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Control of the fed-batch ethanol fermentation processes to produce maximum product ethanol is one of the
key issues in the bioreactor system. However, ethanol fermentation processes exhibit complex behavior and
nonlinear dynamics with respect to the cell mass, substrate, feed-rate, etc. An improved dual heuristic program-
ming algorithm based on the least squares temporal difference with gradient correction (LSTDC) algorithm
(LSTDC-DHP) is proposed to solve the learning control problem of a fed-batch ethanol fermentation process.
As a new algorithm of adaptive critic designs, LSTDC-DHP is used to realize online learning control of chemical
dynamical plants, where LSTDC is commonly employed to approximate the value functions. Application of the
LSTDC-DHP algorithm to ethanol fermentation process can realize efficient online learning control in continuous
spaces. Simulation results demonstrate the effectiveness of LSTDC-DHP, and show that LSTDC-DHP can obtain the
near-optimal feed rate trajectory faster than other-based algorithms.
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1. Introduction

Ethanol fermentation is a complex chemical reaction process.
Properties of noise, nonlinear, and dynamics make it difficult to control.
An optimal substrate feeding policy problem was proposed in [1], where
the fed-batch fermentation process was described by four inner state
variables including the substrate concentration and the product con-
centration. In [2], the dynamic reoptimization problem of a fed-batch
biochemical process was studied to make the applicability of a class of
adaptive critic designs (ACDs) for online reoptimization.

As pointed out in [3], the objectives of fed-batch processes contain
maximizing biomass concentration, and minimizing ethanol formation.
Also in [3], the genetic search approaches are used to solve these prob-
lems. Nonlinear optimal control methods developed for the fed-batch
fermentation process have been widely researched [4]. However,
due to the difficulties in designing nonlinear controllers for chemical
processes with uncertain dynamics, intelligent control methods includ-
ing various learning control techniques have been studied in recent
years [5,6].

As studied in [7], a controller based on a dynamic programming
method for a fed-batch bioreactor was developed to find the optimal
glucose feed rate profile. Based on the Bellman optimality principle,
the dynamic programming methods are mainly used to solve the
optimization problems of the dynamic processes with the constraint
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conditions. However, the original dynamic programming algorithms
suffer from the “curse of dimensionality”. Consequently, these methods
show no good performance for the complex, nonlinear continuous
environments.

Developments of Q-Learning algorithm [8] still cannot avoid the
problem of the “curse of dimensionality”. Aiming at this problem,
certain progresses have been made. ACDs [9] can approximately obtain
the system state value functions through establishing a “critic”, that is,
in order to obtain optimal solution, ACDs make use of function approx-
imation structure (e.g., the neural network) to approximate the value
functions. As a class of ACDs, heuristic dynamic programming (HDP) is
widely studied as an important learning control method for a bioreactor
system [10]. As well known, dual heuristic programming (DHP) algo-
rithm needs more model information but has better learning control
effect, especially when the system parameters and environmental con-
ditions are time-variant [11,12]. HDP, DHP and Globalized DHP (GDHP)
[13] are all belong to adaptive dynamic programming (ADP) [14]. They
are applied to the online learning control and optimal control problems
[15,16]. In recent years, Xu et al. proposed kernel DHP and its perfor-
mance is analyzed both theoretically and empirically [17,18].

In the critic learning of DHP, the critic network constructed with
neural network shows low efficiency in previous research. Furthermore,
derivatives of state value functions are affected by the setting of initial
weights, structure selection and iteration speed in the neural network.
To solve the above problems, a new DHP algorithm integrating the
least squares temporal difference with gradient correction (LSTDC)
algorithm [19] as the critic is developed in this paper. The main purpose
is replacing neural network structure with LSTDC to simplify the weight
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adjustment process and to improve approximation precision and con-
vergence speed. Then the improved DHP algorithm based on LSTDC
(LSTDC-DHP) is applied to realize efficient online learning control for
the fed-batch ethanol fermentation process. Simulation results demon-
strate that LSTDC-DHP can obtain the near-optimal feed rate trajectory
in continuous spaces.

The rest of this paper is organized as follows. Following the introduc-
tion, the model of fed-batch ethanol fermentation process is described
in Section 2. A review of the Markov decision processes (MDPs) and
ACDs is presented in Section 3. The proposed LSTDC-DHP is derived in
Section 4. To show the applicability of LSTDC-DHP, simulation experi-
ments are implemented and empirical results are presented in
Section 5. Finally the main conclusions are summarized in Section 6.

2. Problem Formulation

The studied process is the fed-batch ethanol fermentation process
presented in [20]. The main components in reaction tank contain cell
mass, nutrients, water and substrate. The most prominent feature of
this process plant is continuously fed by concentrated substrate
shown in Fig. 1. The chemical reaction is shown in Eq. (1).

CsH1206 zymase 2C,Hs0H + 2C0O5 1 (1)
u
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Fig. 1. The ethanol fermentation plant.

In a certain temperature, the raw materials including glucose,
zymase and ethanol take complex dynamic biochemical reactions.

The reaction mechanistic model can be described by the following
equations:
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where ¢ is the cell mass concentration (g-L™ 1), ¢, denotes the substrate
concentration (g-L™1), c5 stands for the product concentration (g-L™1),
and V is the liquid volume of the reactor (L). The feed-rate to the reactor

is denoted by u, which is constrained by OL-h~'<u<12L-h~". The spe-
cific growth rate, ¢, and the specific productivity, 7, are functions of ¢,
and cs.

In Egs. (2) and (3), the assumed measurable initial state contains
four variables which are specified as [cy,¢2,¢3,V]=[1,150,0,10]. The
liquid volume V of the reactor is limited by 200 L. The final batch time
teis fixed as 3 h.

Target of the optimal control is to maximize the yield at the end of
a fixed processing time of 3 h. The operated variable is the feed-rate
of substrate, u. By combining and integrating the last two differential
formulas of Eq. (2), the maximum product output can be obtained as
follows:

ty
J= max 3V, —(€3V) g :/0 chdt} (4)

Thus, the whole continuous optimal control of the fed-batch ethanol
fermentation process can be mathematically formulated as:

m[i)nj(u) = —c3(tp)V(ty) ®)

u(

Set the initial condition for the fed-batch ethanol fermentation
process as:

(0)=0 V(0)=10

(6)
V(tf)<200 0<us<12

Egs. (2), (3) and (6) form the constraint conditions for Eq. (5).
3. Brief Overview on MDPs and ACDs
3.1. Markov decision processes

Markov chain is a kind of discrete stochastic process with Markov
property. This kind of stochastic process has the following characteristics:
the next state of the random process is only related to the current state,
but not to any other historical states. A MDP is composed of a tuple
{X,A,P,R}, where X is the state space, A is the action space, P is the state
transition probabilities, and R is the reward function. When a certain
state x, at time-step t is reached, an action a, is chosen under a fixed policy
.. This deterministic stationary policy directly maps states to actions,
which is denoted as

ar =me (), t=0,1,2,3, (7

When the actions a; satisfy Eq. (7), m is called a Markov policy.
The objective of a decision maker is to estimate the optimal policy m*
to satisfy

Jo = max J; = max E” [iv‘n} (8)

t=0

where y€(0,1) is a discount factor for infinite horizon problems; E™[-]
stands for the expectation with respect to the policy m and the state
transition probabilities.

The state value function V(x,) is defined as the future expected
discounted total reword beginning with x, when getting through the
action of the discount factor:

V(x;)=E (ij yirt+i) 9)

i=0
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For any policy m, the value function is defined as infinite time accu-
mulated expected discounted rewards, namely,

Vr(X) = En (i Yrelxo = x> (10)

t=0

Similarly, the state-action value function Q"(x,a) is defined as
follows:

Q"(x,a) =E" [ij Y'relxo =x,a0 = a} (11)

t=0

For an MDP, a deterministic optimal policy can be described as

m(x) = arg max Q" (x,q) (12)

3.2. Adaptive critic designs

In the last few years, ACDs have been widely studied in the field of
reinforcement learning. ACDs mainly consist of three parts: the critic
network, the model network and the actor network. The basic idea of
ACDs is to construct the approximate function that meets the Bellman
optimality principle by adjusting the weights of the critic network.
ACDs are applicable in the noisy, nonlinear, and nonstationary envi-
ronments. DHP is a very important class of ACD methods. DHP uses
both value function approximation (VFA) and policy gradient learning
strategy algorithm to search for a near-optimal control policy in the
continuous spaces.

Generally, the training of ACDs is carried out by the policy iteration
process of the dynamic programming. The critic network evaluates the
control performance of actor network, which is called policy evaluation
process. Meanwhile, the actor network produces the control actions and
improves its policy according to the evaluation of the critic network,
namely, policy improvement process.

4. The Improved DHP Algorithm Based on LSTDC
4.1. Previous work on value function approximation

Since the real-world engineering application problems with large
or continuous state spaces exist widely, tabular representations of
value functions suffer from the difficulties of great computation and
large storage requirements. In order to deal with the generalization of
Markov chain learning prediction problem with large and continuous
state spaces, and to realize the temporal differences (TD) learning, the
TD(2) algorithm [21] based on VFA has been widely studied in the
reinforcement learning and operations research community.

The estimated value function represented by a general linear VFA
can be denoted as

Vexe) = ¢ (x )W, (13)
where ¢(x) = (d1(x),$2(x), -+, dn(x))" is the basis function vector of

the state space, W, = (w;, w5, -, w,,)" is a linear weight vector.
The corresponding incremental TD() weights update rule is

Wit = W+ oo+ 78" (xer1) We—g' (x)We | Ze (14)

where « is a learning factor, and the eligibility trace vector Z,(s) =
(z14(5),224(5), -, zni(s))T is defined as follows:

Zi =YAZi + b(x0) (15)

For arbitrary 0<2<1, the linear TD(2) algorithm with probability 1
converges to the unique solution of the following equation:

Eg[AX0)]W* —Eo[b(X,)] = 0 (16)

where X;= (X,X;+1,Z¢+1)(t=1,2,-), and A(X;) and b(X;) are
expressed as

AXe) = Ze[¢" (x) =79 (1) (17)

b(X;) = Zr (18)

Least squares temporal difference (LSTD) algorithm was proposed
to overcome the difficulty of selecting learning factor in linear TD( )
algorithm, and to improve the efficiency of the data and the conver-
gence speed of the algorithm [22]. In LSTD(0), the performance function
is defined as

J=

T
t=1

[re—(#1—veL., )W)’ (19

By employing the instrumental variables approach, the least-squares
solution of the above equation is given as

T

Wistp(o) = {Z{d’r(‘f’c—’)"ﬁmf] }_ <i ¢[r[> (20)

t=1

where ¢, is the instrumental variable which is not with respect to the
input and output observation noises.

In order to reduce the computational burden of the matrix inver-
sion and to realize online learning, the LSTD(0) algorithm was further
derived to the recursive form RLS-TD(0) [22]. The update rules of RLS-
TD(0) take the form of

Wit = W+ Pedy [re— (&~ Vée) Wi / [1+ (6= 7e1) 'Ped | (21)

Peit = PP (b—Véi1) P/ [1+ (b—ybe.1) Pesy (22)

In LSTD(0) and RLS-TD(0), the decaying factor is 0. Equivalently, the
above two algorithms do not employ the eligibility trace. Accordingly,
the RLS-TD() algorithm [23] is considered to further improve the
efficiency of TD algorithm. Therefore, Eq. (19) is further modified as

T T 2

STAXOW=" b(X,)

=1 =1

I= (23)

In LS-TD(1), the corresponding least-squares estimation of the
weight vector is calculated as

T “Irr
Wisooy :Af]bT = {ZA(Xt) [Z b(X:) (24)
t=1 t=1
where
T T
Ar =Y AX) =D Ze[¢"(x) —y8 (xe11)| (25)
t=0 t=0
T T
br = b(Xe) = > Zi (26)
t=0 t=0
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Based on the above derivation, the weight vector update rules of
RLS-TD(A) have the following form

Ke1 =P.Z, / {1 n [¢T(xt)—y¢T(xm )]szf} 27)

Wit = W+ Koot {re— 87 (x0) —y8" (xe1) [ We | (28)

Peot = PP {1+ 6700 —y8 () | P2 ) [87 000~ (v | Py

(29)

where K; is a recursive gain matrix and P, denotes the variance matrix
calculated in the weight updating process.

4.2. LSTDC-DHP algorithm

When facing with the more complex control problem, the online
reinforcement learning algorithm is needed to further speed up the
convergence, and to make the control algorithm more stable. Therefore,
another improved algorithm, TD with gradient correction (TDC) [24-27],
is derived. The mean-square projected Bellman error performance
function employed in TDC is described by

I~ - 2

where Tis the Bellman operator and I'Tis a projection that can project

TV back to the VFA function space.
Based on the above performance function, the weight update rules of
the TDC algorithm can be obtained

Wi = Wi + o —ouydy (4’}“%) (31)

W1 = O + 1 <8t_¢-[rwt)¢t (32)

where o, and 1), are the learning factors, and &, =r,+y$[, {W,— ¢{W,
is the temporal difference error.

Next, a framework of LSTDC is introduced to the weight adjustment
in the critic learning of DHP. Based on this framework, we present
the idea on how to improve the critic network in DHP. Different from
previous works, our work focuses on extending LSTDC-DHP to learning
control problems in the batch fermentation process. The aim is to obtain
better performance compared with previous DHPs with TD algorithm.
A general framework of DHP is shown in Fig. 2. The main components
include a critic, an actor, a model, and a plant. Model is the system
model which is established. And the plant is the system process. The
critic is used to approximate the derivatives of value functions. The
actor receives the plant's current state x, and outputs the control a,.

v

Fig. 2. Learning control structure of DHP.

Then the model receives the control a,, and estimates the next state

0; da; 0xf,,

T
X+ 1. The polynomials ;;g‘ + % o and g—[é are derived in the next

section.

4.2.1. Critic network

ACDs are actor—-critic learning control architecture forms. As shown
in Fig. 2, the critic network estimates the state value function V(x;) by
using the following Bellman equation of dynamic programming

V(xt) = e +YW(Xe11) (33)

where r, is the current reward.
The critic network learning in DHP is to approximate the derivatives
of system state value functions:

i) = 2400 34)

where 2(x,) is the output of the critic network.

The goal of critic network is to obtain the mapping relation from
X to A(x.). In order to train the critic network, the desired output
29(x,) must be computed firstly. According to Eq. (34), 29(x;) can

be obtained as

WV(x) on
axt B aX[

OV (x)
axt

29(x) = (35)

Further, the derivation of 29(x;) can be obtained by using the chain
rule iterative

ore  OxI,0V(xe1)

d e
Axe) = 0X; Ty 0Xe  0Xpiq 6
_ %Jr y aXLl +%ax-tr+l OV (X¢21)
0X¢ ox;  Ox; Oa; 0X¢ 11
Let
OV (Xe41) _
e A(Xer1) 37)

where (X, 1) is reflected approximately into the x,, 1 by the critic
network. The derivative 0a,/0x; is computed by the backpropagation
of the actor network. Meanwhile, dx}, 1/0x, and dx} 1/da, can be
calculated through the backpropagation of the model network.

The two values 9x;, 1/0x, and dx}, 1/da; in the critic network have
very important influence on the result of the iterative convergence,
and corresponding computation needs the model information of the
control plant. An approximation model obtained by the neural network
or system identification methods is enough to provide the model infor-
mation. In this paper, 9x{, 1/0x, and dx} . 1/0a, are referred to as the
state Jacobian matrix and action Jacobian matrix in the critic network,
respectively.

To approximate the derivatives of state value functions, the main
route to improve the DHP algorithm is to change the approximation
method of two key parameters A(x;) and A(X; . ). Therefore, VFA is con-
structed by LSTDC which is used to replace the critic neural network
structure, namely

Ak = T g 38)
AXps1) = a‘g%:]) = ¢T(x[+l)W§+l (39)

where W is the critic weight.
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Since the value function parameters make the sum of TD updates
over the observed trajectory to be zero, the sums of TDC updates in
Egs. (31) and (32) should be zero as follows:

o
NZ(@‘P;"V‘I’M‘P?M) =0 (41)

Substituting the temporal difference error into Eq. (40), the follow-
ing equation can be got:

t

1
52 (it + Y8l Wi~ Wi —g )¢ = 0 (42)

i=1
Then, Eq. (42) is further modified as
t

Z[]:(’y(ﬁ ¢1+1 ¢1¢;1‘) W? +%Z(_¢z¢}-) N:il —Tiady)  (43)

i=1

==

By employing the same method for Eq. (41), the following is

obtained:
t
N Z] (rm &+ Ybibi. W — i Wi —véby. 1 ¢ith> =0 (44)
: T Nyae 1 ¢ T t
N Z (V¢i¢i+1 —¢i; ) Wity > (—ytb,-ﬂdri >wt - Z )
i=1 i=1 Pt
(45)

The following least-square format for TDC can be obtained by com-
bining Eqs. (43) and (45) together

£ T T T ¢
Voidi 1 —did,  —did; {Wf} _ {—Tm(bi} 46
; {Yﬁbiff’;al —¢id; _7¢i+1¢iT] O ; T o
AG; Ah;
Gt hy

In order to make sure G is full rank, the ridge regression is employed
by initializing G, with an identity matrix multiplied by a small positive
number g. As a basic ridge regression problem, the effect of g is not
only to make G, invertible, but also to affect the critic weight on regular-
ization. Since few literatures have previously discussed the sensitivity
relating to g value choice, the choice of g value is based on trial and
error in simulation experiments. The LSTDC update rules for critic learn-
ing in LSTDC-DHP are as follows

T T T
G.1=0G 7¢t¢t+1 _¢t¢t _¢t¢t
o o ’Y¢t¢-{+1 _¢r¢1 _'Yd’wld’I (48)
e = [2503

LSTDC is used to construct a proper basis function to replace the
critic neural network structure in LSTDC-DHP. Difficulties of selecting
parameters in the previous DHP based on neural network function
approximation can be overcome. Therefore, the approximation preci-
sion and convergence speed of critic network are improved. The critic
weight can be rapidly estimated only by constructing a suitable basis
function to obtain continuous observation data.

4.2.2. Actor network
The actor network is used to generate the control actions based on the
observed states of the plant. The output of the actor network is given by

ag = g(x;, Wy) (49)

where W¢ is the actor weight.
The action outputs of the actor are determined by the following
Gaussian probabilistic distribution:

2
() = exp {— “‘02‘”} (50

t

where u, is the actual control output and the variance o, is defined as
follows:

O = ¢1/{1 + exp[c2A(X¢)]} (51)

where c; and c; are positive constants.
In LSTDC-DHP, based on the outputs of the critic, the following policy
gradient methods can be used to train the actor network.

a aV(X[) - aV(X[) aat
W[+1 r + Bt aW? - t 5[ aat aW? (52)
a -~ Ur—ae aar
~ W[ + Btbt

w?

4.2.3. Model network

The model network is to approximate the characteristics of dynamic
process. The mechanistic model of fed-batch ethanol fermentation
process is regarded as the model network.

Algorithm 1. Learning control of fermentation process based on
LSTDC-DHP

(1) Give the initial critic weights W5 and actor weights Wp;

(2) Sett=0and Jo=0

(3) According to the current state x,, compute the output of the actor
network a, = g(x, W?), select the action u,, and observe the next
state X, 1, get next reward 1 1;

(4) Compute the performance index function J, according to Eq. (4);

(5) Apply LSTDC described in Eqgs. (47) and (48) to update the
weights of the critic network;

(6) Update the weights of the actor network using Eq. (52);

(7) Until J; 1 —J:<0 or the fermentation time reaches t;

(8) Lett=t+1, return to (3).

In the weight adjustment process of LSTDC-DHP, the weight is
estimated by using continuous observation data which is generally
easy to obtain. Therefore, LSTDC-DHP can be applied in the batch pro-
cess with greatly improved efficiency of the weight update and reduced
parameter setting. The procedure of LSTDC-DHP is briefly summarized
in Algorithm 1.

5. Simulation Studies and Discussion

The learning control of the fed-batch ethanol fermentation process
is studied to illustrate the effectiveness of LSTDC-DHP applied to the con-
tinuous process. To solve the reinforcement learning problem with con-
tinuous state space, a class of linear function approximators, which is
called Cerebellar Model Articulation Controller (CMAC) is used. It is well
known that CMAC has been widely used in process control and function
approximation. In the LSTDC-DHP learning algorithm, a CMAC neural net-
work with four inputs and one output is used in the actor network.

In the experiment, the actor's learning factor is 3,=0.3. The weights
of the critic network and the actor network are all initialized as 0. G is
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initialized to an identity matrix and h; is initialized as 0. The other
parameters are set as 'y=0.95, c; =0.4 and ¢, = 0.5. The initial state vector
[c1,62,¢3,V] is initialized as [1,150,0,10]. The time step is 5 min in the simu-
lation process. A learning control process of ethanol fermenter is defined as
starting from the initial state to 36 time steps. The learning control results
are shown in Fig. 3. The optimal control policy curve is continuous. The
cell mass concentration, the substrate concentration and the product con-
centration reach steady states at the end of fixed batch time. We can find
that the yield of the ethanol fermentation process is becoming smooth
gradually in the learning control process. It can also be seen that the perfor-
mance index converges to the steady-state value eventually.

Considering productive benefit, the specific growth rate and the
specific productivity which is in the reaction mechanistic model
should be strictly increasing until reaction termination. According
to Eq. (3), the product concentration shown in Fig. 3 should decline
when the substrate concentration rises for the sake of ascending ¢
and 7. The liquid volume of the reactor increases all the time. Though
the cell mass concentration descends, the cell mass amount is increased
on the whole. In order to improve the production, the cell mass needs
to consume more substrates. Therefore, the feed-rate to the reactor
suddenly rises.

In addition, two other DHP methods integrated with RLSTD() and
TDC as the critic algorithms are also implemented for the same control
problem, named RLSTD(4)-DHP and TDC-DHP. Including RLSTD(0)-
DHP by Xu et al. [18], three methods are used for comparison with
LSTDC-DHP. For TDC-DHP, the critic's learning factor is o= 0.1 and 7,
is initialized as 0.1. Then, in a similar way, the variance matrix P; is set
to be identity matrix in RLSTD(0)-DHP. /. is equal to 0.6 and the eligibil-
ity trace vector is initialized as 0 in RLSTD(A)-DHP. The performances
of the LSTDC-DHP, RLSTD(0)-DHP, RLSTD(4)-DHP and TDC-DHP
algorithms are compared in Fig. 4. The yield of the reactor is chosen as
the performance index in the simulation experiments. In LSTDC-DHP,
we can see that better yield of the ethanol fermentation process and
better values of performance index are obtained as shown in Table 1
due to the use of LSTDC. Fig. 5 shows the product concentration com-
parison by different algorithms and Fig. 6 shows the control policy
curves of the ethanol fermentation process. We can see that the learning
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control of the fed-batch ethanol fermentation process is completed con-
tinuously. Therefore, suitable feed rate obtained by LSTDC-DHP can lead
to the maximum yield.
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Fig. 4. Performance indexes of four different algorithms.
Table 1
Performance comparison under different algorithms
TDC-DHP ~ RLSTD(0)-DHP RLSTD(2)-DHP LSTDC-DHP
Actual performance 1.4482 x 10* 2.0484 x 10*  2.4846 x 10*  3.2334 x 10*
index
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Fig. 3. The learning control results of the fed-batch ethanol fermentation process.
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6. Conclusions

In this paper, LSTDC-DHP has been developed to deal with learning
control problems. LSTDC is chosen as the critic to replace the neural net-
work structure in LSTDC-DHP. Based on the simulations, performance of
LSTDC-DHP is analyzed. From the experiment results, LSTDC-DHP takes
effect in simplifying the weight adjustment process and improving the
critic's approximation precision. LSTDC-DHP can be used to design the
optimal feed rate trajectory curve continuously. Consequently, the aim
of obtaining the maximum ethanol product is achieved. Simulation
results on the learning control of the fed-batch ethanol fermentation
process illustrate the effectiveness of LSTDC-DHP and verify the excel-
lent performance of LSTDC-DHP in continuous spaces. This research
also shows that it is promising to study the learning control LSTDC-

DHP algorithm and apply it to complex, nonlinear dynamic chemical
industrial process efficiently.
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