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Abstract

In this study, laboratory-scale magnetic flocculation systems were set up and the optimal coagulant and flocculent dosage,
magnetic seed immersion, pH, stirring intensity, and precipitation time were all evaluated. A total of 729 expansion reac-
tion conditions were generated, and 700 of the expansion reaction conditions were used to train a back-propagation neural
network (BPNN) and general regression neural network (GRNN). The other 29 conditions were used to verify the networks’
regression ability. The optimum coagulant was poly-aluminum chloride at a dosage of 100 mg/L; the optimum flocculent was
anionic polyacrylamide at a dosage of 4 mg/L; the optimum size of the magnetic seed was 200 mesh at a dosage of 1 g/L;
and the optimum stirring intensities were 300 r/min for the coagulation tank, 200 r/min for the mixing tank, and 100 r/min
for the flocculation tank. Comparing BPNN and GRNN, the GRNN’s regression performance better matched the relationship

between the reaction conditions and results.
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Introduction

In underground coal mining, a large amount of mine water
will often be pumped to the surface. In general, this water
contains high concentrations of suspended solids (SS) and a
variety of other potentially hazardous materials. The direct
discharge of these waters will pollute the mining area’s envi-
ronment and aggravate water supply difficulties in arid or
semi-arid areas, and in cities that require large amounts of
water (Gao et al. 2013; Kirby et al. 2014, 2015; Wang et al.
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2014). Also, if the water is discharged directly without treat-
ment, the SS can cause soil sealing and the other hazard-
ous materials can contaminate the soil. In water treatment,
removing the SS is always the key first step. If SS removal
is not sufficiently effective, subsequent treatment steps are
rendered less effective. Therefore, an efficient SS removal
technique is essential to coal mine water reutilization.

Magnetic flocculation is a new technology (Zhao et al.
2015) that has the advantages of high separation efficiency
and low operating costs. The process enhances collision
efficiency and frequency of colloidal particles and causes
colloidal particles to aggregate into larger flocs due to the
decreased colloidal stability (Yiacoumi et al. 1996). There-
fore, magnetic flocculation has a wide range of applications
for removal of suspended solids (Li et al. 2010; Tsouris and
Scott 1995; Yiacoumi et al. 1996).

Mathematical models are essential tools to assure proper
operation and better control of wastewater treatment plants
(Guclu and Dursun 2010). However, the characteristics of
the wastewater treatment process dictate that conventional
mathematical models that assume relatively simple relation-
ships between the variables are not applicable. Compared
with conventional mathematical approaches, an artificial
neural network (ANN) has a stronger ability to build accu-
rate non-linear regression relationships between variables of
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a complex system. ANN is usually used for biological pro-
cesses (Almeida 2002; Hong et al. 2007; Pendashteh et al.
2011), but there is no report of it being used to investigate
magnetic flocculation. We set up an experimental apparatus
and monitored water turbidity and SS removal rates to deter-
mine the optimal conditions. To obtain more quality data to
train the ANN, the experimental conditions were adjusted
within a narrow range of the optimum, and then the recorded
data were used to train a back-propagation neural network
(BPNN) and general regression neural network (GRNN).
The regression performance of both ANNs was then com-
pared statistically.

Materials and methods
Raw water source

The coal mine water used in this research came from a mine
in southern Hebei, China. Its water quality is presented in
Table 1. A zeta potentiometer (Zetasizernano zs90, Mal-
vern Instruments, Westborough, MA, USA) was used for
zeta potential analysis. A particle size analyzer (Mastersizer
2000, Malvern) was used for particle size analysis (Fig. 1).
The experiment was conducted in a mine water treatment
laboratory where the raw water could be transported to the

Table 1 Water qualities index of the coal mine water

Turbidity/ COD/ SS/ Oil/ pH Zeta

(NTU) (mg/L) (mg/L) (mg/L) potential/
(mV)

49-86 156-238  219-575 3.4583- 7.2-79 -—13.833

3.7564

COD chemical oxygen demand, S suspended solid

3.51
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Fig. 1 The particle size distribution of coal mine water
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experimental apparatus via a submersible pump in a mine
water pool.

Materials

Three different types of coagulant commonly used in
generic water treatment plants were tested in this experi-
ment: poly-aluminum chloride (PAC), ferric chlo-
ride (FeCl;), and aluminum sulfate (Al,(SO,);). The
concentration of each aqueous solution was 1%. The
PAC ([AL,(OH),(H,0),] - Cl,,_,(n <3m), solid (den-
sity =0.48-0.60 g/cm3; 28% Al,04; <0.2% of insoluble
substances) was provided by Jinchen Co. Ltd., Henan,
China). The FeCl; (solid (density =1.43 g/cm3; >40%
FeCl;;<0.25% FeCl,; <0.3% of insoluble substances) was
provided by Luonier Biotech Co. Ltd., Hebei, China). The
aluminum sulfate,Al,(SO,); - 14H,0 (density =1.32-1.33;
8.3% Al,O5; <0.07% of insoluble substances), was provided
by Miaosen Environmental Protection Technology Co. Ltd.,
Henan, China.

Three different flocculants were also studied: cationic,
anionic, and non-ionic polyacrylamide (PAM). Solid (den-
sity = 1.30 g/cm?, 12 million of molecular weights; pro-
vided by Jinchen water treatment materials Co., Ltd, Henan,
China). Again, the concentration of the aqueous solution
was 1%eo.

The mesh size of the magnetic seed (Fe;0,) also influ-
ences the turbidity removal rate (TRR) and SS removal rate
(SRR). A 200-mesh and a 300-mesh magnetic seed were
tested. Solid (density =5.15 g/cm?; provided by Ma’anshan
Tiangong Technology Co. Ltd., Anhui, China).

Experimental apparatus and monitoring system

Laboratory-scale magnetic flocculation systems were set
up as continuous-flow reactors in this experiment. Figure 2
shows the schematic diagram of the magnetic floccula-
tion systems, including an equalization tank, a clean water
tank, a treatment sub-system, and a monitoring sub-system.
Both the equalization and clean water tank volumes were
30 L. The treatment sub-system was composed of a coagu-
lation tank, a mixing tank, a sedimentation tank, stirring
blades, a pressurized pipeline centrifugal pump (WILO/
PB-HO89EAH, Germany), a pneumatic diaphragm pump
(Ingersoll Rand/QBY-10, England, to pump the mud at the
bottom of the sedimentation tank), and a hydro-cyclone
(WKD/FX-10, China), which was connected with the outlet
of the mud pump. The monitoring sub-system was com-
posed of an on-line turbidity meter composed of a sensor
(HACH/ULTRATURB plus SC, USA) and a controller
(HACH/SC1000, USA), an on-line thermometer (SHIAO/
SA10RS485, China), a frequency converter (SERPSON,
China), which was used to control the rotation speed of
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Fig.2 Schematic diagram of the
magnetic flocculation systems
in this experiment

sub-system

MFC

HUB Program

Treatment
| sub-sviem

1-Turbidity Meter
2-Thermometer
3-Equalization Tank
4-Frequency Converter
5-Magnetic Seed
6-Coagulant

each motor, a coagulant dosing apparatus, flocculent dosing
apparatus, and the MFC program in the computer. All of the
monitoring data were transferred to the MFC program in the
computer via a RS485 interface, and based on the monitor-
ing data, the program controlled the various mechanisms in
the magnetic flocculation systems via the same interface.
The magnetic seed that we used came from magnetite ore
and was smoothed by a ball crusher.

Experimental methods

Referring to Fig. 2, the raw water was pumped by the
pump (17) into the coagulation tank (7). Coagulant (6) was
injected into the coagulation tank by the dosing apparatus
(15). The coagulation tank outlet flowed into the mixing tank
(8), and the magnetic seed (5) was re-injected into the mix-
ing tank by the hydro-cyclone (13). The mixing tank outlet
flowed into the flocculation tank (9). Flocculent (16) was
injected into the flocculation tank by the dosing apparatus
(16). The flocculation tank outlet flowed into the sedimen-
tation tank (10) under gravity, and the flocs generated by
coagulation were separated from the water. The clean water
with no flocs flowed into the clean water tank (11) from the
overflow weir set at the upper part of the sedimentation tank,
while the relatively heavy magnetic flocs were deposited at
the bottom of the sedimentation tank, and the sediment was
reinjected into the mixing tank though the hydro-cyclone.

7-Coagulation Tank
8-Mixed Tank
9-Flocculation Tank
10-Sedimentation Tank
11-Clean Water Tank

12-Electromagnetic
Flowmeter

13-Hydrocyclone

14-Waste Residue

15-Coagulant Dosing Apparatus
16-Flocculant Dosing Apparatus
17-Pressurized Pump

18-Mud Pump

In the hydro-cyclone, the flocs that adhered to the magnetic
seed were peeled off by the power of centrifugal force, radial
buoyancy, and fluid force. The magnetic seed, with its higher
density, drained from the bottom of the hydro-cyclone to
finally be reinjected into the mixing tank. The flocs that were
removed from the magnetic seed and the water drained from
the overflow port of the hydro-cyclone.

The coagulation, mixing, and flocculation tanks were
equipped with stirring blades that were driven by the
rotation of the motor, and the rotation speed was adjusted
by the frequency converter (4). The raw wastewater tank
was equipped with an on-line turbidity meter (1) and an
on-line thermometer (2). The clean water tank was also
equipped with an on-line turbidity meter. The inlet flow
was controlled by the pipeline centrifugal pump (17) and
the magnetic seed flow rate was adjusted by the mud pump
(18), and both pump speeds were adjusted by a frequency
converter. The on-line turbidity meter, on-line thermome-
ter, frequency converter, coagulant dosing apparatus, floc-
culent dosing apparatus, and electromagnetic flow meter
were connected to the computer via the RS485 interface.
The monitoring and control software installed on the com-
puter side was the self-developed MFC program—mag-
netic flocculation integrated control system (MFICS). Its
function was to change the experimental conditions in an
unattended method and save the monitoring data automati-
cally. The application architecture is shown in Fig. 3; the
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Fig.3 Application architecture Systlelm
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Fig.4 Magnetic flocculation integrated control system user-interface

program user interface is shown in Fig. 4. The program
had three modules: control operation, system status, and
historical record. The control operation module was used
to change the actuating mechanism’s frequency and speed.
The system status module displayed the system’s running
parameters and monitored data, such as water temperature
and turbidity. In the system status module, a timer widget
was set to write the system parameters and monitoring data
to a text file for a short period (10 s). The data saved in the
text file was used to train the ANN. The historical record
module was used to show the past control parameters and
water quality data changes in the form of a trend line.

To observe the effect of precipitation time, a tee joint
was set in the inlet pipeline of the sedimentation tank. The
water that came from the flocculation tank flowed into
a beaker, and using a syringe without a needle, a water
sample was collected 1 cm below the water face in a short
time period to measure the water’s turbidity. The SS was
determined according to the suspended substance-gravi-
metric water quality determination method of the People’s
Republic of China National Standard (GB 11901-89).
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Fig.5 Typical structure of BPNN

Back-propagation neural network (BPNN)

BPNN resembles the human brain in that the model learns
and stores knowledge (Mehra and Wah 1992). It is composed
of an input layer, one or more hidden layers, and an output
layer (Fig. 5). The number of input nodes X; corresponds
to the number of experimental control conditions and the
number of output nodes Y, corresponds to the number of
monitoring indicators. BPNN is an overall approximation
network, designed as a mathematical model that can learn
to find a function that best maps a set of inputs to its correct
output using the error back propagation algorithm (Hush
and Horne 1993; Nazari and Ersoy 1992). During the train-
ing of a BPNN model, the weights between the nodes in the
different layers are amended to decrease errors between the
predicted and authentic values. When the BPNN achieves
the required accuracy, the training is complete and the model
can be used for predictions with different input data.

General regression neural network (GRNN)

GRNN was developed as an alternative to the radial basis
function neural network (Speacht 1991) and is built com-
pletely differently from BPNN, which is based on non-linear
regression theory. The GRNN consists of four neuron layers:
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Input Layer Pattern Layer

Summation Layer

Output Layer

Fig.6 Typical structure of GRNN

an input layer, a pattern layer, a summation layer, and an
output layer (Fig. 6).

In the input layer, the neurons have no transfer function,
and the input variables are transferred directly to the pat-
tern layer, in which the number of neurons are equal to the
number in the input layer, and every neuron input in the
pattern layer corresponds to a different input layer’s neu-
rons output by the ergodic method. The Gaussian function
was selected as the transfer function of the second layer
neuron and the output of every neuron is represented in

Eq. (1):

0 = [1X - X,||?
L, =exp| ————— (D

20?2

where X is the input vector, X is the weight vector,
||X — X, || is the Euclidean distance between the vector X
and X, and o is the smoothing factor. From Eq. (1), when
the input vector X is close to the weight vector X, || X — X,,||
will be almost 0 and the output 6, will be close to the maxi-
mum value of 1. The smoothing factore is used to adjust the
neuron’s sensitivity to changes in the input.

The third layer is a summation layer, which includes
two different types of neurons. One type is used to calcu-
late the arithmetic summation of all the outputs that come
from the pattern layer neurons, the transfer function of
which is represented in Eq. (2):

Sp= )0, ()

The other type is used to calculate the weighted summa-
tion of all of the output that comes from the pattern layers.
The transfer function is represented in Eq. (3):

N
$i= vyb, G=12,...0 ®3)
n=1

where y,; are the weights. The fourth layer is the output
layer. The numbers of neurons are equal to the dimension
Y of the output vector. The neurons divide the output of the
summation layer; the output layer neurons’ transfer function
is represented in Eq. (4):

X-X, |
S Zg:lynjeXp <_%>
TS, YN exp (_IIX—XnIIZ) “)

n=1 202

The ANN performance was measured by R? and RMSE
between the predicted and authentic values, as calculated by
Egs. (5) and (6), respectively (Pendashteh et al. 2011).

N2
X y;_k_yg))
R2=1—(— ©)

)2 (y: - y)z

I (v )

RMSE = \/;2,:1 <y,, - ) (6)
where y is the average of y over the n data, and y; and yg) are
the ith target and predicted responses, respectively.

Results and discussion

Selection of the optimum coagulant/flocculent
and determination of the best dosage

As described by the classical coagulation mechanism, as the
coagulant dosage was increased, the TRRs and SRRs of dif-
ferent coagulants were all in the increasing-stable-decreas-
ing tendency. The results (Supplemental Fig. 1) showed that
the PAC achieved higher TRR and SRR at the lower dosage.
The better performance of the PAC was because it is a kind
of inorganic polymer coagulation, which means that under
the combined action of electrical neutralization and adsorp-
tion bridging mechanisms, the SS in water are more easily
removed. Given the market price of the three coagulants,
PAC was the optimum coagulant, and the best dosage was
100 mg/L.

The synergistic reaction of coagulant and flocculent made
the TRRs and SRRs of the three PAMs all relativity high and
stable. The results (Supplemental Fig. 2) showed that the dif-
ferent electrical properties of the PAM had little influence on
TRR and SRR. Meanwhile, considering the different price
of the three PAMs, the anion-PAM was the best flocculent,
and the best dosage was 4 mg/L.
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Fig.8 TRR and SRR of different magnetic seed, pH 7.2, coagulation
tank stirring intensity 200 r/min, mixed tank stirring intensity 200 1/
min, flocculation tank stirring intensity 100 r/min, PAC dosage 100
mg/L, flocculant dosage 4 mg/L, settling time 120 s

Selection of optimum immersion pH for magnetic
seed

To activate the functional groups on the surface of the
magnetic seed, it is necessary to immerse the magnetic
seed in an alkaline solution (pH=11) for 24 h (Pavlova
and Dobrevsky 2005). Figure 7 presents the relationships
between the immersion pH, TRR, and SRR. When the
immersion pH was increased from less than 7, both TRR
and SRR improved rapidly, but increasing the immersion
pH further did not significantly improve TRR and SRR.
The results also showed that an alkaline environment
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helped the tiny flocs to attach to the magnetic seeds in the
water.

Selection of the optimum magnetic seed mesh
and determination of the best dosage

The relationship curves between the magnetic seed dosage
and the TRR and SRR are presented in Fig. 8. According to
Fig. 8, when 200-mesh magnetic seed was injected, as the
dosage increased, both TRR and SRR increased. Compared
with the 200-mesh magnetic seed, the TRR and SRR curves
of the 300-mesh magnetic seed had a reverse tendency. In
summary, the best size of the magnetic seed was 200-mesh,
and the best dosage was 1 g/L. According to a comprehen-
sive analysis of the coagulant/flocculent experimental results
and Fig. 8, as the coagulant dosage increased, the TRR had a
42% increment and the SRR had a 13% increment. With the
best coagulant and dosage, as the flocculant was increased,
the TRR and the SRR were respectively improved by 21 and
22%. However, compared with the control situations with
constant dosages of both the coagulant and flocculent, the
optimum magnetic seed and best dosage had no significant
effect on the TRR and SRR; the TRR only improved by 4%,
and the SRR had only a 3% increment. This implies that in
the process of removing SS from the coal mine water, the
dosage of the magnetic seed contributed little to TRR and
SRR.

Selection of the optimum stirring intensity

Stirring intensity influences floc generation. The relation-
ships between the different stirring intensity in the coagu-
lation, mixing, and flocculation tanks and the TRR and
SRR are presented in Fig. 9. As the figure shows, the stir-
ring intensity in the three tanks should be reduced step by
step with the coal mine water flow. The optimum stirring
intensities were 300 r/min for the coagulation tank, 200
r/min for the mixing tank, and 100 r/min for the floccula-
tion tank.

Selection of the optimum precipitation time

With increased precipitation time, the TRRs all increased,
with or without magnetic seed (Fig. 10). However, with
magnetic seed, the TRR reached 95% in a relatively short
time (15 s), and stayed stable for a longer time. This
means that the dosage of the magnetic seed significantly
increased the floc precipitation speed and allowed the
outlet TRR to stabilize very quickly. This means that the
sedimentation tank will have a higher surface loading rate
(i.e. better precipitation performance).
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Acquisition of artificial neural network (ANN)
training data

From the above experimental results, certain levels could
be determined; the PAC was 100 mg/L; the anionic PAM
was 4 mg/L; the 200-mesh magnetic seed was 1 g/L; the
optimum stirring intensity for the coagulation tank was
300 r/min; for the mixing tank was 200 r/min; and for the
flocculation tank was 100 r/min. The process of training
an ANN needs repeated iterations, so the amount of data
used to train the network will directly affect the regres-
sion accuracy of the neural network. It is necessary to
expand the parameters that influence the TRR of the out-
let to obtain more mapping relationships between reac-
tion conditions and results to train the ANN. Thus, the
optimum experimental conditions obtained above were
selected as the certain levels and expanded to upper and
lower levels around the certain level. A total of 3% =

Mixed Tank Stirring Intensity (/min)

T T T T T T T
250 300 100 150 200 250 300
Flocculation Tank Stirring Intensity (r/min)

intensity 100 r/min (c) in the flocculation tank, pH 7.4, coagulation
tank stirring intensity 300 1/min, mixed tank stirring intensity 200
r/min. PAC dosage 100 mg/L, flocculant dosage 4 mg/L, 200-mesh
magnetic seed 1 g/L, settling time 120 s

729 different kinds of reaction conditions were gener-
ated; some reaction condition samples are presented in
Table 2. All of the reaction condition items were saved
in a text file, which was imported into the MFICS. The
MFICS would read the items in the text one by one and
adjust the corresponding actuating mechanism automati-
cally. The inlet and outlet turbidity was measured by a
turbidity meter, and the turbidity data was automatically
recorded by the MFICS. Ultimately, 729 items of record-
ing data were obtained and 700 items of record data were
selected to train the network in a random method; the last
29 groups were used to verify the network’s regression
ability.

Determination of basic parameters of bp neural
network (BPNN)

Before the BPNN is trained, certain parameters had to be
determined and initialized. The diverse parameters that are
initialized with different values will affect the forecast accu-
racy of the results. In this experiment, the iteration num-
ber of BPNN was 200; the gradient correction method was
selected as the learning algorithm to modify the weights and
thresholds between the neurons; the learning rate was 0.1;
the convergence error in the network training process was
0.0004; the input layer nodes were 6 and the output layer
node was 1, as detailed in Table 2. Due to the complex map-
ping relationship between the reaction conditions and the
TRR, the number of the hidden layer was 2 and the number
of nodes for each hidden layer was 15, which means the
network structure was 6-15-15-1.

Of the variety of choices for the node transfer function
(NTF) of the BPNN, the NTFs usually utilized are logsig(),
tansig(), and purelin(). Their formulas are presented in
Eqgs. (7)—(9).
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Table 2 Some reaction condition samples

Sorting PAC dosage/ PAM dosage/ 200 meshes Coagulation tank stir- Mixed tank stirring  Flocculation tank stir- TRR/(%)
(mg/L) (mg/L) sand/(g/L) ring intensity/(r/min) intensity/(r/min) ring intensity /(r/min)
1 40 2 0.4 200 100 50 82
2 60 2 0.4 200 100 50 88
3 80 2 0.4 200 100 50 90
4 40 4 0.4 200 100 50 90
5 60 4 0.4 200 100 50 91
6 80 4 0.4 200 100 50 93
724 40 4 0.8 400 300 150 88
725 60 4 0.8 400 300 150 89
726 80 4 0.8 400 300 150 91
727 40 6 0.8 400 300 150 94
728 60 6 0.8 400 300 150 95
729 80 6 0.8 400 300 150 98
PAC polyaluminium chloride, PAM polyacrylamide, TRR turbidity removal rate
) . 0 5 10 15 20 25 30
1) logsig() function: e Y
y=1/[1+ exp(-x)] 7N = %] 198
X 96 -9
2) tansig() function: § 94_: _ 04
T 921 —92
y=2/[1+exp(-2x)] - 1 (8) S 41 Teo
3) purelin() function: d'i 85 Jes
% 86 - {86
y=x ©) P e Py
During initialization, the tansig() function was selected 2 ] —o— Authentic Value 7 .
. . . ] ---%--- Predicted Value |
as the hidden layer NTF, and the purelin() function was 80 R P
0 5 10 15 20 25 30

selected as the output layer NTF.

Predicted results of the BPNN and parameter
adjustment

Only three predicted value figure points were in the cir-
cles of the authentic value, and it was difficult for BPNN to
determine the regression relation between the predicted and
authentic value (Fig. 11). The error distribution is presented
in Fig. 12. The numbers in the tolerance scope of less than
3% were 12; the numbers in the tolerance scope between 3
and 6% were 7; the numbers in the tolerance scope between
6 and 9% were 7; the number in the tolerance scope between
9 and 12% was 0; the number in the tolerance scope between
12 and 15% was 1. Thus, all data errors were less than 15%;
the R? was 0.2970 and the RMSE was 4.1087.

Predictive errors with different NTFs are presented in
Table 3. According to Table 3, the R? was maximized and
the RMSE was the smallest when the purelin() function was
selected as the hidden layer NTF and the logsig() function
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Fig. 11 Comparison between the authentic values and predicted val-
ues of BPNN

was selected as the output layer NTF. The predicted and
actual values of the BPNN for the optimal NTF are pre-
sented in Fig. 13. Compared with Fig. 11, the predicted
BPNN values that set the optimal NTF better matched the
actual values.

In determining the basic parameters of the BPNN section,
a multi-hidden layer neural network was selected for fitting
the relationship of the six inputs and one output. The differ-
ent numbers of hidden layer nodes and their R? and RMSE
are presented in Table 4. If the items are grouped by the
node number of the 1st hidden layer, when the node num-
ber of the 2nd hidden layer was 20 in every group, the R2
always would be the maximum and the RMSE would be the
minimum. If the items are grouped by the node number of
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154 Table 4 Effects of different hidden layer nodes on R* and RMSE
1st hidden layer 2nd hidden layer R? RMSE
12 nodes number nodes number

) 10 10 0.2217 2.6657

Q10
5 10 20 0.5336 2.0636
9 10 30 0.5130 2.1086
g ! 7 20 10 0.2751 2.5726
‘é 20 20 0.8583 1.1373
z ®7 20 30 0.5529 2.0204
30 10 0.6653 1.7481
| 30 20 0.7347 1.6951
0 30 30 0.6472 1.7943

0 T T T T T T !
0%-3% 3%-6% 6%-9% 9%-12% 12%-15% R % R-squared, RMSE root-mean-square error

Tolerance Scope (%)

Fig. 12 Error distribution of BPNN results

Table 3 Effects of different NTF on R? and RMSE

Hidden layer func- Output layer func- R? RMSE
tion tion

Logsig Tansig —0.0746 6.0659
Logsig Purelin 0.2283 3.4450
Logsig Logsig 0.2116 5.4822
Tansig Tansig 0.1210 3.6767
Tansig Logsig 0.1405 4.6358
Tansig Purelin 0.2734 3.3428
Purelin Logsig 0.5203 2.0928
Purelin Tansig 0.0692 3.7835
Purelin Purelin 0.3327 3.2036

NTF node transfer function, R* R-squared, RMSE root-mean-square
error
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Fig. 13 Comparison between the authentic values and predicted val-
ues of BPNN in best NTF

the 2nd hidden layer, when the node number of the 1st was
altered, no significant change in the regular pattern could be
found. When the node numbers of both hidden layers were
20 for all items, the R* was the highest, and the RMSE was
the lowest. The highest R? was 0.8583 and the lowest RMSE
was 1.1373. In summary, for a multi-hidden layer BPNN, the
best network structure was 6-20-20-1, the best hidden layer
NTF was the purelin function, the best output layer NTF was
the logsig function, and the highest R? that the BPNN could
reach was 0.8583.

Determination of GRNN Parameters

Compared with the BPNN, GRNN has no need to adjust the
connection weight between neurons. The primary advantage
of GRNN is in the process of network training. To achieve
better regression capacity, there is only one parameter, the
smoothing factor, that has to be adjusted. To determine the
smoothing factor easily, Sprecht (1991, 1993) proposed an
effective four-step method: (1) the span(F,;,, F,.x) and the
step length Aa of the smoothing factor increase are deter-
mined; (2) samples are randomly selected to train the net-
work with the smoothing factor calculated from the previous
step, and the remaining samples are utilized to verify the
trained network; (3) the error sequence between the pre-
dicted values and the authentic values are recorded, and the
R? and RMSE value of the error sequence are used as the
index to evaluate the regression capacity of the neural net-
work; and (4) the smoothing factor that corresponds to the
maximum of R? and minimum of RMSE can be used as the
GRNN parameter.

Performance and analysis of the GRNN

The regression results of GRNN are presented in Fig. 14.
Compared with Fig. 13, the TRR gaps between the authentic

@ Springer



Mine Water and the Environment (2019) 38:391-401

400
30
100 100
98 - 98
T 96 -9
> |
T 94 - 04
o | |
S 92 o2
3 | |
o 90 490
x |
F 88
hel
2 |
5 86 486
= i i
84 1 —o— Authentic Values 7 84
1 ---%-- Predicted Values ]
82 T T T T T T T T T T T T 82
0 5 10 15 20 25 30

Sample

Fig. 14 Comparison between the authentic values and predicted val-
ues of GRNN

Table 5 BPNN and GRNN neural network predicted results

Index BPNN GRNN

Training values Test values Training values Test values
R? 0.8762 0.8583 0.9894 0.9801
RMSE 0.9746 1.1373 0.3983 0.4392

R % R-squared, RMSE rtoot-mean-square error, BPNN back propaga-
tion neural network, GRNN generalized regression neural network

values and the predicted values were smaller. The R? of
GRNN was 0.9801, and the RMSE was 0.4392. The optimal
smoothing factor was 0.5843.

Comparison and analysis of the regression ability
of BPNN and GRNN

The optimum parameters obtained above were used to
compare the regression ability of BPNN and GRNN. From
Table 5, for both the training and the test values, GRNN had
the higher R? and lower RMSE, which means that GRNN
was better able to regress to the relationships between the
reaction conditions and the monitor indexes. Therefore,
GRNN had better predictability for magnetic-flocculation
treatment of mine water and was more suitable for apparatus
control.

Conclusions
In this study, the coagulant and flocculant dosages, magnetic

seed immersion pH, stirring intensity, and precipitation time
were all selected as inspection conditions to determine the

@ Springer

optimum reaction conditions. Based on a comprehensive
consideration of the results and economic costs, the PAC
and anionic PAM were the best coagulant and flocculant
for this application. A neutral and alkaline environment was
beneficial to magnetic flocculation, but a higher pH gave no
significant improvement. While optimizing the size and the
dosage of the magnetic seed contributed little to TRR and
SRR, the magnetic seed dosage did increase the floc pre-
cipitation speed, which means that the sedimentation tank
can have a higher surface loading rate. In the coagulation,
mixing, and flocculation tanks, the stirring intensity should
be reduced step by step with the growth of the flocs.

BPNN and GRNN were used to regress the relationship
between the reaction conditions and the monitoring index.
Compared with the GRNN, BPNN had more parameters that
needed adjustment. To achieve a better regression ability, the
BPNN had to modify the learning algorithm, learning rate,
convergence error, and the network structure, which make the
engineering application more difficult and reduces efficiency.
GRNN had only one parameter, the smoothing factor, that had
to be adjusted to match the reaction process, and thus is better
for precisely controlling an engineering application.
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