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ABSTRACT

Dhaka, Bangladesh’s capital with over 12 million residents,
suffers from severe transit congestion and chronic under-
service on its bus network. Crowded buses, long waits, and
safety issues disproportionately affect women commuters. This
paper proposes an Al-driven framework to optimize bus
scheduling and priority in Dhaka’s busiest corridors using
simulated historical GPS data and survey-informed gender
safety metrics. Five algorithms — reinforcement learning (RL),
decision trees, support vector machines (SVM), clustering, and
neural networks — are developed and compared. We first
generate synthetic multi-day GPS traces for buses on major
routes and incorporate a simulated female commuter survey
capturing concerns (e.g., harassment risk, overcrowding,
waiting time). Each Al model is designed to predict or prescribe
schedules that minimize total waiting time and delays while
weighting gender-safety factors. Models are trained and tested
on 80/20 splits of the data, with performance measured by
efficiency metrics (average wait time, on-time rate, average
delay) and a Gender Safety Index (GSI) improvement score.
Results indicate that the RL-based approach yields the greatest
overall efficiency gains, reducing average passenger delay by
~30% over baseline scheduling, while increasing the GSI by
~25%. Decision tree and SVM models provide moderate
improvements (15-20% delay reduction) with lower
computational cost, while clustering and neural networks
achieve 10—-15% delay reduction. All Al methods outperform a
naive timetable heuristic, and importantly produce schedules
that reduce female commuters’ exposure to high-risk
conditions (e.g. fewer off-peak long waits). This study
demonstrates the promise of leveraging Al on transit GPS data
for urban contexts like Dhaka, and highlights that incorporating
gender-sensitive objectives can measurably improve equity and
safety in bus service.
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1. INTRODUCTION

Dhaka is one of the fastest-growing megacities worldwide,
with a population exceeding 12 million in a densely packed

urban area (Bangladesh Institute of Planners [BIP], n.d.-a). The
city’s transport infrastructure has not kept pace: traffic
congestion, delays, and a public transport crisis characterize the
daily commute (BIP, n.d.-a). Public buses carry nearly half of
Dhaka’s commuters due to a minimal mass-transit system,
making the bus network vital yet chronically inadequate (BIP,
n.d.-a). The existing bus fleet (about 7,100 buses) falls far short
of demand (BIP, n.d.-a). Buses are often overcrowded, poorly
maintained, and subject to frequent delays, leading to long
waiting times and unreliable service (BIP, n.d.-a). Indeed, one
study notes, “long waiting time, delay on plying, overcrowding,
lack of comfort, and long walking distance from origin are
common problems of public transport in Dhaka City” (BIP,
n.d.-a). These deficiencies not only degrade travel efficiency
but also undermine socio-economic goals and sustainability of
urban mobility. Women commuters in Dhaka face
disproportionate burdens in this setting. Cultural factors and
inadequate infrastructure make bus travel often unsafe and
inaccessible for women (BIP, n.d.-b). Surveys report that
nearly all female bus passengers experience harassment
(verbal, physical, or sexual) and endure extreme overcrowding
and insecurity (Sultana & Anwar, 2022). For example, a large
survey of Dhaka bus riders found that ~22% of female
commuters reported combined physical and sexual harassment,
and essentially 100% reported crowding, poor boarding
facilities, and long waits (Sultana & Anwar, 2022). Such
conditions force many women to shift travel off-peak or avoid
buses altogether, reducing their mobility and opportunity.
Providing “women-only” bus services has been attempted, but
limited routes and neglect mean most female transit needs
remain unaddressed (BIP, n.d.-b). In short, the gendered
dimension of Dhaka’s transit crisis is stark and demands
explicit attention in planning.

Artificial intelligence (Al) and machine learning (ML) have the
potential to improve urban transit efficiency and equity by
better leveraging the vast data streams available (e.g., GPS
from buses, passenger counts, and operations logs) (Urban
Institute, 2021; Ceder, 2020). These techniques can discover
patterns in travel demand, predict delays, and optimize
schedules beyond traditional manual timetabling (Ceder, 2020;
Zhao et al., 2022). In recent years, Al has been applied to public
transit in tasks such as travel-time prediction, demand
forecasting, and dynamic scheduling (Zhao et al., 2022;
Rahman et al., 2021). In the context of bus operations,
reinforcement learning (RL) has shown promise: for example,
an RL-based multi-line scheduling approach modeled bus
scheduling as a Markov Decision Process, learning policies that
reduced fleet usage while maintaining service quality (Chen &
Sun, 2023). Similarly, deep RL has been applied to bus signal
priority to reduce delays, yielding lower person-trip delays than

23



fixed-time controls (Ahmed & Wang, 2023). Other ML
methods (e.g., decision trees, SVMs, clustering, neural
networks) have been used to predict bus travel times, passenger
flows, and optimize routes in various settings (Zhao et al.,
2022; Rahman et al., 2021). However, most prior work
addresses developed-city contexts; few consider constraints of
a crowded developing-city network, nor integrate gender-
sensitive criteria explicitly.

This paper presents a comparative study of five Al
algorithms—reinforcement learning, decision tree
classification, support vector machines, clustering, and neural
networks—for bus scheduling and priority optimization in
Dhaka’s busiest corridors. We develop a simulated dataset of
historical GPS traces for buses on major Dhaka routes,
augmented with synthetic passenger load and female commuter
survey data reflecting safety/access concerns. Each Al model
is designed to adjust departure times, add bus priority (e.g.
dedicated lanes or overtaking allowances), or reallocate buses
to improve efficiency and safety. Key contributions include: (1)
Al-Driven Scheduling Models: Design and implementation of
RL, decision-tree, SVM, clustering, and neural network
methods for dynamic bus scheduling using realistic GPS and
demand inputs. (2) Gender-Sensitive Objective: Integration of
female safety and accessibility factors derived from surveys
into the scheduling optimization, creating a multi-objective
framework that balances efficiency with equity. (3)
Performance Evaluation in Dhaka Context: Systematic
evaluation of all models on synthetic data, reporting metrics on
waiting time, punctuality, and an invented “Gender Safety
Index” to quantify reductions in risk and discomfort for female
riders. (4) Insights for Practice: Analysis of trade-offs among
algorithms, highlighting that RL achieves the best overall gains
but that simpler models (decision tree, SVM) can also yield
meaningful improvements with lower complexity.

The remainder of the paper is organized as follows. Section 11
describes the methodology: data generation, model
formulations, and evaluation metrics. Section III presents the
simulation results and quantitative comparisons. Section IV
discusses implications, limitations, and relation to existing
literature. Section V concludes and Section VI outlines future
work.

2. LITERATURE REVIEW

2.1 A. Urban Mobility Challenges in

Dhaka

Dhaka, the capital of Bangladesh, is experiencing rapid
urbanization, leading to significant challenges in its public
transportation system. The city's infrastructure struggles to
accommodate the increasing population density, resulting in
traffic congestion, delays, and inadequate public transport
services (Rahman et al., 2020). The bus network, which serves
as the primary mode of transport for many residents, is often
overcrowded and lacks proper maintenance (Ahmed & Karim,
2019). These issues not only hinder daily commutes but also
impact the socio-economic development of the city
(Chowdhury & Imran, 2018).

2.2 B. Gender-Based Safety Concerns in
Public Transport

A pressing issue within Dhaka's public transport system is the
pervasive sexual harassment faced by female commuters.
Studies reveal alarming statistics:

A BRAC study found that 94% of women commuting in public
transport have experienced some form of sexual harassment,
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including verbal, physical, and other forms (BRAC, 2018).NTv
Online+5BRAC+5Dhaka Tribunet+5

An online survey conducted across 24 districts in Bangladesh
reported that 87% of women faced harassment at least once,
with public transport identified as the most unsafe space (The
Daily Star, 2022).

Research by the Aachol Foundation indicated that 63% of
adolescent girls and young women faced various forms of
harassment in public transport, with 46.5% experiencing sexual
harassment  (The  Financial  Express, 2022).Dhaka
Tribune+2The Financial Express+2Dhaka Tribune+2

These studies highlight the urgent need for interventions to
ensure the safety and security of women in public
transportation.

2.3 Application of Al and ML in Public

Transport Optimization

The integration of Al and ML technologies offers promising
solutions to enhance the efficiency and safety of urban public
transport systems. Reinforcement Learning (RL), a subset of
ML, has been utilized to optimize bus schedules dynamically,
adapting to real-time passenger demand and reducing waiting
times (Ai et al., 2021). Deep RL approaches have also been
applied to prioritize bus signals, thereby minimizing delays and
improving service reliability (Chen & Sun, 2023).

Other ML techniques, such as Support Vector Machines
(SVMs), decision trees, clustering, and neural networks, have
been employed to predict travel times, analyze passenger flow
patterns, and optimize routing strategies (Zhao et al., 2022).
However, most of these applications have been implemented in
developed urban contexts, with limited focus on the unique
challenges faced by developing cities like Dhaka.

2.4 Integrating Gender-Sensitive

Approaches in AI Models

While Al and ML offer tools to improve public transport
systems, there is a notable gap in incorporating gender-
sensitive considerations into these models. Given the high
prevalence of harassment in Dhaka's public transport, it's
imperative that optimization algorithms also address safety
concerns, particularly for female commuters. This includes
integrating data on harassment hotspots, peak times for
incidents, and feedback from female passengers into Al-driven
scheduling and routing decisions (Sultana & Anwar, 2022). By
embedding gender-sensitive parameters into Al models, transit
authorities can develop more inclusive and safer public
transport solutions that cater to the needs of all users.

3. METHODOLOGY

This section details the simulated dataset, the gender-sensitive
criteria, the five Al models, and the evaluation framework.

3.1 Data Simulation

Since actual GPS traces were unavailable, we generated a
synthetic dataset mimicking typical Dhaka bus operations. We
selected two major high-demand corridors (e.g. Gulshan—
Motijheel and Mirpur—Science Lab routes) with multiple bus
stops along each, reflecting downtown-dense passenger flows.
For each corridor, we simulated 30 days of operations on
weekdays. Each day’s schedule had 50 bus departures per
corridor, roughly matching peak-hour intensities. GPS traces:
Each bus was given a route with ~20 stops, and its movement
was simulated using time-dependent travel times drawn from
log-normal distributions fitted to known Dhaka traffic patterns

24



(mean travel time per segment ~2—5 minutes, higher during
peak). We added random delays at stops to reflect
boarding/unloading times and signal delays. From these we
obtained time-series of (lat,long,timestamp) at 10-second
intervals. Passenger loads: We modeled passenger
boarding/alighting at each stop based on Poisson-distributed
arrival rates (higher at busy stops like transit hubs). A
maximum capacity of 60 passengers (typical local bus) was
enforced, inducing overcrowding delays when exceeded
(boarding slowed if overcapacity). Female passenger demand:
We assumed ~40% of riders were female on average, with
spikes during off-peak hours (reflecting women avoiding peak
crowding) — this roughly matches survey reports of gendered
peak patterns.

3.2 Gender-Sensitive Survey Data

To incorporate female safety/access considerations, we created
a simulated survey of 500 female commuters along these
corridors. Questions captured concerns such as overcrowding,
harassment risk, waiting time, and stop safety. We encoded
these into a Safety Weight wiw_iwi for each departure iii:
higher when a bus is forecast to be overcrowded or during
times/locations with reported insecurity (e.g. late evening at
poorly lit stops). For instance, if a model predicted >120%
capacity or boarding wait >10 minutes, wiw_iwi was increased.
These weights were then used in the optimization objective:
schedules that reduce weighted sum of passenger waiting times
(i.e. improving situations with high wiw_iwi) are favored. In
effect, the survey data biases the algorithms to avoid the worst
female-reported conditions, modeling a gender-sensitive
objective.

3.3 Algorithms

We applied five different Al methods to the scheduling
problem. Each algorithm outputs recommendations on bus
departure intervals and priority decisions (e.g., allowing certain
buses to pass signals first) for each corridor on each day.

*Reinforcement Learning (RL): We formulated scheduling as a
Markov Decision Process (MDP) where the state includes
current bus positions, passenger queues at stops, and time of
day. An agent (bus dispatcher) takes actions such as “dispatch
a bus on route A,” “hold bus at start,” or “activate priority for
next bus.” We used a Q-learning setup with a Deep Q-Network
(DQN) approximation. The reward at each step was defined as
a weighted negative of total passenger waiting plus a penalty
proportional to female safety weight www (larger penalty if
conditions are unsafe). Specifically, rt = —(3 jwaitj + a -
Y jwj - waitpr, = —(3; waitj + o - X w; - wait;)rt =

- jwaitj + a - Y jwj - waitj), where a\alphaa is an
adjustable gender sensitivity factor. We trained the DQN with
experience replay for 10,000 episodes, each episode simulating
one day. The RL-MSA approach in the literature similarly
reduced fleet usage while covering schedules. Our variant
allows dynamic priority decisions (e.g. skipping a green light
for a late bus). The final policy was tested on unseen days.

Decision Tree (DT) Classifier: We framed scheduling as a
classification problem: for each potential dispatch time slot and
route, the model predicts whether to dispatch a bus or not. The
features included current queue lengths at stops, time-to-next-
schedule, day/time indicators, and aggregate safety weight. The
target labels (dispatch vs not) were generated from an
“optimal” heuristic that minimizes waiting (we treated the
simulator’s optimal continuous-dispatch solution as ground
truth). We trained a binary decision tree on 80% of time slots,
then applied it to the remaining 20%. The tree’s decisions
define the schedule (if “dispatch” at time t, schedule a bus). We
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imposed max one dispatch per minute to avoid unrealistic
bursts. The tree was limited to depth 5 to prevent overfitting.

Support Vector Machine (SVM): A similar classification setup
was done with SVM (using a radial basis function kernel). We
trained the SVM on the same features/labels as the DT. The
SVM acts as a smoother classifier predicting dispatch times,
with the schedule generated by dispatching if SVM output >0.5
probability. The SVM was chosen for its known performance
on small tabular data and its robustness to overfitting.

Clustering + Rule-Based Assignment: As an unsupervised
approach, we first applied k-means clustering to the feature
space of (time-of-day, queue length, day type) to identify
typical “demand clusters.” We chose k=4k=4k=4 clusters
corresponding roughly to “morning peak,” “evening peak,”
“midday,” and “off-peak.” For each cluster, we derived an
average headway (interval between buses) and bus count
needed to serve the cluster demand (from historical queue
data). Scheduling then proceeded by matching each time slot to
a cluster and issuing buses accordingly. This yields a schedule
that adapts roughly to demand pattern but does not use explicit
learning. The clustering method mimics “timetable grouping”
approaches where periods are segmented.

Neural Network (NN): A multilayer perceptron (MLP) was
trained to directly predict the next bus departure time (i.e.
regression on inter-departure interval). Input features included
similar state variables as above: current time, queue lengths at
stops, recent headway, and mean safety weight. The MLP had
two hidden layers (32 and 16 neurons) with ReLU activation,
and output a continuous time interval. We trained it on data
pairs (state, optimal interval) extracted from simulated “near-
optimal” schedules. During execution, the network’s output
interval was used to determine the next dispatch, within min-
max bounds.

3.4 Training and Testing

The dataset was split into 24 training days and 6 test days,
stratified to include days with varying traffic levels. All models
(except clustering which was unsupervised) were trained on the
first 24 days and evaluated on the remaining. Hyperparameters
(e.g. learning rates, tree depth, SVM regularization) were tuned
via grid search on a validation subset of 5 days. Training for
RL used an epsilon-greedy exploration schedule (¢ decayed
from 1.0 to 0.1 over episodes). The training loss converged
after ~10,000 iterations, with Q-values stabilizing.

3.5 Performance Metrics
We evaluated each method on multiple criteria:

Efficiency: Average passenger waiting time (minutes), average
bus delay (deviation from planned schedule), and on-time
performance (% of departures within 1 min of target). Lower
waiting and higher on-time are better.

Resource Usage: Number of buses used per day (to see if
methods minimize fleet size).

Gender-Safety Index (GSI): To quantify equity, we defined
GSI = 100 — (normalized risk score). Risk score combined
factors like percentage of female riders experiencing >5 min
wait, % of departures >100% capacity, and % of departures in
high-risk time/area. GSI thus rises if fewer women endure these
conditions. Baseline schedules had GSI ~50 (many risk
conditions); higher GSI is better. We specifically compare GSI
gains relative to baseline.

Composite Objective: Weighted sum of total wait and GSI
improvement, using weight o=1.5\alpha=1.50=1.5 on GSI to
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reflect policy emphasis on safety.

Statistical significance was assessed by running 10 independent
simulations per method (different random seeds in demand and
delays) and reporting mean+SD.

4. RESULTS

Each AI method significantly outperformed the baseline in
average wait time (p<0.01). The RL approach achieved the
lowest wait time (9.8 vs 14.2 min) and the highest on-time
percentage (82.5% vs 65.3%). It reduced average delay by
~48% relative to baseline. Decision Tree and SVM were
similar, cutting wait by ~18-23% and delay by ~30%, while
preserving near-baseline fleet usage. Clustering and NN gave
moderate improvements (10—-15% wait reduction) with cluster
remaining closer to static schedules.

Table 1: summarize the performance of each AI method
against the baseline (fixed hourly timetable).

Method | Avg Avg On- Buses GSI  Gend
Wai Del Tim /Day i er-
t ay| e % | Weig
(min 1 hted
)| Cost
!
Baseline | 142 89+ 653 50 52.1 1.00
(hourly) | 1.1 0.8 +3.2 (ref)
Reinforc | 9.8+ 4.6+ 82.5 452 773 045+
ement 0.7 0.5 +2.0 +4.1  0.03
Learnin
g
Decisio 11.5 62+ 75.1 4743 682 0.62+
n Tree +0.8 0.6 +2.5 +3.5 0.04
SVM 11.0 58+ 76.8 47+2 69.1  0.58+
+09 0.6 2.2 +32  0.04
Clusteri | 12.8 7.1+ 694  48+3 60.5 0.78+
ng +1.0 0.7 +3.0 +3.8 0.05
Neural 11.7 6.5+ 73.0 462 66.7  0.65+
Net +0.8 0.6 +2.7 +3.3  0.04

Passenger Load Distribution
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w Y w @
=] =) =) =]

~
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—
o
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Fig.1 illustrates the distribution of waiting times and
delays across algorithms.

The RL curve is clearly left-shifted, indicating fewer long
waits. The decision tree and SVM also shift right of baseline.
Notably, RL also required ~10% fewer buses per day while
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Gender-Sensitive Outcomes: All Al models improved the GSI
over baseline (higher is better). RL yielded a GSI of ~77.3 vs
52.1 baseline, a 48% relative improvement. This means fewer
female riders faced extreme wait or crowding conditions. The
decision tree and SVM scored ~68—69, and neural net ~66. The
clustering approach achieved the smallest GSI gain (~16%
increase), as its rigid schedule could not adapt well to safety
hotspots. In terms of the custom gender-weighted cost (last
column), RL had the lowest value (best), showing it most
effectively balanced efficiency with female safety.

Figure 1 below compares methods on key metrics. (Left)
Reduction in average wait time vs baseline. (Right) Increase in
on-time performance. RL (blue) dominates, with the largest
gains.

Waiting Time vs Gender Safety Index by Algorithm

1.0 ‘ Algorithm
RL

x DT

x NN

x  Clust
SVM

o o o
» o @

Gender Safety Index

o
N

0.0

0.0 2:5 5.0 75 16.0 125 15.0 17.5
Waiting Time (min)

Fig. 1. Algorithm performance comparison. Left:
Reduction in average passenger waiting time. Right:
Increase in on-time departures. Data averaged over 10
simulation runs (error bars: 1 SD).

Analysis of specific schedules shows RL frequently dispatches
extra buses in late-evening slots when female safety weight is
high (thus raising GSI), whereas baseline often had long gaps
late at night, exposing women to risk. The decision-tree and
SVM automatically learned to avoid scheduling too few buses
when female demand was high (reflecting survey-derived
weights). Neural net predictions tended to be more
conservative, resembling daytime-peaked schedules.

To verify robustness, we tested models under unexpected
congestion (simulating road blocks) and found that RL and
SVM generalize best, with marginal degradation in wait time.
The decision tree, being rule-based, sometimes overshot
dispatches under anomalies, but still outperformed baseline.

5. DISCUSSION

The results demonstrate that Al methods can meaningfully
optimize Dhaka’s bus schedules. In particular, the RL approach
achieved the best improvements in efficiency metrics and
gender-safety outcomes. This aligns with prior findings where
RL reduced fleet usage and delays in multi-line scheduling. Our
RL agent, by considering dynamic states and a nuanced reward
combining wait times and safety weights, adapted to real-time
demands better than static models. The improvement in on-
time rate (~17 percentage points) is notable: a reliable schedule
is critical for high-density cities with narrow road capacity.

Decision tree and SVM methods, while simpler, also yielded
substantial gains (15-20% delay reduction). These models are
quicker to train and easier to interpret: e.g., the decision tree
often had splits on “queue length > 20?” or “time-of-day =
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evening?” similar to human heuristics. Such methods offer a
middle ground: they improve service noticeably and
incorporate survey insights (via features) without the
complexity of RL. The clustering approach, though intuitive
(grouping periods by demand), performed weakest. This
suggests that Dhaka’s demand patterns and safety concerns are
too complex to capture with static clusters alone. Neural
networks gave moderate gains, likely because pure regression
of intervals is less suited to capturing the combinatorial nature
of scheduling.

The Gender-Sensitive element is a key innovation. By
introducing a safety-weighted objective, all AI schedules
significantly improved female metrics. For example, the ~48%
GSI boost under RL indicates far fewer women face >5-minute
waits or overcrowded buses. This confirms that even with
synthetic data, incorporating gender factors changes
operational decisions: e.g., sending an “empty” bus on a nearly
empty run may actually improve female comfort if it alleviates
safety risk. This echoes the notion in literature that transport
planning must view women as primary users, not an
afterthought. Our approach translates qualitative safety
concerns into quantitative model targets. Importantly, these
improvements were achieved without significantly sacrificing
efficiency: RL’s total passenger wait dropped while female
safety rose, showing a win-win when weighted properly.

From a real-world perspective, these gains can be substantial.
If implemented by Dhaka’s transit agencies, reducing average
wait by several minutes could shift modal share from unsafe
informal vehicles back to buses, easing overall traffic. The
techniques are generalizable: any city with GPS-equipped
fleets (even informal paratransit if tracked) could apply similar
models. This is consistent with broader trends: transit agencies
with rich data are prime candidates for Al solutions. However,
our findings also suggest caution — the best algorithms require
fine-tuning and data engineering (e.g. setting the safety weight
o). Agencies might start with simpler methods (decision
trees/SVM) and progress to advanced RL as infrastructure
improves.

Limitations: The study uses synthetic data; real-world noise
(e.g. GPS errors, unpredictable events) may affect
performance. Model success depends on quality of input data:
without robust passenger load sensors or accurate travel-time
data, effectiveness could drop. Also, our gender-sensitivity is
only as good as the survey model; actual female safety
priorities may differ and can vary by context (e.g. lighting,
surveillance, not modeled here). Future deployment would
require local participatory surveys and possibly real-time
feedback from commuters. Finally, computational and
operational costs differ: RL training is heavy, whereas decision
trees and SVMs are lightweight. Agencies must consider these
tradeoffs.

Comparing with literature, this work is among the first to
explicitly optimize for gender equity in transit scheduling.
Previous studies have noted the severity of female harassment
in Dhaka and the overall inefficiency of its bus system, but few
have proposed data-driven solutions to address both together.
The positive results here support the broader idea that Al in
transportation should go beyond performance metrics to
include social objectives. Our findings complement work on
RL for bus signal priority, showing that RL can also schedule
vehicles themselves.

6. CONCLUSION

This research presents a comprehensive, Al-driven strategy for
improving bus service in one of the world’s most congested
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corridors, with a novel gender-sensitive focus. Using simulated
GPS and survey data for Dhaka, we showed that machine
learning models — especially reinforcement learning — can
significantly reduce passenger waiting times (by ~30%) and
improve reliability, while also increasing safety and comfort
for female commuters. These results underscore the potential
of smart scheduling to alleviate urban transport woes: in a city
where buses are grossly overloaded, even incremental
efficiency gains translate into meaningful societal benefits.
Importantly, by coding women’s concerns into the objective,
the optimized schedules actively mitigate known inequities in
Dhaka’s bus system.

The study suggests that Dhaka’s transit planners and
policymakers should consider integrating Al tools into their
operational toolkit. Real-world implementation would involve
collecting and feeding actual GPS, ridership, and safety-
feedback data into similar models. The approach could also
support other gender-responsive features, such as deploying
extra buses on routes heavily used by women or dynamically
adjusting routes away from unsafe zones.

Al offers a promising avenue to tackle both the efficiency crisis
and gender inequity in Dhaka’s public buses. By leveraging
data and learning algorithms, city agencies can move toward a
more reliable, equitable transit system — aligning with
sustainable development goals on inclusive cities and gender
equality.

7. FUTURE WORK

Further research will extend this proof-of-concept in several
directions. First, applying these models to real bus GPS and
smart card data from Dhaka (if obtained) would validate
performance in practice. Incorporating real-time data feeds and
incremental learning could allow the system to adapt daily to
incidents (accidents, roadworks) or seasonal demand shifts.
Second, richer gender metrics should be integrated: for
example, real-time crowding sensors and women’s app-based
feedback could refine the safety weights. Also, multi-modal
extensions (including paratransit, rickshaws) would help
coordinate entire commuter journeys, a critical factor in
Dhaka’s context. Lastly, engagement with stakeholders (transit
operators, women’s advocacy groups) could inform more
sophisticated reward functions, ensuring the Al learns policies
that are not just efficient on paper but socially acceptable and
practical to implement on Dhaka’s streets.
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