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Abstract 

In this work, we analyze the effect of shale gas well data uncertainty on the multi-
objective optimization of a multistage direct contact membrane distillation (DCMD) 
model. The uncertain parameters, flowrate and salt concentration of the flowback water, 
are modelled by a set of correlated scenarios. A bi-criterion stochastic MINLP was 
formulated to minimize the expected total annual cost (TAC) and its variability, 
controlled by the worst case (WC) risk management metric. The model was solved using 
a modified version of the sample average approximation (SAA) algorithm, which 
decomposes the original problem into two: a deterministic MINLP model and a stochastic 
NLP model. The solution is a set of Pareto curves, where the two global extreme solutions 
provide the DCMD designs that achieve the minimum expected TAC and the minimum 
WC, respectively. Furthermore, both designs are able to satisfy the zero liquid discharge 
(ZLD) requirement imposed in the outflow stream. 

Keywords: shale gas flowback water, stochastic optimization, uncertainty, ZLD, robust 
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1. Introduction 

Shale gas has started to play an important role to meet the increasing global energy 
demand. This is the latest development achieved in horizontal drilling and hydraulic 
fracturing technologies. Nevertheless, high amounts of water still need to be injected into 
the shale gas wells to fracture the shale reservoirs and release the natural gas. The injected 
fluid returns to surface as flowback water with great salinities and flowrates uncertainty 
(L. Huang, H. Fan, H. Xie, 2016). The high-salinity flowback water must be desalinated 
to allow specially its recycling, reducing environmental impacts and improving the 
process sustainability (Onishi et al., 2017).  

Thermal membrane distillation (MD) is an emerging technology to reduce salt 
concentrations, through hydrophobic semipermeable membranes (Elsayed et al., 2015). 
It can be divided into four configurations: vacuum, air gap, sweeping gas, and direct 
contact membrane distillation (DCMD). The main difference between these 
configurations is the methods applied to generate its driving force. DCMD is the simplest 
configuration and is recognized to be the most suitable for purification of feed streams 
with non-volatile solutes and for small-scale desalination (Duong et al., 2015). The 
driving force in DCMD is the difference of vapor pressures due to the temperature 
gradient across the membrane, that is, the temperature difference between the inlet warm 
feed stream and ambient temperature of the permeate stream (Hitsov et al., 2015). MD 
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offers attractive features for flowback water: mobility, modularity, and compactness, 
contrasting with conventional thermal distillation processes which require a large 
physical footprint. Moreover, the thermal energy consumption of MD can be lower. MD 
has good compatibility with a waste heat source or renewable energy due to the operating 
feed temperature range from 40-80 ºC (Elsayed et al., 2015). On the other side, regarding 
membrane-based desalination technologies, reverse osmosis (RO) can treat flowback 
water with TDS concentrations below 40000 mg L-1, while MD can be applied for higher 
salinities. Besides that, even though fouling is reduced in MD compared to the before 
mentioned technology, it can reduce its effectiveness (Sha et al., 2013). Therefore, pre-
treatment to remove foulants, such as scaling materials and flocs, is required to maintain 
the productivity of the process. 

In this work, we study the uncertainty associated with flowback water data to obtain a 
robust design, which is able to deal with a large range of feed compositions and flowrates 
with a given minimum salt concentration in the outflow brine. A multi-objective 
stochastic MINLP model is formulated, that seeks to minimize the expected total annual 
cost (E[TAC]) analysing the probability of exceeding a certain value of this TAC.  

2. Problem statement 

Given are the nominal values of the random variables of the feed stream: salt 

concentration ,feed brine
sx  and flowrate feed

sF (Onishi et al., 2017). These uncertain 

parameters are modeled by a set of correlated scenarios with a given probability of 
occurrence. The outflow brine salinity should be near to salt saturation conditions to 
achieve ZLD operation. Figure 1 shows the multistage superstructure proposed for the 
desalination system, which includes several stages with a variable number of membrane 
modules. Additionally, for those scenarios where the ZLD specification is not met a multi-
effect evaporation with mechanical vapor recompression (MEE-MVR) can be used after 
the last stage.  

The problem addresses the optimal design of a multistage DCMD system incorporating 
uncertainty in flowrates and salinities of the shale gas flowback water, minimizing the 
TAC. In addition, we use a financial risk metric to analyze the de variability of the TAC 
in the space of the uncertain parameters In particular, we add the WC of the TAC as an 
additional objective to be minimized. 

 
Figure 1 Multistage superstructure for DCMD of flowback water from shale gas production. 



Multistage Membrane Distillation for the Treatment of Shale Gas Flowback Water: 
Multi-Objective Optimization Under Uncertainty 

- 3/6 - 

3. Methodology 

The uncertainty is represented by 100 correlated scenarios generated using Monte Carlo 
sampling on marginal normal distributions that characterize the random variables salinity 
and mass flowrate (Figure 2).  

 

Figure 2 Correlated distribution ( 0.8   ) using marginal normal probability distribution for the 
uncertain parameters. 

A new decomposition strategy based on the sample average approximation (SAA) 
(Kostin et al., 2012) algorithm is proposed to solve the original stochastic MINLP model. 
This SAA algorithm decomposes the original problem into two: a deterministic MINLP 
model and a stochastic NLP model. First, the MINLP deterministic model is solved for a 
given combination of the uncertain parameters (i.e, correlated scenario) to minimize its 
TAC. This solution provides the values of the binary variables (i.e., the topology of the 
multistage DCMD) for that given scenario. Next, fixing the values of the binary variables 
in the original problem and including all scenarios, we obtain the stochastic NLP model, 
whose solution (a Pareto frontier) provides a robust design for the topology fixed by the 
previous deterministic solution. Then, the former two problems are solved again for all 
combinations of the uncertain parameters. After solving the reduced-space stochastic 
model for all the scenarios, we obtain a set of Pareto curves that are next filtered in order 
to discard those that are dominated by at least another one (a curve A is dominated by 
another curve B if lies entirely above B). 

4. Mathematical model 

The deterministic mathematical model is formulated using generalized disjunctive 
programming (GDP). Three sets are defined: stages, I; DCMD modules, M; and 
scenarios, S. Two binary variables are introduced to represent the existence of a stage (

DCMD
iy ) or a bypass ( bypass

iy ). If the stage exists, another binary variable is added to identify 

the number of DCMD modules or membranes ( ,
DCMD
i my ). The model includes three main 

blocks of equations: those related to the DCMD modules performance, those applied to 
the preheater and the objective functions. A brief outline of each of these sets of equations 
is next given. 

4.1 DCMD modules performance 

The model used for the DCMD modules comprises mass and energy balances and sizing 
equations. The permeate flux across the membrane is calculated using the following 
expression: 
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, , , , , , , , , ,(1 ) , ,v1 MD brine v

i m s i m s i m s i m s i m sJ   =  B P  X - P i I m M s S             (1) 

where B is the membrane permeability and 1
, ,
v

i m sP , , ,i m s , _
, ,
MD brine
i m sX and 2

, ,
v

i m sP are the 

vapor pressure, the activity coefficient and the salt mole fraction of the feed stream and 
vapor pressure of the permeate, respectively. The vapor pressure is calculated with 
Antoine equation and the activity coefficient, which is a function of the concentration 
with Eq. 2. 

_ _
, , , , , ,( ) , ,MD brine MD brine 2

i m s i m s i m s1 - 0.5X  - 10X i I m M s S           (2)

Heat transfer models are used to calculate the heat transfer across the membrane. There 
are four contributions to the heat transfer across the membrane: convection from the feed 
bulk to the membrane interface, conduction inside the membrane, water evaporation, and 
convection from the membrane interface to the permeate bulk. At the steady state, the 
overall heat transfer flux must be balanced: 

, , , , , , , , , ,conv feed side conv permeate sidecond vaporization
i m s i m s i m s i m sQ Q Q Q i I m M s S             (3)

The membrane area is considered as non-scenario dependent and determined by the 
following equation. 

, ,
,

, ,

, ,
permeate

i m s
i m

i m s

F
A  i I m M s S

J
          (4)

4.2 Preheater performance 

An energy balance computes the required hot utility in the preheater, preheater
sQ :  

, ,( ) 1,preheater membrane membrane MD
s i s s i s sQ F Cp T T i s S       (5)

The inlet flowrate ( ,
membrane

i sF ) is heated from the ambient temperature ( sT ) to the 

membrane operating temperature ( ,
MD

i sT ). The preheater area is also considered as non- 

scenario dependent and given by Eq. (6).  

preheater
preheater s

s

Q
A s S

U LMTD
  

  
  (6)

where U is the global heat transfer coefficient and LMTD is the logarithmic mean 
temperature difference. 

4.3 Objective functions 

The proposed model must account for the minimization of the expected TAC of the 
resulting TACs distribution taking into account an equal probability (probs): 

[ ] s s
s

E TAC prob TAC  
  (7)



Multistage Membrane Distillation for the Treatment of Shale Gas Flowback Water: 
Multi-Objective Optimization Under Uncertainty 

- 5/6 - 

TACs is calculated for each scenario s as the summation of the annualized capital cost 
(cost of the membrane modules and preheater) and the annualized operational cost (cost 
of the vapor steam used in the preheater, cost of the electricity used in the pumps, 
maintenance cost and cost of the MVR): 

s sTAC CAPEX OPEX s S     (8)

In this work, the probability of meeting unfavorable scenarios is controlled by adding the 
WC of the TAC as an additional objective to be minimized. This specific metric is easy 
to implement and leads to good numerical performance in stochastic models (Ruiz-
Femenia et al., 2012) The worst case is determined from the maximum TAC attained over 
all the scenarios as follows: 

s WC s S  TAC  (9)

5. Results and discussion 

Both models were implemented in GAMS, solving the deterministic model with 
ANTIGONE and the stochastic model with CONOPT4. The optimization results have 
been post-processed with Matlab using the GDXMRW suit of utilities to export/import 
data between GAMS and Matlab. 

For each flowsheet topology (i.e. for each solution of the deterministic MINLP model), a 
Pareto curve is obtained. Figure 3 shows the filtered curves. For each curve, there is a 
trade-off between E[TAC] and the WC of the TAC, since reductions in the WC can only 
be achieved by compromising the economic cost of the DCMD design. In addition, it is 
depicted the probability distributions of the TAC at the two best extreme solutions overall 
filtered Pareto curves: the minimum E[TAC] (point B) and the minimum WC (point A). 
The probability distribution in point A presents a WC of the TAC value (1172.0 kUS$/y) 
lower than the corresponding to the other extreme solution (1337.3 kUS$/y), whereas 
E[TAC] of A, 720.3 kUS$/y, is higher than the corresponding one in B (687.5 kUS$/y). 

  

Figure 3 Pareto set of solutions for the economic performance (E[TAC]) and financial risk metric 
(WC) at different flowsheet configurations, and probability distributions of the TAC associated 
with the minimum E[TAC] and WC extreme solutions  
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Each Pareto solution can differ in the topology of the desalination system and sizing of 
the preheater and membrane areas. In the minimum extreme E[TAC] solution, the 
structure of the system comprises three stages with eight modules for the first stage, five 
modules for the second one and two modules for the last stage. The minimum WC 
extreme solution, the topology of the DCMD system contains also three stages with eight 
modules in the firsts two stages and seven modules in the last one.   

6. Conclusions 

This work has addressed the optimal design of multistage direct DCMD under uncertainty 
in the inlet flowback water flowrate and salt concentration. The problem was 
mathematically formulated as a bi-criterion stochastic MINLP that accounts for the 
minimization of the expected TAC and its variability, which was controlled by the WC 
metric. The model was solved using a modified version of the SAA algorithm. The 
solution strategy proposed is capable of controlling the variability of the economic 
performance impact in the space of uncertain parameters. This goal is met by properly 
adjusting the flowsheet and decision variables to the flowback water input stream to fulfill 
the ZLD requirement in the output stream of the system. The solutions obtained by our 
method provide valuable insights into the design problem and are intended to guide the 
decision-maker towards the adoption of more sustainable DCMD designs. 
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