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Abstract: The froth can be adopted as an indicator of the performance of flotation processes. The study of froth image 

structure would enable us to establish a number of parameters from which could convey the froth characteristics. To monitor 

the operating performance of the floatation cell by machine vision system, it is crucial to identify and extract those features 

that are descriptive of the surface froth. Consequently, it can provide interdependency between the froth characteristics with 

the operating conditions on one hand (e.g., aeration rate, froth depth, chemical compound and pH variation) and the cell 

parameters performance on the other hand, as well (e.g., copper grade, recovery and solid contents). The aim of the present 

study is to examine the copper froth characteristics, by adopting an image analysis technique and hence evaluating froth 

features such as the average bubble size, bubbles distribution, bubble shape features, bubble elongation factor, image average 

color and the color distribution. Owing to the intricacy aspect of the froth structure and in order to match properly between the 

real froth and the segmentation images, this algorithm adopts features similar to proper filters in the pre-processing stage, 

edge detection functions, threshold functions and different mathematical morphology models. The findings of this work 

reveal that the size and shape of the froth bubbles plays an important role in classifying the froth. Hence, it is possible to 

incorporate such features for either evaluating the flotation cell performance or adopting it for the automatic on-line control of 

the flotation process. The findings of this research could also be implemented towards the training of the operators. 
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1. Introduction

In the flotation cell, the performance of the cell is highly 

dependent on the morphology of the surface froth. 

Consequently, to control the metallurgical performance of the 

cell (i.e., copper grade, concentrate recovery and mass flow 

rate), continuous observation of the froth features (i.e., texture 

and color froth) by an operator is crucial. To enhance the 

performance of the cell, the operator must respond according 

to the visual appearance of the froth. Complex texture of the 

froth and different operating parameter interactions, make this 

type of evaluation not an efficient means. In recent years, a 

number of achievements have been made in the field of 

machine vision system for enhancement of the performance 

of the floatation cell. Their objective were initially to achieve 

a replacement for the visual observation of the operator and 

finally to associate the froth texture characteristics with the 

cell performance.  To adopt this system for controlling the 

floatation process, the analysis of the froth texture was of 

prime concern. Therefore, feature extraction method and 

identification of the type of froth were essential through the 

geometric features. In the Sarcheshmeh Copper Plant (located 

in South-East of Iran near the city of Kerman), a relationship 

between the froth texture and performance of the cell was 

founded by the authors and hence modeled (Saghatoleslami et 

al., 2002) as are illustrated in Figure 1 [1]. Network decision 

making back propagation algorithm with multilayer 

perception structure adopted by Saghatoleslami et al., 2002 

for modeling and characterization of flotation froth color and 

texture for assessing the flotation performance in a copper 

plant are shown in Figure 2 [1]. In this work, the test was 

carried out in a continuous flotation test rig with a rougher cell 

of approximately 40 liters in volume. Pictures were taken by a 

handy cam under suitable light intensity. The operating 

conditions and the materials which were used in the test are 

exhibited in Table 1. 
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Table 1. Operating conditions and the material used in the test 

Remarks Units Limits Parameters 

10% solution gr/ton 10 - 85 Collectors ( Z11
1 + R407 

2) 

10% solution gr/ton 10 - 90 Frothers (A65
3 + MIBC4 ) 

 Valve opening %  Aeration rate (AFR) 

 11.8  pH 

 0.9  Average feed froth grade 

 

Figure 1. a) Relationship between the copper grade and H (hue) color component. b) Variation of copper grade with the surface froth bubble size. c) 

Variation of solid mass flow rates with the surface froth bubble size. d) Variation of solid mass flow rates with the degree of the sphericity of the froth bubble 

size 

                                                             

 
1
 Sodium isopropyl xanthate, 

2
 Sodium mercaptobenzothiazole and sodium dialkyl thiophosphate 

3
 Glycol polypropylene, 

4
 Methyl isobutyl carbonyl 
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Figure 2. Network decision making BP algorithm with MLP structure adopted by Saghatoleslami et al., 2002 for modeling and characterization of flotation 

froth color and texture [1] 

The application of machine learning techniques to 

exploit information from digital images of the froth phase 

of industrial flotation plants has been analyzed by Grouws 

and co-works [2]. They included both connectionist 

techniques to identify control decisions necessary to 

maintain optimal operation of the plant, as well as symbolic 

methods, such as induction techniques. Both approaches 

were utilized to classify froth structures based on statistical 

features derived from digitized images of the froth surfaces. 

They also found that back propagation algorithms perform 

significantly better than either non-incremental or 

incremental induction [2]. Pelletier and co-workers has also 

analyzed the froth by the use of the multivariate image 

analysis (MIA) method to extract the spectral variation 

contained in a RBG image. The partial least squares (PLS) 

method was applied to develop an empirical model for the 

prediction of froth grade. They also studied the feasibility 

of implementing a hybrid control strategy consisting in a 

froth structure supervision controller based on the froth 

concentrate grade estimated by MIA and recovery inferred 

by image analysis [3]. The robustness of ANN to interpret 

images with illumination perturbations, produced by light 

problems or dirt attached to the window of the video 

camera was also evaluated. It was concluded that ANN are 

reliable for learning and producing generalized predictions 

of the froth mean bubble diameter and bubble size 

distribution, when the model is trained using a database that 

contains information on the illumination intensity [3]. The 

selection of the proper frother, specifically for a given ore, 

is essential in flotation. The evaluation of different frothers, 

in terms of metallurgical performance, is complicated at 

plant scale, since it may lead to periods of malfunctioning 

of the process and unacceptable decreases in recovery. On 

the other hand, evaluation based on frother chemistry only, 

is often unsatisfactory, because the frothing response is 

strongly ore dependent. Grano in 2006 investigated the 

froth stability after introducing the pulp samples into a 

foaming column, where different conditions in terms of 

frother addition, agitation and aeration could be maintained 

[4]. Estrada in 2009 analyzed a new approach to estimates 

bubble size distribution of froth surfaces using artificial 

neural networks [5]. Control of flotation processes is 

mostly managed by plant operators, who assess the 

performance of the plant based on their own experience and 

other heuristic rules. These rules tend to be subjective or 

ill-defined, since most of them are concerned with the 
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structure of the flotation froth, such as color, bubble size 

and shape distributions, froth mobility and froth stability. 

These phenomena are very difficult to quantify objectively, 

and inexperience on the part of the operators and human 

error which could lead to significant inefficiencies in plant 

operation. In 2009 a fuzzy system was development in 

order to support the control decisions of plant operators, 

which would leads to significantly smoother control action 

and more stable plant operation than could be obtained with 

crisp sets of rules or manual control strategies [6]. 

2. Significance of the Froth 

Characteristics in Flotation Process 

In the past, the relation between the froth characteristics 

and performance of the cell was not of the prime concern. 

These features are related to the froth texture and color. Only 

in recent years, characteristics of froth with the aid of image 

analysis have attracted the interest of some researchers [7-9]. 

The most significant parameters in the froth features are the 

average bubble size, bubble shape, froth color, froth stability 

and froth mobility. The research shows that the performance 

of flotation cell is highly dependent on bubble size in the 

pulp and there exist a relationship between the bubble size in 

the pulp and the froth phase [10]. Therefore, the bubble size 

and its distribution in the froth are of significance. The 

research also reveals that the froth structure can be classified 

according to the bubble shape and its distribution in different 

type of froth. Hence, the performance of the flotation 

process can be controlled in an effective manner. 

Furthermore, the distribution of bubble size is a powerful 

indicator of other parameters such as aeration rate, pH 

variation and the amount substance that attaches to the 

bubbles which are highly depends on the type of collector 

and frother [11]. In general, froth with small amount of 

water content has bubbles of polyhedral configuration. This 

type of textures has a high froth grade. Spherical types of 

bubbles are the indication of diluted froth of shallow depth 

and low froth grade. On the other hand, a bubble of an 

elliptical configuration signifies the stiffness of the froth and 

the direction of which the forces are acting along the flow. 

Figures 3 and 4 demonstrate the forth textures with bubbles 

of spherical, polyhedral and elliptical configurations. 

 

(a) 

 

 

(b) 

Figure 3. Froth of a) shallow depth with spherical type of bubbles of low 

froth grade and    b) high depth with bubbles of polyhedral configuration 

and of high froth grade 

Research also reveals that the froth color (or light 

intensity) conveys information about the froth surface grade 

and there exist a close relation between the froth color and 

the inorganic compositions present in the concentrate [12]. 

In the copper flotation process, the high intensity of yellow 

color in the surface froth is an indication of the high 

concentration of calcopyrite and pyrite in the concentrate. 

On the other hand, the froth of darkish yellow color signifies 

the presence of calcosite in the concentrate. Furthermore, 

froth of whitish color can manifest that the concentration of 

the copper is low. Figure 4 shows a froth of different colors. 

Figure 5a demonstrates froth of high intensity and of a 

uniform color. On the other hand, Figure 5b represents froth 

of low intensity and of a non-uniform color. Therefore, it has 

a low solid contents and a low concentration of copper with 

a large amount of water. 

 

(a) 

 

(b) 

Figure 4. Froth of a) high depth with elliptical type of bubbles which exhibit 

the stiffness bubbles and their resistance against the flow and also carry 

particles of specific sizes and b) irregular in nature, high depth with 

bubbles of elliptical configuration and high stability 
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(a) 

 

(b) 

Figure 5. Froth of   a) high intensity, uniform in color and high froth grade 

and b) low intensity and non-uniform in color and low froth grade 

Stability of the froth is an indication of the degree of the 

separation of inorganic compounds and selectivity of 

precious substances. On the other hand, the instability of 

the froth causes the bubbles to rupture, to loss solid 

contents and the re-emergence of the froth in the pulp phase. 

However, excessive stability causes the selectivity of 

precious substances to be reduced (i.e., a froth of low 

grade). 

In flotation process, mobility and viscosity of froth are 

also of great concern. The inorganic hydrophobic contents 

of froth are also depends largely to the viscosity of the froth. 

Froth of high viscosity can delay the discharge of the 

hydrophobic substances and hence could have a negative 

effect on the performance of the process [13]. Froth 

bubbles of polyhedral and elliptical configurations have a 

high viscosity and low mobility. Therefore, these types of 

froth have higher froth grade and lower recovery. 

3. Fundamental stages of Image 

Processing 

A typical image processing flowchart is shown in Figure 

6. Fundamentally, image analysis method is divided into 

the following categories: processing of the primary surface 

(which includes the stored images and pre-processing), 

processing of the intermediate surface (which includes 

image segmentation) and recognition and extraction of the 

essential features from the original image. Processing of the 

above surface includes the classification and description of 

the image features. Pictures can be taken from the froth 

phase by a handy cam. Installation of a frame grabber on 

the computer could transform an analog signal to digital 

one. Furthermore, image analyses and processing could 

also be carried out on the same computer. 

 

Figure 6. Schematic flow diagram of an image processing system 

4. Froth Image Analysis Technique 

The fundamental stages of an image analyses method 

includes: image pre-processing, image segmentation which 

incorporates edge detection, specification of the features in 

the picture and finally evaluation of the geometrical 

features. 

4.1. Image Pre-Processing 

In this stage, a specified zone of the picture ought to be 

selected (i.e., region of interest or in brief ROI). This region 

should have a rectangular configuration that contains the 

main image and where the algorithm should be carried out. 

The main pictures are colored and recorded as 680×480 cm 

or 1152×840 cm frame. In general, pictures of 640×480 cm 

are employed and prepared for the analysis. The main aim 

of this work was to reduce the picture noise, to uniformly 

distribute light intensity on the bubble surface, to prevent 

the breaks up of a bubble to more than one and to have 

more clarity at the bubble edges. To obtain these objectives, 

smoothing-averaging filters, smoothing low-pass and 

Gaussian function were adopted. Most filters are 

mathematical functions in which alter the intensity of a 

grey pixel in accordance with the intensity of neighboring 

pixels. In these types of filters, the magnitude for each pixel 

are computed and corrected with respect to the magnitudes 

of the neighboring pixels and as a result, a coefficient was 

allocated for the kernel filter. If the magnitude or 

coefficients which was allocated for the kernel varies, the 

performance of the filter on the allocated value to the 

central pixel will also alters. In general, the coefficients 

which were defined on the kernel would demonstrate the 

contribution of neighboring pixels on the allocated value 

for the central pixel. The size of each kernel is an indication 

that how many of the neighboring pixels can effect and 

alter the allocated value to the central pixel. Figure 7 

demonstrates a typical performance of this category of 

filters which also incorporates a kernel of the size 3×3 that 

has been defined for it. 



American Journal of Chemical Engineering 2013; 1(4): 70-78 75 

 

 

 

Kernel 
 

Filtering 
 function 

Central pixel  
 

Neighbors 
 

Figure 7. Filtering mechanism 

4.2. Bubbles Boundaries Considerations 

Establishing bubble boundaries in an image is one of the 

most important and also complex stages in an image 

analysis practice. This is due to the complex nature of froth 

texture and the uneven reflection of the light on the bubble 

surface. Following the pre-processing of the main image, 

the edge detection stage has to be carried out. This is 

achieved by adopting Laplacian edge detection function. 

Figure 8 illustrate the effect of this function on the image 

after being processed. 

 

Figure 8. The effect of edge detection function on the froth image 

This function is a filter of linear type with a high pass 

category. This type of filter attempts to extract out the 

bubble boundary (with respect to the light intensity gradient 

between the bubble edge boundary and bubble itself) and 

hence to brighten up the image. Laplacian filter employs an 

operator of a second order differential. In general, they 

utilize kernels of different resolutions (e.g., 3×3, 5×5 or 

7×7) with different elements. A typical kernel of resolution 

3×3 is shown in Figure 9, where a, b, c and d are integer 

numbers. 

                                          

adc

bxb

cda

  

 

Figure 9. A typical kernel of resolution 3×3 

Depending on whether the central pixel x is equal or 

greater than absolute value of the square of the neighboring 

pixels coefficient, filter would have two different effects. In 

the first case, filters causes pixel recovery of those in which 

possesses more light intensity variations. These type 

variations can be originated due to the sharp edges, 

boundaries between the bubbles and the noises. In the 

modified image, boundaries would appear in a milky color 

with a black background. In the second case, filter would 

cause changes similar to the above one. However, in the 

preceding case the bubble would appear in milky color with 

a black boundary. By means of the combining the modified 

images through the aid of the operators such as OR or AND, 

one could obtain an enhanced results. 

4.3. Froth Feature Identification and Evaluation 

Froth feature is a part of an image that can be identified 

in it and then be counted or measured. In a froth image, 

each bubble is considered as a feature. Feature 

identification stands for identification of certain features in 

an image. By adopting proper thresholing function, one 

could divide an image into two parts: one is the feature 

zone and the other the distinction zone. To isolate the image 

features, one can adopt a thresholing function. In general, 

thresholing function is employed following the utilization 

of edge function. This procedure enables features to be 

identified from the background and to enhance the 

performance. The function which is employed is called 

metric thresholing function. In contrast to manual method, 

the use of automatic thresholing function does not require 

the adjustment of maximum or minimum of the thresholing 

function. As shown in Figure 10, an automatic algorithm 

method utilizes image histogram for the assessment of the 

threshold value. In this function, the value for the threshold 

is called k, and from that, the following correlation could 

be minimized: 

Class 1 Class 0 

Gray Level Value  

k 

h(i) 

i 

 

Figure 10. A histogram picture 

( ) ( ) ( ) ( )
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− = −∑ ∑               (1) 

In this equation, 1µ  is the average light intensity on all 

pixels in the range of 0 to k and 2µ  the average value of 

all pixels in the range of  k+1 to 255. Furthermore,  ( )ih  

is the number of pixels having the intensity of  i  and   

k designates the value of the gray level which have been 

allocated from the threshold function. 

4.4. Binary Morphology 

In spite of the fact that in binary segmentation, the 

bubbles appear to be detached from the background. 

However, due to the complex nature of froth texture the 

probability of the complete separation of bubbles in previous 
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stages are impossible. Furthermore, owing to the dissimilar 

effects of previous algorithms on the image structure, 

undesired features such as noises, dendrites and contact of 

bubbles on the image edge would be generated. 

Morphological functions could have an immense 

significance on the reduction or elimination of these 

undesired features on the image and hence modifying the 

images and the size of bubbles. The process of binary 

morphology can include the elementary process of pixel 

erosion and dilation or a combination of an advanced 

process. These functions could be manipulated and executed 

with the aid of structuring elements on the image and bubble 

edges which are allocated for these filters. By modifying the 

size of structuring matrices and allocation of appropriate 

values to the structuring elements of these matrices, the 

configurations of the bubbles and the way in which they 

could be separated might be manipulated and modified. In 

each of the structuring elements, three parameters are 

described which could identify how a pixel in the operation 

of morphology is processed. These parameters are: the size 

of the structuring elements of the matrices, the magnitude of 

these matrices and the way in which the neighboring pixels 

to the central one have been processed are selected. A typical 

of this is a 3×3 matrices of magnitude one. Due to the light 

intensity of these pixels, the selection of the structure for the 

neighboring pixels has an immense effect on the 

performance of the functions on the central one. The 

performance of a 3×3 matrices on the image (by considering 

the type of structures) are shown in Figure 11. In some of 

these functions, it is also required that the parameter of 

connectivity to be considered. The selection of this item 

could help the operator to identify a certain number of the 

neighboring pixels and be classified as a single image. In 

Figure 12, the performance of this function on the image 

processing is illustrated. 
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Figure 11. The operation of transforming the function with the help of 

structuring elements and the structure that have been chosen for the image 

for  a) square and  b) hexagonal elements 

 

(a) 

 

(b) 

Figure 12. The effect of  a) elementary and b) advanced morphology 

functions on the image processing 

4.5. Determination of Geometric Parameters for Bubbles 

The most important parameters that extracted from the 

bubble image geometry are: the number of bubbles in the 

specified zone, the average bubble size (i.e., equivalent 

diameter), the distribution of the bubble sizes (i.e., the 

standard deviation the bubble sizes), circularity factor, 

bubbles elongation (i.e., equivalent ellipse diameter) and 

the orientation of bubbles with respect to the cell edge. 

Table 2 illustrates the geometric parameters of typical 

image froth. 

Table 2. List of parameters and their values according to a typical image 

Equivalent 

diameter 
2.915 mm 

 

Circularity 

factor 
1.191 

Ellipse 

major axis 
4.552 mm 

STDEV of 

the bubble 

sizes 

2.239 mm 

Mean Hue 

color 

component 

29.008 

STDEV 

bubble 

colors 

21.198 

4.6. Color Analysis 

Classification of a color can be characterized by RGB 

(i.e., red, green and blue), HSL (i.e., hue, saturation and 
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luminance), HSI (i.e., hue, saturation and intensity) or HSV 

(i.e., hue, saturation and variety). In RGB coordinate, all 

the three colors are required simultaneously. However, in 

the HSL coordinates the portrayal of color is only done 

with the H. On the other hands, RGB coordinates have no 

intrinsic superiority over the HSL. However, the special 

features of HSL coordinate have caused it to be chosen for 

the majority of image processing applications. 

In the pixels color environment, H, S and L are features 

that distinguish one color from another. Hue coordinate 

corresponds to wavelength range for a color, therefore it 

signifies a color. The S component signifies the relative 

saturation of a color. A color other than white has one 

hundred percent saturation. L component signifies the rate 

of luminance of the image. The color of an image depends 

on the combination of H component and degree of its 

impurity. The relation between these two signifies the 

degree of the brightness of the color. 

In analyzing the colors, initially the histogram of image 

must be constructed in HSL coordinates. In these graphs, 

the values of color pixel element are plotted against the 

available pixels in the image. With the help of these graphs, 

statistical facts about the colors as a set of pixels could be 

extracted (as demonstrated in Table 2). Therefore, the 

utilization of color analysis could be employed as simple 

technique in different flotation processes and consequently 

for the evaluation of different ores in the froth. 

5. Conclusions 

In this research different type of filters, edge functions, 

thresholding functions and mathematical morphology have 

been employed for a series of images. Furthermore, the 

proper algorithm for these cases was evaluated. It was also 

attempted to utilize the proper functions in each stage. 

Furthermore, by considering the froth texture, the proper 

type of filters for the elementary and final image processing 

stages has been employed. The findings of this work reveal 

that by applying an appropriate filter on the image in the 

elementary processing stages, a better outcome for the edge 

detection stages could be resulted. 

On the other hands, thresholding functions are very 

sensitive. Hence, by scrutinizing the performance of the 

previous stages, one could establish and implement a 

proper function. The selection and hence computation of 

the upper and lower value for threshold limit could be 

carried out by hand. However, this is not feasible on the 

continuous image processing stages. Therefore, for the 

preceding case, it is recommended to adopt automatic 

threshold functions. Generally speaking, morphology 

functions could be employed for the following cases: 

improving pictures and bubble edges, separation of 

coalesced bubbles, filtering noises and unnecessary features 

of the images. In all stages of image processing, the froth 

texture could appreciably affect the employments of the 

appropriate kernels in filters, the structuring elements and 

the type of pixels connectivity in morphology functions. 

In order to analyze the colors, histograms in HSL 

coordinates should be prepared. Subsequently by adopting 

this type of histogram, the average value of color component 

and its standard deviation could be determined. It was also 

founded that from the knowledge of the froth image analyses, 

various types of froth could be categorized both 

quantitatively and qualitatively. Hence, from the above 

relation, the operating conditions and the performance of the 

cell could be studied. The findings of this research could 

also be implemented towards the training of the operators. 
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Nomenclature 

BP Back propagation 

( )ih  Number of pixels having the intensity of i 

HIS Hue, saturation and intensity 

HSL Hue, saturation and luminance 

HSV Hue, saturation and variety 

k Value of the gray level 

MLP Multilayer perceptron 

 Total data input to j
th

 neuron from the l
th

 layer 

RGB Red, green and blue 

ROI Region of interest 

SSE Sum of square errors 

 
Vector related to connection weights of neurons in 

the i
th

 layer 

Greek Letters 

1µ  Average light intensity on all pixels in the range of 0 to k 

2µ  Average value of all pixels in the range of  k+1 to 255 

 Error ratio of to jth neuron from the lth layer 
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