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Abstract: Accurately predicting taxi ride durations is crucial for optimizing the efficiency of taxi dispatch
systems in ride-hailing services. This research aims to develop and evaluate predictive models that estimate
taxi ride durations before the start of the trip, leveraging historical ride data. Various machine learning
techniques, including linear regression, K-Nearest Neighbors (KNN), Ridge regression, and Lasso regression,
are explored using data from New York City taxi trips.The study aims to understand the key factors
influencing ride durations and build models that can provide accurate estimates. Accurate predictions can
improve dispatch decisions, reduce idle times for drivers, and decrease wait times for passengers, thus
enhancing operational efficiency and service quality in the ride-hailing industry.We collect a comprehensive
dataset of taxi trips, enriched with external data such as weather conditions and traffic information. The data
undergoes preprocessing steps like cleaning, normalizing, and feature engineering. Key variables influencing
ride durations include trip distance, pickup time, day of the week, weather conditions, and traffic patterns.The
modeling approach involves developing predictive models, including a benchmark linear regression model, a
KNN model, and regularized linear models such as Ridge and Lasso regression. Hyperparameter tuning
optimizes model performance, and cross-validation ensures robustness. Performance is evaluated using
metrics like Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE),
and R-squared.

The linear regression model serves as a baseline, capturing some variability in ride durations but limited in
modeling non-linear interactions. The KNN model improves performance by considering data point similarity,
while Ridge and Lasso regression models enhance accuracy by incorporating regularization terms. Lasso also
performs feature selection by setting some coefficients to zero.This study highlights the importance of feature
engineering and real-time data integration. Future research should focus on integrating real-time data sources,
such as live traffic updates and weather conditions, to improve prediction accuracy further. Advanced
machine learning techniques, such as ensemble methods and deep learning, should be explored to capture
more complex relationships in the data.Ethical considerations and data privacy are critical in the use of
predictive models in ride-hailing services. Ensuring passenger and driver privacy, and maintaining
transparency and fairness in algorithmic decision-making, are essential for responsible use of data-driven
models.
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I. INTRODUCTION

The rise of ride-hailing services such as Uber, Lyft, and Ola has revolutionized urban transportation by
providing a convenient and cost-effective alternative to traditional taxis. These services rely on advanced
technology to connect passengers with drivers, offering door-to-door transport with greater efficiency and
flexibility. However, one of the critical challenges in managing ride-hailing services is optimizing the efficiency
of taxi dispatch systems. Accurate prediction of taxi ride durations is essential for improving dispatch decisions,
reducing idle times for drivers, and minimizing wait times for passengers.

Predicting taxi ride durations before the trip begins allows dispatchers to better allocate resources, ensuring that
drivers are available where and when they are needed most. This capability is particularly important in densely
populated urban areas where traffic conditions, weather, and other factors can significantly impact travel times.
Effective ride duration prediction can enhance the overall efficiency of the ride-hailing system, leading to
improved service quality and customer satisfaction.

This research aims to develop and evaluate predictive models for estimating taxi ride durations using historical
ride data. We explore various machine learning techniques, including linear regression, K-Nearest Neighbors
(KNN), Ridge regression, and Lasso regression, to determine which methods provide the most accurate
predictions. While our study uses data from New York City taxi trips, the methodologies and findings are
applicable to ride-hailing services globally. Our modeling approach involves developing several predictive
models, starting with a benchmark linear regression model and extending to more sophisticated methods like
KNN and regularized linear models. Hyperparameter tuning and cross-validation are employed to optimize
model performance and ensure robustness. The performance of the models is evaluated using metrics such as
Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and R-squared.

1)

2)

3)

1. RELATED WORKS
"New York City Taxi Trip Duration Prediction Using Machine Learning" by Short Hills Tech (2021): The
paper discusses the use of M L to predict the duration of taxi trips in New York City. The authors used a
dataset of taxi trips from 2019 to train a machine learning model. Predictive modeling in transportation
has evolved significantly over the years, with numerous studies exploring various methodologies for
estimating travel times. Traditional statistical methods, such as linear regression, have been widely used
for their simplicity and interpretability. However, the advent of machine learning has introduced more
sophisticated techniques capable of capturing complex, non-linear relationships in data..
Isolated XGBoost regression Taxi Travel Time Prediction Trip time prediction is essential for establishing
mobility-on-demand systems and passenger information systems. Accurate trip time projections assist
system users, such as drivers and passengers, in making decisions. This study predicts the static travel
time for taxi trip trajectories using a sample of known inlier and extreme-conditioned trips.The results are
then compared to other best-practice models in use today. Linear regression has been a staple in predictive
modeling due to its straightforward approach and ease of implementation. Studies have shown that linear
models can provide a baseline for understanding the factors affecting ride durations. However, their
performance is often limited by their inability to capture non-linear interactions among variables.Using
data mining techniques, forecast the length of a bicycle journey in Seoul. The most basic metric for all
forms of transportation is trip length. Therefore, accurate journey time prediction is essential for the
development of intelligent transportation systems and traveller information systems. In this work, data
mining techniques are used to forecast the trip duration of rental bikes in the bike-sharing programme in
Seoul.The forecast is made using a mix of meteorological data and Seoul Bike data.
Machine Learning Techniques, Recent advancements in machine learning have led to the development of
more powerful predictive models. K-Nearest Neighbors (KNN) is an instance-based learning algorithm
that considers the similarity between data points to make predictions. Ensemble methods, such as Random
Forests and Gradient Boosting, have demonstrated superior performance by combining multiple weak
learners to form a strong predictive model. Neural networks, particularly deep learning architectures, have
also shown promise in handling large, complex datasets.
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4) Feature Engineering : Feature engineering plays a critical role in the success of predictive models.
Identifying relevant features, such as trip distance, time of day, weather conditions, and traffic patterns,
can significantly enhance model accuracy. Feature selection and transformation techniques are essential
for improving the predictive power of the models.

1. METHODOLOGY

Our models only accept numeric characteristics as input. Therefore, the next step is to transform the
characteristics into numbers. It is now time to begin preparing our data for input into the model, but it is
crucial to utilise the variables first to conduct some feature engineering. Here are a few of my suggestions for
new variables and my justifications.
The difference in latitude between the pickup and drop-off locations will provide information on the distance
travelled, which may be predictive. The difference in longitude between the pickup and dropoff locations for
the same cause Haversine distance between the coordinates for the pickup and drop off to measure the actual
distance travelled Pickup minute: given that the pickup hour is a significant factor, the pickup minute may
have been predictive.The day of pickup is the same as above. In order to conveniently extract characteristics
like day, week, month, and year, we must transform the date and time features from csv files into the date and
time format utilised by Python.

1) Research Design: This study employs a quantitative research design to develop and evaluate predictive
models for taxi ride durations. We use historical ride data from New York City to train and test our
models. The research involves several stages, including data preprocessing, feature engineering, model
development, and evaluation.

2) Data Collection: The dataset used in this study comprises detailed records of taxi trips, including pickup
and drop-off locations, timestamps, trip distances, and fare amounts. We also incorporate external data
sources, such as weather conditions and traffic information, to enrich the feature set.

3) Variables and Feature Selection: Key variables influencing ride durations include trip-distance, pickup
time, day of the week, weather conditions, and traffic patterns. Feature selection techniques are applied to
identify the most relevant predictors, while feature transformation methods are used to normalize and
scale the data.

4) Predictive Modeling Approach: We develop several predictive models, including a benchmark linear
regression model, a KNN model, and regularized linear models such as Ridge and Lasso regression.
Hyperparameter tuning is performed to optimize model performance. The models are trained and tested
using a portion of the dataset, with cross-validation employed to ensure robustness.

5) Model Evaluation and Validation: The performance of the models is evaluated using metrics such as
MAE, MSE, RMSE, and R-squared. Cross-validation techniques are used to assess the generalizability of
the models. Comparative analysis of the different models helps identify the most effective approach for
predicting taxi ride durations.

6) Test Train Split: We have all numbers in our dataset now. Time to delve into model building. But before
that, we need to finalise a validation strategy to create the train and test sets. Here, we will do a random
split and keep one third of the data in test set and remaining two third of data in the train set. To evaluate
the performance of the predictive models, we split the dataset into training and testing sets. The training
set is used to build and train the models, while the testing set is used to evaluate their performance. A
common practice is to use 80% of the data for training and 20% for testing, ensuring that the models are
tested on unseen data to assess their generalizability.

7) Mean Prediction: As a simple baseline model, we calculate the mean ride duration of the training set and
use it to predict the ride duration for all trips in the testing set. This model provides a benchmark for
evaluating the performance of more complex models..

8) Linear Regression: The linear regression model serves as a basic predictive model, providing initial
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insights into the relationships between ride durations and various features. Although the linear model
captures some variability in ride durations, its performance is limited by its inability to model non-linear
interactions..
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9) Decision Tree Algorithm: A supervised learning technique known as a decision tree makes use of a tree-
like representation of decisions and their outcomes. The data are iteratively split into subsets according to
the most crucial property at each node of the tree in order for the algorithm to work. The root node is
located at the top of the tree, while the leaf nodes are located at its base. The leaf nodes reflect the
expected class label for the data.

Decision Node > Root Nods

Leaf Node Leaf Node

Figure 3.2 Decision Tree Algorithm

V. RESULTS AND EVALUATION
From the obtained results we can say that :

According to our analysis results, the frequency of passenger rides is mostly one passenger, then two, then
three, and so on. Figure 1 below shows the frequency distribution of the number of passengers per ride.

Figure 4.1 Passenger count on trips
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Most taxi trips involve only one passenger. Although there are some trips with 7-9 passengers, they are quite
rare
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Vendor 2 has more number of trips as compared to vendor 1
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The number of pickups on weekends is significantly lower compared to weekdays, with the highest
number of pickups occurring on Thursday (4). For reference, the weekday is represented as a decimal
number, where 0 corresponds to Sunday and 6 corresponds to Saturday.

Upon examining the distribution of trips by latitude and longitude, it is evident that most trips are
concentrated within specific geographic coordinates, with several notable clusters. These clusters are
highlighted by the peaks observed in the histograms of latitude and longitude, indicating areas of high
trip density.
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Figure 4.4 Trip duration for the day of the week

Trip durations are notably shorter during late night and early morning hours, which can be attributed to lower
traffic density during these times. The number of pickups peaks in the late evenings, as expected, but is
significantly lower during the morning rush hours.

This pattern aligns with the trend observed in trip durations, suggesting a correlation between the number of

pickups and trip duration.
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Figure 4.5 Trip duration chart for the hour of the day

Another key observation is that the number of outliers decreases with higher passenger counts. However, this
is primarily due to the lower frequency of trips with a high number of passengers..

Figure 4.6 correlation heatmap

The correlation heatmap reveals that the latitude and longitude features exhibit a stronger correlation with the

target variable compared to other features.
And comparing the results of Linear regression and Decision tree :

B (inear_regression
diree

Figure 4.7 Performance MeasureWe can conclude that Linear Regression outperforms the Decision Tree model.

V. CONCLUSION
Machine learning has proven to be an effective method for predicting taxi trip durations. By training machine

learning models on historical data, it is possible to uncover relationships between various features such as
pickup and dropoff locations, time of day, day of the week, and current traffic conditions. Once trained, these
models can predict the duration of future taxi trips with a high degree of accuracy.

The predictive accuracy of machine learning models can be further enhanced by incorporating a greater variety
of features and employing more advanced machine learning techniques. For example, integrating data from
multiple sources, including historical taxi data, weather data, and traffic data, can provide a richer dataset for the
models to learn from. Additionally, using sophisticated machine learning algorithms, such as deep learning, can
lead to more precise predictions.
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There are several benefits to using machine learning for predicting taxi trip durations. Firstly, it can help taxi
companies optimize their dispatch algorithms. By accurately estimating trip durations, companies can more
efficiently allocate taxis to pick up passengers. Secondly, it offers riders a more accurate estimate of their trip
duration before booking, enabling them to plan more effectively and avoid unexpected delays. Finally, by
reducing the time taxis spend waiting for passengers, machine learning can contribute to overall system
efficiency, decreasing traffic congestion and improving air quality.

In summary, machine learning is a promising approach for predicting taxi trip durations. By leveraging
advanced techniques and comprehensive datasets, machine learning models can significantly enhance the
efficiency of taxi systems and improve service quality for riders.
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