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Heat integration is important for energy-saving in the process industry. It is linked to the persistently
challenging task of optimal design of heat exchanger networks (HEN). Due to the inherent highly non-
convex nonlinear and combinatorial nature of the HEN problem, it is not easy to find solutions of high
quality for large-scale problems. The reinforcement learning (RL) method, which learns strategies
through ongoing exploration and exploitation, reveals advantages in such area. However, due to the
complexity of the HEN design problem, the RL method for HEN should be dedicated and designed. A
hybrid strategy combining RL with mathematical programming is proposed to take better advantage of
both methods. An insightful state representation of the HEN structure as well as a customized reward
function is introduced. A Q-learning algorithm is applied to update the HEN structure using the e-greedy

Mathematical programming
Process design

strategy. Better results are obtained from three literature cases of different scales.
© 2023 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd. All

rights reserved.

1. Introduction

Heat integration is an important means of reducing the energy
consumption of chemical production processes, which is mainly
achieved by designing heat exchanger networks (HEN) between
process streams and utilities. The HEN problem was first proposed
and defined by Masso and Rudd [1]. Since then, advancements have
been achieved in this field, resulting in the proliferation of various
methods with distinct applicability. These methods can be classified
into sequential methods, based on sequential objectives and simul-
taneous methods that optimize multiple objectives simultaneously.

Sequential methods typically involve breaking down the HEN
objective into multiple subobjectives, such as area, consumption of
utility, units of heat exchangers, etc. The aim is to progressively
minimize these objectives. Well-known sequential methods
include the pinch design method proposed by Linnhoff and Flower
[2] and several other works [3—5] that propose insight-based
heuristics to target the surface area of heat exchangers, energy
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consumption, as well as capital cost. However, they are relying on
engineers to design HENs manually. Other sequential methods use
mathematical programming models. The transportation model
proposed by Cerda et al. [6,7] and the transshipment model pro-
posed by Papoulias and Grossmann [8] are typical sequential
methods. Since sequential methods may lead to suboptimal solu-
tions [9], subsequent researches shifted to simultaneous methods.
They are formulated as mixed-integer nonlinear programming
models. It should be noted that superstructures are frequently used
in modeling HENs. The most widely used HEN superstructures are
the generalized superstructure model proposed by Floudas et al.
[10] and the stage-wise superstructure (SWS) model proposed by
Yee and Grossmann [11]. The two kinds of superstructures have
been extended by many researchers to various applications
[12—15].

The algorithms for HEN optimization can be classified into two
categories: deterministic algorithms and stochastic algorithms.
Global optimality could be ensured by deterministic algorithms.
Branch-and-bound [16,17], outer-approximation [18], as well as
variable boundary contraction [19,20] are common techniques in
deterministic algorithms for HEN optimization. Recently, Chang
et al. [21—-23] proposed a HEN structure enumeration strategy to
achieve optimal HEN solution. However, due to the nonconvex and
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nonlinear nature of the problem, and the proved NP-hardness [24]
property, these algorithms face challenges in handling large-scale
problems. On the other hand, stochastic algorithms are promising
in handling large-scale problems, although global optimality
cannot be ensured. Stochastic evolutionary strategies include ge-
netic algorithm [25], simulated annealing algorithm [26], particle
swarm optimization algorithm [27], differential evolution algo-
rithm [28], as well as some bionic algorithms imitating the behavior
of organisms [29,30]. It should be noted that the aforementioned
stochastic algorithms have not yet fully learned from the iterative
process, while this is the direction of stochastic algorithms. The
reinforcement learning (RL) method is good at this. RL enables
learning how to maximize cumulative rewards through iteration
between state and action; It is an efficient “trial-and-error”
approach. It has been applied to the areas of production scheduling
[31], process control [32], process design, and optimization [33,34].
The current RL applications to process design [33,34] are searching
for small-scale flowsheets without HENs, where both discrete and
continuous variables are included in the state representation.
Although HEN is a part of the flowsheet, its structure combinatorial
possibility is far greater than that of the other parts of the flow-
sheet. Consequently, the RL method for HEN should be dedicated
and designed to gain an edge over the current algorithms for HEN,
but there are no researches on this topic yet. We aim to put our
insight of HEN into the RL-based algorithm design, including state
representation, action adjustment, and reward evaluation. In
addition, a hybrid strategy combining RL with mathematical pro-
gramming is proposed to take advantage of both methods.

2. Problem Statement

The synthesis problem of HEN is defined as follows. Given are a
set of hot (H)/cold (C) streams and a set of hot/cold utilities. The
inlet and outlet temperatures, heat capacity flow rates, and heat
transfer coefficients of each stream and utility are specified, as well
as the cost factors. It is desired to obtain a HEN to minimize the total
annual cost (TAC) while meeting the heat load requirements and
approach temperature.

We adopt the well-known SWS model (shown in Fig. 1) [11] to
present the HEN. By dividing the streams into several stages, the
SWS model provides parallel, series, and hybrid HEN structures.
This model is popular because it is simple and maintains structure
variety. There may be loops in the HEN structure, and the HEN
structure could be evolved by adding or reducing loops. We only
consider HENs without loops in the SWS model. This is also known
as minimal HEN structures, based on which the nonminimal
structures can be evolved. The detailed model of SWS is shown in
the Supplementary Material.

@
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Fig. 1. The stage-wise superstructure (SWS) of heat exchanger network.
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3. Methodology

RL is a machine-learning method that excels in optimizing
decision-making through continuous trial and error, where an
agent interacts with an environment, receiving rewards based on
its actions, and aims to maximize the cumulative rewards over
time. The strategy of combining RL with mathematical program-
ming is shown in Fig. 2, which is composed of three blocks: state
initialization, agent and environment. The three blocks are con-
nected via three parameters: s, a and r, respectively, denoting the
state, action, and reward of the RL. The state will be changed by
implementing an action, and a reward can be calculated for an
action derived from a state.

As shown in Fig. 2, the initial state sq is generated by the state
initialization block and is sent to the other two blocks. When an ac-
tion a;; is sent to the environment block, the current state can be
updated. Then, the new state s;; will be translated to its corre-
sponding HEN structure, and the TAC of the structure will be mini-
mized via the nonlinear programming (NLP) model. A reward r;; can
be calculated according to the obtained minimum TAC. The updated
reward r;; and new state s;; will be transferred to the agent block,
where a new action will be generated. The agent is the decision maker
that selects the optimal action according to the current state. Since
the action is only related to the current state and reward, the RL
environment belongs to the Markov decision process.

3.1. State initialization

We need to generate a feasible HEN structure for the initial state
sg. Both pinch method and mathematical methods can generate
feasible structures. A simple way of mathematical method is to
solve the minimal SWS model without objective (MSWO, detailed
in Supplementary Material). The resulting HEN structure serves as
the initial state for both the agent and the environment in the RL-
based approach.

3.2. State representation

One of the challenges of applying the RL methods to the HEN
synthesis problem is the representation of HEN, which is also
referred to as “state.” The HEN can be represented by discrete
variables describing its structure and continuous variables indi-
cating the parameters of each heat exchanger (heat load, approach
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Fig. 2. The strategy based on reinforcement learning for optimal HEN design.
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Table 1
[llustrative case
Stream Tin/°C Tout/°C h/kW-m=2-°C™1  Fe,/kW-°C!
H1 270 160 0.5 18
H2 220 60 0.5 22
C1 50 210 0.5 20
2 160 210 0.5 50
HU 250 250 1
cu 15 20 1

HE cost/USD-a"" 4000 + 500 A%83
Utility cost/USD-a~! 200 Quu + 20 Qcu
EMAT 10°C

temperature, and flow rate of streams). Since the continuous vari-
ables make the state space wide and complex, because we have an
efficient method to optimize those continuous variables when the
discrete variables are fixed, only discrete variables describing HEN
structures are involved in the state representation.

Let us consider the structure representation. According to the
SWS model, there may exist a heat exchanger for a hot stream i and
a cold stream j at a stage k. The existence of such a heat exchanger
can be denoted by binary variables x;; , €{0,1}. The total number of

the combinatorial space is calculated as 2N>Ni*NetNi+N; -~ where Nj,
N;, and Ny are the numbers of hot streams, cold streams, and
stages, respectively. This space is too sparsely dispersed causing
difficulties for the exploration of RL. Since a heat exchange match
only includes one heat exchanger for the case of minimum HEN, we
propose an alternative compact representation. The integer vari-
able x;;€{0,1,...,N;} is proposed to present the stage number of
the heat exchanger between the hot stream i and cold stream j in
the SWS model. When ¥; j equals zero, the heat exchanger does not
exist. Since heaters/coolers are only present at the outlet of cold/hot
streams, their values can be represented by 1 and 0, respectively.
Then the total number of the combinatorial space is calculated as
(N + D)Ne<Ni 5 2NitN; which is smaller than 2NN><NetNitN; ywhen
N is larger than 1. Let us take a simple case to illustrate the pro-
posed representation. The data of the case are shown in Table 1,
where 3 hot streams (including hot utility) and 3 cold streams
(including cold utility) are shown. We can find 8 (3 x 3—1) potential
matches in this case. If we specify the k value to 2, then the total
number of potential states is 1296, whereas if we use the traditional
representation, the number should be 4096. Thus, the structure
space is greatly reduced. Solving MSWO, we can obtain the initial
structure, as shown in Fig. 3(a), where heat exchangers H1—-C2,
H2—-C1, HU-C2, CU-H1, and CU-H2 are active, and they are all at the
first stage. If we arrange all the 8 possible matches in the following

HI-C1

HI1-C2

H2-C1

H2-C2

HU-C1

HU-C2

HI-CU

HI-CU

order: H1—C1, H1-C2, H2—C1, H2—C2, HU-C1, HU-C2, CU-H1, and
CU-H2, then the value of x;; can be represented as a one-
dimensional state array [0, 1,1, 0,0, 1, 1, 1]. As it is a feasible solu-
tion, the number of active heat exchangers (stage number greater
than 0) equals to the specified minimum value. We call those kinds
of states as end-point states. Otherwise, if a state with the number
of active heat exchangers is less than the specified minimum
number, then we call it a transition state.

The proposed state representation may generate repetitive HEN
structures. For example, Fig. 3(a) and (b) are the same structures,
but they are in different states. To eliminate such duplications, we
calculate the minimum stage number of each heat exchanger in a
state. The calculation algorithm is presented in Supplementary
Material. If the stage number of a heat exchanger is not identical to
its minimum value, we set the heat exchanger as inactive.

3.3. State access and reward calculation

The RL environment is named Structure Evolution in this paper.
Following an action taken by the agent, the environment responds
by providing the agent with a new state. This new state is translated
to its corresponding HEN structure by translating x;; to x;; . Then
with these fixed x; ., the traditional SWS model is shifted to the
minimal network optimization model (MNOM):

Objective = Ccu > qeui + Ceud_qnuj+ Cunit Y D> D> _Xijk

ieH jec ieHjeCkekK
8
+ CaAij,k
Cunit ZXCU,,- + CaAfcu + CunithHU,j + CaAf,U j (1)
ieH jec

s.t.

Eq. (§1)—(S18) in Supplementary Material.
{Xij,k =1xqu; = 1.Xcui = 1} vV (i,j, k)€ ACT (2)

where ACT is the set of active heat exchangers in the new state. (A-1)
to (A-12) are the formulas in the Supplementary Material. The HEN
structure is fixed through Eq. (2). The minimum TAC of this structure
can be obtained by solving MNOM, which is an NLP model. Consid-
ering the complexity of the objective function (Eq. (1)), we used the
golden section algorithm proposed by Chang et al. [21] to optimize
the TAC, based on the unimodal characteristic of the TAC as a function
of the consumption of hot utility in the minimal network. Since the
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Fig. 3. Duplicate HEN structures for different stages.
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transition state is infeasible, there is no need to run the MNOM model
for this case. The obtained TAC will be sent back to the environment
block to calculate the reward. If the new state is approved to be
infeasible by the MNOM, the reward will be set to —1. When the new
state is feasible, a reward will be calculated according to the optimal
TAC of the new state, as shown by Eq. (3).

-1, s’ is infeasible

Reward = TAC . .
ex (1 —m),s is feasible

3)

where s’ is the new end-point state, TAC,, is the optimal TAC of
the current optimal state sy, and TAC' is the optimal TAC of the
new state s’. Note that if the TAC' is smaller than TAC,, then both
TAC,, and s, will be updated to be TAC' and s/, respectively. This
reward function integrates exponential item and inverse pro-
portionality item, and thus a positive reward is ensured.
Furthermore, the reward of exponential growth will speed-up
the searching procedure. To ensure the feasible state will pro-
vide a positive reward to the agent, we designed a reward
function that integrates exponential and inverse proportionality.
This design guarantees that as the TAC decreases, the agent re-
ceives greater incentives.

If the new end-point state s’ is infeasible during the iteration,
this new state will be discarded, and the current optimal state sy,
will be sent to the agent for a new iteration. It means that the agent
will determine a new action based on the current optimal state.
This approach enables faster convergence to the optimal solution.

3.4. Action selection

To constrain the space of candidate actions, we specify that only
one element in the one-dimensional state array is added or sub-
tracted by 1 in each action. Let [ L denote the elements of the one-
dimensional state array, then this action a can be denoted by (I,
+1). For end-point states, the candidate elements are only among
those activated ones. For transition states, we choose the activated
elements with the probability of { while choosing the inactivated
elements with the probability of 1—{ Then, the e-greedy algorithm is
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applied to guide the selection of actions for both activated and
inactivated elements. Specifically, the agent randomly selects the
actions in the search space with a relatively small probability e,
facilitating efficient exploration of unknown strategies and actions.
Furthermore, it selects the action with the largest expected reward
(Q-value) in the current state with probability 1—e This deliberate
balance between exploration and exploitation ensures the effective
utilization of known strategies and actions to attain enhanced
rewards.

The action a taken in state s is evaluated using the Q-value, Q(s,
a), that represents the expected reward from taking action a in state
s. Q (s, a) is defined by Bellman equation [35]:

Q(s.0) = 1(5.0) + 7E¢ _p(ojs ) [MaxQ(s.a) | (4)

where p(s’|s,a) represents the state transfer function of the envi-
ronment, the probability distribution of the state transfer after
performing action a in state s. v is the discount factor. Note that
r(s,a) and p(s'|s,a) in Eq. (4) are difficult to get as the complete
environment model in real scenarios is difficult to obtain. Alter-
natively, we use Q-learning [36], a sample-based method, to
approximate the Bellman equation and Eq. (4) is substituted by
Q(s.a) = (1 - @)Q(s,a) +a[r(s,0) + ymaxQ(s, )| (5)
where « is the learning rate. Note that if an action is not allowed,
then there is no corresponding Q-value.

3.5. lllustrative case

Let us take the illustrative case in Table 1 to illustrate the iterative
procedure between agent and environment. The initial state sq of this
case is obtained in the previous section by solving the MSWO model.
There may be tens of thousands of iterations to find the optimal so-
lution. For ease of representation, we only select six actions of two
iterations both starting from sy to illustrate the iterative procedure, as
shown in Fig. 4. The previously identified one-dimensional state
array of 8 elements is denoted by a row of 8 squares in the figure, and
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Fig. 4. Illustrative state evolution in two scenarios.
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their corresponding HENs are shown beside the row of squares. The
green and yellow colors stand for the activated and inactivated states
of the heat exchangers. The current Q-values corresponding to the
candidate actions are also provided below (minus 1 action) or above
(plus 1 action) the squares. Note that the current Q-values are
determined by the previous iterations. Probability parameters e and {
are set at 0.1 and 0.7, respectively, for this case and the following case
studies. Take the left scenario as a case. The agent decides to choose
an action according to the current Q-values of possible actions for the
state sq. The candidate action with the largest Q-value (1.9) is chosen,
and the corresponding action is (7, —1), which means the stage
number of the 7th heat exchanger (H1-CU) is changed from 1 to 0.
Thus the 7th heat exchanger is turned from active to inactive. The
state is updated to s;. Then, Q(sp, (7, —1)) can be updated to 2.0 ac-
cording to the reward presented in Table 2. Since s; is a transition
state, the reward is set to zero. Running the action-selection rule, we
obtain the second action: (1, 1), and the state is updated to s,. Then
the reward of s, and the Q-values of s; can be calculated sequentially.
Similarly, the third action can be decided as still (1, 1), and thus the
state is updated to s3. From the right scenario, state s is a duplicated
state of state sy. This is because the stage number of the third heat
exchanger is larger than the minimum number. As a result, it is set to
be inactive, although the number is not zero, but at state s, it is back
to active, for the minimum number is changed to 2. Applying the
MNOM model to state s, it is found to be infeasible. Thus, this sce-
nario of iteration is ended, and the next state is updated to the current
best state.

3.6. Algorithm
The pseudocode describing the environment and agent is shown
in Algorithm 1.

Algorithm1. Pseudocode for the learning cycle that considers the
environment and the agent

Obtain the initial state so from MSWO
Pass the state sg to the agent and the environment
Agent

Get the action list;; based on the current state s;,
if exploit:
a; = arg-max (Q|[s;,a)), Va<action list;
else if explore
a;; = Random (action list;)
Pass a;; to the environment (SE)
Tie+1,Sie+1 < SE

Qsit; @ie) — (1= )Q(Sie, i) + | T(Sit, Gie) +YMAXQ(Sity 1, Gie41)

SE

Qi1 — Agent
Sir,1 < update state s; by action a;, ¢
Sit;1 < adjust elements that make the structure repeat
if s;;, 1 is endpoint state
resy,; < running MNOM
rir1 = Reward (res; 1)
else if s, 1 is a transition state
Tiey1 =0
Pass ri¢,1,Sit 1 to Agent

4. Case study

Three cases of different sizes are selected from the published
literatures to illustrate the effectiveness of the developed RL-based
method. The stopping criterion for the program is to stop after

Table 2
TAC and rewards for the illustrative states in Fig. 4
Sq Sy S3 sh Sy S5
TAGC, — 361007.3 361007.3 — -
TAC - 382678.5 360038.3 - - -
Reward 0 0.94 1.02 0 0] -
Table 3
Data of case 1
Stream Tin/°C Tou/°C h/kW-m=2.°C™"  F/[kW-°C™!
H1 226.85 46.85 2 6
H2 206.85 106.85 2 4
H3 186.85 86.85 2 6
H4 106.85 360 2 20
H5 106.85 46.85 2 12
C1 16.85 386.85 2 18
HU 700 426.85 2
(@8] 26.85 46.85 1

HE cost/USD-a"" 5500 + 1200 A%S
Utility cost/USD-a~! 140 Quy + 10 Qcy
EMAT 10

reaching a predetermined number of RL iterations or upon the
elapse of a specific time duration. Our program was implemented in
Python (version 3.8.16), and the model was constructed within the
Pyomo framework (version 6.5.0). The solver used for the model
was Gurobi for academics (version 10.0.1). The following case
studies were conducted on a work station equipped with AMD
EPYC 7702 2 GHz processors and 192 GB of RAM.

4.1. Case 1

Case 1 was proposed by Escobar and Grossmann [37] and was
also applied to a minimal network study by Chang et al. [21]. This
case consists of five hot streams, one cold stream, one hot utility,
and one cold utility, as shown in Table 3. The optimal TAC of this
case changes with the number of RL iterations. An iteration rep-
resents that RL reaches an infeasible state from the initial state, and
the following meanings are the same. The optimal TAC of the initial
structure obtained by MSWO is 696747.92 USD-a~ .. The optimal
solution of 649365.88 USD-a~! is obtained after 1175 iterations in
2.1s, and its structure is shown in Fig. 5. In the following 8825 it-
erations within 11.78 s, no structures with smaller TAC are found.

960 kW 120 kW
I
H1 @
9.0 m*
40{0_}\\'\\"
H2 @, >
H3 @ >
400 kW
H4
10.0 m*
720 kW
s I >
on
23.72 m?
VR
o
3980 kW 881 m?
@ O c1
ANy
3377 m? 340 m? 18.39 m?

Fig. 5. The optimal structure of Case 1.
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Table 4 Table 6
Results comparison of Case 1 Results comparison of Case 2
Case 1 Unit Quu/kW Ajm? TAC/USD-a"! Case 2 Unit Quu/kW Alm? TAC/USD-a !
Chang et al. [21] 6 4580.0 109.4 724506.4 Castillo et al. [38] 11 0 - 141554
Initial result 7 43133 125.23 696747.9 Silva et al. [39] 11 0 66.15 140142
Final result 7 3980.0 137.68 649365.9 Pavao et al. [40] 11 0 64.69 140068
Pavao et al. [27] 11 0 65.11 139438
Chang et al. [21] 11 0 65.09 139398.1
Table 5 Initial result 11 0 67.4 140256.8
Data of Case 2 Final result 11 0 65.08 139388.7
Stream Tin/°C Tout/°C h/kW-m=2.°C™"  Fep/kW-°C™!
H1 840 40 15 4.9894 This is because the optimal structure within the realm of the
H2 76 45 1.5 4.684 minimal networks has been achieved. The comparison results with
H3 50 40 15 0.772 the literature are shown in Table 4. Chang et al. [21] obtained the
E‘sl }gg 339 (1)'2 (2)5620 37 optimal TAC of 7245064 USD-a~!, where the number of heat
H6 90 45 15 3066 exchanger units is set to 6. However, according to the definition of
c1 24 25 0.8 329.8 the minimal network, the maximum number of heat exchanger
2 25 70 15 0.5383 units allowed for this case is 7. A better structure, achieving a TAC
= 35 122 15 3.727 that is 10% lower than the result obtained by Chang et al. [21] is
C4 90 180 1.5 0.6097 btained via th d method
p 180 181 08 25811 obtained via the proposed method.
HU 230 230 1.5
CU 20 40 0.8 4.2. Case 2

HE cost/USD-a"!

Utility cost/USD-a~!

9094 + 485 A081

110 Quu + 15 Qey

Case 2 is derived from a real case of a nitric acid plant in Bar-

EMAT 10°C ] o : : h
rancabermeja, Colombia, investigated and studied by Castillo et al.
[38]. This case was then adapted by Silva et al. [39] to make it
54.9 kW
:: 316 kW
()
N oW 2581.1 kW 1323.7 kW
H1 2 '
N N
26.74 m?
145;\}:w
H2 /) |
7.7 kW
Y
H3 >
242 kW N
3}6\ kW
H4 @, >
292.7 kW
)
H5 U |
67.8 kW
| I 0.78 mzl | ~~  679m? A\
< T W ) Cl
0.001 m? 822 m? 0.72 m?
I
< - e
0.42 m*
“—0 O ¢
0.06 m? 5.59 m?
4—( D) C4
0.11 m?
ran Cs
< QO
15.65 m?

Fig. 6. The optimal structure of Case 2.
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Table 7 applicable to academic research. The case data are shown in Table 5,
Data of Case 3 which include six hot streams, five cold streams, one hot utility, and
Stream Tin/°C Tout/°C h/kW-m~2.2C"!  Fo,/[kW-°C! one cold utility. The optimal TAC of the initial structure obtained by
H1 576 437 0.06 23.1 MSWO is 140256.79 USD-a~ 1. Then after 15 iterations within 0.035,
H2 509 399 06 15.22 a better structure is found, and the TAC is reduced to 140199.44
H3 530 382 0.06 15.15 USD-a~!. The TAC stopped updating until 47820 iterations, and
H4 449 237 0.06 14.76 then multiple updates were performed. The optimal solution
H> 368 177 0.06 10.7 139388.69 USD-a~! is found after 61117 iterations within 232.4s.
He 121 114 1 1496 The optimal structure is shown in Fig. 6, which includes 11 units
H7 202 185 1 258.2 . 5
Hs 185 113 1 838 with a total heat exchanger area of 65.08 m~. )
Ho 140 120 1 50.89 The obtained results are compared with the literatures, as
H10 69 66 1 165.79 shown in Table 6. Silva et al. [39] used PSO (particle swarm opti-
H11 120 68 1 8.74 mization) algorithm to obtain an optimal result of 139777 usD-a ..
H12 67 35 1 7.62 Pavao et al. [40] corrected the TAC of the optimal result reported by
H13 10345 576 0.06 213 . 1 _
Cc1 123 343 0.06 10.61 Silva et al. [39] to 140142 USD-a . Pavao et al. [40] used a parallel
2 20 156 1.2 6.65 approach combined with heuristic algorithms such as GA (genetic
EZ ;ge };; ?2 ;3;3 algorithm) and PSO algorithm to obtain a result of 140068 USD-a~!
s 182 318 12 3119 and then used the rocket fireworks algonthm [27] to further
c6 318 320 2 4011.83 improve the result to 139438 USD-a” . Chang et al. [21] proposed a
c7 322 923.78 0.06 17.6 global optimization algorithm tailored to the minimal networks.
HU 927 927 5 . . .
cu 9 17 1 The optimal result of Chang et al [21] is 139398.1 USD-a .
HE cost/USD-a"! 4000 + 500 A%83 Although Chang et al. [21] used a global optimization algorithm,
Utility cost/USD-a~' 250 Quu + 25 Qcy they have applied termination criteria (e.g., CPU time or relative gap
EMAT 8 between lower and upper bounds) for large-scale cases. The
developed RL-based method obtains a better result of 139388.7
USD-a~! within 232.4 s, which shows that the algorithm's perfor-
mance in exploring the searching space.
32109 kW
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8253 kW 18989 kW 319}{“‘
0 8 ) 9 >
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m O =
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11127 kW 9310 KW
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Fig. 7. The optimal structure of Case 3.
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Table 8

Results comparison of Case 3
Case 3 Unit  Quu/kW  A/m? TAC/USD-a"!
Escobar and Trierweiler [9] 21 1938.0 551.08 1537086
Pavao et al. [40] 21 1938.0 5389.01 1516482
Xiao and Gui [42] 23 2198.3 5077.79 1549795
Zhang and Cui [30] 22 1831.1 5110 1418981
Chang et al. [21] 21 1831.1 5190.9 1427966
Initial result 20 23284 6452.97 1659172
Final result 20 2074.9 4770.36 1405803

4.3. Case 3

Case 3 is a large-scale problem consisting of 13 hot streams and 7
cold streams, adapted from the work of Escobar and Trierweiler [9]
and Sorsak and Kravanja [41]. The case data are shown in Table 7.
Case 3 is much more difficult to solve because there are more local
optimal solutions for large-scale problems. The optimal TAC of the
initial structure obtained by MSWO is 1659172.01 USD-a~ .. The TAC
was then updated several times and reduced to 1659172.01 USD-a ™!
at 1270 iterations, taking a total of 16.14s. Subsequently, the TAC was
reduced to 144423741 USD-a~! at 143544 iterations, and the
optimal solution 1405803 USD-a~! was obtained at 1209218 itera-
tions, which takes a total time of 7608.34 s. The optimal result is
shown in Fig. 7, which contains a total of 20 units.

The obtained results of this study are compared with five litera-
ture results, as shown in Table 8. Escobar and Trierweiler [9] obtained
an optimal solution of 1461006.2 USD-a~!, using a discrete and
continuous optimizer based on their proposed initial-point genera-
tion strategy for the SWS model. However, Pavao et al. [40] pointed
out that the heat exchanger area was miscalculated by Escobar and
Trierweiler [9] and then corrected the result to 1537086 USD-a .
Besides, Pavao et al. [40] obtained an optimal TAC of 1516482
USD-a~! using a parallel heuristic algorithm. Xiao and Gui [42] re-
ported an optimal TAC of 1153146 USD-a~ ! using a new random walk
algorithm. Zhang and Cui [30] found that the reported structure via
Xiao and Gui [42] has a TAC of 1549795 USD-a!, which was then
optimized to 1418981 USD-a~! using the cuckoo search algorithm.
Finally, Chang et al. [21] reported an optimal TAC of 1427966 USD-a~ L
The TAC of the five literatures is all slightly higher than the optimal
TAC obtained in our work, which is 1405803 USD-a~ L It is shown that
the developed RL-based method also has better optimization per-
formance on large-scale cases.

5. Conclusions

This work uses the RL method for the optimal design of HENs. A
hybrid strategy combining RL with mathematical programming is
developed, where RL is applied for HEN structure optimization and
mathematical programming is applied for minimizing the TAC of the
fixed HEN structure. A novel compact HEN structure representation
based on the SWS model is proposed. We applied RL to optimize the
HEN structures by utilizing customized strategies for structure
adjustment and evolution. The reward function integrates the
exponential item and inverse proportionality item, which ensure a
positive reward and will speed-up the searching procedure. These
strategies were combined with e-greedy and Q-learning techniques.
Three cases of different sizes are used to verify the effectiveness of the
proposed method, which demonstrates better results.
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Nomenclature

Aicu area of heat cold utilities, m?

Anuj area of heat hot utilities, m?

Aijik area of heat exchangers, m?

a the action of reinforcement learning

Cy area cost coefficient of heat exchangers, USD-a !-m2
Ccu the cost coefficient of cold utilities, USD-a!-kw~!
Cuu the cost coefficient of hot utilities, USD-a~!-kw~!
Fcp heat capacity flow rate, kW-°C~!

h heat transfer coefficient, kW-m~2-°C~!

i the serial number of hot streams

it iteration of reinforcement learning

j the serial number of cold streams

k the serial number of stages

L one-dimensional state array

l element of one-dimensional state array

Lmtd;y logarithmic mean temperature difference of cold

utilities, °C

Lmtdyy; Logarithmic mean temperature difference of hot
utilities, °C

Lmtd;;,  Logarithmic mean temperature difference of heat
exchangers, °C

N; number of hot streams

N; number of cold streams

Ny number of stages

Quu consumption of hot utilities, kKW

Qcu consumption of cold utilities, kW

Tin inlet temperature of streams, °C

Tout outlet temperature of streams, °C

dijk load of heat exchangers, kW

qcu i load of cold utilities, kW

qHu,; load of hot utilities, kW

r the reward of reinforcement learning

S the state of reinforcement learning

sol solution of NLP model

Xijk binary variable for heat exchangers

Xij stage number of heat exchangers

Xcu,; binary variable for cold utilities

XHU,j binary variable for hot utilities

o learning rate
6 exponent of area cost

Y discount factor

€ greedy strategy probability

¢ probability for selecting heat exchanger
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