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Abstract—Surge pricing is one of the key elements of ride-hailing
applications designed to adjust prices depending on fluctuations of
supply and demand. Even though the mentioned element seems to be
effective in terms of the allocation of vehicles and management of
the process of providing a certain level of service quality, it is rather
obscure, which causes concerns regarding its efficiency and fairness.
Therefore, this paper analyzes the peculiarities of the operation of the
surge pricing mechanism during periods of high demand relying on
the data collected from a ride-hailing application.As part of this
project, researchers developed predictive models utilizing histogram
gradient boosting, XGBoost, LSTM, and Prophet methods. These
models are characterized by their ability to analyze relationships
between different variables as well as to establish dependencies based
on temporal characteristics of the process, which allows for creating
accurate predictions. The results of this research indicate that the
process of dynamic pricing has many complex aspects that cannot be
identified by conventional means.

Index Terms—Uber, Surge pricing, ride-hailing, dynamic pric-ing,
machine learning, time-series forecasting, XGBoost, LSTM, Prophet,
predictive modeling, demand prediction

1. INTRODUCTION

Ride-hailing applications have caused significant disruption in
urban transport, providing efficient and cost-effective means of
transport to numerous individuals. These applications em-ploy
advanced technological structures and advanced algo-rithms to
match drivers to passengers [1]. While performing this
function, they adopt several strategies to make their match-ing
efficient, including dynamic pricing. Dynamic pricing is the
process of changing prices depending on the condition of
demand and supply. One of the most critical strategies of
dynamic pricing is surge pricing, where prices are increased
when the demand exceeds the availability of drivers to meet the
demand [2].

Despite the positive effects of dynamic pricing in making the
process more efficient, the implementation of this strategy has
attracted some criticism due to its adverse effects on the
affordability of fares, price transparency, and fairness. This
is because the system employs an ever-changing algorithm that
constantly varies prices, making it challenging for users to
comprehend the reason for varying prices [3]. The unpre-
dictability of the dynamic pricing system makes it challenging

for policymakers in the transport industry to integrate ride-hailing
services into urban mobility systems [4].

As a consequence of all of this, there arises an ever-growing need
to study the patterns and triggers of surge pricing. With the help
of data collected from the real world and by using more
sophisticated analysis tools, it becomes possible to detect the
triggers that lead to certain pricing dynamics, thereby allowing
the creation of more effective predictive models [5].

II. LITERATURE REVIEW

Vision assistance technology has developed from basic mobility
tools into intelligent technology using artificial in-telligence for
scene understanding. The early electronic tools utilized ultrasonic
or infrared sensors to detect obstacles in close proximity;
however, they could not distinguish the object types or their
context. In subsequent designs, camera devices coupled with
conventional image processing and ma-chine learning algorithms
provided better object recognition; nonetheless, they were prone
to errors due to changes in illumination or the background.
However, with the advent of deep learning in computer vision,
current detection models demonstrate near perfect object
recognition and are ideal for vision assistance technology [6].
Recently published literature stresses the increasing role of
portable and artificial intelligence-powered assistive systems with
embedded systems. The ability to detect objects in real time along
with voice response through a cost-effective system proves the
viability of such systems [7]. Other research has shown an
evident trend towards the migration of sensor-based assistive
systems to more advanced perception-based Al sys-tems,
providing better environmental awareness [8]. Wearable assistive
systems are another step towards independent living but are
hindered by issues pertaining to limited computational power and
energy consumption [9]. There are also studies emphasizing the
need for usability-oriented development in assistive systems [10]
and the effect of ambient noise on speech interfaces [11].
Moreover, there is enough literature to establish the effi-ciency of
state-of-the-art object detection models used in real-time
applications. Several studies reveal that more recent deep learning
models perform faster and more accurate in compar-ison with
previous algorithms [12]. Pruning and quantization
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TABLE I
COMPARATIVE SURVEY OF SURGE PRICING AND PREDICTION
APPROACHES

Ref. Model ILimitations
(6] Queue-Based |Assumes simplified
Pricing demand-supply be-
Model (Ride-Sharing) havior; cannot cap-

ture real-time dy-
namic fluctuations.
(7] Machine Learning-Based  [Requires large
IDynamic Pricing datasets;  sensitive
to noisy and
incomplete data.
(8] [Economic Analysis of [Focuses
Ride-Hailing on
leconomic  aspects;
lacks

real-
timeprediction
capability.
(9] Sharing Economy Im- [Generalized
pact Models imodels;

not specifically
optimized
for surge
rediction.
[10] IML-Based Surge Predic-  [High computational
tion (XGBoost/LSTM) lcost; requires care-
ful hyperparameter

tuning.
[11] IXGBoost Risk of overfitting;
Regression performance
Model depends on feature
engineering quality.
[12] ILSTM Time- Requires sequential
Series data; training is
IModel time-consuming
and resource
intensive.
[13] IProphet ILimited in captur-
Forecasting ing sudden irregu-
Model lar spikes; assumes
seasonal patterns.
[14] (Gradient IPerforms well on
Boosting structured data but
Model struggles with tem-
poral dependencies
alone.

are optimization methods that enable efficient use of deep
learning models in edge computing [13]. Vision-based assis-
tive systems, whose efficiency in helping the visually impaired
people has been confirmed by practical implementation, serve
another example of successful application of the above models
in real life situations [14].

Table I presents the comparative study of the different types of
surge pricing and prediction models employed by the ride-
hailing application companies, starting from the conventional
queue theory and economic models to the sophisticated ma-
chine learning and time-series models like XGBoost, LSTM,
Prophet, and Gradient Boosting models. It reveals that while
the former concentrates on the demand and supply dynamics,
the latter makes use of data analytics to forecast with greater
precision. Table I also identifies the drawbacks associated with
these models, such as the inability to adapt to changing
conditions in case of the conventional models, heavy depen-
dence on data and over-fitting in the case of machine learning
algorithms, complexity involved in deep learning algorithms,

and the challenge of managing abrupt surges in demand in
time-series models.

III. TECHNOLOGY OVERVIEW

Our prediction system for surge pricing is based on the
combination of machine learning, time-series predictions, and
real-time data analysis tools. By employing a variety of models
along with feature engineering approaches, we aim to analyze
demand trends and make accurate surge pricing predictions.
Complex algorithms are employed to detect non-linear re-
lationships and temporal dependencies in the requests data. The
whole system is designed to provide efficient analysis and
enable continuous tracking of the demand trend and surge
prediction.

A. Gradient Boosting and XGBoost Models

Gradient boosting and XGboost are machine learning mod-els
applied to analyze structured data and make accurate predictions.
Such models construct multiple trees to minimize error
prediction.

- Detects and analyses non-linear interaction between de-
mand, time and surge level variables.

- Ensures accurate predictions using optimization algo-
rithms.

- Works efficiently with large datasets.

Such models are employed as part of the analysis frame-work.

B. LSTM Time-Series Model

To model any form of dependency on time, the LSTM
architecture was implemented in the proposed system. The
algorithm analyzes past prices and trends in order to identify
short-term and long-term price changes. Consequently, the
performance of the predictor in estimating the behavior of pricing
becomes better because of its capability to account for
temporal effects.

C. Prophet Forecasting Model

Prophet’s functionality in time series analysis consists in breaking
down the analyzed data into trend and seasonality effects, as well
as any other periodicity. This tool is especially helpful when
dealing with recurrent phenomena, such as daily peak hours or
special occasions that generate additional demand. Furthermore,
the model can easily process missing values in the analyzed data.

D. Data Processing and Feature Engineering

Data pre-processing and engineering are very important for
increasing the performance of models. Relevant variables that
may include the current time stamp, number of requests, wait-ing
time, lagged prices, and statistical information are selected. Such
an approach enables obtaining valuable information.
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E. Visualization and Analysis Tools

Tools for visualization and analysis play an important role in
interpretation of the results produced by the model. Graphical
representation, trend analysis, and measures of performance
including R?, mean absolute error, and root mean square
error facilitate understanding of the price trends and provide
comparison of model performances.

Ubwr Surge Price Prediction System Architecture
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2 s —Lg—

Fig. 1. System Architecture of the Uber Surge Price Prediction System

The architecture for the Uber surge price prediction system is
presented in Fig. 1, whereby the user and administrator data is
gathered and analyzed using the data preprocessing and feature
engineering phase. The processed data is then used to train
several machine learning algorithms such as histogram gradient
boosting (HGB), xgboost, and LSTM algorithms. The trained
models are then used to make predictions about surge pricing
using the current and previous ride data. The predictions are
then stored and displayed in a dashboard interface.

IV. METHODOLOGY

The proposed workflow of developing and implementing the
surge price prediction system consists of several stages that
include data collection, data preprocessing and feature
engineering, model development, model configuration and hy-
perparameter tuning, and model evaluation. Such a systematic
approach allows us to provide an accurate forecast of surge
pricing due to the use of machine learning models and time
series analysis.

A. Model Development

In particular, the model development pipeline is based on the
combination of different models of machine learning and time
series forecasting that can be applied to the prediction of surge
pricing. The main models that we use for such tasks include
Histogram Gradient Boosting (HGB), XGBoost, LSTM, and
Prophet. It is essential to note that such models can be applied
both to the analysis of structured and sequential data. At the
preprocessing stage, the raw ride data is cleaned, normalized,
and enriched by the time features. Then, using the feature
engineering techniques, we create relevant inputs, such as
request count, wait time, surge value lags, and rolling statistics.
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B. Model Configuration and Parameter Tuning

Predictive models are fine-tuned by configuring their pa-rameters
in order to maximize accuracy and minimize errors. Tuning
parameters like learning rate, tree depth, estimators of boosting
algorithms, and sequence lengths for LSTM networks are done
experimentally. The Prophet model is configured in a way that
would enable it to predict trends, seasonality, and events that
affect the demand. Various sets of input variables and lags are
tried to obtain the best trade-off between accuracy and
computational complexity. The models are tested using several
iterations of training and test datasets in order to guarantee
generalization, and accuracy measures like R, MAE, and RMSE
are used to determine the most efficient configuration.

TABLE II
HYPERPARAMETER DESCRIPTION OF PROPOSED SURGE PRICE
PREDICTION SYSTEM

[Component Hyper Parameter [Tuning Range 1\7, ilial
alue
[HGB Model [Learning Rate .01 —0.20 .10
[HGB Model [Max  Depth Max - 10 6
IHGB Model [[terations 50 — 300 150
IXGBoost [Learning Rate .01 —0.30 .10
IXGBoost Max Depth B-12 6
IXGBoost Number of Estimators [50 — 500 200
IXGBoost Subsample Ratio .5 - 1.0 .8
ILSTM Model [Sequence Length 10 — 100 50
ILSTM Model [Number of Layers |1 -3 R
ILSTM Model [Batch Size Epochs 16 — 128 32
ILSTM Model 10 — 100 50
IProphet [Seasonality Mode [Additive — Multiplicative  [Additive
Model IChangepoint Prior Scale  0.01 — 0.5 .1
Prophet Model  [Seasonality Prior Scale 1-20 10
IProphet Model
IData Pipeline [nput Interval 1 — 10 min S min
IData Pipeline [Feature Scaling inMax — Standard inMax

Table II shows the set of hyperparameters utilized by the
suggested system of surge price predictions that involve various
algorithms such as HGB, XGBoost, LSTM, Prophet, and the
pipeline for data preprocessing. The table indicates the range of
variation that has been tested for each parameter as well as the
final value that was chosen to provide the best re-sults. The table
demonstrates how each model requires unique settings for
hyperparameters depending on the complexity of their algorithm;
thus, it involves parameters such as learning rate, depth,
estimators, sequence length, and seasonality that allow capturing
not only the non-linearity but also the time series nature of the
data. Moreover, it provides information on the data
preprocessing parameters, which include the input range and
scaling that help maintain consistency within the algorithm.

C. Real-Time System Interface

The pipeline with the trained model is implemented within a real-
time system that analyzes the input rides information and
calculates the future surge price predictions. The information is
collected periodically and undergoes processing through pre-
processing and feature engineering components to be further used
by the models. Predictions are generated automatically on a
periodic basis and are visualized through a dashboard avail-able
for users and administrators. The system is configured to have a
minimal amount of interactions, ensuring its automatic
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functioning after initialization. External influences, such as
sharp changes in demand or inaccurate data, are considered
in the process of implementing the system.

D. Model Evaluation and Deployment

Performance of the system is done using real-life data as
well as simulation data for various levels of demands.
Parameters like R2, MAE, and RMSE have been utilized to
evaluate the efficiency and reliability of the prediction. Further,
a test has been done to study the stability of the model in
different time durations and with different demand levels.
Efficiency of computation has also been checked to make sure
that the system performs effectively and quickly with limited
resources. After passing the required tests, the system has been
made operational as a predictive analytics tool for surge
pricing.

V. IMPLEMENTATION
A. Dataset

This model uses the dataset obtained through data related to
rides from past and real-time simulation data. Among the most
important features are the timestamp, number of rides, wait
time, and surge price multiplier values. The aforementioned
features play an important role in defining and analyzing
demand patterns as well as dynamic pricing. The dataset will
contain information about the time stamp, making it possible
for the system to learn from demand patterns associated with
rush hour, low traffic, and other special events. In addition to
historical data, it will be possible to generate time interval data
for simulating purposes.

As far as the data used to test the system is concerned, time
series data will be applied to check the performance of the
system in various demand conditions. The time series data will
be contained in the dataset since it will help test the behavior of
the system under various demand scenarios like rush hour,
normal traffic, and variable traffic among others. It must be
noted that the data structure of the dataset will prove useful
in training both machine and deep learning algorithms.

TABLE 1II
DATASET DESCRIPTION FOR SURGE PRICE PREDICTION SYSTEM

|Attribute

rimary Dataset
IKey Features
[Temporal Granularity
[Test Data Source
[Demand Scenarios
(Capture Conditions
Input Type
IPreprocessing
[Feature Engineering
IPurpose

IDetails

[Ride-hailing trip data (historical and simulated)
[Timestamp, request count, wait time, surge multiplier
5-minute interval time series data

Simulated real-time input sequences

IPeak hours, off-peak, event-based demand

Varying demand intensity and time patterns
[Time-series numerical data

Cleaning, normalization, feature extraction

[Lag values, rolling mean, rolling standard deviation
IReal-time surge price prediction and forecasting

Table I1I provides a brief overview of the dataset utilized by the
suggested surge pricing prediction framework. It includes
information about the data source, its characteristics, temporal
nature, and the preprocessing techniques implemented prior to
training the models. The dataset consists of historical rides’
data along with simulated input features in real-time, thus
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ensuring an effective capture of the demand fluctuations. Note-
worthy attributes of the data include the number of requests, wait
time, and surge multiplier.

Furthermore, the dataset contains time-dependent features that
change under various conditions of demand, which en-ables the
learning of both short- and long-term dependencies. The data is
fed into the algorithms sequentially to maintain the integrity of the
temporal structure, which is crucial for models such as LSTM and
Prophet.

B. Anomaly Detection

The process of anomaly detection holds importance in the process
of predicting surge pricing since this technique can detect any
kind of abnormality in the ride data that might impact the
effectiveness of the predictive model. Some of the reasons behind
anomalies in ride-hailing are abrupt increase in demand,
erroneous data input, missing data points, or any unforeseen event
like a festival or an emergency situation. The process of anomaly
detection allows detecting any kind of data irregularity which
then makes the data cleaner for creating the predictive models.
Some statistical techniques used for anomaly detection include z-
score calculations, IQR, and filtering using thresholds.

After detecting any anomalies, methods of addressing them are
deployed to ensure the quality of the dataset and the accuracy of
the machine learning algorithm. This can be done by
eliminating any extreme outliers, flattening spikes, or
substituting any missing data with estimated values using the
trends from history. Sometimes, the anomalies are not eliminated
but studied separately since they can actually correspond to actual
phenomena, such as increased demand times.

VI. EXPERIMENTAL RESULTS

The created predictive algorithm for surge pricing was validated
by means of using historical data as well as generated ride data
under different levels of demand such as peak hour demand, off-
peak hour demand, and events. The validation was carried out with
the help of several criteria that included R2 score, MAE and
RMSE values. Comparing different machine learning models
such as Histogram Gradient Boosting (HGB), XGBoost, LSTM
and Prophet was conducted to identify which model would be
better at analyzing the level of demand and predicting multiplier
changes.

It can be seen from the analysis of the results of the experiment
conducted that the application of machine learning algorithms
together with time-series models produces good, reliable forecasts
of surge prices. Non-linear relations are well captured by tree-
based methods such as XGBoost and HGB. The LSTM
algorithm, on the other hand, is suitable for fore-casting
sequential relations. Prophet, on its part, is instrumental in
detecting trends and seasonality factors, particularly at the times
when peak demands occur. Generally, good prediction accuracy
is attained with very small error margins in most cases.
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Surge Price Prediction Performance Metrics
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Fig. 2. Detection Performance Metrics
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Fig. 3. Inference Time Comparison

The figures below show the effectiveness and performance of
the proposed algorithm used to predict surge pricing. Fig. 2
shows the evaluation criteria for the algorithm, which has been
proven to have excellent performance since the model is highly
accurate. The figures also show that the model has a good
balance when it comes to accuracy and performance in terms of
the other metrics shown. Fig. 3 compares the inference times of
the various models in relation to their respective complexity,
with simple models being faster than complex models.

A. Ablation Study

Ablation analysis was carried out to determine the impact of
different system elements, such as feature generation, model
selection, and time-based analysis, on prediction performance.
As per the results of the analysis, the use of generated features
like lag variables and rolling measures improved the accuracy
of predictions. Besides, the use of multiple models
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was found to yield better prediction results than a single one
because the former enables the identification of both nonlinear
interactions and temporal dependencies. Using time series models
improved the ability of the system to manage changes in demand,
while their absence had negative impacts on the system’s
performance.

TABLE IV

CONFIGURATION STUDY RESULTS
IConfiguration R> Score (%) MAE |RMSE
IWithout Lag Features 82.5 4.8 6.2
Without Rolling Stats 853 4.2 5.7
Only XGBoost Model ~ 88.7 3.6 5.1
Only LSTM Model 87.9 3.9 5.4
IWithout Prophet 89.5 3.4 4.9
IAll Models Combined  92.8 2.9 4.2
[Final Configuration 93.5 2.7 4.0

The findings of the configuration experiments performed on the
proposed surge price forecasting system are outlined in Table
IV above. It can be seen from Table IV that the best predictions
are obtained using all the models and features. The use of lagged
features and statistics increases the accuracy of the predictions,
while the use of multiple models leads to improved performance.
Furthermore, the use of time series components aids in dealing
with the patterns in the data. Thus, the proposed system
configuration offers increased accuracy and reduced errors when
compared with simplified model configurations.

B. Statistical Significance Testing

Significance testing has been applied to the repeated ex-periment
through the use of different metrics like R-squared, MAE, and
RMSE among others. The results obtained indicate that there is a
definite improvement in the optimized design compared to other
designs tested, as seen by decreased error values and increased
accuracy of predictions across various demand levels. The
improvements have been noted across several runs and therefore
cannot be attributed to randomness; they are true optimizations of
the algorithm.

VII. RESULTS AND DISCUSSIONS

The obtained outcomes show that the proposed surge price
forecasting model has good levels of accuracy and relia-bility
under various demand conditions. The integration of the
machine learning and time-series approaches has enabled
successful identification of non-linear dependencies and time
series, thus improving the accuracy and effectiveness of the
proposed solution. Based on the obtained evaluation criteria, one
may claim that the proposed approach demonstrates better levels
of reliability and reduces the value of error, while the
visualization of the results has revealed the ability of the
algorithm to identify the dynamics of changes in the demand. An
ablation study has demonstrated that the feature engineering and
proper integration of the models play an important role in
predicting the values of the demand.
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TABLE V

COMPARATIVE TABLE OF SURGE PRICE PREDICTION MODELS
Model [Type [Accuracy Speed Suitabilit
[Linear Regression  [Statistical Model [Low—Medium VE ILimited

|Hi;
(Gradient [Ensemble ML [High Medium IGood
IBoosting
IXGBoost [Ensemble ML [Very High [High [Excellent
ILSTM IDeep Learning  [High edium Very
(RNN) IGood

[Prophet [Time-Series Model Medium-High ~ [High IGood

The Table V compares various models used for predicting
surge prices based on model types, accuracy, processing speed,
and their effectiveness. As can be seen, the traditional models
such as linear regression allow for very fast calculations but
cannot provide high levels of accuracy. The ensemble learning
models including gradient boosting and xgboost are capable of
ensuring very high levels of accuracy as they use non-linear
models. At the same time, the latter allows for the highest
levels of both accuracy and speed. The deep learning approach
using LSTM is also rather effective in its use but requires
higher computation power, whereas Prophet models prove to
be rather accurate and interpretable.

Confusion Matrix for Surge Prediction

Low Surge 4

Actual

High Surge

Low Surge High Surge
Predicted

Fig. 4. Confusion Matrix

A. Limitations

1) Data Dependency: The performance of the model is highly
dependent on the quality, amount, and variety of the data being
used; any incomplete or noisy data may affect the predictions.
2) Variability in Demand: There may be cases where sudden
changes in demand that arise due to certain emergencies or
external factors may not be predicted accurately.

3) Model’s Complexity: Models such as LSTM and en-
semble models use more processing power and take more time
to train than other models.

4) Dependence on Features: The effectiveness of the model
is highly dependent on the choice of features being used in
order to make accurate predictions.

User Login
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Fig. 5. User Login Interface for Uber Data Analysis and Visualization System
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Fig. 6. User Input Interface for Surge Price Prediction Parameters

These are represented by Fig. 5 and Fig. 6 below. Figure 5 gives a
visual representation of a vibrant interface complete with vibrant
graphics and colorful images, making it lively. In Fig. 6 above,
the user input interface for predicting surge pricing has been
illustrated. This enables the users to input key details into the
program like time, demand, waiting time, and past surge prices.
Therefore, the figures above give insight on two aspects of the
program,; its visual interface as well as user inputs.

. @ e em— - o Ny
- e

® Uber Dt Analysis ang Visualtzation M i b bt

Ferazast the serge mastiptier (or & wrnber denand atrc) $o¢ 2 next 3 hours wt S-mrets Amervan

Fig. 7. Output Interface Showing Surge Price Forecast Results with Model
Predictions
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As shown in Figure 7, the output interface of the surge pric-ing
forecasting system displays the predicted surge multipliers in the
next three hours at an interval of 5 minutes. Multiple models are
used for prediction in the system such as HGB, XGBoost, LSTM,
and Prophet, along with their respective confidence intervals.
Every line denotes a specific timestamp, thus making it easy to
analyze the fluctuations in demand in the coming period.

VIII. CONCLUSION

The discussed surge price prediction system proves the viability of
the data-driven approach to analyzing and fore-casting the prices in
ride-sharing services. Specifically, the system successfully
implements data preprocessing, feature engineering, and different
machine learning models to identify demand patterns and
incorporate temporal dependencies in the analysis. The results
obtained during experiments suggest an extremely high level of
prediction accuracy as well as low levels of error metrics. In
addition, the system works effectively under various demand
conditions. Furthermore, the configuration experiment indicates
that the combination of optimal features and models is essential for
the improvement of the system performance.
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