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ABSTRACT 
Global optimization of industrial-scale chemical process flowsheets remains challenging due to 
nonlinearity, nonconvexity, and large problem scale. While equation-oriented modeling frame-
works enable high-fidelity representation of industrial processes, obtaining globally optimal solu-
tions is often computationally intractable for off-the-shelf solvers. In this work, we present a de-
composition-based global optimization strategy that solves a high-fidelity flowsheet model from 
the IDAES framework with the Structured Nonlinear Global Decomposition (SNoGloDe) framework. 
The proposed approach exploits spatial decomposability by partitioning the flowsheet into cou-
pled subproblems linked through a small set of complicating variables and solving them within a 
prioritized spatial branch-and-bound framework. The methodology is demonstrated on a hydro-
dealkylation (HDA) process for benzene production, a nonconvex and industrially relevant case 
study. The flowsheet is decomposed into reactor and separation subproblems, enabling efficient 
computation of valid global bounds while preserving convergence guarantees. SNoGloDe suc-
cessfully identifies a (verifiably) globally optimal solution. These results illustrate the potential of 
decomposition-based global optimization for complex process systems and highlight the ad-
vantages of integrating rigorous process modeling with flexible, customizable global optimization 
algorithms. 
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INTRODUCTION 
Optimizing chemical process flowsheets presents a 

central challenge in process systems engineering due to 
the inherent nonlinearity, nonconvexity, and scale of in-
dustrially relevant processes. Traditional nonlinear pro-
gramming techniques for large-scale process optimiza-
tion are limited to locally optimal optima. Global solutions 
to these flowsheets are frequently intractable for general 
off-the-shelf solvers. On the other hand, global solvers, 
such as BARON [6], have promising capabilities, but 
many realistic flowsheets remain computationally intrac-
table at scale [1, 4]. We aim to develop a decomposition-
based framework for tackling process flowsheet optimi-
zation problems, enabling its use within a global optimi-
zation framework. 

BACKGROUND  

Global optimization of process flowsheets with 
high-fidelity models remains a major open challenge in 
process systems engineering: such problems are typi-
cally large-scale, nonconvex, and computationally intrac-
table for general-purpose solvers. In this work, we 
demonstrate a framework for globally optimizing com-
plex process flowsheets by decomposing them spatially 
into more manageable subproblems. We solve the de-
composed problem using a prioritized spatial-branch-
and-bound algorithm implemented within the Structured 
Nonlinear Global Decomposition (SNoGloDe) framework 
[5]. The Institute for the Design of Advanced Energy Sys-
tems (IDAES) provides high-fidelity equation-oriented 
flowsheet models [3]. Utilizing the extensive process 
modeling framework in IDAES, in conjunction with the so-
lution strategies developed in SNoGloDe, demonstrates 
the potential to obtain globally optimal solutions to critical 
process systems problems that are intractable with 
widely available off-the-shelf solvers, such as BARON [6] 
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or Gurobi [2]. To evaluate this approach on an industrially 
relevant and economically significant problem, we select 
the hydrodealkylation (HDA) process for benzene pro-
duction as our case study. 
 Benzene is a highly versatile aromatic raw material 
used in the production of ethylbenzene and cumene, 
which are feedstocks for producing styrene and phenol 
[7], cyclohexene [8], and chlorobenzene derivatives [9]. 
The major industrial sectors that use these products in-
clude the chemical, automotive, pharmaceutical, con-
sumer products, and renewable energy sectors [10-12]. 
The demand for benzene and its derivatives is projected 
to grow rapidly between 2024 and 2030, driven by 
growth in the industry sectors [13]. According to the mar-
ket research report, the market size was valued at 39.30 
billion USD in 2023, with a compound annual growth rate 
of 6.5%, and is expected to reach 61.07 billion USD by 
2030. 
 The primary process for producing benzene is hy-
drodealkylation, in which toluene is reacted with hydro-
gen to produce the simpler aromatic hydrocarbon ben-
zene (without functional groups) and methane as a by-
product [14]. Recent work by Yalçın (2025) compared 
HDA with catalytic reactions – hydrocracking, isomeriza-
tion, dehydrocyclization, and dehydrogenation - versus 
the thermic reaction [15]. While catalytic reactions can 
produce commercially relevant benzene and its deriva-
tives, the process's operational conditions, energy inten-
sity, and catalyst degradation outweigh the economic vi-
ability. As a result, recent optimization advances aimed 
at enhancing heat and energy integration of the HDA 
thermic reaction have shown promising results in 

achieving yield, energy, and cost reductions [14-16]. A 
model of this process serves as the case study for our 
global optimization approach based on spatial decompo-
sition. 

HDA FLOWSHEET MODEL 
For our case study, we adapt a hydrodealkylation 

flowsheet from the Institute for Design of Advanced En-
ergy Systems (IDEAS) example library [3] and modify its 
objective function to maximize revenue. This process 
converts toluene and hydrogen into benzene; the reac-
tion is described in Equation 1.  

𝐶𝐶6𝐻𝐻5𝐶𝐶𝐶𝐶3 +𝐻𝐻2 ⟶ 𝐶𝐶6𝐻𝐻6 + 𝐶𝐶𝐶𝐶4   (1) 

Figure 1 shows the complete flowsheet, where three feed 
streams (hydrogen feed, toluene feed, and a mixed vapor 
stream) are combined in a mixer (M101). The resulting 
stream is fed into a heater (H101) and then reacted in a 
continuous stirred tank reactor (CSTR) (R101). The reac-
tor outlet is flashed in F101, yielding a liquid product 
stream primarily composed of benzene and a vapor 
stream containing the remaining hydrogen, toluene, me-
thane, and some benzene. The vapor stream is split 
(S101) and either purged or sent to a compressor (C101). 
In future work, the compressor outlet will be recirculated 
to the mixer (M101); in this study, the compressor outlet 
is treated as an additional vapor waste stream.  

The following subsections summarize the features 
of each unit operation.  

 

Figure 1: Complete flowsheet for hydrodealkylation process [3]. Three feed streams (toluene feed, hydrogen feed, 
and combined vapor feed) are combined in a mixer (M101), then heated in a heat exchanger (H101). Reactor (R101) 
is a CSTR, and its product is fed to a flash (F101). The resulting liquid stream (s10a) is the product, and the 
remaining vapor stream (s06) is fed to a splitter (S101) sent to purge or to a compressor (C101). 
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Mixer (M101) 
 Three feed streams, fresh toluene, hydrogen, and a 
vapor recycle stream, are fed to the mixer unit and com-
bined into a single outlet stream. As no recycle is imple-
mented in this case study, the composition of the vapor 
recycle feed stream is fixed. Mixer units have zero de-
grees of freedom, as all outlet conditions are fully deter-
mined by the inlet streams and balances [3]. 
 The mixer maintains all mass and energy balances. 
Energy conservation is satisfied by calculating the outlet 
stream temperature such that enthalpy is conserved 
among inlet streams that may enter at different temper-
atures. Vapor stream enthalpies are calculated using 
Equation 2.  

ℎVap,� = Δ𝐻𝐻vap,� + ��,5, Vap,�

5
�𝑇𝑇5 − 𝑇𝑇ref

5 � + ��,4, Vap,�

4
�𝑇𝑇4 − 𝑇𝑇ref

4 � +
��,3, Vap,�

3
�𝑇𝑇3 − 𝑇𝑇ref

3 � + ��,2, Vap,�

2
�𝑇𝑇2 − 𝑇𝑇ref

2 � + 𝑐𝑐�,1, Vap,�(𝑇𝑇 − 𝑇𝑇ref) (2) 

Where ℎ���,� is the component enthalpy for species 𝑖𝑖, the 
𝑐𝑐�’s are specific heat coefficient values, Δ𝐻𝐻vap,� is the heat 
of vaporization for component 𝑖𝑖,𝑇𝑇ref is a reference tem-
perature (298.15 K), and 𝑇𝑇 is the temperature of the 
stream. Liquid-stream enthalpies are calculated similarly 
but do not include the heat of vaporization term.  

Heater (H101) 
 The heater raises the temperature of the mixer out-
let stream to the level required for the downstream reac-
tion. The heater model in IDAES has one degree of free-
dom, typically specified by the outlet temperature or the 
heat duty [3]. All mass and energy balances are enforced, 
and there is no pressure drop across the heater.  

Continuous Stirred Tank Reactor (R101) 
The reactor in this flowsheet is modeled as a con-

tinuous stirred-tank reactor. The unit has one degree of 
freedom, namely the reactor volume and conversion, 
which impact capital cost (see Reactor Subproblem sec-
tion) [3]. The rate constant of the reaction is governed by 
the Arrhenius equation. The reactor enforces all mass 
and energy balances. Since the reaction between toluene 
and hydrogen is exothermic, the reactor outlet stream is 
at a higher temperature than its inlet.  

Flash Unit (F101) 
The flash unit performs a vapor-liquid equilibrium 

separation of the reactor outlet stream, enabling recov-
ery of benzene from the remaining components. In gen-
eral, the flash unit has two degrees of freedom, typically 
either the heat duty or the pressure drop across the unit 
[3]. The flash is isobaric in this case study, leaving the 
heat duty as a degree of freedom. The phase equilibrium 
is determined using Antoine’s equation, along with Ra-
oult’s law and the energy balance. In this model, toluene 
and benzene are treated as condensable species that 

may enter the liquid phase, while hydrogen and methane 
are assumed to be non-condensable and remain entirely 
in the vapor phase after the flash.  

Splitter (S101) 
The splitter divides the vapor outlet stream of the 

flash unit into two streams: a purge stream and a vapor-
recycle stream. The IDAES splitter model has one degree 
of freedom, defined by the split fraction between the out-
let streams [3]. Although the outlet stream is labeled va-
por recycle, it is not returned to an upstream unit in this 
case study. The splitter enforces overall mass balance, 
with each stream receiving a fixed fraction of the inlet 
flow. Outlet streams inherit the same temperature, pres-
sure, and composition as the inlet stream.  

Compressor (C101) 
 The compressor is included in the flowsheet to ac-
count for potential pressure changes in the vapor-recycle 
stream. This flowsheet uses the Pressure Changer model 
from the IDAES library, which has one degree of freedom 
in this application, the outlet pressure.  

SOLUTION METHODOLOGY 
SNoGloDe is a framework (built in Python relying on 

the algebraic modeling language Pyomo [7]) that exploits 
the decomposable structure of an optimization problem 
and integrates it into a priority spatial branch-and-bound 
algorithm to efficiently solve large-scale optimization 
problems to global optimality [5]. To use SNoGloDe, the 
optimization formulation must contain variables that cou-
ple otherwise separable subproblems, which are first re-
formulated as complicating constraints to enable decom-
position. This transformation allows the overall problem 
to be expressed as a collection of subproblems linked 
through a shared set of complicating variables. The re-
sulting structure is particularly amenable to algorithms 
that exploit this decomposability to solve larger problems 
by decomposing them into significantly smaller, more 
manageable subproblems. SNoGloDe exploits this struc-
ture via a prioritized branching strategy and strategically 
constructed lower and upper bounds. 

Algorithm 
The underlying solution strategy is based on spatial 

branch-and-bound, a global optimization approach that 
explores the feasible region by recursively partitioning 
variable domains. Each node in the search tree corre-
sponds to a restricted domain for the decision variables 
and is associated with both a lower bound, obtained from 
a relaxation, and an upper bound, obtained from a feasi-
ble solution. Nodes are pruned if they are infeasible or if 
their lower bound exceeds the best known upper bound. 
As the algorithm progresses, global bounds tighten, and 
the optimality gap decreases until a specified tolerance 
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is met. This process guarantees convergence to a glob-
ally optimal solution under standard assumptions [5]. 

To exploit the decomposable structure of the refor-
mulated problem, a priority spatial branch-and-bound 
scheme is used. Rather than branching on all optimization 
variables, the search tree is restricted to the complicat-
ing variables only, while subproblem-specific variables 
are handled implicitly within each node. At a given node, 
the lower bound is computed by dropping the complicat-
ing constraints and solving each subproblem inde-
pendently to global optimality with respect to the current 
bounds on the complicating variables, and then aggre-
gating the resulting objective values. This ensures valid 
global lower bounds without requiring additional relaxa-
tions, although such enhancements can be incorporated 
if desired. Importantly, global convergence is preserved 
because all variables are ultimately optimized to global 
optimality, either through the branch-and-bound tree or 
within the subproblem solvers. 

Upper bounds are generated by fixing a candidate 
assignment of the complicating variables and solving 
each subproblem independently to obtain a feasible so-
lution. If all subproblems are feasible, their combined ob-
jective value provides a valid upper bound for the node. 
When a node cannot be pruned, branching is performed 
by selecting a complicating variable and splitting its do-
main, creating two child nodes that are added to the 
search queue. Throughout the algorithm, node-level 
computations are separable across subproblems and can 
therefore be parallelized. The method terminates when 
the optimality gap is sufficiently small or no nodes remain, 
at which point the best feasible solution found is re-
turned. 

Algorithm  Priority Spatial Branch-and-Bound (SNoG-
loDe) 

In Subproblems {P₁ … Pₖ} complicating variables z 
∈ Z⁰ tolerance ε 

Out Globally optimal solution z* x* 

 Initialize UB ← +∞ LB ← −∞ queue Q ← {root 
node} 

 while Q not empty and (UB − LB) > ε do 

 Select node N from Q customizable node selec
tion 

 Compute lower bound by relaxing complicating 
constraints and solving each subproblem Pₖ inde-
pendently LBₙ ← ∑ₖ min fₖ(xₖ z) st xₖ ∈ Xₖ z ∈ Zₙ 
customizable relaxation refinement 

 if LBₙ ≥ UB then prune N and continue 

 Select candidate solution fix values for complicat-
ing variables z customizable incumbent 

generation 

 Compute upper bound by solving each Pₖ with z 
fixed UBₙ ← ∑ₖ min fₖ(xₖ ẑ) st xₖ ∈ Xₖ (if all Pₖ 
feasible) 

 if UBₙ < UB then UB ← UBₙ store best solution 

 Select zᵢ ∈ z to branch on and split point s cus
tomizable branching variable & split point 

  Add child nodes N⁺ (zᵢ ≤ s) and N⁻ (zᵢ ≥ s) to Q 

 end while 

 return best feasible solution 

Algorithm Customization via SNoGloDe 
The algorithmic framework SNoGloDe implements 

the priority spatial branch-and-bound approach de-
scribed above. Within this setting, the proposed ap-
proach is intentionally designed to be highly customiza-
ble. Rather than prescribing a fixed set of heuristics, the 
package exposes multiple decision points throughout the 
branch-and-bound process at which problem-specific 
knowledge can be incorporated. These include strategies 
for node selection, refinement of lower-bound relaxa-
tions, generation of incumbent solutions, selection of 
branching variables, and determination of split points. 
Each of these choices directly influences how the search 
tree evolves, affecting both solution quality and compu-
tational efficiency. 

The flexibility of this design is critical, as the perfor-
mance of prioritized branch-and-bound methods is 
driven primarily by heuristics tailored to the specific 
problem. Intelligent node selection can dramatically re-
duce the size of the search tree by prioritizing regions 
with higher potential for bound improvement. Similarly, 
tighter relaxations enable earlier pruning, whereas effec-
tive incumbent generation accelerates convergence by 
improving global upper bounds more quickly. Branching 
and partitioning strategies further shape the combinato-
rial and numerical properties of the tree. By allowing 
these components to be tailored to the structure of a 
given application, the framework supports a wide spec-
trum of problem-aware strategies, transforming a ge-
neric decomposition into a tailored algorithm. 

Allowing models to be expressed in Pyomo [7] en-
sures broad compatibility with nonlinear, mixed-integer, 
and nonconvex formulations and enables seamless inter-
action with global and local solvers. The implementation 
further supports parallel execution via an MPI-based 
workflow, enabling efficient distribution of subproblem 
solves and bound computations. To facilitate customiza-
tion, SNoGloDe provides base classes with virtual meth-
ods that map directly to the key algorithmic decision 
points, making it straightforward for users to experiment 
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with and deploy customized heuristics. 

HDA FLOWSHEET DECOMPOSITION 
To solve using SNoGloDe, the hydrodealkylation 

flowsheet was partitioned into two subproblems. The 
first subproblem included the feed streams, the mixer 
(M101), the heat exchanger (H101), and the reactor 
(R101). The second subproblem included the flash (F101), 
the splitter (S101), and the compressor (C101). The first 
subproblem was called the reactor subproblem, and the 
second subproblem was called the flash subproblem. The 
reactor outlet temperature and the component molar flow 
rates were treated as complicating variables, meaning 
that their equality was enforced when generating the up-
per bound and candidate solution, but relaxed when de-
termining the lower bound for a given node. This resulted 
in nine complicating variables (4 components, 2 phases, 
and 1 temperature). This decomposition scheme was 
chosen to place the two most complex unit operations, 
R101 and F101, in separate subproblems. Each subprob-
lem has its own objective function and can be solved to 
global optimality using Baron [6] or Gurobi [2].  

Reactor Subproblem 
The model for the reactor subproblem included all 

equations and constraints that govern the unit operations 
and flows among the feeds, mixer, and reactor. The ob-
jective was to minimize the capital and operating costs. 
The costing equations were adopted from [3]. The heat 
exchanger outlet temperature (affecting the heat duty) 
and the reactor volume are both free variables. The an-
nualized operating cost of the heat exchanger was found 
using Equation 3.  

Operating Cost = (3600 × 24 × 365) × Heating Cost (3) 

The heating cost for the heat exchanger was determined 
using Equation 4.  

Heating Cost = 2.2 × 10−7 × 𝑄𝑄heater   (4) 

Where 𝑄𝑄heater is the heat duty of the H101. The capital cost 
for the CSTR was calculated using Equation 5.  

Capital Cost = 1.0 × 105 × 𝑉𝑉     (5) 

Where 𝑉𝑉  is the reactor volume in cubic meters. The ob-
jective function for the reactor subproblem is found in 
Equation 6.  

min. (Operating Cost + Capital Cost) × 10−6  (6) 

The objective function was scaled by 10−6.  

Flash Subproblem 
The subproblem model for the flash included all 

equations and constraints that govern the unit operations 
and flows among the flash, splitter, and compressor. The 

objective for the flash subproblem was to maximize profit 
by minimizing negative profit. The costing equations 
were adopted from [3]. The free variable was the flash 
outlet temperature, which impacts the heat duty of the 
flash and the amount of liquid benzene generated. Annual 
revenue was calculated using Equation 7.  

Revenue = 𝐹𝐹Liq, benzene
out × (3600 × 24 × 365) × 78.11 ×

0.82 × 10−3      (7) 

The annualized operating cost for the flash was found us-
ing Equation 8.  

Operating Cost = (3600 × 24 × 365) × Cooling Cost 8) 

The cooling cost for the flash was determined using 
Equation 9.  

Cooling Cost = 0.25 × 10−7 × (−𝑄𝑄����ℎ)   (9) 

Where 𝑄𝑄Flash is the heat duty of the F101. It was negated 
because the flash is cooled. The objective function for 
the reactor subproblem is reported in Equation 10. 

min − (Revenue− Operating Cost) × 10−6 (10) 

Note that capital cost is not included for the flash unit 
since the vessel cost is assumed to be much less than 
the reactor cost. Similarly to the reactor subproblem, the 
objective was scaled by 10−6.  

RESULTS 
As highlighted in the Methodology section, a signif-

icant advantage of SNoGloDe is its ability to customize 
multiple elements. For this problem, we developed a 
warm-start capability at the lower bound (first solving a 
reduced square problem with IPOPT to obtain strong ini-
tial values for process variables and then solving globally 
with Gurobi [2]). This approach improved the conver-
gence reliability for Gurobi on this NLP. To produce upper 
bounds, we used the built-in option to solve the mono-
lithic problem locally with IPOPT and used the solutions 
for the complicating variables as the candidate solution 
for that upper-bound iteration. For branching, we se-
lected variables using a Pseudocost methodology (also 
built in) and a worst-bound node queue. The results for 
the flowsheet optimization are summarized in Table 1 and 
shown in Figure 2.  
SNoGloDe reached the globally optimal objective value 
with a 0.6% gap. Note that the monolithic model was also 
solved using Baron to confirm global optimality; both ap-
proaches yielded the same solution. This approach 
demonstrates a method for decomposing a nonlinear, 
nonconvex process flowsheet.  
 This model and solution are available as an example 
problem in the SNoGloDe code base.  
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Table 1: SNoGloDe results for HDA flowsheet 

Variable Value Units 
Profit   M$/year 
H Outlet Temperature  K 
H Heat Duty   kW 
Reactor Volume  m 

Toluene Conversion   
F Outlet Temperature  K 
F Heat Duty -  kW 

The resulting costs for the flowsheet are reported in Ta-
ble 2.  

Table 2: Costing Results for HDA Process  

Item Value Units 
H101 Operating Cost 13, 447, 000 $/yr 
F101 Operating Cost 2, 857, 000 $/yr 
R101 Capital Cost 1, 421, 000 $ 
Annual Revenue 27, 687, 000 $/yr 
Net Profit 9, 961, 000 $/yr 

   

CONCLUSIONS 
Our approach and case study illustrate how decom-

position-based global optimization can provide results 
for complex, integrated flowsheet models. Beyond this 
example, integrating SNoGloDe with IDAES enables the 
extension of these methods to large-scale industrial 
challenges. By combining rigorous process modeling with 
a solution framework that yields globally optimal solu-
tions, we present an alternative approach to solving pro-
cess-system flowsheet optimization problems. Future 

work includes connecting the recycle between the com-
pressor outlet and the mixer inlet.  
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