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Abstract. Efficient and reliable wireless wave-code communication technology is cru-
cial for improving the efficiency of intelligent stratified water injection in oilfield; how-
ever, the existing technology suffers from slow wave-code generation and low wave-code
recognition rate due to the poor fluid-driven control method of pipe column. In order
to improve the dynamic response performance of wave code communication, this paper
proposes an output fusion optimal control method based on MPC-PID (Multivariable Pre-
dictive Control-Proportional Integral Derivative Control). Firstly, the dynamic response
characteristics of well structure and formation flow-pressure characteristics with whole-
well water distribution equipment are analyzed, and secondly, the wave code generation
models of whole-well and different layer sections of stratified water injection are estab-
lished by combining the whole-well structure and physical dynamic processes. Finally, the
MPC-PID optimal fusion control algorithm is designed and the calculation process of
the optimal weights is presented. The simulation results show that the MPC-PID fusion
control method is superior to the traditional method in reducing overshoot, stability, and
robustness, which effectively improves the efficiency of wave-code communication.
Keywords: Weighted fusion control, Layered intelligent water injection, Dynamic per-
formance optimization, Optimal weight distribution, Multivariate predictive control

1. Introduction. The supply conflict of petroleum energy in today’s world is becoming
increasingly prominent, and how to improve the recovery ratio with the existing proven
reserves is becoming an issue of growing importance [1]. Artificial oil drive technology is an
effective means to increase production in oilfield production, and the existing efficient oil
drive methods mainly include carbon dioxide drive, chemical drive, nano flooding, water
drive [2-4], but water drive is still the most widely used technology due to the limitation of
cost and research level [5-7]. However, the normal water drive method does not apply to
current tight reservoirs with a high reserve share and wide geographic distribution [8,9],
because of the high opening pressure of such reservoirs [10], complex geological conditions,
and obvious differences in physical properties such as pore structure and denseness of rocks
in each layer section [11], so it is harder to maintain a full well water injection qualification
rate using the traditional water drive method, which leads to unrealized single well target
production and thus lower economic efficiency [12]. The traditional water injection method
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uses generalized co-injection and uses armor or steel pipe cables for communication, with
low extraction quality and safety risks during testing. In contrast, in single-well multi-
layer segment injection operations, for layers with a certain permeability, when the flow
does not reach optimal values, it leads to insufficient pressure and reduced recovery, which
indirectly reduces the efficiency of energy use. However, oversized flow can lead to layer
pressure overload, harming the geological structure of the layer segment, causing single
layer bursts and ineffective water circulation, and a dramatic increase in water content
[13], so it is crucial to keep the flow values of the layer segment matching the optimal
value [14]. To this end, the layered segment fine water injection technology was developed,
which independently sets mining parameters according to the geological characteristics
of different layers, effectively solving the problems of inter-layer interference and uneven
flow advance [15], thus realizing the optimal control of pressure and flow in the layers and
ensuring the recovery rate of the layers with different characteristics [16].
In layered water injection operations, the reservoirs are buried deeper in the ground

and the injection status parameters are more difficult to obtain, making it impossible
to achieve real-time monitoring of the underground water injection status. Therefore, it
is crucial to realize the transmission communication between the wellhead and the well.
Existing technologies use interoperable cables for communication. In 2019, Zhou applied
the layered water injection technology based on preset cables experimentally in Daqing
oilfield [17], which effectively reduced the cost of manual well logging, realized real-time
monitoring of downhole data, and improved the qualification rate of layered water injec-
tion. However, it is obvious that this technique of cable repair is inconvenient and the
maintenance cost is high [18]. In 2020, Tong studied the wireless intelligent water injec-
tion technology based on a computer network [19], which uses PID algorithm to control
the water distribution flow, compared with cable transmission whose advantage is that
it does not require larger upfront investment and cable maintenance, the disadvantage is
that wireless communication is not timely, more dependent on network communication,
while the control algorithm is simple and cannot meet the dynamic performance require-
ments of flow control in different layer sections. In 2020, a wave code communication
technology was proposed [20], which decodes and converts fluid fluctuation signals into
control signals to achieve this. This technology uses fluid as the signal medium, which
effectively solves the problems of difficult protection and the high operating cost of tra-
ditional intelligent layered water injection communication equipment. However, the use
of simple control algorithms for flow regulation generates many wave code transmission
links and long delays, resulting in slow pressure response and high symbol error rates,
which cannot meet the needs of efficient decoding, fast following of target values, and
real-time communication, resulting in power wastage and actuator wear. All in all, the
study of advanced control algorithms for intelligent water injection control of complex
layer segments has high economic efficiency and applicability.
Layered water injection is a typical multivariate coupling process, which requires the

design of targeted control methods. Model predictive control (MPC), as a commonly used
advanced control algorithm, has certain inherent decoupling capabilities, and its control
law is based on the characteristics of the model, making its control specialization better
than PID control algorithms. However, for variable objects that require fast response
such as flow, the response speed, and anti-interference characteristics will not meet the
requirements due to their calculation speed [21]. In addition, the model predictive con-
trol algorithm is more complex and the parameters are more inconvenient to adjust, so
it is generally used as a master controller in conjunction with proportional-integral con-
trol. Therefore, Ravendra et al. proposed an MPC-PID cascade control algorithm for the
pharmaceutical process [22] and performed process simulation of direct tablet pressing
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process using gPROMS software. The results showed that the product qualification rate
was significantly improved compared to the string-level PID control algorithm and the
MPC algorithm alone [23]. Its use of MPC output to do the main loop set value, PID
controller as the lower-level controller determines the main dynamic performance of the
system, compared to the PID control quality improved. However, the output overshoot is
still large, and the oscillation cannot be eliminated. Meanwhile, the direct introduction
of PID will weaken the robustness of MPC, in the case of large model gain coefficient and
mismatch will seriously deteriorate the system performance.

In order to effectively improve the performance of a single traditional control algorithm,
simple control algorithms driven by parameter optimization methods have been widely
studied, among which control strategies based on data-driven and fusion of control laws
have achieved positive results. In 2013, Ni proposed the integral-fusion-Smith fusion con-
trol algorithm [24], which overcomes the weaknesses of the system with large time lag and
difficulty in control when the model is mismatched, and its control accuracy is high and the
dynamic performance index of the system is improved while showing better robustness.
In 2019, a control strategy using genetic algorithm to optimize PID controller parameters
was proposed by Chen et al. [25] and achieved promising stability in the control task of
semi-active suspension of vehicles under different road conditions. In 2021, Zhuang and
Zhu presented a fractional-order internal mode controller based on neural network self-
tuning to control the temperature of AC rooms [26], which reduced the control overshoot
and steady-state time. In 2022, Kurokawa et al. proposed a data-driven regulator PID
control method based on model-referenced robust rectification [27]. This algorithm op-
timizes the PID controller parameters, enhances the disturbance rejection performance,
and achieves a trade-off design between robust stability and regulator performance. In
2020, Deng et al. proposed a weighted fusion algorithm of fuzzy PID control and active
disturbance rejected control (ADRC) for the optimal control of proton exchange mem-
brane fuel cells (PEMFC) [28], the results show that the response overshoot and error
become smaller, and the immunity of the system is greatly improved, solving the problem
of insufficient oxygen during sudden load changes. In the proposed algorithm, MPC is
placed in the outer loop of the algorithm, which improves the delay processing capability
and robustness of the system, and the PID cascade link in the inner loop is responsible
for improving the response speed and enhancing the ability to resist sudden disturbances,
and the two are fused with optimal weights so that the optimization effectiveness of the
dual algorithms can reach the optimal equilibrium state and achieve fast and accurate
control.

The main innovations and contributions of this paper are summarized as follows.
1) The relationship between differential pressure and flow rate under complex wellbore

space structure is analyzed, and a steady-state working point model is established to
solve the amplitude problem of wave code. In addition, the dynamic characteristics of the
water distribution equipment are taken into account, and a dynamic mathematical model
of fluid fluctuation is established to complete the dynamic description of the wave code
generation process.

2) The design flow of the fusion controller is described in full in the paper. Through the
analysis of the fusion process and the transformation of the model structure, the output
control law is calculated, and the calculation of the optimal weights is given by integrating
the response characteristics.

2. Layered Water Injection Modeling. In this section, a steady-state model of the
layered intelligent water injection process is established by combining actual working
conditions. A single-well layered water injection model is considered, consisting of N
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Figure 1. Schematic diagram of the overall architecture of the intelligent
layered water injection system

layers with different geological characteristics and a layered water injection control sys-
tem, which includes ground control valves, water distributors with water nozzle groups
set underground, water injection packer, pumping machines, a central control system,
etc. [29]. Accordingly, the overall architecture of the intelligent layered water injection
system is shown in Figure 1.
As shown in the figure, in the intelligent injection distribution system, wave code com-

munication between the wellhead and the underground distributor is carried out through
periodic adjustment of the regulating valve. In the data upload stage, the underground
water nozzle cyclically changes the opening degree and transmits the fluctuation informa-
tion of relevant physical quantities to the database through sensors, which is retrieved and
decoded by the monitoring center to obtain the downhole layered water injection param-
eters to judge the working status of the well accordingly. During the data transmission
stage, the user sends instructions to control the ground valve group, corresponding to the
generation of periodic fluctuation data information, which is decoded and transmitted to
the underground controller loaded with control algorithms that drives the water distrib-
utor to finely adjust the spout opening degree for intelligent flow control. The user can
set the parameters of the pump and controller in the ground control center during the
operation.
Next, the pressure-flow characteristics during stratified water injection are analyzed:

the pressure-flow characteristics of the Nth layer are described using the following rela-
tionship.

p(N) = k(N)qv(N) + b(N) (1)

k is inversely proportional to the layer permeability and b indicates the initial opening
pressure of the layer. The flow is allowed to be injected into the layer when the external
pressure is greater than this value [30-32]. From the layer properties, it is known that
full well fracturing can be achieved when the pump pressure is greater than the opening
pressure of all layers. This leads to

P0 ≥ b(t)max, t = 1, 2, . . . , N (2)

The low limit of the full well flow at this point can be obtained as
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Q0l =
N∑
i=1

C(i)

√
C(i)

2k(i)
2 − 4

(
b(i) − b(t)max

)
− C(i)

2k(i)

2
(3)

Entering the water injection adjustment process and studying the equivalent steady-
state modeling method between the incoming water at the wellhead and the layer section,
it is necessary to specify the steady-state pressure-flow operating point under different
equipment parameters. Set the ith layer section nozzle opening from C(i)0 to C(i), the jth
layer flow steady state value becomes qv(ij), the downhole post-valve pressure is P , the
incoming water pressure is P0, and the ground control valve opening is C0. Firstly, the
differential pressure-flow relationship of the wellhead section is listed as

P = P0 −

(∑N
j=1 qv(ij) + qv(i)

)2

C0
2 , {j ̸= i} (4)

Extend the above differential pressure-flow relationships to the full well:
q′v(i) =

C(i)

√
C(i)

2k(i)
2 − 4

(
b(i) − P

)
− C(i)

2k(i)

2

q′v(ij) =
C(j)

√
C(j)

2k(j)
2 − 4

(
b(j) − P

)
− C(j)

2k(j)

2

(5)

Flow values should be required to meet all layer opening and pressure limiting conditions:
max (Q0l, Q

′
0l) ≤

N∑
i=1

qv(ij) + qv(i) < 2C0

√
Pm − b(t)min

qv(i)0, qv(i) < C0

√
Pm − b(i), qv(ij) < C0

√
Pm − b(j)

(6)

where C is the nozzle throttling coefficient:

C =
πd2Cm

4

√
2

ρ
(
1− β̄2

) (7)

Cm is the nozzle circulation parameter, depending on its selection specifications [33],
β̄ is the spool circulation area ratio under the steady-state operating point, ρ is the
fluid density, with d being the internal diameter of the pipeline. According to the above
steady-state model and Table 1 of layer characteristics parameters, the relationship curves
between the pressure after the valve P and the flow of each layer section or the flow of
the whole well shown in Figure 2.

The curve in the figure is generated by connecting the points of the whole well. When
the system is at the continuous operating point, the nozzle action is extremely slow and
each dynamic process cycle is extremely short, so the pressure and flow value changes

Table 1. Table of layer parameters

Item
Water absorption index (k−1) Opening pressure (b) Opening

(
β̄
)

m3·h−1·MPa−1 MPa %

1 2.23 1.35 35

2 1.12 2.07 50

3 3.96 3.45 60
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Figure 2. Simulation results of post-valve pressure versus flows

can be regarded as steady-state processes. The colored curves show the pressure-flow re-
lationship for each layer segment, while the black curve at the bottom represents the
full well flow versus pressure with openness during a steady state. From the figure, it
can be seen that the curve of the high permeability layer is flatter, its flow value varies
more under the same change of opening degree, and the injection efficiency is higher. As
the post-valve pressure increases, the high opening pressure layer section begins to meet
the conditions for injection flow, so the full well flow-pressure curve shows a segmented
trend, and the trend becomes smoother, while the wave code communication becomes
more difficult. Therefore, in practice, to maintain the water injection qualification rate of
low-permeability reservoirs while ensuring the effectiveness of wave code communication
in each layer, it is necessary to close the water nozzles of certain high-permeability layers
to balance the flow between layers. In wave code communication, the underground water
distributor drives the underground nozzle opening degree to change periodically, gener-
ating wave code to complete the data upload operation. The fluctuation range of nozzle
opening in the selected 2-layer section is 50%-75%, corresponding to the pressure-flow
relationship curve after the valve as shown in Figure 3.
The above model describes the steady-state pressure-flow operating point of stratified

water injection. Next, the dynamic generation process of wave code is studied by com-
bining the actuator characteristics and wave code transmission characteristics, and the
dynamic model of fluid fluctuation under fast control of water distributor is established.
Considering the working conditions of fixed valve opening at the surface wellhead and
downhole water distributor driving water outlet manifold regulation, to clarify the specif-
ic dynamic process of regulation, the dynamic flow response characteristics of single seat
valve action in layer i section are described as follows:

mq̈pe(i)(t) + µq̇pe(i)(t) + εqpe(i)(t) = Kv(i)β(i)(t)Fm(i)(t− τc) (8)

qpe is the relative flow and Kv is the gain factor derived from the valve’s algebraic flow
characteristics of the valve.

Kv = R(β̄−1−1) lnR (9)
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R is the adjustable ratio of nozzle flow, m, ε are the mechanical parameters associated
with the nozzle valve body, µ is the coefficient of friction of media viscosity, β is the flow
ratio of the nozzle, and Fm is the spool force when the controller signal is fully loaded.
τc is the delay time of valve movement, which is related to the nozzle stem turning angle
speed and signal transmission delay. The above relationship is combined to obtain the
steady-state flow operating point of the layer whose nozzle acts, which leads to the full
process characteristic model of this layer as the following equation:

mq̈v(i)(t) + µq̇v(i)(t) + εqv(i)(t) = Kv(i)qv(i)β(i)Fm(i)(t− τc) (10)

Figure 3. Simulation results of post-valve pressure and flow rate for data
upload conditions

In addition, due to the fact that the different pipeline flow in a layer nozzle action will
produce interlayer mutual disturbance effect, according to the principle of flow mutual
disturbance process, the relative flow qpe is directly related to disturbance target layer’s
nozzle opening degree β(j), and the entire action process β(j) is constant, so the reciprocal
layer section flow change is essentially achieved by changing the pressure after the valve
P . Changes in flow or pressure will be propagated to other layers after a certain period
in the form of energy waves.

Set the wave code water strike propagation velocity to v, which is related to the pipe
diameter, signal frequency, and other parameters. Set le as the unit tube length, the
difference in well depth between neighboring layers is hd, and then the dynamic process
model for the action of a single-layer section nozzle on the output of the jth layer section
is described as follows:[

mq̈v(ij)(t) + µq̇v(ij)(t) + εqv(ij)(t)
] [
leq̇v(ij)(t) + vqv(ij)(t)

]
= vKv(j)qv(ij)β(j)Fm(j)(t− τc − τl) (11)

τl is the path delay for wave code transmission:

τl = |i− j|τe, τe =
hd

v
(12)

Extend the above dynamic model into a state-space form as
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ẋm = diag(Ame)xm + diag(Bme)u

y(k) = Kq ∗Cmexm (13)

Ame =

[
0 In−1

−ε − µ− ετe −g3 · · · − gn+1 mnτn−1
e + µτne −mτne

]
,

Bme =


0
...
0
1


1∗n

, Cme =

 Cme1
...

CmeN

T

,

Cmej =



1 C1
n−j+1τe C2

n−j+1τ
2
e · · · Cn−j+1

n−j+1τ
n−j+1
e 0 · · · 0

1 C1
n−j+2τe C2

n−j+2τ
2
e · · · Cn−j+2

n−j+2τ
n−j+2
e 0 · · · 0

...
...

...
. . .

...
...

. . .
...

1 C1
nτe C2

nτ
2
e · · · Cn−2

n τn−2
e Cn−1

n τn−1
e τne

1
...

...
. . .

...
...

. . . 0

1 C1
n−j+Nτe C2

n−j+Nτ
2
e · · · Cn−j+N

n−j+N τn−j+N
e 0 · · · 0


(14)

g is the coefficient of combination for the dynamic characteristics of the equipment:

gj = Cn−j+3
n mτ j−3

e + Cn−j+2
n τ j−2

e + Cn−j+1
n ετ j−1

e , 3 ≤ j ≤ n+ 1

n =
N(N − 1)

2
, N ≥ 2 (15)

Kq is the steady-state operating point coefficient matrix:

Kq = Kv ∗ qv, qv =

 qv(1) · · · qv(N1)
...

. . .
...

qv(1N) · · · qv(N)



qv(ij) =

 qv(ij)
...

qv(ij)

T

n∗1

, Kv =

 Kv(1) · · · Kv(1)
...

. . .
...

Kv(N) · · · Kv(N)


N∗(n∗N)

(16)

The state-space matrices of the controlled dynamic model can be obtained as

Am(n∗N)∗(n∗N) = diag(Ame), Bm(n∗N)∗1 = diag(Bme), Cm = Kq ∗Cme (17)

The set of state vectors and the set of input and output vectors are shown below:

u(k) =


β(1)

β(2)
...

β(N)

 , xm(k) =


qe(1)

qe(2)
...

qe(N)

 , qe(i) =



qe(i1)
qe(i2)
...

qe(ii)
...

qe(iN)


, y(k) =

 qv(1)
...

qv(N)

 (18)

where β is the corresponding flow ratio of each layer segment nozzle, qe in xm represents
the flow hysteresis change triggered by unit nozzle opening change, and the output variable
qv represents the layer segment flow. The construction of the open-loop model of the
layered water injection wave code generation process has been completed.
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3. Fusion Control Algorithm. In this section, the MPC-PID based weighted fusion
control algorithm is presented. Firstly, the principle of MPC control algorithm is briefly
introduced, and then the structure of MPC-PID fusion control algorithm is shown, the
fusion output control law is calculated, and finally the solution steps for the optimal fusion
weights are given.

3.1. Multivariate model predictive control. This section introduces the principles
of the multivariate model predictive control algorithm. The predictive controller consists
of three internal components: a known iterative model, finite time-domain optimization,
and error feedback correction. A centralized parameter approach is used to control the
multivariate model, and the multi-loop modified model response matrix is first loaded
into the controller in the following form:

A =

 A11 · · · A1,mimoi
...

. . .
...

Amimoo,1 · · · Amimoo,mimoi

 , Aij =


aij(1) 0 0
aij(2) aij(1) 0
...

. . .
...

aij(p) · · · aij(p−m+1)

 (19)

aij(n) is the nth step discrete response of the jth input corresponding to the ith output. p
and m are the prediction step and control step, respectively. Input multivariate reference
trajectory matrix Rw(k) as the setpoint for each loop and the real-time control output is
optimal using the minimization cost function as follows:

∆u∗(k) = LT
(
ATQA+R

)−1
ATQ [Rw(k)− yÑ0(k)] (20)

where LT is obtained by expanding the unit array, representing the first term of the
optimal control output matrix taken. Q is the error weight matrix and R is the control
weight matrix, the error vector values for each step of the same loop are selected to have
the same factors of the following form:

Q =



Q1 · · · 0
...

. . .
... · · · 0

0 · · · Q1
...

. . .
...

Qmimoo · · · 0

0 · · · ...
. . .

...
0 · · · Qmimoo



R =



R1 · · · 0
...

. . .
... · · · 0

0 · · · R1
...

. . .
...

Rmimoi · · · 0

0 · · · ...
. . .

...
0 · · · Rmimoi


(21)

mimoi represents the number of input variables and mimoo represents the number of
output variables. From the model structure, it is obtained that

mimoi = mimoo = N (22)

Finally, the correction values are shifted to obtain the first prediction matrix for step
k + 1:
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yÑ0(k + 1) = S [yÑ0(k) + aN∆u∗(k) +He(k + 1)] (23)

where H is the feedback matrix, where the coefficients of the non-first step parameters
in the feedback matrix of the same loop are set uniformly as follows:

H =

 h1 · · · 0
...

. . .
...

0 · · · hmimoo

 , ht =


1
ht

ht
...
ht

 (24)

e(k + 1) is the error vector obtained from the difference between the predicted output
value and the actual value, and the displacement matrix S is a diagonal array formed
by mimoo displacement matrices, and each displacement matrix element value satisfies
Si,i+1 = SN ,N = 1. From the solution process of the output rate, it can be seen that
the parameter adjustment of one control loop of MPC will not affect the control effect of
other loops, so it has certain internal decoupling ability.

3.2. Output fusion control method. The concrete fusion control algorithm is de-
scribed in this chapter. The discrete PID controller is placed in the inner loop of the
system, and the MPC controller provides the master setpoint. Since the PID algorithm is
less effective in controlling the coupled system, a decoupler needs to be added to the inner
loop. The multivariate coupled model is processed using a dynamic decoupling algorithm,
which gives the input transformation array M and the state feedback matrix K of the
decoupled system based on the state-space model.

K = MK̃T +MF , M =


Cm1jAmBm

Cm2jAmBm

...

CmNjAmBm


−1

, F =


Cm1jA

mimoo
m

Cm2jA
mimoo
m

...

CmNjA
mimoo
m


−1

(25)

T in the above equation is the decoupled canonical transformation matrix, which satisfies
the conditions as follows:

T−1(A−BMF )T = A∗, T−1BM = B∗, CT = C∗ (26)

K̃ is the pole configuration matrix, which is typically set in the negative half-plane to
ensure the stability of the system. The state-space model matrix after the coupling action
disappears is shown as follows:

A∧ = Am −BmK, B∧ = MBm, C∧ = Cm (27)

Set the cascade partial weight coefficient array to be w. Since MPC control does not
require decoupling, its output is applied directly to the object and given the weight coef-
ficient w′. The algebraic relations existing between the weight matrices can be obtained
as

w +w′ = Imimoo∗1 (28)

Therefore, the fusion controller consists of a PID controller, an assignment session, and a
centralized MPC controller, and the control output can be expressed as

u = wuc +w′um = w1uc + (Imimoo∗1 −w)um (29)

The controller consists of three parts. First, the MPC controller is responsible for pro-
viding the reference value for prediction optimization under the optimal index, and de-
coupling the influence of single-loop parameter changes on other loops, so as to achieve
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independent optimization of wave code control for each layer segment. Then, the PID
decoupling control link is designed to form a tandem control with MPC. The simple
structure of PID control is fast, which weakens the disadvantage of slow MPC opera-
tion in complex models and improves the wave code generation speed while suppressing
the sudden disturbances in the downhole transmission environment. Finally, appropriate
weights are set to combine the advantages of both algorithms, which will improve the
reliability of wave-code communication by improving the system response characteristics
under abnormal operating conditions. The topological model of the multivariate fusion
controller and the schematic diagram of the fusion control are shown in Figure 4 and
Figure 5, respectively, and the above integration process can be shown as follows.

Figure 4. MPC-PID based multivariable fusion controller structure

Figure 5. Schematic diagram of the fusion control design process
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Table 2. The definitions of each symbol in the schematic diagram

Parameter Description
ypid(t) PID response
ycas(t) Cascade MPC-PID response
y∗(t) Proposed algorithm response
y(t) Actual output
u(t) Control output

ŷ(t+ k|t) Predicted model output after k steps
u(t+ k|t) Predicted control output after k steps

Since the output of the PID control algorithm is not dependent on the model, it can
be equated to an independent model with multiple parallel connections and as part of the
generalized controlled system. The associated state variables of the PID controller matrix
are denoted as [Ap, Bp, . . .]. The target output of the generalized system can be obtained
from the linear operation property of the state-space system as follows:

ẋ0 = AX0 +Bu, y0 = Cx0 +Du (30)

The generalized system is divided into two parts by the basic assignment calculation,
and the corresponding weights of each part correspond to the weights of the control
algorithm. According to the above analysis, the state-space model of the generalized
system under MPC control can be derived as follows:

A =

 Ap −BpCmw 0
BmMCp Am −BmK −BmMDpCmw 0

0 −BmCmw Am

 , B =

 Bp

BmMDp

Bm


C =

[
0 Cmw Cm (Imimoo∗1 −w)

]
, D = 0 (31)

where the set of state and control vectors are shown as follows:

x0 =

 xpo

xmo

xco

 , xl =

 xl(1)
...

xl(n∗N)

 , {l = po,mo, . . .},

u =

 β(1)
...

β(N)

 , y =

 qv(1)
...

qv(N)

 (32)

As shown by the generalized system structure analysis, xpo, xmo, xco correspond to the
outputs ypo, ymo, yco of the PID controller, the cascaded weighting part of the system,
and the MPC weighting part of the system, separately.

ypo = Cpxpo +Dpu, ymo = Cmxmo, yco = Cmxco (33)

Then derive the optimal fusion output controller based on the above state-space model.
Firstly, the system is discretized with a sampling period of te, which can be obtained:

x0(k + 1) = A0x0(k) +B0u(k),

y0(k) = C0x0(k) +D0u(k) (34)

The discrete system state vector after predicting Np steps at step 0 of the controller is as
follows:

x̃1(Np|0) = A0x(0) +φ∆u(0) (35)
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where A0, φ are iterative state transfer vector arrays of the following form:

A0 =


A0

A2
0
...

A
Np

0

 , φ =


B0 0 0

A0B0 B0 · · · 0
A2

0B0 A0B0 0
...

...
. . .

...

A
Np−1
0 B0 A

Np−2
0 B0 · · · A

Np−Nm

0 B0

 (36)

The predicted output of the zero-step according to the state-space model can be obtained
as

ỹ1(Np|0) = ỹ0(Np|0) +C0x̃1(Np|0) +D0∆u(0)

= ỹ0(Np|0) +C0A0x(0) + (C0φ+D0)∆u(0), ỹ0(Np|0) = 0 (37)

Take the error cost function matrix of the following form:

J =

∣∣∣∣∣∣∣∣∣


[
Rw(1)(Np)− ỹ1(1)(Np|0)

]T[
Rw(2)(Np)− ỹ1(2)(Np|0)

]T
...[

Rw(N)(Np)− ỹ1(N)(Np|0)
]T

Q


Rw(1)(Np)− ỹ1(1)(Np|0)
Rw(2)(Np)− ỹ1(2)(Np|0)

...
Rw(N)(Np)− ỹ1(N)(Np|0)


∣∣∣∣∣∣∣∣∣

+
∣∣∆uT

MR∆uM

∣∣ (38)

After minimizing the cost function, the optimal predictive control increment can be ob-
tained as

∆uM = LT
[
(C0φ+D0)

T Q (C0φ+D0) +R
]−1

(C0φ+D0)
T Q[Rw(Np)

−C0A0x(0)] (39)

Further, the discrete control law for the fusion controller with fixed weights is solved as

u∗(z) =
[(
1− z−1

)−1
∆uM

]{
I +w

[
Cp

(
zI − eApte

)−1
∞∑
k=0

[(k + 1)!]−1Ak
pt

k+1
e Bp

+Dp − I

]}
(40)

The real output y1 obtained from the control law input yields the following vector matrix
of first-step predicted values for the next step.

ỹ0(Np + 1|1) = S [ỹ1(Np|0) +H(y1(Np|0)− ỹ1(Np|0))] (41)

Replacing the first predicted value obtained by the loop into Equation (37) completes the
cyclic prediction output of the fusion control.

3.3. Optimal configuration of weights. The above theory derives the algorithm prin-
ciple of output fusion control, it is seen that the controller structure is more complex and
the role of weights on the overall closed-loop system is uncertain. To study the fusion
mechanism of MPC and PID control algorithm in depth and dissect the performance state
of wave code dynamic response under the change of weights, it is necessary to study the
resolution method of optimal weights of fusion control.

The analysis of the internal model structure of the fusion control is first performed.
The transformation of the internal model structure aims to describe the system charac-
teristics using a generalized frequency domain transfer function, which in turn visualizes
the quantitative relationship between the weights and the output.
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To obtain the internal mode structure parameters, the model structure after fusion
needs to be specified. According to the first prediction link of the fusion controller, it can
be derived that

ỹ0(Np + 1|1) = zỹ1(Np|0) = S [ỹ1(Np|0) +φ∆uM (z) + zHe(z)] (42)

A feedback error structure of the following form can also be derived as

e(z) = y(z)−
[
LTφ+LT (zI − S)−1φ

]
∆uM (z)− zLT (zI − S)−1SHe(z) (43)

The equivalent controller Gc of the internal mode structure, the internal model G∧ and
the equivalent feedback filter Gf can be obtained as

Gc(z) =
[
1 + (z − 1)−1

] [
I + IN∗Nϕ(zI − S)−1Sφ

]−1
ϕ

G∧(z) = z−2(z − 1)LT
[
I + (zI − S)−1S

]
φ

Gf (z) = z
[
I +LT (zI − S)−1SH

]−1
IN∗Nϕ(zI − S)−1SH (44)

where ϕ is the optimization coefficient matrix:

ϕ = LT
[
(C0φ+D0)

T Q (C0φ+D0) +R
]−1

(C0φ+D0)
T Q (45)

The structure of the fusion control internal mode can be obtained as shown in Figure 6.

Figure 6. Internal mode structure of the fusion control

This leads to the total closed-loop gain of the fusion control under the internal mode
structure as

K(z) =
G0(z)Gc(z)

I +Gc(z)Gf (z) [G0(z)−G∧(z)]
(46)

After using the final value theorem, the steady-state error expression can be derived as

ess = lim
z→1

(z − 1)K = 0 (47)

Therefore, for a multivariable fusion control system with stable output, there is no
steady-state residual error in the output of each loop. The above analysis shows that the
total closed-loop gain model is of a high order, and to reduce the computational effort in
engineering applications, it is necessary to reduce the order.
After studying the response characteristics of the system at each weight, the overall

scheme of the optimal weights is given as follows: solving for the time-domain properties
of the generalized model, this formula should be a function f(t, w) about the weights w
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and time t, and the output all peak moments are expressed as a function of the weights,
so the first peak moment tp is solved as follows:

T =

{
d(f(t, w))

dt
= 0

∣∣∣∣w} ,
d(f(t, w∗))

dt

∣∣∣∣
t=tp

= 0, tp = minT (48)

Since the vibration curve disappears under the optimal weight and the output reaches the
set value directly after the rise, the first peak value is in the critical disappearance state,
and the peak value is equal to the steady-state output value at the moment of ts at this
time, according to which it is obtained that

f(tp)− f [(tp) +Npste] = 0, Nps ∈
(
tp
te
,
ts
te

]
(49)

where Nps indicates the number of steps from peak to steady-state. Based on the above
theory, the following algorithm for solving the optimal weight theory solution w∗ can be
derived by combining the simulation curves.

1) Performing a Tustin bilinear transformation on the controller part of the internal
modalized output gain K, where the G0 model part can be directly replaced using the
following equation:

G0(s) = C0(sI −A0)
−1B0 +D0 (50)

G0 is the frequency domain model matrix of mimoo rows and mimoi columns, and the
total output gain of mimoo terms is normalized to the following form:

K(s) =

 K1(s)
...

Kmimoo(s)



=


[
sp + c1(1)s

p−1 + · · ·+ cp(1)
]−1 [

d1(1)s
p−1 + · · ·+ dp(1)

]
...[

sp + c1(mimoo)s
p−1 + · · ·+ cp(mimoo)

]−1 [
d1(mimoo)s

p−1 + · · ·+ dp(mimoo)

]
 (51)

2) Use reduced-order equivalent transformation and set the downscaled order as r. The
output gain of the tth term can be approximated as

K̃o(s) =
r∑

j=1

βj

j∏
i(t)=2

[(
αi(t)s+

(
αi(t−1)s

)−1
)−1

](r)
, r <

p

2
(52)

where α, β are the weight correlation coefficients, which can be obtained by an iterative
procedure, generally taking the calculated results after 2-3 iterations.

3) The frequency domain analysis of the reduced-order model is performed to obtain the
weight-dependent output characteristics. To analyze the role played by the weights under
each loop, it is necessary to categorize the discussion concerning the output characteristics:
Fusion optimization should take reducing the overshoot as the primary target, and if the
original string-level control output overshoot is small, the weight w should be increased
appropriately to retain the good dynamic performance of the lower-level PID. Conversely,
if the original cascade control output oscillation is strong or the overshoot is large, the
weight w should be reduced to increase the robust performance of MPC control. Under
the optimal weight, the first time the overshoot-free output curve reaches the peak is
steady-state, so the difference between the steady-state time and the first peak time must
be extremely small, according to which the following weight solution equation can be
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derived as

{
w∗

σ = maxW∗, σ(w) > 0

w∗
σ = minW∗, σ(w) = 0

W∗ =


argmin

∣∣∣∣π − 2β1(w)arctgδ(w)

2β2(w)− α1(w)β1(w)
− [8 + 2 ln σ(w)]δ(w)

α1(w)

∣∣∣∣ , σ(w) > 0

argmin

∣∣∣∣π − 2β1(w)arctgδ(w)

2β2(w)− α1(w)β1(w)
− 8δ(w)

α1(w)

∣∣∣∣ , σ(w) = 0

(53)

where δ is related to the output damping ratio of the fusion control concerning the vibra-
tion frequency, note that the system output is the first peak at the maximum overshoot,
so δ takes the value in the first cycle.

δ(w) =

√
α2(w)−

α2
1(w)

4
, δ(w) ∈

(
−π

2
,
π

2

)
(54)

σ is the overshoot discriminant function.

σ(w) =

√√√√1− α1(w)
β1(w)

β2(w)
+ α2(w)

[
β1(w)

β2(w)

]2∣∣∣∣∣
w=1

(55)

W∗ represents the set of weight solutions without overshooting the output at the minimum
difference between tp and ts, so satisfying the W∗ set basis constraint is a necessary
and non-sufficient condition for weight optimization. Therefore, in order to balance the
optimal performance of the dual algorithm, an analysis of the optimal selection of the
solution set is required: if there is overshoot in the string-level output, ∗ allows a small
range of changes in the string-level weights w∗

σ at this time, and at this time, to speed
up the system response, the maximum value under the W∗ constraint should be selected.
On the other hand, if the original output does not have overshoot, the value range of w∗

σ

is expanded. To compensate for the weakened MPC robust performance, the minimum
value in the set should be taken. Therefore, under the same control loop, the original
cascade output has overshoot. The optimal fusion weight w∗

σ and the weight when the
cascade output has no overshoot w∗

σ have the following relationship:

W∗ = (0, w∗
σ] ∪ [w∗

σ, 1) , w∗
σ > w∗

σ (56)

In conclusion, the optimal system first needs to satisfy the primary performance con-
straint of overshoot-free output, while considering the secondary performance of response
speed or robustness.

4. Simulation Results Analysis and Discussion.

4.1. Control simulation and verification. In this section, a simulation scenario of a
three-variable equivalent model for layered water injection is designed to show the re-
sponse characteristics in the form of intuitive curves for different control algorithms for
flow, pressure and related parameters of water distribution equipment under various op-
erating conditions. Several evaluation metrics are also selected to objectively describe and
compare the performance of different algorithms. The simulation compares the PID con-
trol algorithm, MPC control algorithm, MPC-PID cascade control algorithm, and fusion
control algorithm with the target. The simulation operations were performed on a ma-
chine with Intel i5 CPU with 16G running memory. Firstly, the layer segment flow control
simulation is conducted, in order to simulate various sudden actual working conditions,
the sudden change link of the set value is introduced, and the step jump is set to be
carried out in asynchronous order to check the mutual disturbance effect of multi-loop
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Figure 7. Flow value setting curves for each layer

control output change. The input setting signal curve of the control system is shown in
Figure 7. The flow value of the first layer section starts at 2 m3/h and then drops to 1
m3/h at 150 s; the flow value of the second layer section is initially set at 1.5 m3/h and
rises to 2.5 m3/h at 300 s; the flow value of the third layer section is initially set at 3
m3/h and rises to 3.7 m3/h at 300 s.

To achieve a rigorous comparison, the control variable principle is used and all control
algorithms are selected with the same common parameter metrics to compare the impact
of the algorithm under independent parameters on the control performance. The non-
optimal MPC parameters were selected as shown in the following Table 3.

Table 3. Basic MIMO-MPC design parameters

Parameters Value

Control horizon 1

Prediction horizon 25

Error weight ([Q1,Q2,Q3]) [0.2, 0.15, 0.5]

Control weight ([R1,R2,R3]) [5.7, 2.5, 7]

Correction coefficient ([h1, h2, h3]) [0.35, 0.25, 0.15]

The dynamic performance of the flow value of each layer segment under PID and MPC-
PID cascade control algorithms is illustrated in Figure 8. The output under different
algorithms realizes effective tracking of the set value, while the amplitude oscillation of
the cascade algorithm is significantly weakened, but the steady-state is equal to the result
of the PID algorithm. When the output is disturbed at 450 s and 550 s, the output is
more affected under PID control than others. The cascade algorithm uses MPC as the
main controller, which has better performance than the PID control algorithm in terms of
overshoot reduction and disturbance recovery, but the steady-state time is still longer and
oscillation exists. The selection of the PID controller parameters is shown in the following
Table 4.

Figure 9 shows the dynamic changes of the flow value in the lower layer segment for
MPC, cascaded MPC-PID, and the proposed algorithms. As shown in the figure, all
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Figure 8. Layer flow control simulation results of PID and cascade MPC-PID

Table 4. PID controller common parameters

Parameters Value

Kp [2.75, 3.00, 7.67]

Ti [1.00, 0.77, 2.00]

Td [0.67, 0.37, 1.33]

control algorithms eliminate the steady-state error and achieve accurate control of the flow.
It is calculated by 3.3 that the control effect of each loop is best when the weight matrix
w is taken as [0.625, 0.57, 0.25]T . The target algorithm maintains the response speed of
the string-level control algorithm, which is significantly improved compared with the non-
optimized parameter MPC algorithm. It can be seen that the target algorithm does not
need to fine-tune the complex parameters of the MPC controller, but only needs to change
the weights to complete the process of performance optimization, which simplifies the
operation process. Compared with the cascade control algorithm, the amount of oscillation
and overshoot is weakened, which is mainly due to the addition of the MPC weight control
component and reasonable weight ratios, which shorten the steady-state establishment
process time, track the set value faster, and improve the dynamic response performance.
To verify the dynamic performance of various algorithms comprehensively, several per-

formance metrics were selected for comprehensive comparison, and the results are shown
in Table 5, where H represents the lift of the pump, σp is the overshoot when the curve
starts from 0 s and the output reaches the set value, σd is the overshoot when the output
returns to steady state after a strong disturbance at 450 s, ts is the steady state time,
and

∑
Lu is the cumulative change amplitude of each output control signal during the

overall control process.
To test the control performance of each algorithm and the change of the working state

of the equipment under the abnormal control state comprehensively, the simulation of the
working condition with unstable discrete sampling frequency under the same weight was
performed, and the simulation results of the pump head, full well flow, pump efficiency
and the control signal curve received by the underground water distributor are shown in
Figure 10.
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Figure 9. Layer flow control simulation results of PID, cascade MPC-PID,
and fusion

Table 5. Dynamic performance index evaluation

Algorithm
σp (%) σd (%)

ts (s)
∑

Luqv H qv H
PID 13.65 21.49 6.45 9.23 62 5.826
MPC 0 0 2.46 6.36 99 3.826

Cascade 8.15 14.29 2.54 6.80 63 4.128
Fusion 0 0 2.42 5.81 55 2.907

Figure 10. Variation of equipment operating parameters under poor sam-
pling settings
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In the state of poor sampling settings, the MPC and cascade MPC-PIC algorithm con-
trols the whole well flow and pump efficiency fluctuations, and the pump lift oscillation
amplitude is large, while the target algorithm maintains the stability of each parameter
control and weaken the fluctuation of the water distributor signal. Weakening the fluctua-
tion of full well flow will avoid the water hammer effect and protect the piping equipment.
Meanwhile, maintaining the stability of efficiency will effectively extend the service life of
water distribution equipment.

4.2. Wave code communication simulation optimization. Control algorithm op-
timization is mainly aimed at improving the decoding success rate of intelligent water
injection communication. The quality of generation depends on the generation time of
the parametric wave code and its approximation to the standard square wave. Figure 11
shows the actual generated wave codes. In the above figure, the wave code is weak and
the wellhead cannot be recognized, resulting in decoding failure. Therefore, the following
figure increases the amplitude of openness fluctuation, the wave code pattern is more
obvious, and the decoding success rate is improved. However, since the signal curve has
a larger error than the standard square wave, there is still a distortion of the decoded
data, resulting in the user not being able to collect the real physical data of the well in
the upload communication, while the failure of decoding or miscoding of the downhole
controller in the downlink communication will lead to mis-operation of underground water
distributor.

Figure 11. Actual communication wave code generated by fluid fluctuations

Figure 12 illustrates the simulation results of the layer segment flow wave code signal,
comparing the wave code effect generated by the three control algorithms. The nozzles
in the 1st and 3rd layers change periodically during the 400∼1200 s stage to generate
flow wave coding, in which the layer-3 target signal is 3∼3.7 m3/h amplitude, and the
first layer target wave coding amplitude is 1∼2 m3/h, the later period is 2∼2.5 m3/h,
and the second layer section maintains 1.5 m3/h constant. The figure shows that the
process of the curve’s progressive amplitude in the MPC algorithm is slow, the tracking
performance is poor, and the generated wave code has a large curvature. Cascade control
algorithm has a certain amplitude of oscillation overshoot, which can destroy the wave
code curve structure, resulting in lower decoding pass rate and data distortion. Since
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Figure 12. Simulation results of flow wave code signals for each layer

Figure 13. Comparative simulation results of layer segment flow wave
code signal robustness

the wave code curve of the target fusion control algorithm is closest to the target square
wave, it is possible to achieve fast and accurate decoding in this state even with reduced
fluctuation amplitude compared to the more stringent wave code amplitude conditions
in other algorithms, and to achieve the goal of power-saving by reducing the reciprocal
stroke of the valve action.

For closer approximation to the actual working conditions, this paper studies the control
situation when the controller load model and the actual controlled system model are
severely mismatched, the system output is more unstable in this state, and the robustness
of different control algorithms can be compared critically and clearly without changing the
weight matrix. A comparison of the layer section flow wave code signal effects is shown in
Figure 13. It can be seen that the MPC algorithm control recovery is slow, and the wave
code amplitude is not fixed, which generates multiple wave peaks and is easy to cause false
codes. Compared with the output steady-state of Figure 12, the defects of the cascade
MPC-PID algorithm are more obvious. The amplitude of the output oscillation of the
third layer segment is further increased compared with the MPC algorithm, and the error
is great compared with the control results of the algorithm in Figure 13, and the controlled
signal has a trend of divergence because the underlying PID algorithm amplifies the role
of large model mismatch in proportional form and exacerbates the system instability by
differentiation, which is more obvious when controlling the model with large steady-state
gain. The proposed algorithm maintains the fast response of the rising phase, oscillations
are substantially weakened, the wave code signals generated at different periods are of
the same amplitude, and the output converges quickly to the original setting after wave
code abort. In conclusion, the quality of the generated wave code is relatively high, which
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is mainly due to the robust effect of MPC superimposed on the attenuating effect of the
cascade weighting factor on the mismatch error.
For a more realistic and comprehensive simulation of the controller model mismatch

conditions, robust simulations of the full well flow, pressure wave code, water distributor
control signal and pumping machine efficiency were performed simultaneously with the
wave code generation process. The simulation results are shown in Figure 14.

Figure 14. Comparative simulation results of equipment operating pa-
rameters robustness

As shown in the figure, during the wave code generation phase from 500 s to 800 s, the
wave codes generated between first and third layer sections have the same direction, so the
whole well flow value changes more under the control of MPC and the proposed algorithm.
While the wave codes in the double layer sections have opposite directions from 800 s to
1200 s, the proposed algorithm maintains a constant whole well flow and avoids ineffective
fluctuations that MPC produces, while the control performance of the string-level MPC-
PID algorithm deteriorates severely throughout. Meanwhile, the pressure fluctuations
under the cascade MPC-PID algorithm are more violent, which may cause the sealing
device to fail, leading to uncontrolled and undifferentiated water injection in each layer.
MPC algorithm generates pressure waves with irregular amplitude and large curvature
of wave code signal, which is not conducive to decoding. The fusion control algorithm
generates pressure waves of consistent amplitude at different periods, and the waveform is
controlled within a reasonable and identifiable range, which is more compliant than other
algorithms. MPC-PID cascade algorithm output control signal appears to be overloaded,
the output of the negative signal will reverse the voltage, drive the water distributor nozzle
repeatedly action, losing power, making energy use efficiency reduced. In the simulation
of pumping machine efficiency, the efficiency of the pumping machine under MPC and
the proposed algorithm is stable and maintained at about 80%, with less effect from the
change of full well flow value. The pumping machine efficiency fluctuates unstably under
the cascade algorithm, and the generation of wave code causes the efficiency to drop
rapidly to 50%∼60%, resulting in larger power loss. While the fusion-controlled pumping
machine efficiency is maintained at 800 s∼1200 s, which meets the requirements of efficient
energy utilization and protection of equipment.
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As mentioned above, the fusion control algorithm proposed in this paper is superior
to the traditional control algorithm in terms of response speed, stability and robustness
for the long-term fast fluctuation control process of large time lag, multivariate model
systems. Compared with the MPC control algorithm, satisfying the good control effect
allows a larger adjustment range of the controller parameters, the fusion control algorithm
further shrinks the overshoot and shortens the steady-state time compared with the MPC-
PID cascade control algorithm, and in the case of anomalous states where the MPC
controller does not match the actual model, the role of the appropriately proportioned
MPC control output enhances the system. The fusion control algorithm maximizes the use
of model parameters to achieve fast and efficient control, reflecting its specialization over
the fuzzy PID control algorithm, while the appropriately scaled fusion control law output
ensures fast and stable following of the target set value by the system, thus achieving a
good control qualification rate.

4.3. Response characteristics analysis. This section clarifies the mechanism of opti-
mal fusion control by visually demonstrating the fusion effect of MPC and PID algorithms
with different weights. Figure 15 records the output curves for each loop string section
weight as the uniform step size increases. The output overshoot of the first loop gradually
decreases until the output curve fits exactly with the set value, at this point, if the weight
value is increased again, it will intensify the vibration of the system and make the steady-
state time longer. If the weight in the second output continues to increase beyond the
optimal value, it will not increase the overshoot, but the output curve will gradually shift
downward away from the set value curve, which will slow down the steady-state estab-
lishment process. In the first and second outputs, the optimal weights are selected as the
minimum value in the overshoot-free weight set, preserving the favorable performance of
the lower-level PID. In the third output, the original cascade algorithm output oscillation
is violent and dynamic performance is poor, so reducing the cascade control weights is
necessary. The optimal output curve fits exactly with the set value, and at this point, if
w continues to be reduced, it will weaken the fast response characteristics of the system.
Optimal weights can be calculated from (53) to (55).

Figure 15. Output of different weights in different control loops

To ensure the universality of the optimal dynamic performance of the fusion control,
the three output loops cover all types of output curves of the cascade control algorithm.
Output 1 overshoot is much smaller, but oscillation exists. Output 2 has no overshoot
and no oscillation. Output 3 overshoot and oscillation exist simultaneously. In particular,
in the 3-loop, as long as the first peak of the output curve under the specified weights is
guaranteed to be no greater than the set value, the overshoot is eliminated, optimizing
the control performance of the large steady-state gain object, with good performance
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of the lower-level PID. All in all, the optimal fusion control has accomplished the task
of optimizing the dynamic performance of multivariable inertia link control under the
condition that the controller parameter regulation is refined and simplified.

5. Conclusion. In this paper, an MPC-PID-based output optimal fusion control method
is designed to effectively improve the control response characteristics of fluid wave codes,
which enhances the wave code communication efficiency of oilfield layered water injection.
The wave code generation model is built based on the whole-well pressure and flow char-
acteristics. The optimal fusion control law is solved when minimizing the cost function
under fixed weights, and the fusion mechanism of MPC and PID algorithms is analyzed
to explore the performance state of the system output under different fusion weights,
completing the theoretical solution of the optimal fusion weights. The simulation results
show that the fusion control method has fast following capability, generates wave codes
with high speed and high quality, and ensures the reliability of wave code data under
abnormal working conditions to achieve efficient communication of oilfield water injection
production data.
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