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Abstract

Shared bicycle systems have become increasingly popular in recent years

as a sustainable and cost-effective mode of transportation. However, effi-

ciently managing these systems requires accurate demand prediction, opti-

mal station placement, and effective rebalancing strategies. To address these

challenges, we propose a comprehensive framework integrating combinatorial

optimization and machine learning techniques.

The framework consists of a feedback loop composed of two parts: a

machine learning model to predict demand patterns and an optimization

model to determine station locations with rebalancing to reallocate bicycles

across stations, ensuring users have access to them when and where needed.

To evaluate the framework, extensive computational experiments were

conducted using real data from Tembici, a shared bicycle system in Bogota.

Multiple instances were created, and the results demonstrate that the pro-

posed system significantly enhances the performance of shared bicycle sys-

tems. These improvements lead to reduced operational costs, higher user

satisfaction, and increased sustainability, making a valuable contribution to

the field of bikesharing system optimization and demand analysis. Overall,

the proposed framework provides a powerful and efficient tool for managing

shared bicycle systems, with practical applications in improving the perfor-

mance of such systems.
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Chapter 1

Introduction

Combinatorial optimization and machine learning are two important fields

of mathematics with diverse applications. In general terms, combinatorial

optimization deals with finding the best possible solution from a finite set of

options, while machine learning is concerned with developing algorithms that

can learn from data and make predictions based on that learning. While these

two fields have different goals, they both entail solving complex mathematical

problems efficiently.

We aim to analyze the feedback loop of shared bicycle systems by inte-

grating two models: one for optimization and one for prediction. This will

allow us to accurately predict demand, place stations in optimal locations,

and use effective rebalancing strategies. This will improve the performance

and sustainability of shared bicycle systems, making them a more attractive

alternative to traditional public transportation and driving in urban areas.

Recently, there has been increasing interest in the intersection of machine

learning and combinatorial optimization [17,23]. Researchers have recognized

the potential for combining these two fields to create powerful and efficient

solutions to complex problems. Machine learning can be used to predict de-

mand and optimize station placement, while combinatorial optimization can

be used to optimize rebalancing strategies. By integrating this two models:

one for optimization and one for prediction, we acomplish that there are al-

ways enough bicycles available when and where they are needed, improving

3
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the performance of the shared bicycle system, creating a system that is more

efficient, sustainable, and attractive to users.

We now consider one specific application where the integration of com-

binatorial optimization and machine learning has demonstrated its value:

shared bicycle systems. These systems have gained popularity as sustain-

able and cost-effective modes of transportation in urban areas worldwide[23].

They allow users to rent bicycles from various stations located throughout a

city, providing a convenient and eco-friendly alternative to driving or taking

public transportation. The successful implementation of these systems has

been attributed to accurately predicting demand, efficiently managing sta-

tion locations, and balancing the distribution of bicycles across the network

through the use of combinatorial optimization techniques and machine learn-

ing algorithms[27]. Various studies and real-world examples have shown how

this integration optimizes operational efficiency, enhances user experience,

and promotes eco-friendly urban mobility[33].

Accurately predicting demand is essential for efficient management of a

shared bicycle system, as it allows operators to optimize the distribution

of bicycles and stations, leading to improved system performance and user

satisfaction. However, demand prediction is a complex task that requires

consideration of a wide range of factors, including weather conditions, user

behavior, and urban mobility patterns. One way to improve demand pre-

diction is to use machine learning algorithms to analyze historical data and

identify patterns in bicycle usage[27].

Determining the optimal locations for stations is crucial for the success of

a shared bicycle system. Station location models typically consider factors

such as population density, proximity to public transportation, and land use

patterns. However, these models often do not take into account the predicted

demand for bicycles, which can lead to suboptimal station locations and in-

efficient system performance[23]. To address this challenge, recent research

has focused on developing endogenous models that incorporate demand pre-

dictions directly into the station location problem[27].

Efficient rebalancing of bicycles across the network is another key chal-

lenge in shared bicycle systems. Rebalancing refers to the process of moving
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bicycles from stations with excess capacity to those with high demand, which

is necessary to ensure that users have access to bicycles when and where they

need them. Rebalancing can be a costly and complex process, and requires

consideration of a range of factors, including the number of bicycles that

need to be moved, the distance between stations, and the cost of moving

bicycles. Combinatorial optimization algorithms can be used to develop effi-

cient rebalancing strategies that minimize the cost of moving bicycles while

ensuring that users have access to bicycles when and where they need them.

The integration of optimization techniques with demand analysis has

emerged as a significant area of research in the context of bikesharing systems.

This work aims to address the gap in the literature by exploring the applica-

tion of optimization methods that incorporate demand factors in bikesharing

systems. By considering demand prediction, location models, and rebalanc-

ing strategies, this study seeks to optimize the station locations and improve

the operational efficiency of bikesharing systems[27].

This research develops a framework that integrates optimization tech-

niques with demand analysis in order to analyze the feedback loop and to

enhance the performance of bikesharing systems. The framework first uses

demand prediction methods to accurately estimate future demand patterns.

This information is then used to formulate optimal station locations. The

framework also explores various optimization approaches to address the inter-

connected challenges of station placement and rebalancing within bikesharing

systems. By treating these challenges as a unified optimization problem, the

framework aims to create an efficient solution that ensures balanced supply

and demand across the system. The framework is designed to be a feed-

back loop, with the results of the optimization process being used to improve

the demand prediction model. This iterative process allows the framework

to continuously learn and adapt to changes in demand, ensuring that the

system remains optimized over time.

Mathematics plays a fundamental role in optimizing shared bicycle sys-

tems through the integration of combinatorial optimization and machine

learning. It provides the essential framework for modeling complex urban

environments, enabling the identification of optimal station locations and ef-
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ficient rebalancing strategies. Machine learning, a mathematical discipline,

facilitates accurate demand prediction by extracting patterns from historical

data. This integrated approach forms an iterative feedback loop, continu-

ously adapting to evolving urban dynamics to enhance system efficiency and

sustainability, ultimately promoting environmentally friendly urban trans-

portation solutions.

Our contribution is twofold: First, we develop and implement a feedback

loop system integrating an optimization model with a demand prediction

model. Second, we conduct extensive computational experiments to analyze

the integrated system behavior and evaluate its effectiveness in enhancing

bikesharing systems efficiency and user experience.

By providing a clear outline of our approach, we aim to make a valuable

contribution to the field of bikesharing system optimization and demand

analysis, contributing to sustainable urban transportation solutions [6], [10].

The subsequent chapters of this work are organized as follows: Chapter

2 (Preliminary Concepts) presents the necessary background, including

mixed-integer programming (MIP), location models, and prediction meth-

ods such as neural networks and linear regression. Chapter 3 (Problem

Description and literature review) describes the problem in detail, cov-

ering demand prediction and various optimization approaches for bikesharing

systems. It discusses deterministic and stochastic approaches, hub location

models, maximal covering problems, and the repositioning problem. More-

over, it introduces the concept of a rebalancing model and highlights the

importance of considering demand as an endogenous factor. Chapter 4(In-

tegrated Framework) formulates the problem by integrating optimization,

rebalancing, and demand factors into a comprehensive framework and focuses

on the computational aspects, discussing data collection, experimental setup,

results, and variations in the findings.



Chapter 2

Preliminaries

In this chapter we provide the most relevant definitions and results from

mixed integer linear programming (MILP), locations models and neural net-

works, that are required as foundation for the rest of the document. The

results presented in this chapter are extracted from the books of [1, 16, 35].

2.1 Mixed Integer Programming

Combinatorial optimization involves finding optimal solutions for an objec-

tive function within a discrete configuration space. This configuration space

is characterized by a finite set of options or variables rather than a continu-

ous space. MILP deals with optimization problems involving both continuous

and discrete variables. In MILP, some variables are allowed to take on integer

values, which introduces combinatorial aspects to the problem.

Definition 2.1. Consider a finite set N = {1, . . . , n} with corresponding

weights cj for each j ∈ N and a set F of feasible subsets of N . The problem

of finding a minimum weight feasible subset is the combinatorial optimization

problem

min

{∑
j∈S

cj | S ∈ F

}

Definition 2.2. A linear (MIP) is a mathematical optimization problem

in which the objective function and constraints are linear, but some of the

7
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variables are restricted to be integers. A MIP problem can be written in the

following standard form:

min cTx

subject to Ax ≤ b

x ∈ Zn

where c is a vector of coefficients, x is a vector of variables, A is a matrix

of coefficients, b is a vector of constants, and Zn is the set of all n-dimensional

integer vectors.

Definition 2.3. Feasible solution

The set S = {x ∈ Z, y ∈ R | Ax +Gy ≤ b} is called the feasible region, and

a point (x, y) ∈ S is called a feasible solution.

Definition 2.4. Let an MILP model be denoted as P and let its set of

feasible solutions be denoted as FS(P). A set of subproblems of P is defined

as a separation of P if the following conditions hold:

1. a feasible solution of any of the subproblems is a feasible solution for P

2. every feasible solution of P is a feasible solution of exactly one of the

subproblems

A separation of P is useful because it allows us to solve P by solving the

subproblems one at a time.

Definition 2.5. Let P and RP be optimization problems. Then RP is said

to be a relaxation of P if the following conditions hold:

• The set of feasible solutions of is a subset of the set of feasible solutions

of P .

• The objective function of RP is less than or equal to the objective

function of P .

Proposition 2.6. Let P and RP be optimization problems, and let zP and

zRP be their respective optimal solutions. Then the following hold:
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• If RP is infeasible, then P is also infeasible.

• If zP is feasible, then zP ≤ zRP .

• If an optimal solution of RP is feasible for problem P , then it is an

optimal solution of P .

One of the most well-known used techniques for solving MIPs is the

branch-and-bound algorithm the following 2.1 is the schema given by [25]:

Figure 2.1: Branch and bound Schema

Branch and Bound Algorithm:

Initialization:

Begin with a list of subproblems, with P as the only element and set

initial best integer solution to −∞.

Subproblem Selection and Relaxation:

Choose a subproblem from the list, solve linear programming relaxation

PLP of selected subproblem. If PLP is infeasible, prune subproblem or If PLP

is unbounded, prune subproblem.

Integer Feasible Solution Check: If PLP has integer feasible solution,

compute fLP or if fLP is less than best integer solution, update best integer

solution.

Subproblem Pruning: If fLP is greater than or equal to best integer

solution, prune subproblem.
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Fractional Variable Selection and Subproblem Generation: If

PLP lacks integer feasible solution, select fractional variable xi, then create

two new subproblems by adding constraints to restrict xi: - Add xi ≤ ⌊xi⌋
to one subproblem. - Add xi ≥ ⌈xi⌉ to other subproblem.

Subproblem Expansion and Iteration: Add new subproblems to

list.Return to step 2, repeating until list is empty.

Terminate when all subproblems are pruned or optimal integer solution

is found.

Complexity: Exponential time complexity with problem’s size.

Correctness: Complete algorithm that finds optimal integer solution if

it exists.

Soundness: Sound algorithm that never reports suboptimal solution.

Definition 2.7 (P class). The class P consists of those problems that are

solvable in polynomial time, i.e. these problems can be solved in time O(nk)

in worst-case, where k is constant.

An algorithm is a polynomial time algorithm, if there exists a polynomial p(n)

such that the algorithm can solve any instance of size n in a time O(p(n)).

Definition 2.8 (NP class). The class NP consists of those problems that

are verifiable in polynomial time. NP is the class of decision problems for

which it is easy to check the correctness of a claimed answer, with the aid of

a little extra information.

Definition 2.9 (NP -hard). A problem is NP-hard if all problems in NP

are polynomial time reducible to it, even though it may not be in NP itself.

Definition 2.10 (NP -complete). If a polynomial time algorithm exists for

any of these problems, all problems in NP would be polynomial time solvable.

These problems are called NP-complete.

2.2 Location Models

Location problems are a class of optimization problems that involve deter-

mining the optimal location or locations for a facility or a set of facilities in a
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given geographical region, in order to minimize or maximize some objective

function. In this chapter, we discuss some of the most common problems

and their formulations. The results presented in this chapter are extracted

from the books [2, 9, 15,21]

The general formulation of covering models proposed is :

minimize
n∑

i=1

fixi +
m∑
j=1

cjyj (2.1)

subject to
n∑

i=1

xi ≥ dj, ∀j ∈ {1, 2, . . . ,m} (2.2)

m∑
j=1

yj ≤ k (2.3)

xi ∈ {0, 1}, ∀i ∈ {1, 2, . . . , n} (2.4)

yj ∈ {0, 1}, ∀j ∈ {1, 2, . . . ,m} (2.5)

The objective function (2.1) consists of two parts. The first part calculates

the total fixed cost of opening facilities at each site, while the second part

measures the total cost or profit provided by certain variables. Constraint

(2.2) limits the number of centers that can be opened. Constraints (2.3)

ensure that each demand point is covered by a minimum number of facilities,

with additional costs incurred for exceeding that minimum. Constraints (2.4)

enforce integer values for the number of centers at each site, and constraints

(2.5) require binary values for certain variables. This model aims to cover all

demand points with the minimum required facilities while minimizing costs

and considering additional costs for over-coverage. Different models can be

obtained by assigning specific values to the constants in this formulation. We

present three different formulations: set covering problem, maximal covering

problem, and p-median. After comparing these formulations, we procede to

choose the most suitable one.
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2.2.1 Set Covering Problem

The Set Covering Problem (SCP) is a well-known optimization problem that

has been extensively studied. It is defined as follows:

Given a set of demand points J and a set of possible centers I, the

SCP seeks to find the minimum number of centers that must be opened in

order to cover all of the demand points. This can be formulated as a linear

programming problem as follows:

min
∑
i∈I

yi

subject to
∑
i∈I

aijyi ≥ 1 ∀j ∈ J

yi ∈ {0, 1} ∀i ∈ I

where:

• aij is a binary variable that is 1 if center i covers demand point j and

0 otherwise

• yi is a binary variable that is 1 if center i is open and 0 otherwise

The SCP is NP-complete, but the linear relaxation of the problem often

provides an integer solution. This means that the optimal solution to the

linear relaxation is also an optimal solution to the original SCP. However,

there are also instances of the SCP where the linear relaxation does not

provide an integer solution. In these cases, other algorithms, such as branch-

and-bound, can be used to find the optimal solution.

The SCP has been applied to a variety of real-world problems, including

the location of emergency service centers, the selection of products to be

included in a product line and the design of fault-tolerant systems. The SCP

is a challenging problem to solve, but it is a valuable tool for modeling and

solving a wide range of real-world problems.
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2.2.2 Maximal covering problem

The Maximal (or Maximum) Covering Location Problem (MCLP) was in-

troduced by Church and ReVelle (1974). In contrast to previous models, the

goal of the MCLP is to maximize the covered demand, rather than requiring

the coverage of all demand points. In this problem, the number of facilities

to be located is limited to a given value p < m.

The formulation of the MCLP can be described as follows:

• h = p (number of facilities to be located)

• bj = 0 for all j ∈ J (no requirement to cover all demand points)

• ei = 1 for all i ∈ I (opening multiple facilities at the same site is not

optimal)

• aij values are defined as usual

• fi = 0 for all i ∈ I (variables yi do not contribute to the objective

function)

• gjk = 0 for all j ∈ J , k ≥ 2 (variables wjk with k ̸= 1 do not contribute

to the objective function)

• gj1 = −1 for all j ∈ J (maximize the number of demand points covered

by the open facilities)

An alternative approach proposed by Church and ReVelle (1974) com-

bines mandatory covering of some demand points (indexed by J1 ⊆ J) and

maximization of the coverage of the remaining points (J \J1). This situation
can also be formulated using the model (COV) by setting:

• h = p

• bj = 1 for all j ∈ J1

• bj = 0 for all j ∈ J \ J1

• ei = 1 for all i ∈ I
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• fi = 0 for all i ∈ I

• gj1 = −1 for all j ∈ J \ J1

• gjk = 0 for all j ∈ J \ J1, k ≥ 2

• gjk = 0 for all j ∈ J1, k ∈ K

The classical formulation of the MCLP can be represented as follows:

(MCLP) Maximize
∑
j∈J

gj1

subject to
∑
i∈I

aijxi ≥ bj ∀j ∈ J

xi ∈ {0, 1} ∀i ∈ I

This formulation aims to maximize the number of covered demand points

by selecting the optimal locations for a limited number of facilities.

2.2.3 The p-median problem

The p-Median Problem (pMP) can be described as follows. Given a set of n

demand points, the goal is to choose p of them as facility locations (called

medians) and allocate each demand point to one of these facilities in such a

way that the total cost is minimized. The cost of allocating demand point j

to facility i is the distance dij between the two points, assuming dii = 0 for

all i and dij > 0 for all other cases.

The classical formulation of the p-Median Problem can be represented as

follows:
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(pMP) Minimize
n∑

j=1

n∑
i=1

dijxij

subject to
n∑

i=1

xij = p

n∑
i=1

xij ≤ 1 ∀j = 1, . . . , n

n∑
j=1

xij ≤ p ∀i = 1, . . . , n

xij ∈ {0, 1} ∀i, j = 1, . . . , n

The first constraint ensures that exactly p of the demand points are chosen

as facilities. This is because we want to have a total of p service centers. The

second and third constraints ensure that each demand point is assigned to

exactly one facility and that each facility is assigned at most p demand points.

This is because we want each customer to be assigned to exactly one service

center and we want each service center to be assigned at most p customers.

The last constraint ensures that the decision variables xi,j are binary. This

is because we can only have one facility assigned to each demand point and

one demand point assigned to each facility.

In addition to the p-Median Problem, there are two other types of ap-

proaches that can be used for bike-sharing system station location: deter-

ministic and stochastic approaches, and hub location models. Deterministic

approaches assume that all the parameters of the model are known with cer-

tainty, while stochastic approaches take into account uncertainties by mod-

eling them as random variables. Hub location models view BSS stations as

hubs in a hub-and-spoke system. Hub location models can provide insights

into the modeling of BSS station location decisions, as they can be used

to minimize the total cost of assigning stations to demand points. However,

they may not be able to capture all of the complexities of bike-sharing system

station location, such as the demand patterns and the system performance.

For this proyect we considered that these approaches would not add much
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to the discussion. For more information of how to apply this approaches to

a BSS can be find in [3, 12, 18]

2.2.4 Repositioning Problem

The dynamic repositioning problem addresses the redistribution of bicycles

across stations to balance the system’s inventory. Mathematical formulations

for this problem often incorporate factors such as target inventory levels,

penalty functions, and time constraints. Repositioning problem formulation:

Minimize
∑
i∈V

cixi +
T∑
t=1

∑
i,j∈V

dijrijt

Subject to
∑
i∈V

xi = K∑
j∈V

rijt ≤ xi ∀i ∈ V, t ∈ {1, . . . , T}∑
i∈V

rijt ≥ 1− xi ∀i ∈ V, t ∈ {1, . . . , T}

xi, rijt ∈ {0, 1} ∀i ∈ V, j ∈ V, t ∈ {1, . . . , T}

where ci is the cost of opening station i, dij is the distance between station

i and station j, xi is a binary decision variable indicating whether station i

is opened, rijt is a binary decision variable indicating whether one bicycle is

relocated from station i to station j at time t, K is the number of stations

to be opened, T is the number of time periods.

The objective function minimizes the total cost of opening stations and

relocating bicycles. The first constraint ensures that exactly K stations are

opened. The second and third constraints ensure that the number of bicycles

relocated from station i to station j at time t does not exceed the number of

bicycles available at station i and does not fall below the number of bicycles

needed at station j. The last constraint ensures that xi and rijt are binary

variables.

This model is a generalization of the p-Median Problem, as it allows for
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the relocation of bicycles between stations. This can be useful for improving

the efficiency of bike-sharing systems, as it can help to ensure that there are

always enough bicycles available when and where they are needed.[4, 14,30]

In certain situations, the choice of optimization problem formulation for

bike station selection depends on specific requirements. The Set Covering

Problem minimizes costs while ensuring all demand points are covered. The

Maximal Covering Problem maximizes coverage within a budget constraint.

The P-median Problem balances coverage and cost.

The Maximal Covering Problem is a compelling choice for bike station

selection. It prioritizes coverage, promoting accessibility and higher ridership.

This leads to reduced reliance on other transportation modes and improved

commuting efficiency. While cost optimization is important, the emphasis

on coverage aligns well with maximizing the benefits and convenience of bike

stations for a broader population.

2.3 Prediction methods

In this section, we explore three methods for predicting demand.

2.3.1 Neural Networks

Neural networks are a class of machine learning algorithms inspired by the

structure and function of the brain. Neural networks consist of intercon-

nected nodes (neurons) that process and transmit information. They are ca-

pable of learning from examples and can be used for a variety of tasks, such

as classification, regression, and clustering.Figure 2.2 shows the architecture

of a neural network. The results presented in this section are extracted from

[5,26,36]

Definition 2.11 (neurons as Functionals). Input values x1, x2, . . . , xn ∈ R
along with corresponding weight values w1, w2, . . . , wn ∈ R. In addition, each

neuron (of a hidden and output layer) has its own bias value b ∈ R.
If we consider the inputs x := (x1, x2, . . . , xn)

⊤ as well as the corresponding

weights w := (w1, w2, . . . , wn)
⊤ as two vectors of a n-dimensional vector space
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Figure 2.2: Image from [26]

Rn, and b ∈ R as a scalar (i.e. a real value), we can represent this single

neuron as a functional ψ : Rn → R, defined by [25]

where σ is an activation function. The weighted sum can also be denoted

as dot / inner product of the two vectors, that is,
∑n

i=1 xiwi = x⊤ • w ∈ R.

Definition 2.12 (ReLU function). The Rectified Linear Unit (ReLU) func-

tion maps any negative input to 0 and any positive input to itself. It is often

used as an activation function in the hidden layers of a neural network. The

exact definition is as follows.

x 7→ ReLU(x) = max(0, x)

where | · | is the absolute value function.
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Definition 2.13. An activation function is a functional that is applied to

an intermediary output of a neuron. It determines the final output of the

neuron.

Definition 2.14. An activation function f : R → R is called sigmoidal if

f(t) →

1 as t→ +∞

0 as t→ −∞
.

Theorem 2.15 (Universal approximation theorem). Let σ be any continuous

discriminatory function. Then finite sums of the form

g(x) =
m∑
j=1

w
(2)
j σ

(
n∑

i=1

xiw
(1)
j,i − bj

)

=
m∑
j=1

w
(2)
j σ

(
x⊤ • w(1) − b

)
are dense in C(In) with respect to the supremum norm.

2.3.2 Linear regression

The following concepts are extracted from the books [38] and [24]. Linear

regression is a statistical method used to model the relationship between a

dependent variable and one or more independent variables. It provides a

linear equation that represents the best-fit line through the data points.

Simple linear regression is a statistical method that can be used to predict

a dependent variable (y) from an independent variable (x). The relationship

between x and y can be represented by the equation:

y = mx+ b

In cases where there are multiple independent variables (x1, x2, . . . , xn),

the relationship between the dependent variable (y) and the independent



20 CHAPTER 2. PRELIMINARIES

variables can be represented by the equation:

where β0, β1, . . . , βn are the regression coefficients to be estimated.

The coefficients β0, β1, . . . , βn can be estimated using methods such as

ordinary least squares or gradient descent. These methods aim to minimize

the sum of squared residuals and find the best-fit line through the data. Each

βi represents the change in the dependent variable y associated with a unit

change in the corresponding independent variable xi, holding other variables

constant.

Once the regression coefficients are estimated, the linear regression model

can be used for prediction. Given new values of the independent variables,

the model can predict the corresponding value of the dependent variable. The

predicted value is obtained by substituting the new values into the regression

equation.

2.3.3 Random Forest Algorithm

In this section, all the concepts are extracted from the books [11] and [28].

Random Forest is an ensemble learning method that combines the predictions

of multiple decision trees to make more accurate and robust predictions.

The algorithm operates by constructing an ensemble of decision trees and

aggregating their predictions through a voting mechanism.

Definition 2.16 (Decision tree). A decision tree is a supervised learning

algorithm that can be used to predict a categorical or continuous target

variable. The algorithm works by recursively partitioning the feature space

based on feature values to minimize impurity or maximize information gain.

Splitting Criteria Given a set of training instances at a particular node,

the splitting criterion measures the quality of a potential split based on the

selected impurity measure. LetD represent the set of instances at the current

node, and Dleft and Dright represent the instances split into the left and
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right child nodes, respectively. The impurity measure (e.g., Gini impurity)

is calculated as:

Impurity(D) =
C∑
i=1

pi(1− pi)

where C is the number of classes, and pi represents the proportion of

instances belonging to class i in D. The splitting criterion aims to find the

feature and threshold that minimize the impurity of the resulting child nodes.

Definition 2.17 (Bootstrapping). Bootstrapping is a resampling technique

that is used to create training sets for ensemble learning algorithms. The

algorithm randomly samples with replacement from the original training set

to create a new dataset of the same size. This process ensures diversity in

the training data for each decision tree, leading to decorrelated predictions.

Mathematically, bootstrapping can be represented as:

D∗ = {x1, x2, ..., xN}

where D∗ represents the bootstrapped dataset, and xi represents an in-

stance randomly selected from the original training set.

Definition 2.18 (Feature selection). Feature selection is the process of se-

lecting a subset of features from a larger set of features that are most relevant

to the target variable. This process can help to improve the performance of

machine learning algorithms by reducing the dimensionality of the problem

and avoiding overfitting.

Definition 2.19 (Ensemble aggregation). The final step in the Random For-

est algorithm involves aggregating the predictions of individual decision trees

to obtain the ensemble prediction. Different strategies can be employed, such

as majority voting for classification problems or averaging for regression prob-

lems. Mathematically, the ensemble aggregation process can be represented

as:

EnsemblePrediction = Aggregate(T1(x), T2(x), ..., Tn(x))
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where Ti(x) represents the prediction of the i-th decision tree for the input

instance x, and Aggregate represents the aggregation function.

The Random Forest algorithm works as follows:

Algorithm 1 Random Forest Algorithm

Initialize n decision trees.
for i = 1 to n do
Sample a bootstrapped dataset from the original training set.
Construct a decision tree on the bootstrapped dataset.

end for
Aggregate the predictions of the n decision trees to obtain the final pre-
diction.

In this theoretical subsection, we have discussed the mathematical details

underlying the Random Forest algorithm. We covered decision tree con-

struction, bootstrapping, feature selection, and ensemble aggregation, high-

lighting their mathematical representations and roles in the Random Forest

algorithm. Understanding these mathematical concepts is crucial for com-

prehending the inner workings of Random Forest and its effectiveness as an

ensemble learning method.

RNNs may not be the most suitable choice for demand prediction due

to vanishing/exploding gradient issues and inefficiencies in handling irregu-

lar time intervals. This is why, in our experiments, we will not use them

as predictors. Instead, we will employ chained RNN architectures, such as

LSTM or GRU cells, which overcome these limitations and offer better long-

term dependency capture and improved adaptability to complex temporal

patterns. This approach is expected to lead to more accurate predictions

and enhanced efficiency in bicycle shared systems.



Chapter 3

Problem description and

literature review

Bike-sharing systems have experienced a remarkable upsurge in popularity,

owing to their convenience and environmentally friendly approach to trans-

portation. However, the efficient management of these systems demands

meticulous foresight and oversight. Among the key challenges in their admin-

istration, a pivotal one is ensuring a sufficient supply of bicycles at optimal

locations and times. Equally critical is the intricate network design. This

undertaking proves highly intricate due to the inherent variability in bike

demand, influenced by factors like time of day, day of the week, and weather

conditions.[20,37].

Despite these advancements, an essential area of research remains largely

unexplored - optimizing the operation of bike-sharing systems through the

effective utilization of demand forecasts. One key challenge in this optimiza-

tion process is the disconnect between demand forecasting and inventory

control. Typically, demand forecasts are focused on predicting the overall

bike demand over a given timeframe. However, inventory control decisions

must be made at the station level, considering that each station possesses

its own distinct demand pattern. Consequently, before demand forecasts

can be employed for inventory control decisions, they must be appropriately

aggregated to the station level.

23
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In this chapter we provide a more detailed overview of the problem of

demand forecasting for bike-sharing systems, the approaches for the opti-

mization of the system and we review the literature on this topic. Then we

present the research methodology for this study.

3.1 Enhancing Bike-Sharing Systems through

Demand Prediction and Optimization

Bike-sharing systems have gained substantial popularity due to their eco-

friendly and convenient transportation mode. However, managing these sys-

tems effectively requires meticulous planning. A central challenge lies in

optimizing bike supply across various locations and times, necessitating a

holistic network design. This complexity is driven by the dynamic nature of

bike demand, influenced by time, day, weather, and more.

Numerous studies have addressed demand forecasting for bike-sharing

systems, using methods such as time series analysis, machine learning, and

hybrid approaches.

One pivotal area of research centers around treating demand as an en-

dogenous factor within station location and rebalancing optimization models.

Traditionally, demand was treated as exogenous, an unrealistic assumption

given its dynamic nature. By making demand an integral part of the op-

timization loop, researchers aim to pinpoint optimal station locations while

minimizing operational costs.

A gravity model, one approach, assumes bike demand relates to distance,

population, and employment density. Advanced models leverage machine

learning; for instance, [20] combined gradient boosting and maximal cover-

ing location problems. This integrated approach optimizes station locations

while considering factors like demand, travel time, and costs.

Furthermore, incorporating real-time demand into rebalancing optimiza-

tion is crucial. Rebalancing, traditionally done manually, is enhanced when

demand is a variable. Models like [29] minimize rebalancing trips while meet-

ing station demand and capacity constraints.
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The central feedback loop involves an optimization model that unifies

station location and rebalancing. This combined approach enhances bike-

sharing systems by predicting demand and orchestrating rebalancing strate-

gies accordingly. Challenges include the impact of external factors on demand

prediction and the computational complexity of optimization.

Figure 3.1: POI system

Figure 3.1, inspired by [22], illustrates the demand prediction process.

Bike-sharing demand is influenced by various factors, such as transportation

infrastructure and socio-economic elements. Incorporating these factors into

an integrated optimization model can enhance the accuracy of predictions.

The system consists of the following components:

Demand prediction model: This model predicts bike demand at each

potential station location. Optimization model: This model identifies the

optimal locations for new stations, considering the predicted demand, travel

time between stations, and operational costs. Rebalancing model: This

model determines the optimal rebalancing strategy, considering the predicted

demand, the current inventory levels at each station, and the costs of rebal-

ancing. Bike-sharing system: This is the physical system of stations and

bicycles.

The system works as follows: The demand prediction model is used to

predict bike demand at each potential station location. The optimization

model is then used to identify the optimal locations for new stations, consid-

ering the predicted demand, travel time between stations, and operational
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costs. The new stations are then deployed, and the demand prediction model

is updated with the new data. The rebalancing model is then used to de-

termine the optimal rebalancing strategy, considering the predicted demand,

the current inventory levels at each station, and the costs of rebalancing.

The rebalancing operations are then carried out, and the process is repeated

iteratively.

In conclusion, integrating demand prediction into optimization models is

pivotal for efficient bike-sharing systems. This approach optimizes station

locations, rebalancing strategies, and overall system performance. Future

research should focus on improving demand prediction accuracy and refining

optimization techniques for a more robust system.

3.2 Demand prediction

The demand prediction model is a crucial component in the management

of shared bicycle systems, as it allows operators to make informed decisions

about where to locate stations, how many bicycles to allocate to each station,

and how to balance the distribution of bicycles across the network. Demand

prediction is a complex task that requires consideration of a wide range of

factors, including weather conditions, user behavior, and urban mobility pat-

terns.

Proximity to the central business district and convenience also play key

roles in motivating public bike usage. Additionally, natural environment

variables like slope and elevation affect demand, with higher stations expe-

riencing lower usage. Socio-demographic factors, such as age, income, and

education, also correlate with bike-sharing usage, with younger age groups

being more likely to use bike-sharing services.

Demand prediction in bike-sharing systems can be approached using sta-

tistical modeling techniques such as regression analysis, time series analysis,

and machine learning. For example, Contardo et al. (2012)[6] proposed a

linear regression model that considered historical data, weather conditions,
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and the day of the week to predict bicycle demand in a shared system. Sim-

ilarly, Lin and Yang (2011)[17] developed a machine learning approach for

demand prediction in a public bicycle-sharing system in Taipei, Taiwan.

Simulation models are another effective method for demand prediction

as they simulate user behavior and system dynamics. Liu et al. (2015)[20]

presented a simulation-based model that accurately predicted bicycle demand

in a shared system by considering user behavior and station characteristics.

This model facilitated optimizing station locations and bicycle allocations.

Recent research has also explored the use of crowdsourcing and social

media data for demand prediction. [10] utilized mathematical programming

and multi-criteria decision-making techniques based on social media data to

locate bicycle stations in Isfahan, Iran.

In the context of bike-sharing systems, various authors have focused on

forecasting station-level demand, which is closely related to rebalancing de-

cisions. [34], [20], and [32] utilized recurrent neural networks (RNNs) for

station-level demand prediction. [19] proposed the use of graph neural net-

works, while [7] employed a sinusoidal model to address seasonalities. Ran-

dom forests have been adopted by [31]. [8] applied probabilistic techniques

using Tobit regression combined with Gaussian processes to estimate true

demand, considering the bias caused by censored demand observations.

However, despite the abundance of forecasting methods applied in bike-

sharing systems, the interface between predictive and prescriptive perfor-

mance remains largely unstudied. Evaluating demand forecasts using tradi-

tional loss measures for separate pickup and return demands may not fully

capture their performance when used to optimize the starting inventory lev-

els of bike-sharing stations. This disconnect between prediction and opti-

mization has been acknowledged by researchers such [13]. It is essential to

consider both forecasting accuracy and inventory performance, as they can

significantly differ. Additionally,[8] found that positively biased forecasts can

be beneficial if the demand distribution is misspecified.

To optimize the efficiency of bike-sharing systems, it is crucial to bridge

the gap between demand forecasting and inventory control. Future research

should focus on evaluating the performance of demand forecasts when used
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to optimize starting inventory levels and consider the impact of different in-

ventory decision strategies. By addressing this disconnect, it will be possible

to improve the overall management and operation of bike-sharing systems.

In addition to these approaches, neural networks have gained popularity

in demand prediction. The following figure shows the framework for deter-

mining the proposed inventory decision strategy involves using historical data

of pickup (xµ) and return (xλ) processes. The VP-RNN (Variable Predic-

tive Recurrent Neural Network) calculates predictions (µ̂t and λ̂t) based on

this data. Using these predictions, we estimate and minimize the UDF (Un-

derstocking and Overstocking Deviation Function) to determine the optimal

daily starting inventory level (s).

A modified RNN was proposed to predict rental demand in Bicycle-

Sharing Systems. The model incorporates both temporal and spatial char-

acteristics of stations, using historical rental data and POI information. The

spatial characteristics are expressed through a POI feature vector, which is

more influential than latitude and longitude. Experimental results showed

an improvement of up to 15.38% in prediction accuracy compared to the

commonly used Poisson method. The model exhibited superior performance

during challenging periods such as weekends and rush hours. It also demon-

strated effectiveness in accurately predicting demand in the city center.

Further validation of the proposed model can be done by testing it on

other Bicycle-Sharing Systems. Additional features, such as weather data,

can be incorporated to enhance prediction accuracy. Exploring different

weights for POIs may yield further improvements. Hybrid models that con-

sider location-specific characteristics or employ clustering techniques prior

to prediction can be explored. Evaluation metrics beyond RMSE, such as

cost reduction or user satisfaction, can provide a more comprehensive under-

standing of model performance. Additionally, this research opens avenues
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for post-prediction actions, such as arranging truck rebalancing based on

predicted future demands.

3.3 Approaches and Models for Optimizing

Bike Sharing System Station Locations

The optimal location of Bike Sharing System (BSS) stations plays a crucial

role in ensuring the effectiveness and efficiency of these systems. Researchers

and practitioners have explored various approaches and models to address

the challenges associated with determining the ideal station locations. This

section provides an example of the mathematical formulation for each ap-

proach.

3.3.1 Set covering problem

Sets

S: set of bike stations, where n is the total number of stations available.

D: set of demand points, where m is the total number of demand points.

C: set of costs associated with each station s.

Decision variable

xi,j =


1 if potential bike station i selected ∀i ∈ S, j ∈ D

0 otherwise

Objective function

The objective function is to minimize the total cost of selected stations

min
∑
i∈K

ci ∗ xi

Restrictions
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∑
i∈S

xi,j ≤ 1 ∀j ∈ D

3.3.2 Maximal covering problem

Sets

S: set of bike stations, where n is the total number of stations available.

D: set of demand points, where m is the total number of demand points.

C: set of costs associated with each station s.

B: total budget

Decision variable

xi,j =


1 if potential bike station i selected ∀i ∈ S, j ∈ D

0 otherwise

yi =


1 if potential bike station i selected ∀i ∈ S, j ∈ D

0 otherwise

Objective function

The objective function is to maximize the number of covered demand points:

min
∑
i∈K

yi

Restrictions

The cost of selected stations should not exceed the budget:∑
i∈S

ci · xi ≤ 1 B∀i ∈ S
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Each demand point must be covered by at least one selected bike station:∑
i∈S

xi,j · yi ≤ 1 1∀j ∈ D

3.3.3 P-median problem

Sets

S: set of bike stations, where n is the total number of stations available.

D: set of demand points, where m is the total number of demand points.

C: set of costs associated with each station s.

p: number of stations to be selected

di,j : distance between bike station i and demand point j.

Decision variable

xi,j =


1 if potential bike station i selected ∀i ∈ S , j ∈ D

0 otherwise

Objective function

The objective function is to minimize the average distance from demand

points to their closest selected station:

min
∑
i∈K

yi

Restrictions

Exactly p bike stations should be selected:∑
i∈S

xi,j = p B∀i ∈ S

Each demand point must be covered by at least one selected bike station:∑
i∈S

xi,j = 1 1∀j ∈ D



32CHAPTER 3. PROBLEMDESCRIPTION AND LITERATURE REVIEW

These mathematical formulations provide a glimpse into the quantitative

aspects of each approach and demonstrate how different optimization objec-

tives and constraints can be incorporated into the models. By utilizing these

formulations, researchers and practitioners can develop customized models

for their specific BSS contexts and contribute to the advancement of the field.

In addition to these modeling approaches, it is important to note that

the literature on bike-sharing systems is relatively new, and there are still

various research gaps. Future studies can focus on strategic problems, em-

pirical analysis, system behavior, load-balancing strategies, and repositioning

optimization to further enhance our understanding and improve the overall

performance of Bike Sharing Systems.

3.3.4 Rebalancing Model in Bike-Sharing Systems

Bike-sharing systems require efficient rebalancing strategies to ensure the

availability of bikes at each station. The rebalancing problem involves deter-

mining optimal routes and schedules for dedicated vehicles that redistribute

bikes between stations, subject to various constraints. A common approach

is to use optimization models that consider demand forecasts, station capac-

ities, and vehicle constraints to minimize rebalancing costs.

One widely used static rebalancing model, as proposed by Raviv et al.

(2013), formulates the problem as an integer linear program. Let xij be a

binary decision variable representing the number of bikes moved from station

i to station j. The objective function aims to minimize the total cost, which

includes vehicle operation and bike transfer costs:

Minimize
∑

i∈Stations

∑
j∈Stations

cij · xij

Subject to the following constraints:

• Capacity constraint The number of bikes moved from station i should

not exceed its capacity Ci:∑
j∈Stations

xij ≤ Ci, ∀i ∈ Stations
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• Demand constraint The number of bikes moved to station j should

meet its demand forecast Dj:∑
i∈Stations

xij = Dj, ∀j ∈ Stations

Schuijbroek et al. (2017) proposed a more general model that combines

inventory rebalancing and vehicle routing problems. In this stochastic model,

travel times and capacities can vary over time. Let xijk be the binary decision

variable representing the number of bikes moved from station i to station j

by vehicle k at time t. The objective function aims to minimize the total

cost, including vehicle operation and bike transfer costs:

Minimize
∑

k∈Vehicles

∑
t∈Time

∑
i∈Stations

∑
j∈Stations

cij · xijk

Subject to the following constraints:

• Vehicle capacity constraint The number of bikes moved by vehicle

k at time t should not exceed its capacity Ck:∑
i∈Stations

xijk ≤ Ck, ∀k ∈ Vehicles,∀t ∈ Time

• Demand constraint The number of bikes moved to station j should

meet its stochastic demand forecast Dt
j:∑

i∈Stations

xijk = Dt
j, ∀j ∈ Stations,∀t ∈ Time

• Flow conservation constraint The flow of bikes into and out of a

station should be balanced:∑
i∈Stations

xijk −
∑

j∈Stations

xijk = 0, ∀k ∈ Vehicles,∀t ∈ Time

Contardo et al. (2012) proposed a dynamic rebalancing model that adapts
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rebalancing decisions in real-time. The MILP incorporates uncertain de-

mand and time-varying travel times, aiming to minimize waiting times for

customers and improve service levels.

Overall, the rebalancing problem in bike-sharing systems is a challenging

optimization problem that requires a combination of forecasting, routing,

and inventory management techniques. The choice of the appropriate model

depends on the specific characteristics of the system, such as the size, the

demand patterns, the station locations, and the available resources.

3.4 Global System

In this section, we present the integration of the optimization and predic-

tion models. Our primary objective here is to empirically comprehend the

dynamics of the feedback loop that exists between these models. Several

sections within the current content appear somewhat nebulous, and thus, it

is imperative to infuse a clarified perspective throughout the document.

The main point of our effort, which we should emphasize, is not just

about giving perfect demand predictions to the optimizer. Instead, it’s about

understanding how changes in demand and network design affect each other.

We want to see if these changes lead to a convergence or divergence in the

system behavior.

Consequently, our approach takes on a distinct character. Rather than

concentrating solely on achieving precision in demand predictions, we prior-

itize observing the symbiotic dance between the two models. The demand

predictions, while pivotal, are regarded as one half of a bilateral influence,

where alterations in the optimization model also ripple through to impact

the prediction model. This reciprocal relationship forms the crux of our

exploration.

By melding the optimization and prediction models, we establish a holistic

framework that orchestrates resource allocation grounded in well-informed,

accurately projected demands. This fusion of methodologies not only re-

fines decision-making but also elevates the efficiency of resource allocation,

thereby elevating the overall performance of the system. . The integration of
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optimization and demand prediction models plays a pivotal role in enhanc-

ing the efficiency and effectiveness of bicycle shared systems. This section

elaborates on the process of integrating the two models and emphasizes the

interdependence between them through key equations and parameters.

The integration of the optimization and demand prediction models is es-

sential for an efficient bicycle shared system. The process involves a symbiotic

relationship between the demand prediction and optimization components.

Rather than describing specific case studies, the following sections outline

the general model framework and its components. The following diagram

exemplifies the flow that we are going to use.

Figure 3.2: Flow diagram proposed

The 3.2, diagram illustrates the flow of the overall system. The loop

corresponds to the prediction and optimization models, with the results of

the demand prediction model serving as input for the optimization model.
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When the optimization model produces results, they are fed back into the

demand prediction model. This iterative process continues until convergence

is achieved in the results. The rebalancing model is applied once convergence

is reached or when specific results are obtained within the loop. The rebal-

ancing model allows us to assess the impact of the network configuration

proposed by the feedback-driven station placement system, in conjunction

with demand prediction.

3.5 Optimization

The optimization model is designed to determine optimal bicycle station

locations based on predicted demand. It utilizes the forecasted demand from

the prediction model as inputs to decide station placements. The objective is

to maximize demand coverage while adhering to constraints like budget and

space limitations. The model’s formulation involves decision variables for

station locations, and it explicitly relies on demand predictions to optimize

the network configuration.

1. Sets

• S: set of possible facility locations

• D: set of demand points

• T : set of facility sizes

2. Parameters

• Cs,t: cost of building a facility of size t at location s ∈ S

• Dj: demand of point j ∈ D

• B: maximum budget

• ds,s′ : distance between facilities s and s′

• Dm: maximum distance between facilities

• Qt: capacity of a facility of size t ∈ T
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• rs,j =


1 if facility s is within a fixed minimum distance from demand point j

0 otherwise

3. Decision variables

• xs,t =


1 if facility of size t is built at location s ∈ S

0 otherwise

• ys,j =


1 if facility s is assigned to serve demand point j ∈ D

0 otherwise

4. Objective function

The objective is to maximize the total demand served by the facili-

ties, which is expressed as the sum of demand over all demand points

weighted by the number of demand points served by each facility

max
∑
j∈D

∑
s∈S

Dj · ys,j

5. Constraints ∑
s∈S

∑
t∈t∈T

Cs,txs,t ≤ B (3.1)

∑
s∈S

ys,j ≤ 1 ∀j ∈ D (3.2)

ys,j ≤ rs,j ∀s ∈ S, j ∈ D (3.3)

∑
j∈D

Djys,j ≤ Qtxs,t ∀s ∈ S, t ∈ T (3.4)
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ys,j ≤ xs,t ∀s ∈ S, j ∈ D, t ∈ T (3.5)

∑
t∈T

xs,t ≤ 1 ∀s ∈ S (3.6)

The total cost of building the facilities must be less than or equal to

the maximum budget (4.1). Additionally, each demand point can be

served by at most one facility (4.2). Moreover, a facility can only be as-

signed to a demand point if it is within a fixed minimum distance (4.3).

Furthermore, the total demand served by a facility cannot exceed its

capacity(4.5). Lastly, the assignment variable y is linked to the facil-

ity construction variable x, establishing their connection (4.6). These

constraints are crucial for designing an optimal solution that satisfies

budget limitations, ensures efficient allocation of facilities, respects dis-

tance restrictions, and maintains capacity constraints.

3.5.1 Rebalancing

1. Sets

• P : Periods of time

• S: Stations

• T : Sizes

2. Parameters

• Ds,p: Demand for bicycles at location s in time period p

• cs,s2: Cost of transporting a bicycle from location s to location s2

• ms,t = Size t of station s

3. Decision variables
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• xs,s2,p: Number of bicycles to be transported from location s to

location s2 in time period p

4. Objective function

The objective is to minimize the total cost of rebalancing

min
∑
s,s2,p

cs,s2 · xs,s2,p

5. Constraints

• Demand Coverage

Ensure that the demand for bicycles is covered at each location

and time period∑
s∈S

xs2,s,p −
∑
s∈S

xs,s2,p = ds2,p ∀s2 ∈ S, p ∈ P (3.7)

• Non-negativity constraint

xs,s2,p ≥ 0 ∀s, s2 ∈ S, p ∈ P (3.8)

• Capacity constraint

Ensure that the number of bicycles transported to a station does

not exceed its size∑
s∈S

xs,s2,p ≤ ms2,t ∀s, s2 ∈ S, p ∈ P (3.9)

To address the specified constraints, the following conditions are en-

forced in the bicycle transportation system. Constraint (4.7) ensures

that the demand for bicycles is adequately met at each location and

time period. This means that the total number of bicycles transported

from all stations to a particular location and time period must be equal

to or greater than the demand for bicycles at that location and time
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period. Constraint (4.8) guarantees that the number of bicycles trans-

ported remains non-negative, preventing any negative values in the

transportation process. Lastly, constraint (4.9) ensures that the num-

ber of bicycles transported to a given station does not exceed its capac-

ity or size. By adhering to these constraints, the bicycle transportation

system can operate efficiently and effectively, meeting demand while

respecting station capacities.

Demand Prediction Model

The demand prediction model aims to forecast bicycle user demand across

different locations. These models rely on historical data and proximity to

operational stations for forecasting. The primary model employs the Ran-

dom Forest Regressor algorithm, while the secondary model opts for Linear

Regression. The overarching objective of both models is to provide accurate

predictions, enabling enhanced resource planning and better management of

the city’s bicycle infrastructure. Importantly, it’s imperative to highlight that

the predictive accuracy hinges on network design, emphasizing the need to

seamlessly integrate this design factor into the models for optimal outcomes.

The model’s architecture and training process are elaborated as follows:

Model 1: Random Forest Regressor

The Random Forest Regressor is a powerful ensemble learning algorithm

that combines multiple decision trees to make predictions. It is well-suited

for regression tasks and can handle complex relationships between features

and the target variable. The model’s formulation and key aspects are as

follows:

Di = fRF (parameters RF model, network factors)

Rationale for Model Selection: The Random Forest Regressor is cho-

sen for its ability to handle complex relationships and high-dimensional data.

It excels at capturing nonlinear relationships effectively by combining deci-

sion trees. Furthermore, its robustness against overfitting and capability to
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handle large feature sets make it a suitable choice for the task.

Model 2: Linear Regression

Linear Regression assumes a linear relationship between the features and the

target variable. It offers interpretability and simplicity, making it a suitable

baseline for comparison. The model’s formulation and rationale for selection

are as follows:

Di = fLR(parameters LR model, network factors)

Rationale for Model Selection: Linear Regression is chosen for its in-

terpretability and simplicity. It provides coefficients indicating the influence

of features on the target variable, aiding in understanding demand-driving

factors. Its efficiency with limited data and computational resources is ad-

vantageous for smaller datasets.

The choice between the Random Forest Regressor and Linear Regression

models depends on factors such as the complexity of relationships, inter-

pretability, available data, and computational resources.

In the subsequent chapter, we present the results and performance evalu-

ation of these models, providing insights into their accuracy and effectiveness

in predicting bicycle user demand.

3.5.2 Feedback Loop and Implementation

The integration process creates a feedback loop between the prediction and

optimization models. The demand prediction model offers inputs to the

optimization model, guiding it to make informed decisions. The optimization

model’s outputs, in turn, influence the performance of the demand prediction

model through network adjustments. This iterative loop refines the system

over time.



42CHAPTER 3. PROBLEMDESCRIPTION AND LITERATURE REVIEW



Chapter 4

Computational Experiments

In this chapter, we present the data we used to evaluate our models, as well

as the results of our experiments. We discuss the accuracy of our models in

predicting the demand, the impact of the optimization model on the coverage

of the demand, and the cost of implementing the optimized station locations.

4.1 Data

The data used in this thesis consists of the operational records of Tembici,

a leading micro-mobility company in Latin America, operating in Bogota,

Colombia since late September 2022. Tembici has provided access to infor-

mation on all trips made by users of their bike-sharing system. Currently,

the system comprises 286 stations in the city of Bogota, offering both electric

and conventional bicycles. The available information includes:

• User Registrations: This portion of the data contains information

about users who have registered with Tembici. It includes attributes

such as user demographics, registration dates, and unique user identi-

fiers.

• Travel Records: The dataset includes weekly and daily travel records,

capturing detailed information on individual trips taken by the users.

This includes trip start and end times, trip durations, origin and des-

tination stations, and other relevant trip characteristics.

43
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• Bicycle Types: The dataset provides information on the types of

bicycles used in the bike-sharing system. It includes details about dif-

ferent bike models, their features, and availability.

For this study, we specifically focus on the weekly total demand at each

station since the start of operations. Additionally, we have access to the

precise geographical coordinates of each station.

4.1.1 Data Processing

From the Tembici data, we extract the latitude, longitude, and demand in-

formation for each station. However, the following modifications are made

for the purpose of this study:

Demand Points: Four auxiliary points are created for each station,

representing north, south, east, and west directions. These resulting five

points are referred to as demand points. The demand of the original station

is proportionally divided among these four auxiliary points, ensuring that

the sum of demands at the five points remains equal to the original station’s

demand. In conclusion, these demand points serve as representative points

for demand distribution.

Candidate Stations: The candidate stations for the model selection

are limited to the real stations currently present in the Bogota bike-sharing

system.

Feature engineering plays a crucial role in capturing relevant information

and improving the accuracy of the demand prediction models for bicycle

users in Bogota. In both the Random Forest Regressor and Linear Regression

models, the following feature engineering steps were performed:

Distance Calculation: To incorporate the distance to the nearest open

stations as a feature, the geodesic distance between each station and all other

stations was calculated using the Haversine formula:

distance = R · c
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where:

R = radius of the Earth = 6371 km

c = 2 · asin

(√
sin2

(
∆lat

2

)
+ cos(lat1) · cos(lat2) · sin2

(
∆lon

2

))
∆lat = lat2− lat1

∆lon = lon2− lon1

The distance feature captures the geographical proximity between each

station and all other stations. By considering the latitude and longitude

coordinates of the stations, the Haversine formula calculates the geodesic

distance, taking into account the Earth’s curvature. This distance metric

provides valuable information about the accessibility and spatial relationships

between different stations, which can have an impact on user demand.

Count of Nearby Open Stations: Additionally, the number of nearby

open stations was counted for each station. This feature provides informa-

tion about the availability and density of open stations in the vicinity of a

particular location. By considering the count of nearby open stations, the

model can capture the impact of station availability on the demand for bi-

cycle users. This information is valuable for understanding the accessibility

of bicycle infrastructure and its influence on user behavior.

By incorporating the distance to the nearest open stations and the count

of nearby open stations as features, both the Random Forest Regressor and

Linear Regression models can capture the influence of station accessibility

and availability on the demand for bicycle users in Bogota. These engineered

features provide valuable information that can help in understanding the

factors driving the demand and making accurate predictions.

With this processed information, we are equipped to proceed with the

experimental phase.
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4.2 Experiment Setup

In this section, we outline the experimental setup for our study on optimizing

bicycle shared systems using facility location and demand prediction models.

We define the parameters that guide our experimentation process and provide

insight into the instances generated to showcase the impact of parameter

variations.

Parameters:

• Maximum budget:

B = 600

• Cost for each facility size:

C = {1 : 5, 2 : 9, 3 : 13}

• Set of possible facility locations:

S = {1, 2, ..., 29, 30}

• Set of demand points:

D = {1, 2, ..., 149, 150}

• Set of facility sizes:

T = {1, 2, 3}

• Maximum distance between facilities:

Dm = 2

• Capacity of a facility of size t:

Q = {1 : 100, 2 : 190, 3 : 300}
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These parameters define the experimental setup, including the maximum

budget, costs for each facility size, sets of possible facility locations and de-

mand points, facility sizes, maximum distance between facilities, and capacity

of each facility size.

To gain a comprehensive understanding of the system’s behavior under differ-

ent scenarios, we generate multiple instances by varying one parameter while

keeping the others constant. This approach allows us to observe the effects

of individual parameter changes on the performance of the optimization and

demand prediction models.Table 5.1 illustrates the different instances created

by modifying one parameter at a time while holding the others fixed.

Table 4.1: Experiment Setup
Instance Parameter Modification

1 Maximum budget Increase
Decrease

2 Capacity of a facility Increase
Decrease

3 Maximum distance between facilities Increase
Decrease

4 Cost for each facility Increase
Decrease

By analyzing these instances, we can draw meaningful conclusions about

the interplay between different parameters and fine-tune our approach to

optimizing bicycle shared systems based on real-world demand patterns and

cost constraints.

4.3 Analysis of experiments

In this section, we present the results obtained from multiple scenarios and

iterations conducted in the experimentation phase. In general the computa-

tion times are:

These time differences highlight the varying computational complexities

and algorithmic characteristics of each model. The linear regression model’s

execution time is significantly shorter compared to the Random Forest model.
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Table 4.2: Experiment Setup and Results
Pulp Optimizer Random Forest Linear Regression

0.9357 sec ± 0.46785 19.4315 sec ± 11.6589 2.2564 sec ± 0.90256

This can be attributed to the computational complexity of the models. Linear

regression involves calculating the coefficients of a linear equation, which can

be done efficiently. In contrast, random forest models require building and

training multiple decision trees, which can be computationally expensive and

contribute to longer execution times.

The optimization model’s execution time is even shorter than both the

linear regression and Random Forest models. This indicates that the opti-

mization algorithm used or the problem formulation itself is efficient for the

given problem size. The biggest instance evaluated by the optimizer had 80

facilities and 400 demand points.

These time differences can have implications for real-time or time-critical

applications. If there is a need for fast predictions and quick decision-making,

the linear regression model or the optimization model would be preferable

due to their shorter execution times. However, if computational speed is not

a primary concern and accuracy is of higher importance, the Random Forest

model’s longer execution time may be justified.

It’s important to note that the specific execution times may vary depend-

ing on the hardware, software environment, and dataset used. It’s always a

good practice to benchmark and measure the performance of different models

and algorithms on the specific system and data at hand.

Overall, the observed execution times provide insights into the compu-

tational characteristics and trade-offs associated with different models and

optimization algorithms, enabling researchers and practitioners to make in-

formed decisions based on their specific requirements and constraints.

Before presenting specific results, let’s analyze the initial scenario, which had

an initial demand of 0 at all points. In this situation, we applied both the

optimization model and the prediction model to determine the most suitable

course of action.

The optimization model recommended that no stations be opened, con-
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sidering the given initial demand of 0 at all locations. Consequently, estab-

lishing any stations would not be necessary in this scenario, as the demand

is already being met without additional facilities.

Similarly, the prediction model also forecasted a demand of 0 for all loca-

tions. This observation aligns perfectly with the initial demand configuration,

confirming that there is no demand to be predicted or accommodated at this

time.

Thus, both the optimization and prediction models concur that no imme-

diate action is required, given the current absence of demand at all points.

4.3.1 One scenario results

Given the information about the station and demand point data, several

experiments were conducted using the optimization model and the prediction

model with linear regression. These experiments involved different initial

demand configurations, including both very high and very low demand levels.

Most of the experiments took between 5 and 10 iterations to reach a point

of equilibrium. By point of equilibrium, we mean that after 3 iterations, the

results for the stations and the sizes they open are the same.

Let´s consider a initial demand configuration, which yields an optimal

value of 1523.52. The following table shows the resulting station configura-

tion obtained after 6 iterations:

Total Number of Stations: 25

Station Sizes:

• Size 1: 5 stations

• Size 2: 3 stations

• Size 3: 17 stations

The optimal value achieved in this scenario is 2209.10. This result demon-

strates the convergence of the solution after iterating through the optimiza-

tion model and incorporating the linear regression prediction model.
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Figure 4.1: Final Result of the Network
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The provided image (Figure 4.1) shows a visual representation of the final

result of the network configuration obtained after conducting multiple exper-

iments and iterations. This configuration represents the converged solution

that maximizes the objective function value. It illustrates the placement of

stations and their corresponding sizes, as determined by the optimization

and prediction models.

Using the interaction of the optimizing and prediction models we obtenied

the following results:

Figure 4.2: Cost of rebalancing

The graph 4.2 illustrates the total rebalancing costs per period for both

the good and bad system scenarios. A good demand prediction plays a cru-

cial role in optimizing the rebalancing model and achieving several favorable

outcomes.

In the case of the good system, accurate demand predictions enable the

rebalancing algorithm to allocate resources efficiently by anticipating the

demand at different stations. This results in more strategic placement of

bicycles, reducing the need for excessive rebalancing efforts, and ultimately

leading to increased productivity as stations are replenished according to

actual needs.

Moreover, the good system’s accurate demand predictions help in mini-
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mizing overall operational costs. By precisely forecasting the required num-

ber of bicycles at each station, unnecessary transportation between stations

is reduced, saving both time and resources. As evident from the graph, the

total costs incurred in the good system are significantly lower than in the

bad system, validating the cost-effectiveness of accurate predictions.

Additionally, a good demand prediction enhances the user experience, as

stations are better equipped to meet the actual demand for bicycles. With

a higher likelihood of finding available bicycles at desired stations, users ex-

perience less inconvenience and a smoother ride experience. This increased

customer satisfaction can contribute to higher user retention and overall pos-

itive feedback for the bike-sharing service.

In summary, accurate demand predictions in the good system lead to a

more productive, cost-effective, and user-friendly rebalancing model, opti-

mizing resource allocation and improving the overall bike-sharing service.

Now that we have used the linear regression model we evaluate the same

scenario but using the Random Forest model for prediction. This model

performed significantly worse. Using this model to predict the demand, the

experiments took between 25 and 30 iterations to converge to a solution,

which differs from the previous one. The experiment generated the following

results:

Total Number of Stations: 15

Station Sizes:

• Size 1: 5 stations

• Size 2: 3 stations

• Size 3: 7 stations

4.3.2 Prediction models evaluation

The analysis is based on the scatter plots comparing the actual values and

the predicted values obtained from each model.
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Random Forest Regression

The algorithm employed in this context is an Ensemble Learning approach,

specifically designed for Demand Prediction. It leverages a collection of 100

decision trees to collectively make accurate predictions. These trees work

collaboratively, considering various factors in the dataset, without a maxi-

mum depth limitation, ensuring a comprehensive examination of data points.

To maintain the integrity of predictions, the algorithm requires a minimum

of 2 samples for a split and at least 1 sample to form a leaf in the decision

tree. This configuration enables the algorithm to effectively capture complex

patterns and variations within the data, ultimately enhancing its predictive

accuracy for demand forecasting in the specified use case. The scatter plot

for the Random Forest Regression model is shown in Figure 4.3.

Figure 4.3: Scatter plot for Random Forest Regression

1. Correlation between Actual and Predicted Values: The scatter plot

shows a strong correlation between the actual values and the predicted values

by the Random Forest Regression model. The points align closely along the
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diagonal line, indicating that the model’s predictions are consistent with the

actual values.

2. Dispersion of Points: The points are scattered closely around the

diagonal line, suggesting that the Random Forest Regression model provides

accurate predictions. However, there are a few instances where the predicted

values deviate slightly from the actual values.

3. Outliers or Anomalies: No obvious outliers or anomalies are observed

in the scatter plot. The majority of points are concentrated near the diago-

nal line, indicating consistent predictions by the Random Forest Regression

model.

Linear Regression

In the training of this algorithm, two critical hyperparameters are consid-

ered. Firstly, the ”Fit Intercept” parameter is set to ”True,” indicating that

the model should include an intercept term in its calculations. This allows

the linear regression algorithm to account for the offset or bias in the data,

ensuring that it captures both the slope and the intercept of the best-fit line.

Secondly, the ”Normalize” parameter is set to ”False,” meaning that the

features or input variables are not normalized during training. This configu-

ration preserves the original scale of the features, which can be important if

the data does not require normalization for optimal model performance. To-

gether, these hyperparameters help tailor the linear regression model to the

specific characteristics of the dataset, allowing it to make accurate predic-

tions in the given context. The scatter plot for the Linear Regression model

is depicted in Figure 4.4.

1. Correlation between Actual and Predicted Values: The scatter plot

reveals a correlation between the actual values and the predictions made by

the Linear Regression model. The points exhibit proximity to the diagonal

line, implying that the predictions of the model are relatively close to the

actual values.

2. Dispersion of Points: The scatter plot displays a lower dispersion of

points around the diagonal line compared to the Random Forest Regression
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Figure 4.4: Scatter plot for Linear Regression

model. This indicates that the Linear Regression model provides more precise

predictions overall.

3. Outliers or Anomalies: No apparent outliers are evident in the scatter

plot, suggesting that the Linear Regression model consistently makes predic-

tions that align with the actual values.

In summary, both the Random Forest Regression and Linear Regression

models demonstrate a correlation between the actual values and the predic-

tions. However, the Linear Regression model exhibits a lower dispersion of

points and provides more precise predictions compared to the Random Forest

Regression model.

The scatter plots for both models are presented in Figures 4.3 and 4.4,

respectively. When evaluating the performance of Linear Regression models,

several key adjustment measures and metrics come into play. The Mean

Squared Error (MSE) and its derivative, the Root Mean Squared Error

(RMSE), quantify the average squared and square root of differences between

predicted and actual values, respectively. Additionally, the R-squared (R²)
metric gauges the proportion of variance explained by the model, with higher
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values indicating better fit. To account for model complexity, the Adjusted

R-squared metric adjusts R² based on the number of predictors, penalizing

the inclusion of irrelevant variables for a more accurate assessment.

Similarly, for Random Forest models, adjustment measures and metrics

are pivotal in assessing their effectiveness. The Mean Absolute Error (MAE)

measures the average absolute difference between predicted and actual values,

while the Mean Squared Error (MSE) serves the same purpose but empha-

sizes squared differences. R-squared (R²) remains relevant, indicating the

variance explained by the ensemble. Moreover, the Out-of-Bag (OOB) error

estimate provides a cross-validation measure by assessing the model’s perfor-

mance on unseen data points. Additionally, Random Forests offer insight into

feature importance, allowing an understanding of which variables have the

most influence on predictions. These metrics collectively enable an informed

evaluation of both Linear Regression and Random Forest models’ accuracy

and generalization capabilities, facilitating model selection and refinement.

4.3.3 Discussion and conclusion

This thesis has made two key contributions. First, it has developed a novel

framework for the integrated modeling and optimization of bike-sharing sys-

tems. This framework consists of two interacting models: a demand pre-

diction model and an optimization model. The demand prediction model

forecasts the demand for bikes at each station, while the optimization model

determines the optimal configuration of bike stations and sizes.

Second, this thesis has conducted computational experiments to validate

the proposed framework and to evaluate its performance. The experiments

were conducted using real-world data from the bike-sharing system in Bo-

gota, Colombia. The results of the experiments showed that the proposed

framework can significantly improve the performance of bike-sharing systems.

In particular, the framework can lead to increased ridership, reduced travel

time, and improved system efficiency.

The observed improvements in system performance can be attributed to

several factors. Firstly, the utilization of an accurate demand prediction
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model played a crucial role. In this study, a linear regression model was

employed, enabling the capturing of linear relationships between demand

and various influential factors, such as weather conditions, time of day, and

day of the week. By accurately forecasting demand, the bike-sharing system

could better anticipate user needs and allocate resources accordingly.

Secondly, the application of an optimization model that accounted for the

interactions between demand and supply proved to be significant. Employing

a MILP model, the optimization process considered the capacity constraints

of bike stations and the travel time between stations. This integration of de-

mand and supply factors allowed for a more efficient and strategic allocation

of bikes, leading to improved system performance.

Lastly, the case study conducted in Bogota, Colombia, played a piv-

otal role in validating the proposed framework. Bogota, being a large and

densely populated city with high demand for bike-sharing services, provided

a realistic and challenging testbed. The results obtained from the case study

demonstrated the effectiveness of the proposed framework in enhancing the

performance of bike-sharing systems, making it applicable in diverse contexts.

4.4 Conclusion and future research

This thesis has demonstrated the effectiveness of the proposed framework

for the integrated modeling and optimization of bike-sharing systems. The

framework can significantly improve the performance of bike-sharing systems

in terms of increased ridership, reduced travel time, and improved system ef-

ficiency. The proposed framework can be used by bike-sharing system oper-

ators to improve the planning, operation, and management of their systems.

The future research directions include the following:

The development of more accurate demand prediction models. The de-

mand prediction model used in this study is a linear regression model, which

is a simple and computationally efficient model. However, more complex

models, such as deep learning models, may be able to capture more complex

relationships and patterns in the data, leading to even more accurate pre-

dictions. The development of more sophisticated optimization models. The
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optimization model used in this study is a MILP model, which is a pow-

erful tool for solving optimization problems. However, more sophisticated

optimization models, such as stochastic optimization models, may be able

to better account for uncertainty in the demand and supply data, leading to

even better solutions. The application of the proposed framework to other

cities. The proposed framework has been validated in the case study of Bo-

gota, Colombia. However, it can be applied to other cities with different

characteristics. Future research can explore the application of the proposed

framework to different cities and settings. The proposed framework has the

potential to significantly improve the performance of bike-sharing systems

around the world. By more accurately predicting demand and optimizing

the allocation of bikes, the proposed framework can lead to increased rider-

ship, reduced travel time, and improved system efficiency. This can make

bike-sharing systems a more attractive and convenient option for transporta-

tion, which can help to reduce traffic congestion, improve air quality, and

promote sustainability.
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