
Chinese Journal of Chemical Engineering 26 (2018) 1721–1726

Contents lists available at ScienceDirect

Chinese Journal of Chemical Engineering

j ourna l homepage: www.e lsev ie r .com/ locate /CJChE
Article
DTCWT-based zinc fast roughing working condition identification
Zhuo He 1, Zhaohui Tang 1,⁎, Zhihao Yan 1, Jinping Liu 2

1 College of Information Science and Engineering, Central South University, Changsha 410083, China
2 Key Laboratory of High Performance Computing and Stochastic Information Processing ofMinistry of Education of China, College ofMathematics and Computer Science, HunanNormal University,
Changsha 410081, China
⁎ Corresponding author.
E-mail address: zhtang@csu.edu.cn (Z. Tang).

https://doi.org/10.1016/j.cjche.2018.06.028
1004-9541/© 2018 The Chemical Industry and Engineerin
a b s t r a c t

The surface texture ofmineral flotation froth iswell acknowledged as an important index of theflotation process.
a r t i c l e i n f o
Article history:
Received 1 November 2017
Received in revised form 20 April 2018
Accepted 11 June 2018
Available online 10 July 2018

Keywords:
The surface texture feature closely relates to the flotation working conditions and hence can be used as a visual
indicator for the zinc fast roughingworking condition. A novel working condition identificationmethod based on
the dual-tree complex wavelet transform (DTCWT) is proposed for process monitoring of zinc fast roughing.
Three-level DTCWT is implemented to decompose the froth image into different directions and resolutions in ad-
vance, and then the energy parameter of each sub-image is extracted as the froth texture feature. Then, an im-
proved random forest integrated classification (iRFIC) with 10-fold cross-validation model is introduced as the
classifier to identify the roughing working condition, which effectively improves the shortcomings of the single
model and overcomes the characteristic redundancy but achieves higher generalization performance. Extensive
experiments have verified the effectiveness of the proposed method.
© 2018 The Chemical Industry and Engineering Society of China, and Chemical Industry Press. All rights reserved.
DTCWT
Working condition
Integrated classification model
Zinc fast roughing
1. Introduction

Frothflotation is themostwidely used beneficiationmethod, but it is
difficult to achieve optimal control of the method because of the long
flotation process, the ambiguous internal mechanism and the key pro-
cess parameters which cannot be detected online [1]. For a long time,
theworking conditions weremainly determined by experienced opera-
tors through observing the froth states of flotation, which lacks a uni-
form standard, resulting in low utilization of the ore and high mineral
production costs. Effective, low-cost, and on-line inspection technolo-
gies on the assembly production line are urgently needed in mass pro-
duction processes [2]. In recent years, with the development of the
image processing technology, computer technology, and other related
fields, the discrimination of abnormal conditions by machine vision
monitoring has inspired various research topics [3].

At present, the domestic and foreign experts have done some re-
search on the analysis of the working condition of the flotation process.
A performance recognitionmethod for the antimonyflotation process is
proposed by Tang, where mutual coupling and obvious importance dif-
ferences exist in froth image features [4]. Zhang developed a novel
method for determining the complex working conditions of flotation
through statistical modeling of froth images [5]. Peng proposed a work-
ing condition recognition method based on an improved neighboring
gray level dependence matrix (NGLDM) and an interval data classifier
for the antimony roughing process [6]. The abovementioned methods
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analyzed flotation conditions from different angles, and obtained the
certain effect, which illustrates the feasibility of using machine vision
for the flotation condition analysis.

Dual-Tree Complex Wavelet Transform (DTCWT) has related appli-
cations inmany fields, such as image processing and fault diagnosis, be-
cause it solves the problems of shift variance and low directional
selectivity in two and higher dimensions found with the commonly
used discrete wavelet transform (DWT) [7, 8]. This paper first puts for-
ward an image feature extraction method of froth flotation based on
DTCWT, then proposes an improved random forest model to monitor
how well the process of zinc flotation is working. Finally, the accuracy
of the proposed method is verified by industrial data.

2. Zinc Flotation Process Description

The zinc flotation process is an important part of the lead–zinc flota-
tion process. According to the difference of the physical and chemical
properties of themineral surface, the useful zinc particles are selectively
attached to the bubbles under the action of flotation reagents, and then
rise to the top of the flotation tank. The useless ore particles fall to the
bottom of the pulp in the flotation cell, to achieve effective separation
of minerals. The flow diagram of the zinc flotation process is shown in
Fig. 1. (See Table 1.)

As is shown in Fig. 1, zinc fast roughing is theupstreamportion of the
zinc flotation process. The froth layer of zinc fast roughing process en-
ters the cleaning, while the bottom flow of zinc fast roughing enters
the roughing process. So zinc fast roughing conditions can directly affect
the status of the follow-up process. A good control of the zinc fast
ustry Press. All rights reserved.
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Fig. 1. Zinc flotation process.
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roughingmodule can ensure concentrate grade and improve the recov-
ery rate. Therefore, research on of the zinc fast roughing module has
great economic significance.

3. DTCWT-based Texture Feature Extraction of Froth Images

3.1. DTCWT

Recently, an improved algorithmof the discretewavelet transforma-
tion called the Dual-Tree Complex Wavelet Transform is put forward
[9]. By using two real wavelet decompositions, the two-dimensional
DTCWT is implemented respectively by two trees used for the rows of
the image and by two trees for the columns. The resultingwavelet coef-
ficients are then combined by simple sum and difference operations to
give real and imaginary wavelet coefficients. This gives six sub-images
which are approximately shift-invariant and orient at ±15°, ±45°,
±75°. This method deals with the shift variance phenomenon using
parallel wavelet filtering with directionality support (six planes) [10].
Furthermore, this filtering provides a 1/2 sample delay in the wavelet
branches of the dual trees allowing near-shift invariance and perfect re-
construction [11].

Thewavelet function isψ(t) = ψh(t) + jψg(t), where ψh(t),ψg(t) rep-
resents a real wavelet. A 2-dimensional DTCWT is represented through
the image analysis of Eq. (3) and by one dimension DTCWT in Eq. (1)
and (2) respectively, then:

ψ xð Þ ¼ ψh xð Þ þ jψg xð Þ ð1Þ

ψ yð Þ ¼ ψh yð Þ þ jψg yð Þ ð2Þ
Table 1
The steps of heterogeneous integration model

Given:
X: training set (n × N matrix)
N: the number of historical data
Y: the labels of the training set (1 × N matrix)
L: the number of classifiers in the ensemble
K: the number of feature subsets
T: the number of categories
Training phase:
For each classifier Dj, j = 1, 2, …, L
1. Randomly select K features from the training set X to constitute feature set X′;
2. A training subset Xj of n data is obtained from X′ with back extraction;
3. Train classifier KELM or CART on the training set Xj, uses the base classifier with
higher accuracy as Dj

Classification phase:
For each unknown test data xtest

1. get the category yi
j based on dj (j = 1, 2, …, L);

2. Calculate the number of sub-models for each condition ci,i = 1, 2, 3, 4;
3. Get working condition category ci = max {c1,c2,c3,c4}
ψ x; yð Þ ¼ ψh xð Þ þ jψg yð Þ ψh yð Þ þ jψg yð Þ
¼ ψh xð Þψh yð Þ−ψg xð Þψg yð Þ þ j ψg xð Þψh yð Þ þ ψh xð Þψg yð Þ

h i ð3Þ

The real component of six directions of the two-dimensional dual-
tree complex wavelet transform is: (i=1,2,3)

φi x; yð Þ ¼ 1ffiffiffi
2

p ψ1;i x; yð Þ−ψ2;i x; yð Þ
h i

φiþ3 x; yð Þ ¼ 1ffiffiffi
2

p ψ1;i x; yð Þ þ ψ2;i x; yð Þ
h i

9>>=
>>;

ð4Þ

where ϕh(•) and ϕg(•) is a low-pass function, ψh(•) and ψg(•)is a high-
pass function. ψ1, 1(x,y) = ϕh(x)ψh(y), ψ1, 2(x,y) = ψh(x)ϕh(y), ψ1, 3

(x,y) = ψh(x)ψh(y), ψ2, 1(x,y) = ϕg(x)ψg(y),ψ2, 2(x,y) = ψg(x)ϕg(y), ψ2,

3(x,y) = ψg(x)ψg(y).
The imaginary part of the six directions of the two-dimensional dual

tree complex wavelet is:

ξi x; yð Þ ¼ 1ffiffiffi
2

p ψ3;i x; yð Þ þ ψ4;i x; yð Þ
h i

ξiþ3 x; yð Þ ¼ 1ffiffiffi
2

p ψ3;i x; yð Þ−ψ4;i x; yð Þ
h i

9>>=
>>;

ð5Þ

where ψ3, 1(x,y) = ϕg(x)ψh(y), ψ3, 2(x,y) = ψg(x)ϕh(y), ψ3, 3(x,y) = ψg

(x)ψh(y), ψ4, 1(x,y) = ϕh(x)ψg(y), ψ4, 2(x,y) = ψh(x)ϕg(y), ψ4, 3(x,y) =
ψh(x)ψg(y).

The six-direction selective bandpass image is composed of the real
component obtained by Eq. (4) and the imaginary part obtained by
Eq. (5).

3.2. Feature Extraction of Froth Images

Energy, variance and entropy are used as the texture feature to rep-
resent the work condition of the flotation process in zinc fast roughing.
After the process of multi-scale decomposition of DTCWT, the energy,
variance and entropy of the decomposed sub-image are defined as:

R kð Þ
i ¼

XM
m¼1

XN
n¼1

f 2 m;nð Þ=MN

V kð Þ
i ¼ 1

MN

XM
m¼1

XN
n¼1

f m;nð Þ−μ kð Þ
d

� �

μ kð Þ
d ¼

XM
m¼1

XN
n¼1

f m;nð Þ

E kð Þ
d ¼ −

1
MN

XM
m¼1

XN
n¼1

P f m;nð Þð Þ lgP f m;nð Þð Þ

where Ri(k)is energy, Vi(k) is variance and Ed
(k) is entropy.M represents the

width of the subgraph,N represents theheight of the subgraph, f(m,n) is
the gray value of pixels. Texture feature obtained by a k-level wavelet
decomposition is

R kð Þ ¼
R kð Þ
−15;R
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15 ;R

kð Þ
−45;R
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kð Þ
−75;R
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h i
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As shown in Fig. 2, (a) is a picture of a typical froth image, (b) is the
images after 3-level wavelet decomposition of (a). Texture feature can
be obtained by the energy, variance and entropy analysis of (b).

4. Working Condition Identification Based on iRFIC Model

After the extraction of the texture feature is completed, the classifi-
cation can be realized by analyzing the energy of the froth image. Ama-
chine learning method called random forest used for classification and
regression was proposed by Leo Breiman and Cutler Adele in 2001,
which is widely applied in many areas [12].

Random forest, a collection of tree classifiers, is a kind of ensemble
learning method. The base classifier is built by using the classification
and regression tree (CART) algorithm without pruning. For every base
classifier, random forests use bootstrap for self-help sampling and use
sample data out of the bag to calculate error estimates. The nodes of
each tree are randomly generated and only a few variables are chosen
to be the segmentation variables for each node. In this method, many
different base classifiers are produced. Therefore, it is called “random
(a) The typical froth imag

(b) 3-level wavelet decom

Fig. 2. Dual-Tree complex
forest.” Computations performed by integratingmultiple base classifiers
improve the generalization, effectiveness and reliability of the model.
Despite this, it is not ideal to have multiple base classifiers.

4.1. Kernel extreme learning machines (KELMs)

The key of the integrated modelingmethod is the generation of var-
ious classifiers, the error distribution of each classifier is represented in a
different data space. Many integration models are composed of the
same classifiers. In order to increase the diversity of base classifiers,
both the extreme learning machine (ELM) [12] and the CART will be
used as the base classifier in the random forest to form an integration
model. ELM [12] is a single hidden layer feedforward neural network,
which has fast learning speed and good generalization ability. The out-
put can be expressed as:

f xð Þ ¼
XM
i¼1

βiG ai; bi; xð Þ ¼ β � h xð Þ ð6Þ

where G(ai,bi,x) is an output function of the ith hidden nodes; ai and bi
are the hidden layer parameters;β is theweights of the output of the ith
hidden layer nodes; h(x) = [G(a1,b1,x),…,G(ai,bi,x)] is a kernel func-
tion of hidden layer; G(•) is an excitation function which may be Sig-
moid, Sine or RBF.
e in Zinc fast coursing 

position by DTCWT  

wavelet transform.



Fig. 3. 10-Fold cross-validation.

Fig. 4. Classified accuracy in different level of DTCWT.
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ELMsolves the outputweightβ byminimizing the training error and
output weight norm at the same time, namely solving the following
constrained optimization problem:

MinLp ¼ 1
2
∥β∥2 þ C

1
2

XN
i¼1

ξ2i ð7Þ

s.t. h(xi)β= yi − ξi, i=1, 2,…, N.where ξi is the training error, C is
penalty parameter.

Eq. (7) can be turned into the dual problem in Eq. (8):

LDELM ¼ 1
2
∥β∥2 þ C

1
2

XN
i¼1

ξ2i −
XN
i¼1

αiðh xið Þβ−yi þ ξi ð8Þ

where every Lagrange function corresponds to the ith sample. Deriva-
tion of Eq. (8):

∂ LDELMð Þ
∂β

¼ 0;
∂ LDELMð Þ

∂ξi
¼ 0;

∂ LDELMð Þ
∂αi

¼ 0 ð9Þ

where α= [α1,…,αN]. Solved by Eq. (9):

β ¼
XN
i¼1

αi h xið Þð ÞT ¼ HTα
αiξi ¼ 0; i ¼ 1;2;⋯;N
h xið Þβ−yi þ ξi ¼ 0

8>>><
>>>:

ð10Þ

For a small sample of training data, Eq. (8) can be represented as:

I=C þ HHT
� �α ¼ Y ð11Þ

The output function of ELM can be obtained by Eqs. (10) and (11):

f xð Þ ¼ h xð Þβ ¼ h xð ÞHT I=C þHHT
� �−1

Y ð12Þ

By replacing the hidden layer mapping of ELMwith the kernel func-
tion satisfying the Mercer condition (such as RBF and the polynomial
kernel), the output of the kernel extreme learning machine (KELM)
can be represented as:

f xð Þ ¼
K x; x1ð Þ
⋮
K x; xNð Þ

2
4

3
5 I=C þ K xi; xj

� �� �−1Y ð13Þ

This research uses the KELM with the RBF kernel because the RBF
kernel function has a good local characteristic and strong learning abil-
ity. Adjacent sample data has a large impact on kernel function value.

4.2. iRFIC model

The number of training sets after resampling in this work is J, and
every CART or KELM is trained by using each training set. Then, a sub-
model with higher accuracy is used as the jth model output:

yi
j

�!
¼ f j X j

� � ð14Þ

where Xj is the jth training data subset. fj is the jth sub-model obtained
by KELM or CART.

In conclusion, the steps of the heterogeneous integration model are:

4.3. Cross-validation

The performance and general error estimation of the entire random
forest was assessed using stratified 10-fold cross-validation which is
currently the preferred technique in data mining [13]. The advantage
of thismethod comparedwith the split-sample (test and validation) ap-
proach is that it decreases the variance in prediction error leading to a
more accurate estimate of model prediction performance. Furthermore,
it maximizes the use of data for both training and validation, instead of
overfitting or overlap between test and validation data [14].

Briefly, the dataset is randomly divided into 10 equal folds. Each fold
will be used as the validation set with the rest folds as the training set.
The validation result of the overall performance is the average of 10 ex-
perimental models (Fig. 3).

5. Results and Discussion

5.1. Experimental procedures

In this section, themethod proposed in is simulated and validated by
using industrial production data obtained in the zinc fast roughing pro-
cess of a lead and zincflotation plant in China.We collected data, includ-
ing zinc grade and image, every 20min for 2 months (24 h a day). Based
on the experience of operators in the plant, 4 typical images are se-
lected, and each kind has 100 froth images. As shown in Fig. 3, they
are the underflow image, the overflow image, the higher-grade image
under the normal working conditions and the lower-grade image
under the same normal conditions.

The three-level Dual-Tree Complex Wavelet Transform is used be-
cause of its precision and computational complexity compared to others
level in Fig. 4. The training data set is X280 × 18, the category of working
condition isT1, T2, T3 and T4, the category vector of working condition
is Y= [y1,y2,…,y280], where yi ∈ {1,2,3,4}. The penalty parameter and
kernel parameter of KELMused in the improved random forest is deter-
mined by the grid search method, and the value of the penalty



Fig. 5. Froth images of four different typical conditions.

Fig. 7. The importance of every character of variance.

Fig. 8. The importance of every character of entropy.
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parameter is 28, the value of the kernel parameter is 24. Themodel num-
ber is 100 and the number of feature subsets is 10 according to repeated
test results and model complexity.

The data present in the three layers of the froth image texture fea-
ture of DTCWT decomposed dimension is very large; each sub-image
has 6 directions in 3 layers, and each sub-image has 3 texture features,
which is 54 features. This large number of features not only increases
the difficulty of calculation but also contains redundant elements. It
brings great difficulty to the subsequent industrial control systems. An
important feature of the random forest algorithm itself is that it can
evaluate the importance of variables. It provides four strategies formea-
suring the importance of variables. We use Out-off Bag data to evaluate
the importance of every feature (Figs. 4–9).

5.2. Identification results and performance comparison

The classification ability of common GLCM [15] is used to compare
the texture feature classification ability with the method proposed in
this paper. The performance of classification with the random forest al-
gorithmand the improved randomalgorithm is compared aswell in Fig.
10.

In the 400 different images, the traditional image texture classifica-
tion method can reach the highest accuracy of 86%. But, in our method,
89 images were correctly predicted as the underflow image; 92 images
Fig. 6. The importance of every character of energy. Fig. 9. The feature weight of every feature.



Fig. 10. The accuracy of working condition recognition.
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were correctly predicted as the overflow image; 87 images were pre-
dicted as the higher grade image; and 88 images were correctly pre-
dicted as the lower grade image. An average predicted accuracy of 89%
was achieved by DTCWT and improved random forest method.

As shown in Fig. 10, the texture feature of the zinc fast roughing froth
image obtained by the method in this paper can accurately reflect the
change of working condition of zinc fast roughing, and this proves the
feasibility and validity of this method. The improved random forest al-
gorithm can reduce the single model error and enhance the reliability
of the working condition recognition.

6. Conclusions

This article proposes a texture feature extraction method with
DTCWT in an attempt to overcome the limitations of the single-rate
method. Our method has the advantages of approximate invariance of
translation and selectivity of direction. Furthermore, an improved ran-
dom forest integrated classification model, which combines KEML and
a classification regression tree as a basic classifier, is introduced to
eliminate the classification error of the single model. This method,
which has been validated through the use of industrial data, can effec-
tively present the process characteristics under different conditions,
and can accurately identify the production conditions of zinc flotation,
which provides effective guidance for field production.
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