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Abstract

A method for the detection of bubble-like transparent

objects with multiple interfaces in a liquid is proposed.

Depending on the lighting conditions, bubble appear-

ance varies significantly, including contrast reversal

and multiple inter-reflections.

We formulate the bubble detection problem as the

detection of Concentric Circular Arrangements (CCA).

The CCAs are recovered in a hypothesize-optimize-

verify framework. The hypothesis generation proceeds

by sampling from the components of the non-maximum

suppressed responses of oriented ridge filters followed

by CCA parameter estimation. Parameter optimization

is carried out by minimizing a novel cost-function by the

simplex method.

The proposed method for bubble detection showed

good performance in an industrial application re-

quiring estimation of gas volume in pulp suspension,

achieving 1.5% mean absolute relative error.

1. Introduction

The present paper proposes a method for the detec-

tion of bubbles or, more generally, transparent roughly

spherical objects with multiple interfaces, in a liquid.

Under different lighting conditions, the appearance of

bubbles varies from a pair of ring-like, bright ridge

edges to blurred dark edges with contrast reversal and

multiple inter-reflections. Experiments showed that ori-

ented filter responses induced by the presence of such

objects are well modelled by concentric arrangements

of circular arcs, as can be seen in Fig. 1.

Figure 1. Examples of images of bubbles

and local maxima (in spatial and orienta-

tion domains) of oriented ridge filters.

We therefore formulate the bubble detection problem

as a search for concentric circular arrangements (CCA),

which is the first contribution of the paper. The problem

is solved in a hypothesize-verify framework, sampling

from segments (connected components) of linked non-

maximum suppressed responses to oriented ridge filters.

The verification step uses a novel cost-function and the

simplex optimization method [8] for precise center and

scale estimation.

The application driving the research is paper, or

more specifically pulp, production. Gas volume in the

pulp suspension, estimated here from the size and num-

ber of detected bubbles, is an important factor in the de-

cision to terminate the bleaching stage of the papermak-

ing process [4]. The pulp suspension imaging at an in-

dustrial scale is a recent technique and we are not aware

of prior work in the area. We show experimentally that

the proposed method accurately estimates the gas vol-
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Figure 2. Examples of pulp suspension

images.

ume. This has a potential for significant economic im-

pact as just-in-time termination of the pulp bleaching

process saves energy and materials considerably.

The problem of bubble-like object detection has re-

ceived limited attention in the literature. Voting tech-

niques based on the Hough Transform (HT) and its

modifications have been applied to the problem [7, 9].

We attempted a Hough transform based approach with

limited success. In the HT, the cost function has a

form of a sum which is calculated through voting. This

makes HT insensitive to information about spatial con-

nectivity. In images with cluttered background, e.g. due

to fibers, the HT produced multiple spurious extrema

that lead to false positives.

A sliding window approach [10] or template match-

ing [11] with a circle-like prototype did not lead to good

performance because of the high variation of bubble ap-

pearance, demonstrated in Fig. 2.

The main contributions of the paper are (i) a method

for the detection of bubble-like objects in liquid as CCA

and (ii) application of the method to the bubble de-

tection in pulp suspension. Together they enable the

vision-based gas volume estimation based on new data

from imaged pulp suspensions.

The method for detection of concentric circular ar-

rangements is presented in Section 2. Experimental

evaluation of the method in terms of bubble detection

accuracy and gas volume estimate method is described

in Section 3. The paper is concluded in Section 4.

2. CCA detection

The stages of the proposed method for CCA detection

are illustrated in Fig. 3. Given a grayscale image as

an input, the system outputs the CCA centres and radii.

The process has two stages: (i) feature extraction, i.e.,

orientation sensitive ridge filtering, non-maximum sup-

pression followed by linking, and hysteresis threshold-

ing [3], and (ii) parameter estimation when hypotheses

of bubbles are generated from CCA, optimized, and ver-

ified.

2.1 Oriented edge map computation

The images are filtered by a second derivative zero-

mean Gaussian filter in eight directions (see the filter

mask in Fig. 3). For further processing we take the ab-

solute value of the responses to capture both bright and

dark edges. Then, the dominant orientation of the edge

normal in each point is computed as maximum of the

eight filter responses [6].

The non-maximum suppression in the dominant ori-

entation of the edge normals are performed together

with hysteresis thresholding and linking as in [3].

2.2 CCA hypothesis generation and optimiza-
tion

The hypotheses are generated using a modified

RANSAC procedure [5]. The triples needed to spec-

ify the circular region are sampled non-uniformly from

edge string from a tile. If the curvatures at the three

sampled edges is incompatible, the sample is dropped.

The hypotheses generated from the minimal samples

are subsequently optimized with respect to the CCA

center and the radius; the parameter θ [2] (see Fig. 4(a))

is fixed to R/2 .

The contribution of an edge p(xp, yp) with orienta-

tion αp to the support of a CCA center c(xc, yc) is de-

fined as

fp = g(∆α) · q(r), (1)

where r =
√

(xc − xp)2 + (yc − yp)2 is the Eu-

clidean distance from the edge p to the center c(xc, yc);

∆α = |αp − arctan(
|xc−xp|
|yc−yp|

)| is the absolute differ-

ence between the edge direction αp and the direction

of the edge normal pointing to the center, as shown

in Fig. 4(a). The weight function for the edge dis-

tance from a center q(r) is presented in Fig. 4(b). Its

shape reflects the fact that the inner structure of a bub-

ble also votes for a hypothesis. The values R−0.4R and

R + 0.1R were learnt experimentally from the ground

truth. The weight function for edge direction is com-

puted as g(∆α) = 1

1+∆α
to put less weight to the edges

with inconsistent orientation.

For each CCA hypothesis a function

fh =
1

R

N
∑

i=1

fpi
(2)
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Figure 3. The proposed method for bubble detection - an overview.
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Figure 4. CCA: (a) The CCA model; (b) The

weight function for edge distance from

the center.

is computed, where N is the number of supporting

edges and R is the hypothetical radius. For each CCA

hypothesis, the center and the radius are optimized us-

ing the simplex method [8].

Finally, the non-maximum suppression is performed

on the CCA parameters. If the distance of the centres

and the difference of the radii is smaller than 50%, the

CCA hypothesis with the stronger support suppresses

the hypothesis with weaker support.

3. The test data and experiments

Data. The experiments were performed on 23 fully an-

notated microscopic images with resolution 676x676

produced in the PulpVision project [1]. In total, 419

bubbles were marked by an expert. The volume of a

bubble with radius R was calculated as V = 4

3
πR3,

assuming that bubbles have an approximately spherical

shape. A bubble was considered correctly detected if

the distance of the centres of the detected and expert-

marked bubble and the difference of radii was smaller

than 15% of the radius of the ”ground truth” bubble. A

”ground truth” bubble was matched with at most one

detected bubble.

Experiments. The histograms of bubble sizes,

summed over all images, for the ground truth bubbles,

for the detection results and for true positives (TP) are

shown in Fig. 5(a).

In the dataset, all big bubbles, i.e. bubbles with ra-

dius (≥ 1.1mm), were detected correctly. The 1.1mm–

1.7mm group includes false positive (FP) detections,

but no false negatives (FN). In the small bubble range

(< 1.1mm), both false negatives and false positives are

present. In the intended application, the precision of

the gas volume estimation is the key parameter. We

therefore show the importance of different size group

in Fig. 5(b). Note that large bubbles are as important

as small ones which might be missed when looking just

at Fig. 5(a). The estimated mean absolute relative er-

ror of the volume is 13%. Since the estimate is biased

we introduce a bias-correcting γ(R), see Fig. 5(c). The

function γ(R) was computed from the volume-size dis-

tribution histogram as follows:

γ(Ri) = |1−
Vgti

Vesti

| (3)

where Ri is the radius of a size group i, Vgti is the

ground truth volume for the size group i, and Vesti is the

estimated volume for the size group i. The gas volume

detected in each image was re-estimated using the in-

troduced function: V
′

est =
∑N

i=1
(Vesti +Vesti ·γ(Ri)),

where Vesti is the originally estimated volume for size

group i and V
′

est is the re-estimated volume.

After re-estimation by using the full data, the mean

absolute relative error of the volume for M images

is 1

M

∑M

i=1
(
|Vesti

−Vgti
|

Vgti

) which equalled to 1.5%. A

global bias-correction which scaled the estimated vol-

3
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ume led to a 6% error. We are aware of the fact that the

bias correction was performed on the test data which

could lead to overfitting. Since only three averages were

estimated, the effect is not significant.

The method works well for bubbles fitting the model,

i.e. with bright ridge edges, c.f. Fig. 6. However,

small blob-like bubbles without a clear ridge edge are

often not detected because they manifest themselves as

blobs rather than objects with ridge edges, see Fig. 6(a).

Fortunately, such small bubbles contain very little gas,

and therefore, these false negatives have a notable effect

only on the estimation of the bubble size distribution.

Same false negatives are caused by fibres obscuring the

bubbles as in Fig. 6(b). The presence of fibers in the

images is also a source of false positives, see Fig. 6(c)

and Fig. 6(d).

The whole process was implemented in Matlab. On

a PC with a single core 1.6 GHz CPU the running

time was on average 14 seconds per image. The time

breakdown was as follows: orientation sensitive filter-

ing 36%, non-maximum suppression 4%, thresholding

and linking 4%, hypothesis sampling 5%, hypothesis

optimization 50%, hypothesis selection 1%.

4. Conclusions

We presented a method for the detection of bubbles, or

more generally, transparent spherical objects, in a liq-

uid. The problem was formulated as the detection of

Concentric Circular Arrangements (CCA) which are re-

covered in a hypothesize-optimize-verify framework.

The proposed method for bubble detection showed

good performance in an industrial application requiring

estimation of gas volume in pulp suspension, achieving

1.5% mean absolute relative error. The detection takes

approximately 14 seconds per image which in the con-

text of pulp production is real time (the process takes

hours).

In the future work the experiments will be performed

by using a larger set of process data enabling proper se-

lection of the parameter values and method validation.

As part of this the effects of different parameters will be

fully analysed.
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Figure 5. Detection results: (a) The number of bubbles as a function of size; (b) Bubble volume

as a function of size; (c) Volume bias correction for different size groups in %.

(a) (b) (c) (d) (e)

Figure 6. Detection examples: true positives (blue), false negatives (red), false positives (yel-

low).
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