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a b s t r a c t 

In this work, an integrated framework and a solution procedure are developed for the design of for- 

mulated products. The framework considers the design of the manufacturing process, the products, and 

supply chains simultaneously. The problem is a multi-period MINLP. A solution procedure consisting of 

two stages is developed. In stage 1, the model is initialized with the data provided by the market analysis 

and the optimal formulation for each product and for each location, individually. In stage 2, the model is 

optimized within the feasible region using the information from stage 1, and the amounts of raw mate- 

rial purchased from each supplier, product manufactured at each location, and product purchased by each 

customer are determined. The algorithm is used to evaluate the design of powder detergents in Europe. 

Together with the location of the facilities, product composition, suppliers and price policies are selected. 

© 2021 The Author(s). Published by Elsevier Ltd. 
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. Introduction 

The market for consumer products is more competitive than 

ver as a result of globalization and increasingly demanding cus- 

omers ( Litster and Bogle, 2019 ). Customers do not only de- 

and that a product meets their needs and likes ( Tijskens and 

chouten, 2014 ) but also personalized products, low lead time, 

uality improvements, sustainable and healthy products, and trace- 

bility. Therefore, for a new product to be competitive, it is not 

nly necessary to adjust production costs, but also to comply with 

hat is described above. The use of mathematical optimization 

echniques for the integrated design of processes and products is a 

owerful tool to screen among a large number of feasible products 

y considering only those that can be competitive ( Taifouris et al., 

020b ) and with a limited environmental impact ( Martín and 

artínez, 2013 ), so that resources and time are focused on a de- 

ailed design of the most promising products. This allows savings 

n development costs and reduces the time to launch new prod- 

cts. As a result, the process community has focused its attention 

n the integrated design of processes and products, with an in- 

rease in publications in recent years ( Bernardo and Saraiva, 2005 ; 

ani, 2004 ; Ng and Gani, 2018 ; Zaman et al., 2018 ). However, the
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upply chain has been studied in a subsequent stage. Integrating 

he design of the supply chain within the process and product de- 

ign problem may result in more efficient products since it allows 

he centralization of production and promotes economies of scale 

 Martín and Martínez, 2018 ; Tsay et al., 1999 ). It also facilitates

ersonalization in product design by considering the availability of 

aw materials and customer demands locally, increasing the flexi- 

ility of the entire process by achieving coordination between the 

hree levels (product, process, and supply chain) ( Marsillac and 

oh, 2014 ). This coordination allows reducing lead times and im- 

roving customer service ( Ellram et al., 2007 ). The integration of 

roduct, process, and supply chain design is addressed with the 

oncept of three-dimensional concurrent engineering (3DCE) and, 

ven though it is known since the beginning of 20 0 0 ( FINE, 2009 ),

ts practical application has been quite limited due to the complex- 

ty of the mathematical problem ( Caniato et al., 2012 ; Ellram et al.,

008 ). 

Formulated products are a type of complex products manu- 

actured by mixing the ingredients so that the final product pos- 

esses specific physicochemical properties aligned with the needs 

nd likes of its target customer ( Audet et al., 2004 ). Its design de-

ends on its formulation. As a result, the entire supply chain from 

he suppliers to the product that features the customer expecta- 

ions, including the processing of the mixture across the manufac- 

uring facility, has an impact on the selection of the process con- 
under the CC BY-NC-ND license 



M. Taifouris, M. Martín, A. Martínez et al. Computers and Chemical Engineering 152 (2021) 107384 

d

I

p

o

s

r

o

o

M

s

2

g

p

p

a

r

s

p

c

h

c

o

n

n

T

p

y

u

L  

c

v

s

a

Y

(

G

t

o

l

a

l

f

m

w

g

a

T  

m

s

e

t  

r

2

2

u

m

m

t

a

t

a

a

e

p

f

t

g

t

v

g

o

a

p

e

l

a

w

i

m

d

f

d

t

r

b

o

w

k

t

s

a

s

z

t

M

o

p

f

i

n

i

m

f

o

e

p

2

t

c

a

s

B

r

a

T

e

a

l

t

itions and the different ingredients, ( Martín and Martínez, 2013 ). 

n formulated products, each different formula constitutes a new 

roduct, which facilitates its personalized design for different types 

f customers. Therefore, the integration of product, process, and 

upply chain design is especially important in these products. Cur- 

ently, there is a limited number of scientific publications focused 

n the simultaneous design of processes and products, in the case 

f formulated products ( Almeida-Rivera et al., 2007 ; Martín and 

artínez, 2013 ; Zhang et al., 2017 ), some of them reach integrated 

upplier selection within the optimization model ( Taifouris et al., 

020a ), but do not integrate a complete supply chain. The inte- 

rated problem for the design of the product, process, and sup- 

ly chain design is very difficult to address. On the one hand, 

ooling problems have bilinear products associated with mass bal- 

nces ( Misener et al., 2010 ), while the models to estimate the 

aw material prices are usually nonlinear ( Audet et al., 2004 ). Be- 

ides, the models to estimate product quality, performance and 

rocess constraints are typically highly nonlinear equations, in- 

luding bilinearities too ( Martín and Martínez, 2013 ). On the other 

and, supply chains often have decision variables such as the lo- 

ation of the factories, the customers, as well as the suppliers 

f raw materials ( Yue and You, 2014 ). These variables are bi- 

ary variables, transforming the integrated problem into a large 

on-convex mixed-integer nonlinear programming (MINLP) model. 

herefore, models that optimize supply chains usually have the 

roduction process and product design fixed, focusing on the anal- 

sis of the logistics. In these cases, the models to be solved are 

sually mixed integer-linear models (MILP) ( Allaoui et al., 2018 ; 

iu et al., 2020 ; Zahiri et al., 2018 ). Beyond a certain model size,

ommercial solvers cannot solve this type of problem and the de- 

elopment of specific algorithms for each problem is usually neces- 

ary. These algorithms can be genetic algorithms ( Lin et al., 2009 ), 

lgorithms based on linear relaxations ( Thanh et al., 2012 , 2010 ; 

ue and You, 2014 ),or on decompositions, such as the Benders 

 Sahinidis and Grossmann, 1991 ) and Lagrange ( Trespalacios and 

rossmann, 2016 ) decompositions. However, no cases of applica- 

ion of these algorithms have been found in the integrated design 

f products, processes, and supply chains for the design of formu- 

ated products. 

In this work, an optimization framework has been developed to 

ddress the integrated process-product-supply chain design prob- 

em. It has been applied for the optimized design of a specific 

ormulated product, detergent powder at a continental scale. The 

athematical model to be optimized is a large non-convex MINLP 

hose solution is approached by developing a decomposition al- 

orithm. The framework and the algorithm are general and flexible 

iming at its use beyond the case study for large-scale problems. 

he rest of the paper is organized as follows. In Section 2 , the

athematical optimization model is developed including the de- 

cription of the problem, the supply chain integration into the ref- 

rence work, and the development of the algorithm. In Section 3 , 

he model is applied to a case study in Europe. In Section 4 , the

esults are shown and in Section 5 , the conclusions are discussed. 

. Mathematical model 

.1. Description of the problem 

The problem we address in this work is the simultaneous prod- 

ct, process, and supply chain design for a specific type of for- 

ulated product, detergent powder. The objective is to develop a 

athematical model and a decomposition algorithm that allow us 

o optimize not only the formulation of the product and the oper- 

ting conditions of the plant but also the location of these plants, 

he selection of the best ingredients and suppliers, as well as the 

mount sold to each customer. 
2 
We use the work of Taifouris et al. (2020a) as a starting point 

nd refer the reader to that work regarding the details on the mod- 

lling of the process constraints, the product performance, and the 

rice policies for the ingredients. The final product consists of a 

ormulated material within the family of consumer products, de- 

ergent powder. This is obtained by mixing up to 14 different in- 

redients, classified into 8 groups. The ingredients, their abbrevia- 

ions, and their carbon footprints (HC) are shown in Table 1 . 

In each group, the ingredients differ by their price and their en- 

ironmental impact. Several suppliers are considered for each in- 

redient depending on their nature whether they are organic, in- 

rganic, or enzymes. The distances between suppliers and factories 

re calculated and evaluated from an economic point of view. The 

rice of some of the ingredients (i.e. builders, bleaches, fillers, and 

nzymes) is considered fixed throughout the year by a contract, se- 

ecting the best price policy (linear, exponential, constant elasticity 

nd fixed) based on the amount used of them in the production, 

hile the price of the other ingredients (i.e. surfactant, antifoam- 

ng agents, and polymers) may vary throughout the year, due to 

arket fluctuations. 

During the production process, which mainly consists of ingre- 

ients mixing, slurry drying, and the addition of additives, the dif- 

erent units must operate under certain conditions so that the pro- 

uction of the final product is feasible and its performance meets 

he consumer needs. Therefore, it is necessary to introduce a se- 

ies of constraints. Due to confidentiality issues, the ones selected 

ased on open literature were the particle size and cake strength 

f the final product. Three different types of products are produced 

ith different prices and performances. In this way, a larger mar- 

et spectrum can be addressed. To characterize the three products, 

he performance of each one is added in the model as a constraint, 

etting the maximum and minimum values for each product. In 

ddition, the model is multi-period because the contracts with the 

uppliers are multiannual. We consider two years as the time hori- 

on. 

The objective of this work is to add the dimension of 

he supply chain to the problem formulated by Martin and 

artínez (2013) and Taifouris et al. (2020a) , to provide information 

n the ingredients and detergent composition, the selection of sup- 

liers, price policies, and the location of the production facilities 

rom an economic point of view. This type of model is character- 

zed by its large size and mathematical complexity, having a large 

umber of nonlinear equations and bilinear products. This makes 

t quite difficult to solve this type of problem directly using a com- 

ercial solver. The size and complexity of the problem, especially 

or supply chains at the continental scale, require the development 

f a methodology that allows solving the problem considering the 

ntire problem of the detergent production that is, the product, 

rocess, and supply chain simultaneously. 

.2. Supply chain design 

For the sake of the length of the manuscript, we refer readers 

o previous work for the models regarding the process and product 

onstraints. In this work, we only indicate how the supply chain is 

dded as well as the development of the algorithm to address its 

olution. The basic model was presented in Taifouris et al. (2020a) . 

uilding on that formulation, see also the supplementary mate- 

ial , the dimension of the supply chain is added. This requires the 

ddition of a new dimension to many variables, the location (loc). 

he modified variables are shown in Table 2 . In addition, it is nec- 

ssary to add new variables and parameters. 

In addition, the variable cv ye,j,cli,loc is defined to represent the 

mount of the product ‘j’ sold to the customer ‘cli’ by the factory 

ocated at location ‘loc’ in the year ‘ye’. This variable is included in 

he objective function since, together with the price of the prod- 
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Table 1 

List of considered ingredients and their associated environmental impact. 

Group Ingredient Abbreviation HC (tCO 2 /t k ) 

Surfactant Linear alkyl aryl sulfonates LAS 4.20 

Alcohol ethoxylates and alkyl amides AE 3.70 

Builder Polyphosphates STPP 1.01 

Zeolite ZEO 1.76 

Bleach Sodium perborate tetrahydrate S. PERBO 0.40 

Sodium percarbonate. S. PERCA 0.40 

Fillers Sodium sulfate S.SU 0.30 

Xylene sulphonate X.SU 0.03 

Antifoaming agents - ANTI 1.76 

Enzymes Protease PRO 3.69 

Lipase LIP 3.69 

Polymers Sodium polyacrylate S. POLY 0.02 

Polyethylene glycol POLYGLY 0.17 

Water Water WAT 0.00 

Table 2 

List of variables and parameters with location dimension. 

x ye,i,l,loc costeing ye,i,sup,po,loc MassprodT j,loc 

y ye,l, j,loc CtransU sup,loc CostP ye,i,sup,po,loc 

z ye,i, j,loc Particle j,loc ccp ye,i,sup,po,loc 

p ye,l, k,loc Cakest j,loc CTT sup,loc 

PQ j,k,loc MassIng ye,i,sup,po,loc division ye,i,sup,po,loc 

cv ye,j,cli,loc Massprod ye,j,loc 

distance sup,loc Ctrans sup,loc 

Performance j,loc division ye, i ,sup,po,loc 
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cts, it represents the income obtained by each factory. The total 

ncome is calculated by Eq. (1) . 

ncome = 

∑ 

ye, j,cl i,l oc 

c v ye, j,cl i,l oc · priceproduc t j (1) 

here priceproduct j are the prices of the three products consid- 

red and their values are in the supplementary material. It is con- 

idered that the price of the products only depends on the quality 

erceived by the clients. The relationship between price and loca- 

ion is not considered directly since it can be indirectly related to 

urchasing power and perceived quality. Both depend on the lo- 

ation and set the demand for different products with different 

rices, affecting the price of the final product chosen. 

The introduction of this new variable implies the introduction 

f two new inequalities and one equality constraint so as to be 

ble to meet the demand Eqs. (2) , ( (3) , and (4) ). 
 

loc 

c v ye, j,cl i,l oc ≤ DemandMa x ye,cli, j ∀ ye, j, cli (2) 

 

loc 

c v ye, j,cl i,l oc ≥ DemandMi n ye,cli, j ∀ ye, j, cli (3) 

 

cli 

c v ye, j,cl i,l oc = Massprodu c ye, j,loc ∀ ye, j, loc (4) 

here DemandMax ye,cli,j and DemandMin ye,cli,j are the maximum 

nd minimum demand of the product ‘j’ by the client ‘cli’ in the 

ear ‘ye’, respectively. Massproduct ye,j,loc is the amount of the prod- 

ct ‘j’ that is produced in the location ‘loc’ in the year ‘ye’ and is

efined by Eq. (5) . 

assprodu c ye, j,loc = 

∑ 

l 

y ye,l , j,l oc + 

∑ 

i 

z ye,i, j,loc ∀ ye, j, loc (5) 

here z ye,I,j,loc and y ye,l,j,loc are the flows of material, see also the 

upplementary material for further details. 

The equation that determines the transportation costs from the 

uppliers to the factory has already been described in the work 

y Taifouris et al. (2020a) . In this work, a similar strategy is fol-

owed to compute the transportation cost for the product sold to 
3 
ustomers. First, the unit transport cost is calculated. For that, the 

ost of transportation from the production plant at location ‘loc’ to 

he customer ‘cli’ is determined. The price is calculated considering 

onsumption of 25 L/100 km and a diesel cost of 1 €/L. Therefore, 

he price per kilometer is 0.25 €/km and the transport cost is cal- 

ulated by Eq. (6) . 

 transC l i loc,cli = dist C loc,cli · 0 . 25 €/km ∀ loc, cli (6) 

here distC loc,cli is the distance between the location where the 

roduct is produced and the customer who buys them. The unit 

ost is given by Eq. (7) . 

 transC li U loc,cli = 

CtransCl i loc,cli 

LoadingCapacity 
∀ loc, cli (7) 

here the loading capacity of each truck is 7 t and the total cost 

f transportation is calculated by Eq. (8) . 

 otal Cos t T c = 

∑ 

ye, j,cl i,l oc 

Ct ransCli U loc,cli · c v ye, j,cl i,l oc (8) 

Border taxes, in the case of application, are included in the ini- 

ial cost of raw materials ( c 0 i,sup , see supplementary material), and 

n the price of the products (priceproduct j ). 

Finally, it is necessary to add the fixed cost (FixCost) to pe- 

alize the installation of a large number of small facilities. If this 

ost were not added, the mathematical optimization model would 

hoose to build as many plants near the suppliers and customers 

s needed with the aim of reducing transportation costs. Fixcost is 

ccounted for using a binary variable (bi1 loc ) and added to the ob- 

ective function. Therefore, the new objective function is given by 

q. (9) . 

prof it = 

∑ 

ye, j,cl i,l oc 

c v ye, j,cl i,l oc · priceproduc t j 

−
∑ 

ye,i, sup ,po,loc 

Cos t P ye,i, sup ,po,loc · cc p ye,i, sup ,po,loc 

−
∑ 

l ,l oc 

Cpoo l l ·
∑ 

ye, j 

y ye,l , j,l oc − T otal Cos tT C 

−
∑ 

ye,i, sup ,po,loc 

CtransS · cc p ye,i, sup ,po,loc 

−
∑ 

loc 

bi 1 loc · F ix Cos t loc (9) 

Another difference between the formulation of this work and 

hat of Taifouris et al. (2020a) is that it is necessary to calculate the 

istances between locations, suppliers, and customers. We use the 

oordinates to determine the distances between these three vari- 

bles, using the Eqs. (10) –(14) . The coordinates can be consulted 
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n the supplementary information. 

l at = | l at1 − lat2 | · pi 

180 

(10) 

l ong = | l ong1 − long2 | · pi 

180 

(11) 

 = sin 

2 

(
�lat 

2 

)
+ cos 

(
lat1 · pi 

180 

)
· cos 

(
lat2 · pi 

180 

)

·si n 

2 

(
�long 

2 

)
(12) 

 = 2 · arcsin 

(√ 

a , 
√ 

( 1 − a ) 

)
(13) 

 = R · c (14) 

here ‘lat’ is the latitude and ‘long’ is the longitude of the po- 

ition of the supplier, location, or customer. D is distC loc,cli (km) 

r distance sup,loc (km) (depending on the coordinates used) and 

 is the radius of the Earth (6371 km). Note that in 

aifouris et al. (2020a) , the variable "distance" was a vector that 

nly depended on the supplier, since one location alone was con- 

idered. However, in this work, this variable becomes a matrix that 

epends on the supplier and the location. 

.3. Development of the algorithm linearization-solution 

With a new dimension added (locations) and the fact that the 

umber of locations to be considered is expected to be large, 

he size of the formulated optimization problem becomes another 

omplexity. In addition, the binary variables associated with the 

xed cost (bi1 loc ) transform the previous problem into a mixed- 

nteger nonlinear programming problem (MINLP). As a result, the 

odel cannot be solved directly using a commercial solver (i.e. DI- 

OPT or BARON). Therefore, an algorithm is developed to address 

he problem. It consists of two stages, such as presented in Fig. 1 . 

In the first stage, the MINLP is linearized and transformed 

nto a MILP P1 using the results of the NLPs of each location 

NLPs P1 ). The MILP is solved using a commercial solver and its re- 

ults are used to fix the decision variables (suppliers, ingredients, 

nd pricing policies). This information is saved in a binary vari- 

ble, bi2 ye, i, sup, po, loc and is used to transform the initial prob- 

em (MINLP) into an NLP (the ’bi1 loc ’ binaries are also fixed by 

he MILP P1 ), passing to the second stage of the algorithm. In the 

econd stage, a final solution is obtained. Note this new binary 

ariable bi2 ye, i, sup, po, loc was not in the original MINLP. They are 

enerated in the linearized program (MILP P1 ) to save the decision 

ariables and send them to the global model (NLP P2 ). 

.3.1. Stage 1: linearization of the global problem (MINLP to MILP) 

The first stage consists of a linearization of the MINLP. The 

INLP contains both nonlinear equations (i.e. price policies) and 

ilinear products (i.e. product performance equations, mass bal- 

nces, etc.). To linearize the nonlinear equations, we apply piece- 

ise linear approximations. The nonlinear equations correspond to 

he equations used to calculate the discount applied to the price 

f ingredients (see supplementary material and Taifouris et al., 

2020a) ). These equations strongly depend on the upper and lower 

imits of raw material availability, so linearization cannot be ap- 

lied using the same points in all ingredients since the lineariza- 

ion would not be adequate. Therefore, analyzing the nonlinear 

rofiles, for each ingredient different linearization points are cho- 

en, adjusting to the shape of the curves. To approximate the bilin- 

ar products, McCormick envelopes are used. Regarding McCormick 
4 
nvelopes, the proper selection of the upper and lower limits of 

he involved variables determines the accuracy of the approxima- 

ion of the bilinear products. To compute these limits, the mathe- 

atical models developed in previous work are used. They corre- 

pond to the optimization considering a single location (each one 

f the NLP within NLP P1 in Fig. 1 ), a single customer, and mul- 

iple suppliers for each type of ingredient. If we take into account 

he consideration that the optimal composition depends on the de- 

and, the suppliers available for that factory, and local legislation, 

e can apply the NLPs developed in previous works to each of the 

ocations considered in this work to obtain a first estimate of the 

ptimal composition per location. 

Since only one location is considered in each model NLP P1 , the 

umber of equations is not larger than in previous works and 

herefore they can be solved to global optimality using a commer- 

ial solver. In addition, each model is independent of any other. 

hus, they can be solved in parallel, so the total computational 

ime corresponds to the solution time of a single NLP. After solv- 

ng them, we can use this information to calculate the limits of 

he McCormick envelopes, considering that the correct value will 

e in a margin of 20% with respect to the value obtained from the 

LPs, the limits are calculated by Eqs. (15) –(16) . This value can be 

eadjusted if needed. 

 Q 

L 
j,k,loc = 0 . 9 · P Q NLP1 −68 j,k ∀ j, k, loc (15) 

 Q 

U 
j,k,loc = 1 . 1 · P Q NLP1 −68 j,k ∀ j, k, loc (16) 

here PQ 

U 
j,k,loc and PQ 

L 
j,k,loc are the upper and lower limits of the 

cCormick envelopes, respectively. In order to initialize these NLP 

odels, we need representative values of the demand per loca- 

ion to fix a maximum and minimum value of production. In the 

rst iteration, we do not know the fraction of the total production 

hat may be assigned to each location and therefore, the maximum 

nd minimum total demand is fixed to each location. In this way, 

ach NLP P1 has the same demand. This is updated from the sec- 

nd iteration onwards. When the McCormick limits are established 

nd the MILP P1 is solved more realistic values for the demand are 

elected for each location, readjusting the optimal composition of 

he product in each NLP P1 (in each location) and improving the 

stimation of the McCormick limits. Subsequently, this informa- 

ion is sent back to the MILP P1 and new results are obtained, bet- 

er than previous results. When the results of two iterations are 

ithin 1%, the iterative process stops, and the results are given as 

alid. 

.3.2. Stage2: Solution of the global model without linearization 

NLP P2 ) 

Once the MILP P1 is solved, its results are used to set suppliers, 

ngredients, locations to build factories, and pricing policies in the 

riginal problem. In order to extract this information, it is neces- 

ary to add Eq. (17) to the MILP P1 model. 

c p ye,i, sup ,po,loc − bi 2 ye,i, sup ,po,loc · Lsu b i, sup ≤ 0 ∀ ye, i, sup , po, loc 

(17) 

Therefore, if ‘ccp’ is different from zero, ‘bi2’ will be 1. As ‘ccp’ 

s only different from zero when the best suppliers, ingredients, 

ocations, and policies are selected, ‘bi2’ will be 1 for that com- 

ination of suppliers, ingredients, locations, and policies. Due to 

he need for the use of binary variables, we add the Eq. (18) in

he MILP P1 to use the same price policy and supplier all years, 

nd therefore, it is no longer necessary to include penalty func- 

ions to ensure that the same supplier and price policy are selected 

ver the years. That was a particular reformulation needed in the 



M. Taifouris, M. Martín, A. Martínez et al. Computers and Chemical Engineering 152 (2021) 107384 

Fig. 1. Example of application of the algorithm linearization-solution. 
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Table 3 

Demands of the costumers. 

Demand 

Product(t/year) Product(t/year) 

Costumer 1 2 3 Costumer 1 2 3 

1 100 20 5 8 50 25 5 

2 10 100 15 9 100 10 5 

3 5 100 10 10 150 15 5 

4 2.5 50 15 11 50 5 5 

5 5 100 10 12 25 100 10 

6 100 50 5 13 10 25 100 

7 15 50 15 14 100 25 5 
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revious work to avoid converting the optimization problem in an 

INLP ( Taifouris et al., 2020a ). 

i 2 1 ,i, sup ,po,loc = bi 2 2 ,i, sup ,po,loc ∀ i, sup , po, loc (18) 

Besides, Eq. (19) is added to select only one pricing policy. ∑ 

po 

bi 2 ye,i, sup ,po,loc ≤ 1 ∀ ye, i, sup , loc (19) 

Eq. (20) is added to select locations, using ‘bi1’. 

bi 2 ye ,i,sup, po , loc − bi 1 loc ≤ 0 ∀ ye , i, sup, po , loc (20) 

It is necessary to remember that bi1 loc is introduced in the 

odel to determine the fixed costs, as indicated in previous sec- 

ions (see the objective function in section 2.2 ). The binary vari- 

bles can be used differently. If ‘bi2’ is fixed, ‘ccp’ can only be dif-

erent from zero for the case in which ‘bi2’ is one. Therefore, the 

alues of ‘bi2’ of MILP P1 are added in the NLP P2 using the Eq. (21) .

c p ye,i, sup ,po,loc − bi 2 ye,i, sup ,po,loc · L sup 

i, sup 

≤ 0 ∀ ye, i, sup , po, loc 

(21) 

The fixed value for the binary ‘bi1’ is introduced in the objective 

unction of the NLP P2 to determine the fixed costs. Note both ‘bi1’ 

nd ‘bi2’ are variables in the MILP P1 and parameters in the NLP P2 . 

ince all binary variables are set by the MILP P1 , the initial MINLP is

ransformed into an NLP P2 that let us find a solution in the feasible 

egion of the problem. However, it should be noted that the global 

ptimum cannot be guaranteed, but it is possible to solve the large 

ntegrated process product and supply chain design problems that 

annot be addressed using a commercial solver directly. 

Next, once the NLP P2 has been solved, the results correspond- 

ng to the optimal formulation of the detergents, PQ are used as 
5 
he next limits in the MILP P2 model, transforming the problem in 

n iterative process that finishes when the difference between the 

esult in the objective function of the NLP P2 and the previous it- 

ration is less than an ε value (see the Fig. 1 ). The only difference

etween MILP P1 and MILP P2 is that the McCormick envelope limits 

re set by NLP P1 in the case of MILP P1 , while in the case of MILP P2 

re set by the results of NLP P2 . 

. Case of study 

The aim of this work is to optimize the design of the process, 

roduct, and supply chain simultaneously. We apply the method- 

logy shown in section 2 to the case of Europe. We consider 68 lo- 

ations to build the factories and 29 possible suppliers correspond- 

ng to the major chemical companies in the continent. The demand 

onsidered for each customer is shown in Table 3 . Even though the 

ifferent models integrated by the algorithm make it possible to 

stablish different demands for each year, the same demand is es- 

ablished in order to facilitate the analysis of results and analyze 
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Fig. 2. Locations, suppliers, and customers. 
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he coherence of the results provided by the algorithm. Suppliers, 

ocations, and customers can be seen in Fig. 2 . The customers cor- 

espond to real locations of major retailers across Europe. 

. Results 

In this section, the results of applying the algorithm developed 

n this work to the case study described in Section 3 are com- 

ented. On the one hand, the computational performance of the 

lgorithm is discussed, indicating the computation time of each 

tage of the algorithm, the number of iterations necessary to solve 

he proposed problem and its comparison with commercial solvers. 

n the other hand, the results referring to the optimal selection of 

uppliers, locations, formulation, and customers are analyzed. The 

lgorithm is executed in an Intel Core i7-7700 computer at 3.6 GHz 

4,2GHz as turbo frequency), 65W of TDP, 4 core with 8 threads, 

nd 32 Gb of RAM (1200MHz). 

.1. Computational performance of the algorithm 

In Table 4 , the total CPU time of each stage and the number

f iterations of each iterative process within each stage are shown, 

nd this information is also compared with that of applying two 

ommercial solvers (BARON and DICOPT). 

For the case study presented in this work, only the applica- 

ion of the algorithm has given any results. BARON was used to 

olve NLP P1 , CPLEX for the MILP’s, and CONOPT for NLP P2 . In stage

, 2 iterations were necessary to converge. The total computation 

ime of stage 1 is 1714 seconds. Most of this time is used to solve

LP P1 s that consume 500s of solution time for each iteration. With 

egards to stage 2, the second iteration provided a result simi- 

ar to the one obtained in the first iteration. The iterative process 

oes not improve the solution. This may be due to the solution 

rovided by the NLP solver, CONOPT. Changing the limits of the 

cCormick envelopes with the information from the NLP does 
P2 

6 
ot significantly improve the solution in this specific case. There- 

ore, the total computation time of stage 2 is 358 s. The upper 

ound, provided by the relaxed problem (MILP) is 10860 while the 

ower bound (NLP P2 ) is 10834. The difference is only 0.24% , giv- 

ng as optimal results those obtained in the first iteration of stage 

. Note that we cannot ensure the global optimum. Global solvers 

i.e BARON), due to the complexity and size of the case study pre- 

ented, do not provide us with any results and even a local solver 

uch as DICOPT does not provide us with a valid result either. 

herefore, the result provided by the algorithm is taken as the only 

ptimal value that can be calculated and it is evaluated if the re- 

ult is logical with the location of the suppliers, the demands of 

he clients, the distribution of the production of the factories, and 

he selection of policies. 

.2. Results of the case study 

While the MILP P1 sets the decision variables, such as, which 

uppliers, ingredients, locations to build the factories and pricing 

olicies to choose for each ingredient, the NLP P2 sets the amounts 

f raw material purchased, the amount of product produced, the 

mount sold to each customer, and the formulation of detergents. 

able 5 shows the purchased amount of the selected ingredients 

nd Table 6 shows the total amount of each product produced by 

ach location. Fig. 3 shows the locations chosen as optimal and the 

uppliers that supply the ingredients to the locations. 

As it can be seen in Table 5 , the selected ingredients are the 

heapest (see supplementary information) since environmental im- 

act limits have not been established so that the results are eas- 

er to interpret and verify that the algorithm is working properly. 

ach location centralizes the purchases of its ingredients in a sin- 

le supplier by type of ingredient (organic, inorganic or enzymes) 

ince they have enough raw material available. The centralization 

f purchases allows obtaining the maximum possible discount in 
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Fig. 3. Selected locations and suppliers. 

Table 4 

Computational results. 

Stage Problem size Iteration number Z ε Time per iteration(s) Total time(s) 

1 NLP P1 Eqs = 12573 1 - - 500 1714 

Vars = 16876 

2 - - 500 

MILP P1 Eqs = 3568820 1 10846 - 706 

Vars = 3019881(413) 

2 10860 1E-03 8 

2 NLP P2 Eqs = 864950 1 10829 - 170 358 

Vars = 882247 

2 10834 4E-04 172 

MILP P2 Eqs = 3568820 1 10861 - 9 

Vars = 3019881(413) 

2 10860 - 7 

Commercial Solvers 

BARON Eqs = 1236069 Vars = 974037(68) - No solution - - 72000 

DICOPT - Infeasible - - 6548 
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he prices of the ingredients. In addition, the closest suppliers for 

ach of the locations are chosen, reducing transport costs. 

The optimal composition of each product in each selected lo- 

ation can be seen in Table 7 . The optimal composition of the 3

roducts is very similar in the 3 selected locations. Therefore, it 

s possible to refer to products 1, 2 and, 3 without loss of gener-

lity or specifying the factory that produces it. On the one hand, 

roduct 1 requires a larger fraction of enzymes in its composition 

2.5 times higher) to meet its expected performance. On the other 

and, product 2 has the same fraction of the enzyme as product 3, 

ut its percentage of bleach is higher. It can be seen (in Eq. (21) .

f the supplementary information) that the bleaches have a very 

mportant effect on the washing performance and allow product 

 to have an intermediate performance between products 1 and 

 without having to increase its concentration in enzymes since 

hese have a very high cost. 
7 
Regarding production, if the demands shown in Table 3 and the 

ocations of the customers (see Fig. 2 ) are analyzed, it can be seen

hat the countries of central Europe demand a larger amount of 

he high-quality and high-price product (product 1), while Spain, 

ortugal and Italy demand lower-quality and lower-price products 

product 2). Finally, the countries of Eastern Europe demand the 

owest priced products (product 3). For this reason, the three facto- 

ies installed have a different distribution of products in their pro- 

uction (see Table 6 ). The most manufactured product in each of 

hem depends on the demand of customers close to them. Thus, 

he plant located in Spain shows a higher production of product 2, 

ince the closest customers have a higher demand for this product. 

imilarly, it occurs with the factory located in France and Poland. 

oted that the plant located in France is the one that produces the 

ost, not only because it has more customers around it, but also 

ecause they are the ones that consume the most. Therefore, it is 
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Table 5 

Amount purchased of each ingredient by the selected supplier. 

Amount (t) 

Ingredient Supplier Policy A B C 

LAS 4 - 120.72 0.00 0.00 

11 - 0.00 286.50 0.00 

28 - 0.00 0.00 90.69 

ZEO 3 2 423.02 0.00 0.00 

10 3 0.00 1000 0.00 

24 3 0.00 0.00 306.16 

S. PERBO 10 2 0.00 197.66 0.00 

S. PERCA 3 3 123.50 0.00 0.00 

24 3 0.00 0.00 32.13 

S.SU 3 2 95.91 0.00 0.00 

10 3 0.00 374.40 0.00 

24 3 0.00 0.00 53.00 

ANTI 4 - 0.81 0.00 0.00 

11 - 0.00 1.91 0.00 

28 - 0.00 0.00 0.53 

PRO 6 3 9.12 0.00 0.00 

9 2 0.00 37.83 0.00 

25 3 0.00 0.00 7.73 

S. POLY 4 - 0.73 0.00 0.00 

11 - 0.00 0.71 0.00 

28 - 0.00 0.00 0.36 

POLYGLY 4 - 0.08 0.00 0.00 

11 - 0.00 1.20 0.00 

28 - 0.00 0.00 0.17 

WAT 29 - 31.09 9.55 39.23 

Table 6 

Total produced amount of each product by each location. 

Production(t) 

Product A B C 

1 75 1200 170 

2 600 650 100 

3 130 60 260 
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he one that produces the highest benefit. Thus, there is a cen- 

ralization of production, being factory B the most prominent case. 

his allows reducing both the costs of raw materials (economy of 

cale) and the costs of distributing products. Regarding the price 
Table 7 

Optimal composition of the products in each location. 

Optimal formulation%(t k /t p •100) 

Location A 

Ingredients/Products Surfactant Builder Bleach Fi

1 4 6 7 

1 15.00% 60.00% 5.00% 16

2 15.00% 50.00% 18.79% 10

3 15.00% 60.00% 5.41% 17

Location B 

Ingredients/Products Surfactant Builder Bleach Fi

1 4 6 7 

1 15.00% 55.51% 5.00% 21

2 15.00% 45.82% 20.68% 16

3 15.00% 60.00% 5.41% 17

Location C 

Ingredients/Products Surfactant Builder Bleach Fi

1 4 6 7 

1 15.00% 60.00% 5.00% 10

2 25.00% 48.16% 10.63% 10

3 15.46% 60.00% 5.00% 10

8 
olicies, we can see in Table 5 that all the ingredients are pur- 

hased using policies 2 and 3. Because both policies provide a very 

imilar reduction in prices for the purchased amounts of ingredi- 

nts, it is not possible to select the policy clearly between the two. 

owever, policies 1 and 4 are not chosen in any case. In fact, if the

aw material were purchased using policy 1 instead of policy 2 or 

, the cost of the raw material would be between 18-26% higher. 

. Conclusion 

An algorithm has been developed for the integrated design of 

he process, product, and supply chain for formulated products. It 

onsists of two stages. Stage 1 initializes the problem, providing 

he information for bounds and sets the decision variables. Stage 2 

s responsible for product design and selection of the amount pur- 

hased for each ingredient from each supplier selected in stage 1, 

he amount sold to each customer and the amount manufactured 

n each of the previously set locations. 

From the results of this work, it can be concluded that for the 

ntegrated design of products, processes, and supply chains, it is 

ecessary to adapt the problem in order to be solved. If the model 

s complex enough, commercial solvers cannot find a solution. Af- 

er the development of an algorithm adapted to the particular case 

f detergent production in Europe, it was found that the algo- 

ithm could find an optimal solution (even though a global op- 

imum could not be ensured) in less than an hour. After analyz- 

ng the results, the solution found was logical with the problem 

osed. It was decided to build 3 different factories, one focused on 

ach type of product and each type of market to reduce the trans- 

ortation costs of finished products. Purchases were centralized to 

chieve the largest possible discount and policies 1 and 4 were dis- 

arded. Further work may include multi-objective optimization. 
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