travel behavior and traffic volumes [1]. Transportation
models were crucial to predict transport demand and assess the impacts of various policies since the
late 1950s. The initial generation of models during this time and the early 1960s was purposely
designed to predict future transport demand to help inform road capacity planning. These models,
commonly known as four-step models, operate at the traffic zone level and aggregate individuals
based on their respective zones.
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Four-Step Models (FSMs) analyze travel demand at an aggregate level through a structured
framework comprising four stages [2]: trip distribution, which identifies the destinations of these
trips; mode split, which determines the chosen mode of transport (such as car, bus, or walking); and
traffic assignment, which allocates trips to specific routes. However, there are visible problems in the
four-step models, such as a lack of behavioral content can complicate the evaluation of policies like
traffic demand management.

Their aggregation and supply-focused nature also hinders the prediction of individual
behavioral responses. As a result, a transition towards disaggregate modelling occurred in the 1970s
and 1980s, emphasizing individual and household decision-making processes [3].

Activity-based models (ABMs) are designed to estimate individual travel patterns, thereby
enhancing the accuracy of forecasts for aggregated travel demand [4].

For developing an effective transportation system, urban planning, and public policy, it is
important to understand the direction of movements of individuals and communities through their
environment. Travel patterns and preferences are basic characteristics of human behavior and urban
systems. Activity-Based Models (ABM) are very crucial to analyze travel behaviors, and they can
provide a more refined and diverse view of travel choices than traditional aggregation models.

Unlike conventional models that often summarize travel demand based on trips and origins
destinations, ABM focuses on the underlying activities that generate travel, offering insights into the
motivations and constraints shaping individual travel decisions.

In activity-based models, travel demand is derived from the individual’s need to engage in
activities that are located across different spaces and times, in contrast to traditional analytical trip-
based models [5]. This approach considers how various factors, including socio-demographics, land
use, and external influences, affect travel behavior over time.

Despite advancements in transportation modelling, there remains a gap in accurately capturing
the complexities of individual travel behaviors and preferences. Traditional models often rely on
aggregate data, which may overlook the nuances of how different demographic groups interact with
their transport environment.

While congestion levels, service frequency, and individual scheduling constraints vary across
the day, departure time is a very important factor that can influence trip duration and mode choice.
As discussed above, the traditional ABMs are good at capturing individual plans, linking, and
adjusting their activities, and they can provide better insights than aggregate trip-based models.
However, they have a weakness in high computational demands, complexity in calibration, and have
limited ability in capturing nonlinear interactions between departure time, travel duration, and mode
choice.

In contrast to ABMs, machine learning models are effective in capturing nonlinear relationships
and handling large-scale data, which can then bring higher predictive accuracy. Despite these
advantages, ML models are often criticized for being “black boxes,” lacking explicit behavioral
interpretation and theoretical grounding in travel behavior.

Integrating ABM and ML offers a balanced approach. This is because ABM are good in
interpretability, and ML can boost prediction accuracy and are effective in managing complex urban
travel data. So, we can get deeper insights about the influence of departure time on travel time
variability and mode choice. This is then very important to design strategies of congestion mitigation
and sustainable mobility policies.

The objective of this study is to create a better understanding of current travel patterns and
preferences using ABMs and ML techniques for Bahir Dar city.

1.2. Key Insights from Activity-Based Models (ABM) for Understanding Current Travel Patterns and
Preferences

Activity-Based Models (ABM) offer essential insights into travel patterns and preferences by
emphasizing the activities that drive travel rather than focusing solely on the travel itself. A notable
insight from ABM is the recognition of the intricate interrelationships between different activities and
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the resulting travel behaviors. It highlights that travel is often a means to achieve specific goals, with
individuals organizing their trips around a sequence of activities such as work, shopping, and leisure
that need to be completed within a certain timeframe. This approach enables a deeper understanding
of how factors like time constraints, trip purpose, and location influence individual travel choices [6].

ABM also highlights the importance of demographic factors, such as income, age, and household
structure, in influencing travel behavior. The models demonstrate that various demographic groups
exhibit distinct travel patterns, underscoring the need for tailored transportation solutions that cater
to their specific needs.

Another critical insight from ABM is the influence of land use on travel behavior. Research
indicates that mixed-use developments can significantly lower travel demand by allowing residents’
easier access to services and activities within walking distance, thereby promoting sustainable modes
of transport like walking and cycling [7]. Additionally, modelling the duration and sequencing of
activities provides valuable data for transportation planners and policymakers. By understanding
how much time individuals dedicate to different activities, planners can better tailor transportation
services and infrastructure to meet actual demand, leading to more efficient solutions.

Finally, ABM supports scenario analysis, enabling stakeholders to assess the potential effects of
various policies or infrastructure changes on travel behavior. This predictive capability aids decision-
making by offering a clearer understanding of how different strategies might impact travel patterns,
ultimately enhancing the effectiveness of urban and transportation planning initiatives [8,9].

1.3. Statement of the Research Problem and Objectives

Bahir Dar city is experiencing challenges in transportation and urban planning, since there is a
rapid growth in urbanization and motorization. Many of the residents transfer to the city Centre for
work and other essential activities, and this causes high traffic congestion during peak hours. In
contrast, there are fewer trips from the city Centre to Abay Mado and travel patterns are uneven.
These unbalanced trips and travel demand make systems inefficient and help to emphasize the
importance of understanding the effects of departure times on trip durations and mode choices.
Activity-Based Models (ABMs) provide a valuable framework for capturing these travel behaviors in
a comprehensive manner.

The core research problem addressed in this study is the limited understanding of how
departure times influence trip duration and mode choice. To bridge this gap, the study integrates
Activity-Based Modelling (ABM) with Machine Learning (ML) techniques to analyze travel patterns
more effectively and to capture the complex interactions between departure time, travel duration,
and mode selection.

2. Literature Review

2.1. Activity-Based Models Progress and Its Modelling Approaches in analysing travel behaviour

Travel demand modelling originally focused on trip-based four-step models as the standard
approach. Subsequently, newer models, such as tour-based and activity-based modelling, emerged
to address many of the limitations of conventional methods. The tour-based approach analyses chains
of trips that begin and end at the same location as the individual unit of analysis, while the activity-
based travel demand model views travel as a derived demand aimed at fulfilling individual
needs[10]. The activity-based methodology for analyzing travel has been in use for more than twenty
years, with its origins extending back to the pioneering research of Hagerstrand (1970) and his
colleagues [11]. The 1990s marked the beginning of significant progress and gained popularity in the
development of activity-based models of travel demand, responding to the limitations of previous
generations of models[12,13]. According to[12,14,15], there are three distinct modelling approaches
in the context of activity-based travel anavlysis. First, constraints-based models emphasize the
limitations that affect individual behavior, considering various factors that restrict choices. Second,
utility-maximizing models are centred on the principles of rational choice, focusing on how
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preferences influence decision-making. Lastly, computational process models employ algorithms to
simulate behavior, allowing for a more dynamic representation of travel patterns and interactions.
These approaches can provide valuable insights into understanding travel demand and activity
patterns. Many studies integrated econometric and rule-based modelling methods in the ABM
framework for better computational efficiency and results accuracy [14].

2.2. Activity-Based Travel Demand Model Components and Terminology

According to [8], ABM comprises four essential components that enable subsequent choices for
each individual to meet the model’s objectives. The first component involves making several long-
term decisions for each person (e.g., concerning ownership of a car, the location of school or work,
etc.). Based on these decisions, the second component identifies the main daily activity purpose for
each individual (e.g., work, leisure). Once this purpose is established, the third component generates
and schedules the tours each person undertakes that day (e.g., home-work-home) and selects the
preferred travel mode (e.g., car, train). The final component determines the individual trips that
constitute each tour, scheduling these trips throughout the day and specifying the travel mode for
each trip. While all components make decisions for each person at different levels of detail, they
generally utilize the same discrete choice model, such as the multinomial logit model.

In addition to the components of the Activity-Based Travel Demand Model, [16] discusses the
core features of ABMs despite the variations in technical details among existing systems. The first
feature is the tour-based structure, where a tour defined as a closed chain of trips starting and ending
at a base location serves as the main unit of analysis, ensuring consistency across trips by considering
dimensions like destination, mode, and time of day. The second feature is the activity-based platform,
which models travel as derived from daily activities, maintaining coherence in the typological,
spatial, and temporal dimensions of individual activity patterns. The third feature is the micro-
simulation modeling technique, which operates at a fully disaggregated level, converting
probabilistic outcomes into definitive decisions among discrete choices.

According to [3], key terminology in activity-based modeling is presented as follows. An activity
is the main business conducted at a location, including any waiting time (e.g., shopping at a shop).
Activities can be categorized based on their purpose, have their own timing, i.e., the time when the
activity occurs, and frequency, i.e., how often the activity is done within the specified time. A
destination is a specific location where an activity is taking place, and this can be characterized by
travel time and facility quality. The other key term is trip, which indicates the movement of
destinations made through a transport mode. The other is a program for an activity, a list of activities
to be performed in a day and the details of how these activities are organized in time and space. An
activity pattern is the actual activities performed and their sequence. The physical environment and
institutional environment represent the spatial layout and transport connections between locations
and rules that control time usage which affects opportunities and limitations for participation in
activities, respectively.

2.3. Machine Learning Applications in Transportation Modelling

ML is becoming a solution for everyday tasks, which include data analysis up to classification
to text recommendation, and perception [17]. This broad application of ML shows that it can also
address challenges of urban mobility. There are four types of machine learning, i.e., supervised,
unsupervised, semi-supervised, and reinforcement learning, and to boost the performance of doing
tasks, machine learning extracts patterns from data [18].

This study utilized supervised learning methods, specifically Random Forest, XGBoost, and
Multilayer perceptron (MLP).

RF is an ensemble model which uses the combination of multiple decision trees to boost the
accuracy of prediction. It is a model which is effective and widely used in pattern recognition tasks
[19].
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An XGBoost is also an ensemble learning model that uses decision trees as base learners, and it
is well-designed for efficiency and scalability. This makes the model powerful for both regression
and classification tasks.[20]

A Multilayer Perceptron (MLP) is a type of feed-forward neural network that has no cycles or
loops. It includes an input layer, one or more hidden layers, and an output layer. Through supervised
learning, MLPs transform input data into feature representations by using weighted connections
between layers, which allows for effective classification and prediction[21].

Machine Learning algorithms provide a valuable opportunity for developing advanced activity—-
travel behavior models, particularly in cases where the underlying data distribution or functional
relationships are unknown and when the primary objective is achieving high prediction accuracy
rather than model interpretability[18]

2.4. Related Work, Novelty, and Research Gap

Several studies have utilized Activity-Based Models (ABMs) to analyze travel behavior in
various urban contexts. Let us take a look at these studies one by one.

A study explicitly models the interactions between individuals participating in the same
activities and temporal and physical constraints with an ABM framework [22]. They applied their
model to the Naples metropolitan area, and they found a good balance between accuracy and
operational feasibility. From these, we can understand that ABMs can provide more realistic
origin/destination matrices and elasticity to network changes that can enhance transportation policy
analysis. Building on this disaggregate approach, [23] presented a discrete choice activity schedule
model system that can be specified and estimated from available data. The model can clearly
represent tours and their interrelationships by capturing the interactions between an individual’s
decisions throughout a 24-hour day. This helps to improve travel forecasts by capturing activity-
based policy responses. Others also further explored the theoretical underpinning of ABMs than the
practical applications. [11] Demonstrated the potential of network-based formulations from
operations research to advance the general development of the ABM approach. Their mathematical
programming formulation provides an analytical framework that unifies the complex interactions
among the resource allocation decisions made by households, while preserving the utility-
maximizing principles presumed to guide such decisions. Furthermore, they demonstrated that
ABMs and traditional trip-based modeling methodologies are directly related, highlighting a
connection between the two approaches. In a practical application of ABMs, [10] developed a single
activity tour generation model and mode choice model. They identified the most important variables,
i.e, age, income, license, distance, vehicle ownership, time of day, and cost of travel, using
multimodal logit. These models can be used to predict activity patterns and mode preferences,
serving as a platform for long-term transportation and land use planning.[18] Reviewed the activity-
travel behaviour literature that employs Machine Learning (ML) techniques for empirical analysis
and modelling. The study was focused on identifying trends in activity-travel behaviour research
that apply machine learning, and they found that decision trees are a widely applied and the most
versatile method, especially in the ALBATROSS MODEL. They also stated that, although no model
is best at every condition, the ensemble models RF and XGBoost provided better prediction accuracy.
Although machine learning offers promising opportunities for transportation analysis, its broader
application is hindered by challenges such as limited collaboration between ML specialists and
transportation planners, ambiguous problem definitions, and the scarcity of open-access datasets[24].

The novelty of this research lies in expanding the ABM framework by taking departure times as
the basic factors affecting both trip duration and mode choice. Most previous studies on ABM focused
on socio-demographic and spatial variables, but temporal variables, like departure time, travel
duration, and mode choice, are not considered. This study also integrated ABM and machine learning
models to capture the complex, non-linear relationships between departure time, travel duration, and
mode choice.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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This methodological advancement not only boosts predictive accuracy but also offers deeper
insights into the temporal dynamics of travel behavior, thereby improving ABMs’ ability to reflect
real-world travel decisions.

This study also contributes to a deep understanding of travel behavior, focusing on unique travel
dynamics, especially the imbalanced distribution of foot traffic and transportation demand in Bahir
Dar city throughout the day. Such understanding is critical for developing effective urban planning
and transportation strategies that can accommodate the growing population while ensuring a
balanced approach to urban development. By identifying how departure times shape travel behavior,
transportation systems can be designed to reduce congestion, improve accessibility, and enhance the
overall efficiency of urban mobility. So, this study provides valuable and context-specific insights
into Bahir Dar city to fill the gaps in the literature.

3. Study Area and Methodology

3.1. Study Area

Bahir Dar has been undergoing rapid demographic expansion and accelerated spatial growth
[25], is experiencing substantial challenges due to rapid urbanization and motorization. The
concentration of public institutions, marketplaces, hospitals, leisure facilities, and spiritual sites, are
concentrated in the central areas of Giorgis and Gebiya, and this creates an increased travel demand
to the city centre. This has created a distinct imbalance in travel flows between the core and peripheral
areas.

The Atse Tewodros District (commonly known as Abay Mado, outlined in the figure below with
a red dotted boundary) consists of five kebeles and has a population of approximately 47,000
residents. It is one of the peripheral districts of the city. The Gabiya/City Center, outlined with a
yellow dotted boundary in the figure, serves as the primary destination area for residents of Abay
Mado. In the morning, most of the trips are from Abay Mado to the city centre, and there are a few
trips from the city centre to Abay Mado. During Midday, the travel becomes balanced on both sides,
since differences in demand remain evident. By evening, the flow is largely reversed, with significant
return trips to Abay Mado and limited movement toward the city center.

This imbalance, which is visible in spatial and temporal distributions, shows that there is an
urgent need to targeted interventions in urban planning and transportation management.
Addressing these problems is key to ensuring efficiency, accessibility, and equity in the city’s
transport system. Considering this problem, this study investigates travel behaviour in Bahir Dar
using ABM and advanced machine learning models. It mainly focuses on the role of departure time
in determining trip durations and mode choices.
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legend

Bahir Dar City Study Area Territory
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Major Arterial Road

Figure 1. Study area (Bahir Dar City).

3.2. Methodology

In this study, as outlined in the methodological framework, we integrated ABM with machine
learning techniques to provide a broad understanding of travel behaviour. The ABM approach
analyses trips and their related activities and captures the full spectrum of daily activity-travel
patterns. This helps to analyse departure times, trip chaining, travel durations, and mode choices that
occur within 24 hours. Primary data ie. household survey data, was collected, considering
information on travel patterns, socio-economic characteristics, and activity schedules. As a
complement for the data, secondary data was collected from Bahir Dar city municipality, and
demographic statistics and census information were gained from there. Including the city centre and
Abay Mado, the study area was divided into 18 Traffic Analysis Zones (TAZ). The analytical
procedure contains population synthesis, ABM, and machine learning analysis. Each of them are
discussed in the sections below.

3.2.1. Population Synthesis

To generate a synthetic population, we used an open-source platform, PopulationSim. To ensure
representativeness, the sample data collected through the survey were expanded using marginal
distributions from census data. This synthesized population was then used as the foundation for
ABM simulation.

3.2.2. Activity-Based Modeling

PTV VISUM software was used to simulate travel demand and activity-travel interactions as
well try to generate activities, tours and trips. This platform supports large-scale network analysis
and integrates ABM principles with advanced traffic assignment algorithms.

3.2.3. Machine Learning Analysis

To enhance predictive accuracy and uncover hidden behavioural patterns, machine learning
models were applied using Python (Pandas, Scikit-learn, and TensorFlow libraries) within the
Jupyter Notebook environment. Specifically, Random Forest, Extreme Gradient Boosting
(XGBoost), and Multilayer Perceptron (MLP) models were implemented to predict trip durations
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and analyze peak-hour dynamics. These models enabled identification of key factors affecting travel
times and improved understanding of the temporal patterns in travel behavior.

Data Collection
(Household, Person, Trips)

‘ Data Pre-processing ‘

(Data clearing)

v

Population Synthesis
(Generating representative houschold and person profiles)

¥

Activity-Based Modelling (ABM),
Deriving trip characteristics:

% Departure time

» Trip duration

» Mode choice

¥

Machine Learning Modelling

Predictive modelling using:
» Random Forest (RF)
» Extreme Gradient Boosting (XGBoost)
» Multilayer Perceptron (MLP)

Figure 2. Methodological framework.

3.3. Machine Learning Parameter Settings

The three ML models, i.e., RF, XGBoost, and MLP, were applied to model trip durations. These
models were trained with different hyperparameters for balancing accuracy and computational
efficiency. RF was trained with 300 estimators, XGBoost similarly with 300 estimators, with a
maximum depth of 5 and a learning rate of 0.1. The MLP was designed with two hidden layers (64
and 32 neurons) and with a maximum of 1000 iterations.

The conceptual workflow of each model is illustrated in Figures 3-5.

Random Forest Architecture (300 Trees)

Treel Tree2 Tree3 Treed ... [Tree300

Figure 3. Random forest architecture .
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XGBoost Architecture (300 Trees)

Figure 4. XGBoost architecture.

Multilayer Perceptron (MLP): Architectural Diagram

Hidden Layer 1 (64)
Activation: RelU

Hidden Layer 2 (32)
Activation: RelU

U,

Input Layer
({DepHour, Mode_Code)

S
,

A

Output Layer (1)
Target: Duration (min)

Model Parameters:
* hidden_layer_sizes = (64, 32)
* activation = RelU
* max_iter = 1000

* Qutput: Duration (minutes)

XXX

/

Figure 5. Multilayer Perceptron (MLP) architectural diagram.

4. Data Analysis

In this section, try to present data found from Primary data that obtained from household
surveys, focusing on individual-level information, including travel and socio-economic data, using a
questionnaire.

Table 1. Number of persons, households, car ownership, trips and before and after population synthesis.

Before Population Synthesis After Population Synthesis

Number of Households 1,014 14,457
Number of Persons 2,756 35,110
Number of Cars 268 3,934

Total activity executions 8,757 147,351

5. Model Results and Discussions

This section mainly covers the results and discussion on how departure times affect trip duration
and mode choice. It examines and models the relationship between these factors using machine
learning techniques, employing activity-based models (ABMs) with Visum software, following the
population synthesis conducted with PopulationSim software. The analysis produced a total of
147,351 activity executions, 56,121 tours, and 112,429 trips.
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5.1. Activity Profiles

The figure displayed below shows activity profiles generated from Visum software, illustrating
the chronological sequence of various activities throughout the day. Individual activities are depicted
on a time axis, with overlapping activities represented one above the other. This format allows the y-
axis to indicate the number of simultaneous activities at any given time, as shown in the figure below.

In August 2023, the Ethiopian government declared a state of emergency in the Amhara region,
including Bahir Dar, placing it under a military command post. This situation has significantly
impacted the execution of activities and travel patterns in the city. Due to concerns related to safety
and security, trips between 0:00-5:00 AM and 9:00 PM-11:59 PM are nearly non-existent. The data
clearly reflect these patterns, with the majority of activity occurring during daytime hours.

[aL i
30000 . .
K . )
' W (20897)
20000 6 S (5039)
. L (1020)
. B H(0)
10000 : B (5135
0 . %D % % % o o . b B, 0 © %,
% % P P P P P P P Y % v %

Figure 5. Activity profiles for various activities.

The vertical dotted line at 10:00 in the diagram serves as a reference point to highlight the
distribution of activities occurring at that specific time. At 10:00, approximately 20,897 work activities
(W) are shown in orange, 5,039 shopping activities (S) in yellow, 1,020 leisure activities (L) in green,
and 5,135 educational activities (E) in blue. Home activities (H) are recorded as zero and are
represented in light blue.

The diagram depicts the distribution of activities over 24 hours, divided into specific time
intervals. There is almost no activity during the early morning, since it is resting time and due to
restrictions imposed by the state of emergency. The morning peak, i.e., 06:30-08:30, shows a sharp
rise due to work and educational activities. Around midday, i.e., 11:30-13:30, it shows an increase in
shopping and leisure activities, since it is lunch and rest time. The afternoon time, i.e., 13:30-16:00,
again is dominated by work, and school activities decline gradually. At 16:00-17:00, there is a visible
transition to leisure, since this time is when individuals finish their work and school activities and
return home. At the start of the evening, i.e., 17:00-20:00, although there are declines, leisure activities
still remain, and some shopping occurs. With the last period, i.e., 20:00-24:00, all activities stop since
it is night or rest time, and this is also due to restrictions by the command post.

From the figure, we can conclude that work and educational activities take up the most time of
the day. Following these two, leisure and shopping take the next level, which mostly peak at midday
and afternoon hours. Home activities mainly occur at the morning and evening. This structured
pattern demonstrates how societal routines and contextual factors, such as security restrictions, shape
the rhythm of daily activity execution.

5.2. Distribution of Activity Execution by Type, Comparing at Abay Mado and Toward City Centre

Figure 6 shows the distribution of different types of activities carried out at Abay Mado and
Gabiya. The activity categories are presented on the x-axis, while their frequencies are displayed on
the y-axis. The percentages above the bars provide a quick comparison of the share of each activity
between the two locations. The results highlight distinct differences between the areas. Work-related
activities (W) are overwhelmingly concentrated in Gabiya, reflecting its role as the primary
employment hub. Shopping (S) is also more common in Gabiya, underlining its importance as a
commercial center. Abay Mado, on the other hand, stands out for education-related activities (E),
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accounting for nearly three-quarters of the total, and also hosts the majority of leisure (L) activities.
Leisure is the least frequent activity overall, but Abay Mado records a larger share compared to
Gabiya. Generally, the results show that Gabiya is mostly shaped by economic activities and Abay
Mado is more strongly connected to education and community life.

Activity Execution at Abay Mado vs Gabiya
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Figure 6. Distribution of activity execution by type, comparing at Abay Mado and towards City Centre.

5.3. Distribution of Trip Durations

The histogram and kernel density estimation plot of trip durations is illustrated in Figure 7. It
shows that with peaks around 2.5 to 7.5 minutes, most trips are relatively short. After 10 minutes, the
frequency of trips decreases sharply, which indicates that longer trips are not frequent. Minibus trips
extend up to 20 minutes while serving medium-length trips, whereas walking, auto-rickshaw, and
car trips peak within 3-8 minutes. Bus trips dominate the longer durations, reaching 40-50 minutes,
but their wide variability indicates reliability issues.

Distribution of Trip Durations by Mode
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Figure 7. Distribution of trip durations by mode.
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5.4. Proportion of Trips Across Different Modes

The proportion of trips across different modes is illustrated in Figure 8 below. The result shows
and it shows minibuses take a higher proportion of urban mobility, especially during peak hours, i.e.,
around 8AM, 12 PM, 1 PM, 2PM and 5 PM. Auto-rickshaws also take a larger proportion of trips
during these times. However, buses, cars, and walking show fewer frequent trips when compared
with the two. From these, we can conclude that during the periods with high travel demand,
minibuses and slightly auto-rickshaws play a crucial role in meeting short to medium distance
mobility needs.

Trips by Departure Hour (Rounded) and Transport Mode
(Bars = gpunt. Labels = Percent)
~

[=]
-~

10000

7.6%
1iii:
Eozexphs

8000 1

6000 1

Trip Count

2000 4

Departure Hour

Figure 8. proportion of trips across different modes.

5.5. Actual Trip Duration vs. Departure Time by Mode

The relationship between departure time and trip duration is shown in Figure 9 below, and each
point is coloured by transport mode. At the top of the figure, there are density plots to show the time
when most trips take place, and this makes it easy to identify peak travel periods. The overall
visualization clearly shows the time when trips are most common, and how long they will likely last
depending on the mode of transport. This can also highlight that all modes may not respond to traffic
similarly. At the peak travel hours, i.e.,, 8 AM, 12 PM, 1 PM, and 5 PM, buses and minibuses display
the widest variation in travel times. This can show that the modes become more vulnerable to delays
by the effects of congestion, high passenger demand, and frequent stops. When we see the cars and
auto-rickshaws, they can show more reliable travel times, since they have narrower spreads in trip
durations across the day. On the other hand, walking trips remain fixed every time without being
affected by traffic conditions. Generally, from the result, we can conclude that buses and minibuses
are heavily burdened with peak-hour pressures, and private and non-motorized modes stay in a
more stable state throughout the day.
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Figure 9. Relationship between departure time and trip duration, by modes.

5.6. Model Performance on Trip Duration Prediction

Figure 10, 11, and 12 show trip duration predictions by departure time for RF, XGBoost, and
MLP, respectively. All models capture the daily travel rhythm with clearly visible peaks around 8
AM, 12 PM, 1 PM, and 5 PM. The RF model can align the observed trends with the peaks and troughs
in trip duration, since it closely replicates the observed trends. Although the XGBoost model shows
greater fluctuations, it can similarly show similar patterns with RF. The third model, MLP, has
relatively higher variability, and it often deviates from the observed patterns. This is highly visible,
especially at the time of longer trips, around 1:00 PM and 5:00 PM peaks. From the results, we can
clearly understand that decision tree-based ensemble models (RF and XGBoost) can represent time-
dependent trip durations more stably and accurately than the neural network approach.
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Figure 10. Actual vs. predicted trip duration using random forest.
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Figure 11. Actual vs. predicted trip duration using XGBoost.

Actual vs Predicted Trip Duration - MLP

.
i
i i
fod & Sl

Trip Duration (min)

oo T3

Departure Time (hour.fraction)

Figure 12. Actual vs. predicted using MLP.

5.7. Model Validation (Actual vs Predicted Trip Duration)

The figure below presents the comparison between actual and predicted trip durations for
Random Forest, XGBoost, and MLP models. The result of the RF model shows the best performance
compared with other models, and it has R?2=0.769 and RMSE = 3.78. Next to RF, the XGBoost model
is the other model with better performance results, i.e., R? = 0.756, RMSE = 3.89 and the last model,
MLP, has a lower performance than the other models, i.e., R? = 0.642, RMSE = 4.71. In both Random
Forest and XGBoost, predictions cluster closely around the 45° diagonal line, confirming high
predictive reliability, particularly for short and medium trips. Across all models, higher variability is
observed in bus and minibus trips, whereas car, walking, and auto-rickshaw trips remain relatively
consistent and predictable.
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6. Conclusions

This study demonstrates that departure time plays a pivotal role in influencing both trip
duration and mode choice in Bahir Dar City. Activity-based modeling revealed strong spatial and
temporal variations in travel demand, with the city centre acting as the dominant attractor for work-
related activities, resulting in pronounced morning, midday and evening peak periods. From the trip
duration analysis, the buses and minibuses are highly sensitive to congestion and peak-hour demand.
This leads to higher variability in time or lower reliability, but cars, auto-rickshaws, and walking
maintain more consistent travel times. In addition, in accommodating daily mobility needs, mode
share analysis shows that minibuses are dominant by getting supported by auto-rickshaws.

Machine learning models reinforced these findings, with Random Forest emerging as the most
reliable predictor of trip durations across departure times, outperforming XGBoost and MLP. The
prediction result of RF is highly related to the observed data, and this shows the importance of
ensemble methods for modelling complex urban travel behaviors.

Generally, the results in the study highlighted new evidence on the interactions between
departure time, mode choice, and trip duration, and provided actionable insights for policymakers
and urban planners. Enhancing the efficiency of minibuses and buses during peak hours, diversifying
modal options, and implementing demand management strategies could significantly reduce
congestion and improve mobility reliability. This study also highlights the need for future work that
explores the influence of land use on travel behavior, to address the uneven distribution of demand,
improve travel time reliability, and enhance the predictive accuracy of urban mobility models.
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