
Article Not peer-reviewed version

Smart Delivery Assignment Problem

through Machine Learning and the

Munkres Algorithm

Juan Pablo Vásconez * , Elias Schotborgh , Ingrid Nicole Vásconez , Viviana Moya , Andrea Pilco ,

Oswaldo Menéndez , Robert Guamán-Rivera , Leonardo Guevara

Posted Date: 28 March 2024

doi: 10.20944/preprints202403.1703.v1

Keywords: Smart delivery; Machine learning; Regression model; Munkres optimization algorithm

Preprints.org is a free multidiscipline platform providing preprint service that

is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons

Attribution License which permits unrestricted use, distribution, and reproduction in any

medium, provided the original work is properly cited.



Article

Smart Delivery Assignment through Machine
Learning and the Munkres Algorithm

Juan Pablo Vásconez 1,†* , Elias Schotborgh 1,† , Ingrid Nicole Vásconez 2 , Viviana Moya 3 ,
Andrea Pilco 3 , Oswaldo Menéndez 4 , Robert Guamán-Rivera 5 Leonardo Guevara 6

1 Faculty of Engineering, Universidad Andres Bello, Santiago, Chile; e.schotborghgonzlez@uandresbello.edu (E.S.)
2 Federico Santa Maria Technical University, Valparaíso, Chile; ingrid.vasconez@sansano.usm.cl (I.N.V.)
3 Facultad de Ciencias Técnicas, Universidad Internacional Del Ecuador UIDE, Quito 170411, Ecuador;

vimoyago@uide.edu.ec (V.M.); anpilcoat@uide.edu.ec (A.P.)
4 Universidad Católica del Norte, Departamento de Ingeniería de Sistemas y Computación, Antofagasta 1249004, Chile;

oswaldo.menendez@ucn.cl
5 Institute of Engineering Sciences, Universidad de O’Higgins; robert.guaman@uoh.cl
6 Lincoln Institute for Agri-food Technology, University of Lincoln, Lincoln, UK; lguevara@lincoln.ac.uk
* Correspondence: juan.vasconez@unab.cl
† Current address: Faculty of Engineering, Universidad Andres Bello, Antonio Varas 810, 7500735 Providencia, Santiago,

Chile.

Abstract: In the realm of smart transportation and mobility, delivery organizations are continuously refining their

strategies, harnessing resources and advanced analytical techniques to streamline operations, aiming to achieve

optimal solutions in terms of both efficiency and cost-effectiveness. However, a persistent challenge faced by these

delivery companies revolves around the effective assignment of delivery personnel to customer orders, often

grappling with suboptimal assignments that lead to inefficiencies and delays. To address this issue, we propose an

architecture that uses the Munkres algorithm to optimize the task assignment problem for delivery personnel with

pending orders, employing different cost functions obtained with deterministic and machine learning techniques.

We compared the performance of linear and polynomial regression methods to construct different cost functions

represented by matrices with orders and delivery people information. Subsequently, we applied the Munkres

optimization algorithm to solve the assignment problem, which optimally assigns delivery people and orders.

The results demonstrate that linear regression, used to estimate distance information, can reduce estimation errors

by up to 568.52 km (1.51%) for our dataset compared to other methods. Conversely, polynomial regression proves

effective in constructing a superior cost function based on time information, reducing estimation errors by up to

17,143.41 minutes (11.59%) compared to alternative methods. The proposed approach aims to enhance delivery

personnel allocation within the delivery sector, optimizing the efficiency of this process.

Keywords: smart delivery; machine learning; regression model; Munkres optimization algorithm

1. Introduction

In the rapidly evolving landscape of smart transportation, e-commerce, and logistics, the efficient
management of delivery operations remains an indispensable determinant of success for delivery
businesses [1]. However, within this realm, the convergence of smart transportation and mobility
further complicates the equation. Smart delivery processes are confronted with a multitude of chal-
lenges, spanning from the imperative to meet increasingly demanding customer expectations for
swift and reliable service to the intricate task of managing inventory levels efficiently. Additionally,
the optimization of delivery routes presents a formidable challenge, necessitating consideration of
dynamic variables such as traffic patterns and delivery windows. Moreover, the seamless facilitation
of communication and tracking throughout the delivery journey is essential for ensuring a smooth
and transparent customer experience [2,3]. These multifaceted challenges collectively underscore the
pressing need for innovative logistical solutions and strategies that harness the potential of smart
transportation and mobility technologies to maintain competitiveness in the ever-evolving landscape
of smart e-commerce and logistics.
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In this context, the use of Artificial Intelligence (AI) techniques can represent revolutionary oppor-
tunities to improve traditional approaches related to delivery, logistics, and supply chain management
[4]. In particular, AI algorithms based on machine learning (ML), deep learning (DL), and reinforce-
ment learning (RL) offer significant potential to enhance delivery processes and logistics. For example,
ML algorithms can analyze vast amounts of historical delivery data to identify patterns, optimize
routing, and predict demand more accurately, thereby improving the efficiency of delivery operations
[4,5]. Moreover, DL models work well at processing complex data types like images and text, enabling
tasks such as automatic package sorting, vehicle recognition, and natural language processing for
customer inquiries [6]. On the other hand, RL algorithms can optimize decision-making in dynamic
environments by learning from interactions with the delivery environment, leading to more adaptive
and responsive delivery strategies [7]. These AI techniques represent a possible solution to address
delivery logistics challenges.

Optimization methods also play a crucial role in improving delivery problems and logistics
by efficiently allocating resources, optimizing routes, and minimizing costs [8]. Techniques such
as linear programming, integer programming, and metaheuristic algorithms enable businesses to
address logistics and delivery challenges such as route optimization and inventory management
[9]. By mathematically modeling delivery constraints and objectives, optimization methods can help
businesses make informed decisions, maximize resource utilization, and improve overall operational
efficiency. These methods also facilitate dynamic adjustments to changing conditions, ensuring
adaptive and responsive delivery strategies. Ultimately, optimization methods contribute to enhancing
customer satisfaction, reducing delivery times, and achieving cost savings in logistics operations [10].

Over the past few years, task assignment approaches related to delivery problems have gained
significant attention from various researchers. For example, in cite [11], the authors present an
algorithm aimed at optimizing food delivery processes by minimizing delivery time in road networks.
This approach formulates an order assignment problem as a minimum weight perfect matching task on
a bipartite graph. Then, the authors employ the best-first search graph method to efficiently calculate
the solution space. The authors used real data from Swiggy, the largest food-delivery company in
India. This approach introduced novel concepts such as order batching and dynamic adaptation to
vehicle locations to enhance the solution quality and demonstrates its effectiveness in achieving a
30% reduction in delivery time. Other works emphasize the importance of minimizing the delivery
time for customer satisfaction [12]. The challenge in this respect involves stages such as order-to-
vehicle assignment, order batching, and adapting to vehicle movements. To address this, the authors
introduced a solution mapping the vehicle assignment problem to minimum weight perfect matching
on a bipartite graph. To optimize efficiency, best-first search is utilized to construct a subgraph
likely to contain the minimum matching. The algorithm enhances solution quality by considering
graph batching and dynamic vehicle positions using angular distance. Extensive experiments on
real food-delivery data from metropolitan cities demonstrate this approach presents substantial
improvements over other strategies, including reduced food delivery time, waiting time at restaurants,
and increased orders delivered per kilometer. In the work presented in [13], the authors address the
challenge of online food delivery focusing on the efficient allocation of orders to drivers and route
planning. For order assignment, a modified Kuhn-Munkres (Munkres) algorithm was employed to
optimize matching between orders and drivers, while a machine learning classification model using
eXtreme Gradient Boosting (XGBoost) predicts order batching results to prevent inappropriate matches.
Additionally, a rule-based route planning method generates viable routes for drivers. Experiments
conducted on real datasets from Meituan demonstrate the effectiveness of the proposed algorithm
in solving the online food delivery problem, validating the performance of the classification model
and the overall efficiency. In [14], the authors discuss an Autonomous Mobility-on-Demand system,
which was considered an eco-friendly urban transportation service. It addresses the optimization
of recharging, delivery, and repositioning tasks for shared autonomous electric vehicles through a
multi-agent multi-task dynamic dispatching problem based on the Markov Decision Process. The
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decision-making process is divided into three subprocesses, each transformed into a mathematical
problem: recharging and delivery task assignments are modeled as maximum weight matching
problems of bipartite graphs while repositioning task assignment is quantified as a maximum flow
problem. Algorithms such as Kuhn-Munkres and Edmond-Karp were employed to solve these
problems and achieve optimal task allocation policies. In [15], a reward function balancing order
income with trip satisfaction was proposed along with a state-value function estimated by Back
Propagation-Deep Neural Network to assess the matching degree between vehicles and tasks. The
results demonstrate significant improvements in total revenue, user waiting time reduction, and trip
satisfaction through various optimization strategies such as introducing task allocation repositioning
and combining charging with task repositioning.

Based on the bibliographic review presented above, it can be observed that task assignment
problems are a broad field of research, which has had several developments with sundry results. In
this context, the motivation of this work is to use machine learning and the Munkres optimization
algorithm in a single architecture to find a feasible method to improve the assignment tasks between
delivery people and orders. The synergy between Machine Learning and the Munkres Algorithm
enabled us to improve delivery operations, which might have a positive impact on operational costs.
Our article contributions can be summarized as follows.

• We build a dataset from MAX Delivery company headquartered in Barcelona, Spain. The dataset
comprises 7707 order records. Each record contains details regarding the time and coordinates of
delivery personnel assigned to specific customer orders.

• We used the Haversine formula to accurately calculate the distances between delivery people and
customer orders. This is essential for generating an assignment matrix to solve the optimization
problem related to order allocation.

• We propose two different supervised machine learning methods techniques to estimate delivery
time and distance for each delivery person to each customer. This is key because the dataset
only contains specific data points for completed deliveries, and creating the assignment matrix
requires calculating potential delivery times for all delivery person-customer combinations.

• We used the Munkres Algorithm with the cost matrices obtained from the Haversine calculations,
as well as the linear and polynomial regression methods. The Munkres optimization algorithm
solves the task assignment problem, which optimally assigns delivery people to customer orders.
The algorithm efficiently determines the best possible assignments by considering the costs
associated with each assignment and guarantees an optimal solution for this task.

• Finally, we compared the effectiveness of the Haversine calculations, linear regression, and
polynomial regression techniques after applying the Munkres optimization algorithm to solve
the task assignment problem.

2. Materials and Methods

In this work, we propose the architecture presented in Figure 1, which is based on machine
learning and optimization methods to improve the delivery assignment task. For this, we first create a
dataset based on delivery company information called MAX Delivery from Barcelona, Spain. Then,
to create a cost function to be optimized, we compared heuristics and Machine Learning methods
based on Linear Regression and Polynomial Regression to model distance and time metrics. Once
we estimate the cost functions, we solve the task assignment delivery problem by using the Munkres
Algorithm (also known as the Hungarian method). Finally, we compare, evaluate, and present the task
assignment delivery results.
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Figure 1. Proposed architecture for enhancing delivery assignments through Supervised Machine
Learning regression techniques and the Munkres algorithm.

2.1. Data Acquisition

For our data acquisition procedure, we sourced information from MAX Delivery, a company
headquartered in Barcelona, Spain. The dataset encompasses 7707 order records, each detailing
the time and coordinates of delivery personnel assigned to specific customer orders. This includes
information on both the delivery person and customer coordinates, along with the time taken for
each delivery. The data analyzed in this study was collected between January 1, 2023, and June 22,
2023, enabling us to compile a dataset comprising 7707 successful delivery orders. To safeguard
confidentiality, all consumer and delivery person names and specific details were anonymized.

It’s important to note that our dataset provides information solely on completed deliveries and
associated customer orders. However, to formulate a task assignment problem, we require a cost
function represented by an assignment matrix. This matrix contains the potential cost for each delivery
person to deliver to each customer. To construct this assignment matrix, we propose utilizing two
distinct methods: the Haversine formula and supervised regression techniques. When employing the
Haversine formula, we leverage the coordinates of each delivery person and customer to precisely
compute the distance between their locations and thus complete the assignment matrix. It should be
noted that while the Haversine formula accurately calculates the distance between points, determining
time is more complex due to the absence of speed, trajectory, or traffic information. Consequently, any
time calculations are estimations are derived from known information in our dataset using regression
methods. Specifically, we utilize linear and polynomial regression to estimate the missing data in the
assignment matrix of distance and time respectively.

The objective of creating the proposed assignment matrices, whether using calculated or estimated
data, is to optimally assign the nearest delivery person to each customer, thereby ensuring efficient
service delivery, as elaborated in subsequent sections.

2.2. Haversine Formula to Estimate Cost Matrix

The main objective of this process is to estimate the distance between the delivery people and the
customer orders and generate an assignment matrix to solve the optimization problem related to the
task assignment problem. To accomplish this, we calculated the distances between the delivery people
and the customer orders by using the Haversine formula [16,17]. This formula utilizes the latitude
and longitude information of each member of the delivery people’s fleet and the current batch of
customers to calculate the distance between each of them. The Haversine formula is based on spherical
trigonometry and takes into account the curvature of the Earth. It involves several steps, such as
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applying the Haversine formula (using radians), which computes the central angle (θ) between the
points using the differences in latitude and longitude as indicated in Equation 1.

hav(θ) = sin2
(

∆lat
2

)
+ cos(lat1) · cos(lat2) · sin2

(
∆lon

2

)
(1)

Then, we calculate the distance d by using Equation 2 using the central angle and the Earth’s
radius (R), typically taken as approximately 6,371 kilometers (or 3,959 miles).

d = 2 · R · atan2
(√

hav(θ),
√

1 − hav(θ)
)

(2)

The resulting value for d represents the distance between the two points along the surface of the
Earth. We used this method because it is commonly used in geographic applications and navigation
systems to accurately measure distances between locations. The calculated distances are then used to
obtain the matrix that represents the cost function used to solve the task assignment problem, which is
composed of the distance between each delivery man and each customer order as illustrated in Figure
2. The matrix used during the experiments is composed of 7707 possible deliveries and 7707 customer
orders.

Figure 2. Sample of the cost matrix that represents the distance between each delivery person and each
customer order. The matrix used is composed of 7707 possible deliveries and 7707 customer orders.

2.3. Machine Learning to Estimate Cost Matrix

In addition to directly calculating distance with the haversine formula, we propose the use of
distance and time estimations to build the cost matrix to be optimized. Since we only have specific data
points for delivery persons who completed deliveries, and creating the assignment cost matrix requires
calculating the potential distance and travel time for each delivery person to each customer, we utilize
supervised regression-based learning models to estimate distance and delivery time. We employ two
different methods to obtain an assignment matrix representing the cost function: linear regression
and polynomial regression. An example of the cost matrix obtained for travel time estimation can be
observed in Figure 3. We briefly explain each of the used regression methods as follows. It is worth
mentioning that the matrix used during the experiments is composed of 7707 possible deliveries and
7707 customer orders.
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Figure 3. Sample of the cost matrix that represents the estimated delivery time between each delivery
person and each customer order. The time estimation was realized by using linear and polynomial
regression models.

2.3.1. Linear Regression

Linear regression is a supervised machine learning method used to model the relationship between
a dependent variable and one or more independent variables. It assumes a linear relationship between
the input variables and the output [18,19]. The Equation 3 represents a multiple linear regression with
n independent variables.

y = b0 + b1x1 + b2x2 + . . . + bnxn (3)

where y is the dependent variable, x1, x2, . . . , xn are the independent variables, and b1, b2, . . . , bn are
the coefficients.

In the context of linear regression, the primary goal is to find the best-fitting line (or hyperplane
in higher dimensions) that minimizes the error between the predicted values and the actual values in
the dataset [18,19]. This is often done by minimizing a cost function, such as the Mean Squared Error
(MSE), which quantifies the difference between the predicted values and the actual values [18,19]. The
cost function equation measures the error between predicted and actual values as defined in Equation
4.

J(θ) =
1

2m

m

∑
i=1

(hθ(x(i))− y(i))2 (4)

where J(θ) represent the cost function to be optimized, m is the number of training examples, hθ(x(i))
represent the predicted value for the i-th training example, and y(i) is the actual value for the i-th
training example.

Finally, Gradient descent is used to update the parameters to minimize the cost function J(θ).
Gradient descent is a powerful optimization algorithm that effectively addresses the optimization task
in linear regression by efficiently searching for the optimal parameters that minimize the cost function
J(θ) [18,19]. The equation that represents the update rule of the Gradient descent algorithm can be
observed in Equation 5.

θj := θj − α
∂

∂θj
J(θ) (5)

where α is the learning rate, and the expression ∂
∂θj

J(θ) represents the partial derivative of the cost
function concerning the j-th parameter. This equation iteratively updates the parameters θj in the
direction of the steepest descent of the cost function. The gradient ∂

∂θj
J(θ) indicates the direction and

magnitude of the change needed to minimize the cost function. The learning rate α scales this change
to control the step size.
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2.3.2. Polynomial Regression

Polynomial regression is a form of regression in which the relationship between the independent
variables x and the dependent variable y is modeled as an n-degree polynomial [20,21]. Polynomial
regression allows for a more flexible model than linear regression, as it can capture non-linear relation-
ships between variables. However, higher-degree polynomials can lead to overfitting if not carefully
controlled. The general form of a polynomial regression equation is:

y = b0 + b1x + b2x2 + . . . + bnxn (6)

where, y is the dependent variable, x is the independent variable, b0, b1, b2, . . . , bn are the coefficients,
and n is the degree of the polynomial. In this work, we propose the use of a quadratic polynomial
regression (degree 2) as can be observed in Equation 7.

y = b0 + b1x + b2x2 (7)

In polynomial regression, as in linear regression, the aim remains to minimize the cost function,
typically the MSE (see Equation 4), through gradient descent (see Equation 5). However, polynomial
regression introduces higher-degree polynomial terms into the hypothesis function, leading to a more
complex equation for both the cost function and the gradient descent update rule. Despite these
differences, the core principles of minimizing the cost function iteratively using gradient descent
remain the same as indicated in Equations 4 and 5, with the mentioned adjustments to accommodate
the polynomial features in the hypothesis function.

2.4. Munkres Algorithm

To effectively assign orders to delivery people while maximizing assignment efficiency, we
propose the use of the Munkres Algorithm [11,22,23]. This method is also known as the Hungarian
algorithm, and it is a widely used optimization algorithm for solving the assignment problem in
bipartite graphs. It efficiently solves the problem of finding the optimal assignment of tasks to agents
based on cost values [11,22,23]. The Munkres Algorithm is highly efficient, with a time complexity
that makes it suitable for real-time and large-scale applications. Moreover, the algorithm guarantees
an optimal solution to the assignment problem, ensuring that the total cost or benefit is minimized or
maximized, depending on the objective function. The Munkres algorithm operates on a cost matrix
representing the costs or benefits of assigning each task to each agent. Through a series of matrix
operations, including row and column reductions and assignments, the algorithm efficiently identifies
the optimal assignment.

The algorithm requires a cost matrix representing the costs or benefits associated with assigning
tasks to agents. This cost matrix is an n × n matrix, where n is the number of tasks or agents as can be
observed in Equation 8. 

c11 c12 · · · c1n
c21 c22 · · · c2n
...

...
. . .

...
cn1 cn2 · · · cnn

 (8)

where cij represents the cost of assigning task i to agent j.
The Munkres algorithm starts by reducing each row of the cost matrix by subtracting the minimum

cost in that row from all the elements in the row. This ensures that at least one zero is present in each
row, as can be observed in Equation 11.

Minimize each row: rowi = rowi − min(rowi) (9)
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Similarly, each column of the cost matrix is reduced by subtracting the minimum cost in that
column from all the elements in the column. This ensures that at least one zero is present in each
column as can be observed in Equation 10.

Minimize each column: columnj = columnj − min(columnj) (10)

After row and column reductions, the algorithm creates an assignment matrix, initially filled with
zeros, where each zero represents an assignment of a task to an agent.

A =


a11 a12 · · · a1n
a21 a22 · · · a2n
...

...
. . .

...
an1 an2 · · · ann

 (11)

where aij = 1 if task i is assigned to agent j, and aij = 0.
The algorithm iterates through various steps of reducing rows and columns, updating the as-

signment matrix, and finding augmenting paths until optimality conditions are met, ensuring that
no more zeros can be chosen without violating the assignment constraints [11,22,23]. This means that
each row and each column will contain exactly one zero in the assignment matrix A. Finally, the Cost
of Assignment C(A) that represents the total cost of the assignment can be represented as stated in
Equation 12.

C(A) =
n

∑
i=1

cij · aij (12)

These equations represent the core operations of the Munkres Algorithm, which iteratively
reduces costs, updates the assignment matrix, and finds the optimal assignment by satisfying the
optimality conditions.

3. Results

In this section, we first evaluate the results of the linear and polynomial regression algorithms used
to estimate the distance and delivery time of the delivery people, thus completing the cost matrices.
Subsequently, we present and compare the various outcomes obtained when solving optimization
problems related to the assignment of delivery people to each potential customer. The results are
presented below.

3.1. Regression Results

The results presented in Table 1 depict the performance of the proposed linear regression and
polynomial regression techniques, which were trained to estimate distances and times that were used
to fill the cost matrix that represents the cost function. In the case of distance estimation, polynomial
regression outperforms linear regression, yielding a lower mean squared error (MSE) of 2.6 compared
to 6.9 for linear regression. This translates to a substantially lower Root Mean Squared Error (RMSE)
of 4.5 for polynomial regression, indicating greater accuracy in predicting distances. Similarly, for time
estimation, polynomial regression achieves superior results with an MSE of 59.6 compared to 120.9 for
linear regression. Consequently, the RMSE for time estimation with polynomial regression is notably
lower at 7.7, showcasing its enhanced precision in predicting time durations compared to the RMSE
of 11.0 for linear regression. These results suggest that polynomial regression offers better predictive
capabilities for both distance and time estimation tasks compared to linear regression, demonstrating
its efficacy in capturing the underlying patterns and complexities of the proposed dataset.
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Table 1. Mean squared error (MSE) and Root Mean squared error (RMSE)

Mean squared error
(MSE)

Root Mean squared error
(RMSE)

Distance estimation -
linear regression 6.9 [m2] 20.3 [m]

Distance estimation -
polynomial regression 2.6 [m2] 4.5 [m]

Time estimation -
linear regression 120.9 [s2] 11.0 [s]

Time estimation -
polynomial regression 59.6 [s2] 7.7 [s]

3.2. Task Assignment Problem Results

The results presented in table 2 detail the performance of the proposed methods in estimating
distances traveled by the delivery people after solving the task assignment problem with the Munkres
algorithm. The Munkres method yields an average distance estimation of 4.55 kilometers, with a stan-
dard deviation of 3.24 kilometers, resulting in a total summation of 34956.84 kilometers. Interestingly,
when combining linear regression with the Munkres method, the average estimation remains consis-
tent at 4.55 kilometers, with a slightly reduced standard deviation of 3.23 kilometers, contributing to
a marginally increased total summation of 34957.74 kilometers. Conversely, employing polynomial
regression in conjunction with the Munkres method leads to a slightly higher average distance estima-
tion of 4.62 kilometers, accompanied by a larger standard deviation of 4.49 kilometers, resulting in a
total summation of 35526.26 kilometers. These findings suggest that, while both linear and polynomial
regression exhibit similar average distance estimations when combined with the Munkres method,
polynomial regression introduces greater variability in distance estimations, as indicated by its higher
standard deviation. Notably, considering that less distance is better, the Munkres method and the
linear regression combined with the Munkres method emerge as the most effective approaches when
distance estimation is used to solve the assignment problem for the proposed dataset.

Table 2. Comparison results of the proposed methods to solve the task assignment problem by using
distance metrics at the cost matrix.

Method Average
[km]

Standard Deviation
[km]

Summation of total distance
[km]

Munkres 4.55 3.24 34956.84
Linear regression
+ Munkres 4.55 3.23 34957.74

Polynomial regression
+ Munkres 4.62 4.49 35526.26

As can be observed in Table 3, for the Linear Regression method the average time estimation is
19.24 minutes, accompanied by a standard deviation of 9.12 minutes, resulting in a total summation of
147891.23 minutes. Conversely, the Polynomial Regression method yields a notably lower average
time estimation of 17.01 minutes, with a reduced standard deviation of 5.25 minutes, contributing to
a shorter total summation of 130747.82 minutes. These results indicate that Polynomial Regression
offers more precise estimations with less variability compared to Linear Regression when we solve the
task assignment problem with the Munkres method.
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Table 3. Comparison results of the proposed methods to solve the task assignment problem by using
distance metrics at the cost matrix.

Average
[minutes]

Standard Deviation
[minutes]

Summation of total time
[minutes]

Linear Regression
+ Munkres 19.24 9.12 147891.23

Polynomial Regression
+ Munkres 17.01 5.25 130747.82

Finally, we present a sample of the results of the automatic assignment of tasks using the Munkres
algorithm and the different methods of estimating the cost function in Figures 4 and 5. In Figure 4, the
use of distance to construct the cost matrix reveals that the best method is linear regression, with a
total travel distance of 102.87 [km]. This is closely followed by the Harveysine method at 103.89 [km],
and polynomial regression at 109.14 [km]. Conversely, Figure 5 illustrates that when time is utilized to
formulate the cost matrix. In this case, polynomial regression emerges as the best method, resulting in
a total travel time of 376.06 [min]. In contrast, the linear regression method yields a total time of 424.87
[min]. To summarize, linear regression methods demonstrate superior performance when distance
estimation is utilized for our dataset, whereas polynomial regression methods excel in scenarios where
time estimation is paramount.

Figure 4. Distance calculation after optimization procedure for a sample of 21 delivery people. a) Total
Munkres distance 103.89 [km], b) Total Munkres distance 102.87 [km], c) Total Munkres distance 109.14
[km].

Figure 5. Time calculation after optimization procedure for a sample of 21 delivery people. a) Total
time using linear regression of 424.87 [min], b) Total time using linear regression of 376.06 [min].

4. Conclusions

In this work, we propose a smart delivery system to optimize the task assignment problem for
delivery personnel with pending orders. The proposed approach utilizes the Munkres algorithm and
various cost functions obtained through deterministic and machine-learning techniques. Linear and
polynomial regression methods are compared to construct different cost functions represented by
matrices with orders and delivery people information. Results show that linear regression reduces
estimation errors in the distance by up to 568.52 km (1.51%) compared to other methods, while
polynomial regression reduces errors in time estimation by up to 17,143.41 minutes (11.59%). The
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proposed smart delivery system aims to enhance delivery personnel allocation within the delivery
sector, optimizing efficiency.
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