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Research and Industrial Projects
Research Project: Development of a multimodal schedule-based route planner.
Funded by the European Commission, Joint Research Center, Unit JRC.C.6
Economics of Climate Change, Energy and Transport (ECCET), Seville.
Budget: 135K euro, 2022-2023.
(previous successful small project in 2018, granted 13.5K euro)

Industrial Project: Explainable Machine Learning for Predictive Maintenance.
Funded by Fedegari spa, Italy. Budget: 90K euro, 2021-2024.

Research Project: Development of a ready-to-use algorithm for the efficient
computation of approximate Kantorovich-Wasserstein distance for large
spatial maps.
Funded by the European Commission, Eurostat, Luxembourg.
Budget: 14.5K euro, 2020-2021.
Outcome: https://github.com/eurostat/Spatial-KWD/

Industrial Project: Models and Algorithms of Mathematical Optimization for
disruptions management in rail freight transportation.
Funded by Binary srl, Italy. Budget: 45K euro, 2019-2020.

Industrial Project: Optimal Resource Allocation in Call Centers.
Funded by Comdata spa, Italy. Budget: 27.9K euro, 2018-2019.

https://github.com/eurostat/Spatial-KWD/


Lauree Magistrali Plus, LM+, 2018-2023



Teaching

Operations Research, 9 CFU (6+3). Tabella 2
2nd semester. Exam: project + oral. Python (Julia?)
http://mate.unipv.it/gualandi/opt4ds/

Numerical Optimization and Data science, 6 CFU (3+3). A
scelta
2nd semester. Exam: project + oral. Matlab
(Altri atenei: Complementi di Ricerca Operativa, o Nonlinear Optimization)

Programmazione 1, 6 CFU.
1st semester, 1st year semester. Exam: live coding in Python.

Integer Programming and Combinatorial Optimization, Ph.D. course.
Prof. Austin Buchanan, Associate Professor at Oklahoma State University.
May-June, 2022. (Ogni anno cambia)

http://mate.unipv.it/gualandi/opt4ds/


Ottimizzazione

Data una funzione f : Zn × Rm → R e le funzioni gi : Zn × Rm → R per i = 1, . . . , k,
si deve trovare il vettore (x∗, y∗) che risolve:

z∗ = min f (x , y)
s.t. gi (x , y) ≤ 0 i = 1, . . . , k

x ∈ Zn, y ∈ Rm.

Se n = 0, k = 0 → Nonlinear (Smooth) Optimization

Se n = 0, f (x , y), gi (x , y) convesse → Convex Optimization

Se n ̸= 0, f (x , y) e gi (x , y) lineari → Mixed Integer Linear Programming

Se m = 0, f (x , y) e gi (x , y) lineari, x ∈ {0, 1}n → Combinatorial Optimization
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The Lego Production Problem (inizio corso)

Your are given the following Lego
pieces (raw materials):

18 LARGE pieces (4 × 2)

24 small pieces (2 × 2)

You can build and sell two products:

Chairs at 8 kroner, composed
of 2 small and 1 LARGE

Tables at 11 kroner, composed
of 2 small and 2 LARGE

Sofabored at 15 kroner,
composed of 2 small and 3
LARGE pieces

QUESTION: How many Chairs, Tables, and Sofabored you have to
produce to maximize your profit?
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Math, Color Images, and Tensors
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Images and Point Clouds

RGB Image

Sampling of pixels by colors in
3D

0.0 0.2 0.4 0.6 0.8 1.0 0.0
0.2

0.4
0.6

0.8
1.0

0.0
0.2
0.4
0.6
0.8
1.0



Images and Point Clouds

RGB Image
Sampling of pixels by colors in
3D

0.0 0.2 0.4 0.6 0.8 1.0 0.0
0.2

0.4
0.6

0.8
1.0

0.0
0.2
0.4
0.6
0.8
1.0



How to generate a fake van Gogh for Borgo Ticino
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Computing the KWD between two spatial distributions

Given two empirical distributions µ and ν
defined over a space X , we can define a
complete bipartite graph:

Using the bipartite graph
B = (V ∪ W , E), we can write the LP
bipartite model:

min
∑
ij∈E

cij πij (1)

s.t.
∑
ij∈E

πij = µi , ∀i ∈ V , (2)

∑
ij∈E

πij = νj , ∀j ∈ W , (3)

πij ≥ 0, ∀{i , j} ∈ E . (4)

where the cost are defined as:

c(i , j) := d(xi , xj ) = ||xi − xj ||2. (5)

REMARK
We need to solve an optimization problem to compute the Kantorovich Wasserstein

Distance. We use an optimal transportatino plan to mapping the colors of van Gogh.
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Esempio: Ovarian Cancer Detection with Machine Learning

Predicting the presence of ovarian cancer from 4.000 markers
(dimensionality reduction + classification)



Possibili argomenti di tesi

Panoramica su tesi concluse di recente:
http://mate.unipv.it/gualandi/for-students

Possibili argomenti:

Algoritmo di Trasporto Ottimo per problemi di Natural Language
Processing

Problemi di Ottimizzazione per l’architettura ottima di reti neurali
di Deep Learning

Algoritmi di trasporto multimodale

Algoritmi di Graph coloring e di Total Matching per Grafi Sparsi

http://mate.unipv.it/gualandi/for-students
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Possibili argomenti di tesi

Possibili argomenti:
Modelli di Simulazione a Eventi Discreti per la valutazione di
policy nella gestione dei servizi sanitari (AnyLogic, MATLAB
& Simulink, Salabim)
Tecniche di Process Mining per l’analisi dei processi aziendali
ospedalieri o farmaceutici (ProM, C)
Algoritmi di Ottimizzazione Online



Questions?

Thanks for your attention.


