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[uri1 Santos — PhD Candidate at PUC-R10

¥ Academic Background s Professional Background
Bachelor and Master in Industrial » Researcher and Intern at Tecgraf Institute
(2016-).

Engineering (PUC-Ri0). ’
PhD Candidate in Industrial Engineering * Intern at the Petrobras’ department of

, Intelligence and Strategy of Maritime
(PUC-Rio) — 4th year Transportation (2014-2015).

Visiting Researcher at Aalto University
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[uri1 Santos — PhD Candidate at PUC-Ri10

Maritime Fleet Size and Mix

Stochastic and deterministic optimization models for the cabotage tanker fleet size and mix decisions.
1 final project (Santos, 2015), 2 conference papers (Vieira et al., 2016; Santos et al., 2017), 1 journal
article (Vieira et al., 2017) and 1 prize (Vieira et al., 2016).

PLSVs Scheduling

Heuristics and optimization models for ship scheduling.
1 conference paper (Cunha et al., 2017) and 1 journal article (Cunha et al., 2018).

Oil Rigs Scheduling

Simulation, heuristics and optimization model for offshore rigs scheduling.
1 conference paper (Santos et al., 2017) and 1 master thesis (Santos, 2018)
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Data-driven joint chance-
constrained optimization
for the workover rig
scheduling problem



Introduction - The Rig Scheduling Problem

Oil rigs are the most important resources in the Exploration and Production of Oil and Gas.

Use mainly in drilling, completion, workover and abandonment.
(complex, expensive and risky operations)
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Systematic Literature Review
The Rig Scheduling Problem

Article “A Systematic Literature Review for the Rig Scheduling Problem: classification and
state-of-the-art” currently in revision (R1) for the Computers and Chemical Engineering.
(Qualify paper)

Analysis of 128 papers from Scopus (67/3248), WOS (35/551) and Google Scholar (citation links).
Proposes a classification and taxonomy.

Main findings:

Trend for models considering the uncertainty of the rig scheduling problems:
Stochastic/robust models, simulation-optimization, dynamic programming and data-driven
optimization.

Need for models closer to the demands of the industry:

Realistic objective functions, heterogeneous fleets, use of real data and
validation/implementation of results.
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Systematic Literature Review
The Rig Scheduling Problem — New Classification

The Rig Scheduling Problem (RSP) main attributes:

[ Rig Scheduling Problem ’
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[Oilfield Iocation:’ ‘Wells operations:J {Planning Ievel:’ ‘ Resource: ’ { Jobs: J LRoutingfscheduling:M Rigs fleet: ’

~»  Onshore “%Drilling!completion} -{ Stand alone -{ Rigs —» Single job J ‘>[ Scheduling | [ Homogeneous}

> Offshore —>  Workover h{fieldlr:;:\?;r;:ient —>  Crews —> Multiplejobs} *{ Routing —> Heterogenous}

N s
9 Plug & abandonment —P Others
A

£ —-
T TSR PUC P Al (G Topt

PUC-RIO USTRIAL  aounivraty




TECGRAF

PUC-RIO

Systematic Literature Review
The Rig Scheduling Problem — New Classification

The Rig Scheduling Problem (RSP) main attributes:

[ Rig Scheduling Problem }

1

Focus-of this study:
The Workover Rig Scheduling
Problem

v

{ Study case J

v

[Oilfield location: ’

v

Approach J

v v ) ¢ v b
[Wells operations:} {Planning level: ’ ‘ Resource: ’ { Jobs: J LRoutinglschedulinng ‘ Rigs fleet: ’
~>{ Onshore J “’{Drilling!completion} —ﬁ Stand alone —ﬁ Rigs —> Single job \ ->{ Scheduling ‘ -b{HomogeneousJ
_’ Off ‘ »ﬁ ) Integrated o . (
| shore Workover field development —> Crews Multiple jobs Routing —» Heterogenous
‘—b{ Plug & abandonment —P Others



Workover Rig Scheduling Problem

Assumptions

A set of offshore wells, each one requiring a specific workover operation with a release date.
A set of heterogenous rigs is available for hiring with eligibilities and different durations.

Objectives:

Fleet size:
Select rigs to hire minimizing the fleet costs.

Wells service:
Select wells to served minimizing the oil production loss.

Scheduling:
Allocate a well to a rig that can serve it.
Select when the well will be served by the rig minimizing the oil production loss.
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Workover Rig Scheduling Problem
Deterministic Model

Several formulations were developed and tested for the
deterministic model.

We propose a formulation based in a routing model.

Sets: Parameters:
« i,j €]:wells « ;2 oil production loss
*  keK:wells - g release date.
-  dF: processing time.

Main Variables: Auxiliary Variables:
- X[t If rig k goes from - x1k: If rig k enters
well i to well j. well i.
«  S;: Starting time of « X2k If rig k leaves
task i. well i.
«  Zk:If rig k is hired or - w: If well iis served.
not.

‘ |
Ju-; TECGAF PUC ey A! < I-opt

PUC-RIO INDUSTRIEL




Y A

Workover Rig Scheduling Problem
Deterministic Model

Several formulations were developed and tested for the
deterministic model.
We propose a formulation based in a routing model.

Oil production loss (tardiness and well service) Rig hiring cost
) |
[ |
Min LS+ ) (df —a)X1F+ HO-Wy)| + > FzF
i€ J|is0 ke K kEK
Subject to:| X1F = X2F Vi, k
Flow-balance — Xlzk = Z Xjki Vi, k
jeJ
X2F = p . ¢! Vi, k
JjEJ
W= X1f Vili # 0
Well service — keK
W= Xxo Vili # 0
- keK
Sequence timing  §; — d* > S; — M(1- X};) Vi, j, kli # j
Release dates S; > a;W; Vili # 0
Rigs hiring le £ ZF Vi, k
'k e s s
X;; € {1,0} Vi, 5, klg L3
X1¥ e {1,0} Vi, k
Variable | X2 € {1,0} Vi, k
domains W; € {1,0} Vili # 0
SieZ* Vi
Z* € {1,0} Vk
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Workover Rig Scheduling Problem
Deterministic Model

Can be infeasible
when simulating the
deterministic model

decisions for the
rigs hired and wells

served

Oil production loss (tardiness and well service)

Rig hiring cost

\ L
| \
Min Z :|Si+ ) (dF —a)X1F + H(1 — W) +Z<~Z‘
i€ J|i#0 ke K ke K
Subject to:| X1F = X 2F Vi, k
Flow-balance — X1} = Z XJI"} Vi, k
jed
X2F = y Xk Vi, k
JjEJ

W= ) Xi1f Vili # 0

Well service — keK
Wi=)_ X2 Vili # 0

- ke K
Sequence timing S —df >S5, - M(1-X}) Vi, j, ki # j
Release dates S; = a;W; Vili # 0
Rigs hiring le £ GF Vi, k
Xt e{1,0} Vi, j, k|i # j
X1r & {1,0) Vi, k
Variable | X2; € {1,0} Vi, k
domains | W; € {1,0} Vili # 0
S; € Z+ Vi
Z* € {1,0} Vk
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Workover Rig Scheduling Problem
Deterministic Model

Solution: Data-
driven joint chance
constrained
approach

Can be infeasible
when simulating the
deterministic model

decisions for the
rigs hired and wells

served

Oil production loss (tardiness and well service)

|

Rig hiring cost

)

Min Z

S+ ) (dF —a)X1F + H1 - W) +Z(Z‘
i€ J|i%0 ke K keK

Subject to:| X1F = X 2F Vi, k
Flow-balance — X 1} = Z \;‘1 Vi, k

JEJ
X2 -3 xt ik

JEJ
Wi=) Xif Vili # 0

Well service — keK
|w; = > X Vili # 0

- ke K
Sequence timing G, — df >8; — M(1— Xfi) Vi, j, kli # j
Release dates  S; = a;W; Vili £ 0
Rigs hiring le < Z* Vi.k
[ Xk e {1,0} Vi, j, kli # j
X1r & {1,0) Vi, k
Variable | X‘Zf—" € {1,0} Vi, k
domains W; € {1,0} Vili # 0
SieZ' Vi
Z* € {1,0} Vk
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Methodology:

Data preparation

Data cleaning
Text Mining to treat
qualitative data
Task Classification using
clustering methods
Tool: R.
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Workover Rig Scheduling Problem
Data-driven joint chance constrained approach

Predictive Models Joint Chance-

Task Duration estimation ConStra]ned MOdel
(duration, log, norm) *  Representation of the probability
Regressions models (GLM and *  Non-linear deterministic equivalent
Ridge) «  Stochastic programming with linear
Best distribution for residuals model.
Tool: R. . Scenario Generation techniques

Tools: Julia and Gurobi.



Workover Rig Scheduling Problem
Data preparation and prediction

The workover rig scheduling environment is full of uncertainties
(durations, dates, occurrence, workover properties).

Delta - Histogram and Density

0 B Histogram

350 ;
Density

300

250 0.015

How can we predict
the workover
durations?

200
0.01

Censity

150

Count of tasks

100 0.005

50

—— — = 0

0 100 200 300
Duration (days)
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Workover Rig Scheduling Problem
Data preparation

50 more commons

Substituicio de BCS -

Abandorio Definitivo -

_C-Limpeza-

Dissociagdo de Hidrato -

Troca de VGL -

Abandono Tempordrio -

Abandono definitivo -

Abandono - Corte dos revestimentos -
Amortecimento -

|- Recompletacio -

Abandono - Desequipagem do Poce e Abandono de Interyalo Produtor -
Dissociagao de hidrato -

Abandono - Corte dos revestimentos e tamp&o de superficie -
Abandono - Checagem do topo do tamp3o de superficie -
Recompletacio -

Troca de COP -

Troca de ANM -

Instalar camis&o na DHSV -

C-Restauracio -

Troca sistema elétrico de poténcia e BCS do MOBO -
Substituicio de COP -

bandono Provisrio -

Troca da BCSS -

Quebra de Hidrato -

|- MME de GL para BCS -

Substituigdo de BCSS e SEP -

Substituicio de ANM -

Limpeza -

Instalar Camis&o na DHSY -

Troca de BCSS -

Troca da BCSS do MOBO -

Remoc3o de Incrustraco -

,Perfilagem (PLT) -

| - Mudanca no método de elevacao -

Dissociacio de Hidrato e Traca de VGL -

Comissi 1ento apos rer j 1to para boido -
Instalagdo do camisdo na DHSV -

Substituicdo da COP e VGLs -

Restauracio -

Quebra de hidrato -

Pescaria e substituicio de BCS -

| - Pogos & definir do projefo RC0519A -

Abandono PM-34 -

oca de COP e BC5S -

Investigacio da Queda de Injetividade -

Instalacio de BCS -

mortecimento / D i 1/ Aband Temporario -
Acidificacio -

Abertura da VHIF -

Abandono Temporario (MLS-002) -

Descrigéo

0 50 100 150 200
Frequency

Original data Data cleaning Data simplification Words Clouds Clustering

(dirty, duplicated, errors) (Text Mining) (Text Mining: stemwords) (keywords frequence) (string similarity)

Grouped
tasks
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Workover Rig Scheduling Problem
Data preparation

50 more commons

abandon definit -

substitu bes -

climpaz-

dissoc hidrat -

troc vgl-

abandon lemporari -

abandon cort revest -

amortec-

instal camisa dhsv-

irecomplet=

abandon desequipag poc abandon interval produtor -
recomplet -

troc cop -

abandon cort revest lampa superfic-
abandon checag top tampa superfic -
troc anm =

troc bess -

quebr hidrat -

substitu cop -

dissoc hidral froc vgl -

substitu bcss sep -

restaur =

froc bess mob -

subslitu anm-

troc sistem eletr potenc bcs mob -
rem incrustr -

investig qued injet -

abandon provisori -

Descrigao

abandon pm-

ch troc bes =

troc cop anm -

substitu bcss -

perfilag pit =

~ imudanc metod elev-
comission apos remanej boia-
restaur -

instal plug -

instal camisa -

troc vgl continu =

test csbs -

substitu cop vgls -

pesc substitu bes -

i poc defin projet rca-

troc cop bcss
instal camisa dhsv substitu anm -
instal bes -
chinsttampa -

o
@a.
&
=
5

150 200

Frequency

Original data Data cleaning Data simplification Words Clouds Clustering Grouped
(dirty, duplicated, errors) (Text Mining) (Text Mining: stemwords) (keywords frequence) (string similarity) tasks
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Workover Rig Scheduling Problem
Data preparation

CLUSTER Original data Mumber of obs.
Substituicio de BCS

Substituicdo de ANM

Substituicdo de BCS5 + SEP

Substituicdo da COP e VGLs

Substituicio de BCSS e SEP

Substituicdo da BCSS

Abandono Definitivo

Abandono Temporario

Abandono - Corte dos revestimentos

Abandono - Checagem do topo do tampdo de superficie
Abandono - Corte dos revestimentos e tamp&o de superficie
Abandono Permanente

Abandono Definitivo {Interrompido)

Abandono Definitivo (ndofinalizado)

Abandono - Concluir recuperagdo do revestimento de 30"
Abandono Temporario (MLS-002)

Dissociacdo de Hidrato

Dissociacdo de Hidrato e Troca de VGL

Dissociacdo de Hidrato + Troca de VGL

Dissociacdo de hidrato (Retorno)

Dissociacdo de Hidrato e Abandono Temporario
Dissociacdo de hidrato nas LGLe LPO

Dissociacdo de Hidrato + Desincrustracdo

C - Restauragdo

Restauragdo

Teste de estangueidade

BG-16 - Restauragdo

CH-32 - Restauragdo

CH-27 - Restauragdo

=
o
(=]

A3 [EE RN R N Y]
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~
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e T R R B [ e e A el L el i R SRR O, R W R

DO OoOOoOO 0000 0N@EEED@EDEDEDoE|EE>EF R

Original data Data cleaning Data simplification Words Clouds Clustering Grouped

(sujo, duplicacoes, erros) (Text Mining) (Text Mining: stemwords) (keywords frequence) (string similarity) tasks
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Workover Rig Scheduling Problem
Data prediction

Objective: Predict the duration of the tasks.

Regression models:
Generalized Linear Model Regression
Ridge Regression

Variations of the dependent variable:
Duration.
log(Duration).
Normalized Duration.

Cross-validation with several distributions (gaussian, poisson and gamma).
Samples sizes: 479 (in) and 103 (out).
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Workover Rig Scheduling Problem
Data prediction

Final regression model:
Ridge Regression:

log(Duration) ~ WellDepth + Subpool + Basin + Clusters45 + RigType

Reformulating the regression to WRSP notation:
log(dﬁ‘) ~ a - Depth; + B; - Pool; + v; - Basin; + 6; - Clusters; + ¢* - Type*
df~ exp(a - Depth; + f5; - Pool; + v; - Basin; + 6; - Clusters; + ¢* - Typek) + ¢

\ /
A~ = dF +¢

Where:
€ can be
B TECGRAF PUC ey Al ¢ Mopt estimated
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Workover Rig Scheduling Problem
Joint Chance-Constrained Model

Min IE( > b {SﬁZZ(&meﬁD +H Y L(=W)+ Y

Basic representation t€ Jlix0 JETkEK elizo s
Subject to
X =) X[ Vi, k (56)
jeJ jeJ
Y > xk=w; Vili £ 0 (57)
kK jeJ
Joint chance- Pr(S; + H(1 - Xj) > Si +df  Vj.kli#])) <1-aVili#0 (58)
constrained szl Vi #0 o)
Probability 1-a of the well | 2 X5 <112 vk (60)
duration respects the start of Xk e 1,0} Vi ki £ (61)
the next task start in the same Si >0V S ezt Vili # 0 (62)
rig W; € {1,0} Vi (63)
& recanr PUC * e Al G Mopt Z" € {1,0} vk (64)
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Workover Rig Scheduling Problem
Joint Chance-Constrained Model

Min E ( > b {51- =)0 (dy az)Xﬁ}) +H Y L(=W)+ Y

Basic representation iedlizo JeTheK 10 i
Subject to
Z}X;‘; - ZJX; Vi, k (56)
Je JeE
YOS XE=w, Vili # 0 (57)
keK jeJ
Joint chance- Pr(S; + H(1-X§) > S; +df Vjk[i#]) <1—aVii#0 (58)
constrained azelhe e o
Probability 1-a of the well | 2 Xy <11 ik (60
duration respects the start of XK e (1,0} Vi, g kli £ (61)
the next task start in the same 5i2 0V 5 € 27 vili # 0 (62)
. W; € {1,0} Vi (63)
g e How to represent this 2 e {10} L (64)

U eicRe nrohahilityv?



Workover Rig Scheduling Problem
Joint Chance-Constrained Model via Regression Model

P(S;+H(1—-XE)>S; +d Vikli#j)<1—aVili #0  (46)
Initial representation: P(S; + H(1 - X5) > Si +dy +¢ Vikli#§)<1—aVili#0  (47)
P(Si—S;—H(1-XE)+di <—c  Vjkli£j)<1—aVili#£0 (48)
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Workover Rig Scheduling Problem
Joint Chance-Constrained Model via Regression Model

P(S;+H(1—-XE)>S; +d Vi kli # §) < 1— aVili # 0

Initial representation: P(S; + H(1 - X5) > Si +dy +¢ Vi, kli # ) < 1— aVi|i £ 0

MINLP deterministic
equivalents:

TecaAF PUC Faen AV G Mot
R

PUC-RIO = RIS S o —

jeJkeK i)

[

JELKEK |i#]

P(Si—S;—H(1-X})+df <—c)<1-a

P28, -85 —H1-X:)+di)<1—a

P(Si—Sj—H(—XE)+di <—= Vi kli#j)<1—aVili #0

Vili # 0

Vili # 0

(46)
(47)
(48)



Workover Rig Scheduling Problem
Joint Chance-Constrained Model via Regression Model

P(S;+H(1—-XE)>S; +d Vikli#j)<1—aVili #0  (46)
Initial representation: P(S; + H(1 - X5) > Si +dy +¢ Vikli#§)<1—aVili#0  (47)
P(Si—S;—H(1-XE)+di <—c  Vjkli£j)<1—aVili#£0 (48)

1_ P(Si—Sj—HQ—-X5)+df <—2)<1-a Vili#0 (49)
MINLP deterministic 7€/kekli#

equivalents: [[ P(e>S-8-H1-XE)+d)<1-a Vili£0 (50)
JETkEK |i%]

[ P ( > gfj(X)) <l-a Vili£0 (51)
jekeK i

! ! k
. pl=—L> gij(X)_“')<1a Vili £0 (52
If e~N(u, o), still MINLP: jeﬂgﬁ# ( - =25 = i#0  (52)
k )
I1 [1—@(9”00 / )] <l—a Vii#0 (53)
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Workover Rig Scheduling Problem
Joint Chance-Constrained Model via Regression Model

Initial representation:

MINLP deterministic Solution for a MILP representation of the
equivalents: Joint Chance-constrained model via
regression?

Stochastic programming / Scenarios
If e~N(u, o), still MINLP:
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Workover Rig Scheduling Problem
Joint Chance-Constrained Model via Regression Model

Two-stages stochastic programming approach:

Scenario Generation

(Monte Carlo
Simulation)

Scenario Reduction Two-stages
(Wasserstein distance) stochastic model

J‘ DEI .
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Workover Rig Scheduling Problem
Joint Chance-Constrained Model via Regression Model

Two-stages stochastic programming approach:

New set:
* w € O (Scenarios)

Second stage variables:

First stage variables: ¢+ X1 “travels”
« W;: wells attended « S: well start
» Zk: rigs hired » V[X“: slack variable for constraint relaxation.

« Y?: well i feasibility.
+ Auxiliary variables used for better relaxation
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Workover Rig Scheduling Problem
Joint Chance-Constrained Model via Regression Model

Min > > L S+ZZ Fref —a)Xi | +H Y 1411’)+Z A

Two-stages stochastic programming approach: e e
(66)
st o Second stage First stage
S X-N XE =0 Vi, k,w  (67)
jeJ jed
YN Xk =w; Vi,w|i 20 (68)
. . keK jeJ
Slack variable relax the uncertainty S9 4+ H(L- X5) > 8+ & 1 e(1-VA)  Vijkwlo#istj (69)
Slack variable only for when X=1 Ve < Xl Vi.jkwl0#i#j  (70) é‘:}‘g}me
Slack variable use counts as Infeasible — "~ =% vig kw0 iz (M) constrained
: . d Y <il-a Vili A0 (T2)
Infeasible probability less the 1-«a o
Sy zaixy Y Xk Vi,wli #0  (73)
jeJ keK
Y X< zF Vi k,wli A0 (74)
JjEJ
Xk e {1,0} Vi, g kwli# 5 (75)
Vi € [1,0] Vi j.kwl0#£i#j  (T6)
Y e {1,0} Vi,wli #0  (77)
Sy e ZT Vi,wli £0  (78)
W; € {1,0} Vi o (79)
zF e {1,0} vk (80)
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Workover Rig Scheduling Problem
Joint Chance-Constrained Model via Regression Model: stochastic approach

Schedule Example

RIG

.-<
=]

V (slack variable) =
0

B TeCanF PUC B Al ¢ opt Y (infeasible) = 0
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Schedule Example

Workover Rig Scheduling Problem

Joint Chance-Constrained Model via Regression Model:
stochastic approach

Horizon (davs)

Slack variable=0

Schedule Example
RIG ¥
Wmo
m:

Horizon (days)

V (slack variable) =
0.6429
Y (infeasible) = 1

‘G" TECGAF PUC Fmee AV ¢ Mopt
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Workover Rig Scheduling Problem

Joint Chance-Constrained Model via Regression Model.:
stochastic approach

RIG

Schedule Example

Jt"-,; TECGRAF PUC

PUC-RIO

RIO

DEI
DEPRRTAMENTO
DE ENGENHARIA
INDUSTRIAL

16 18 20 22 24 26 28 30 32 24 36 38

Horizon (days)

V (slack variable) = 1
Y (infeasible) = 1

Al G ot

Schedule Example

RIG
mo
o 2z 4 & & 10 12 14 16 18 20 22 24 26 2 30 32 34 3, 3] 40 42 44 45 48 S0 52 54 56 58 &0
Horizon (davs)
Schedule Example
RIG ¥
mo
Y me
Wo
w2

0 5 10 15 20 25 30 35 20 5 50 s5 60 65 70
Horizon (days)

V (slack variable) = 0.6429
Y (infeasible) = 1



Schedule Example

Workover Rig Scheduling Problem

Joint Chance-Constrained Model via Regression Model:
stochastic approach

Slack variable=0

Schedule Example

Penalties are used in the objective function V (slack variable) = 0.6429
to assure that V5 and ¥; are minimum. Y (infeasible) = 1

Schedule Example

% 2 3 2 M 3w ;
Horizon (days)

V (slack variable) = 1

JU‘.I; TECQRAF P[JR(l; E?nmrimim A! CJ\ r_oa Y (infeaSible) =1

PUC-RIC INDUSTRIAL
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Workover Rig Scheduling Problem
Joint Chance-Constrained Model via Regression Model: stochastic approach

Model is able to optimize in reasonable time different sizes of instances with 30 scenarios.

Scenarios  Jobs Rigs Horizon Seed Density  Status Gap Time (s) UB (M) LB (M)
111.8
30 21 5 360 1234 0.3  OPTIMAL 0.919% 55 1 110.78
108.0
30 21 5 360 1234 0.7  OPTIMAL 0.954% 23 7  107.04
30 21 10 360 1234 0.3  OPTIMAL 0.000% 49  93.01 93.01
30 21 10 360 1234 0.7  OPTIMAL 0.126% 49  94.84 94.72
271.5
30 31 5 360 1234 0.3  OPTIMAL 0.650% 301 8  269.82
, o 200.0
*30 scenarigg seemsenougtsfor Wagserstezdistapze.  opTIMAL 0.955% 456 5  198.14
Instances x 3('Oompul':ﬁtional 1e0fforts§é}§ore t|3§55 areosgill [PﬁAeEdﬁﬂ{T 4.793% 900 178'8 168.32
B 161.4
30 31 10 360 1234 0.7  OPTIMAL 0.647% 196 9  160.45
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Next steps (thesis)

Instances Classification:

Several instances were generated, yet they aren’t grouped according to its properties.

Exhaustive experiments with these instances.

Scenario generation and reduction:

Monte Carlo Simulation

Wasserstein distance

Simulation-optimization to check if confidence level is respected.
‘G” TECGRNF PUC e Al (G C-opt
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Next steps (collaboration with Aalto)

Deterministic formulations for the WRSP.

Several formulations were developed. Exhaustive tests with them is possible.

Branch-price-and-cut formulation that allows to solve the MINLP joint chance-
constrained models.
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Future studies

Testing others data classification and prediction methods with the joint
chance-constrained model.

Neural networks, machine learning...
Simu-heuristics approaches for the problem.

Insertion of the regression optimization models in the joint chance-constrained
model.

Closed-loop data-driven optimization under uncertainty.
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Future studies

Testing others data classification and prediction methods with the joint
chance-constrained model.

Neural networks and machine learning.
Simu-heuristics approaches for the problem.

Insertion of the regression optimization models in the joint chance-constrained
model.

Closed-loop data-driven optimization under uncertainty.
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