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Abstract: Lots of noises and heterogeneous objects with various sizes coexist in a complex image, such as an ore image; the classical image 
thresholding method cannot effectively distinguish between ores. To segment ore objects with various sizes simultaneously, two adaptive 
windows in the image were chosen for each pixel; the gray value of windows was calculated by Otsu’s threshold method. To extract the ob-
ject skeleton, the definition principle of distance transformation templates was proposed. The ores linked together in a binary image were 
separated by distance transformation and gray reconstruction. The seed region of each object was picked up from the local maximum gray 
region of the reconstruction image. Starting from these seed regions, the watershed method was used to segment ore object effectively. The 
proposed algorithm marks and segments most objects from complex images precisely. 
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1. Introduction 

Getting the physical characteristics of conveyor belt ores 
by capturing and segmenting images is an effective method 
for crusher automatic control. However, the marking and 
segmenting of ore objects in a complex image are very chal-
lenging [1-2]. Some heterogeneous ore objects with various 
sizes are coexisting, and a number of small ores embedded 
into big ores bring about noise. A part of boundaries of con-
glutinating ores are blurred. 

Pixel feature analysis, such as color and texture analysis, 
is the classical method for image object segmentation and 
recognition [3-4]. The segmentation technique that gener-
ates binary object shapes through learning of pixel and 
shape features is proposed by Mukherjee et al. [5]. Pixel 
analysis is ineffective for complex ore segmentation, be-
cause some pixels within an ore object have different prop-
erties. Kittler et al. [6] used a gray threshold method to ex-
tract the highlight region of objects, but some of object 

shapes were destroyed. Otsu’s method is a global threshold 
method, which selects the threshold based on the maximum 
of between-class variances [7]. Otsu’s approach may miss 
some lower brightness objects in a multi-object complex 
image. 

The dynamic threshold method is a suitable selection for 
complex image segmentation. Simphiwe [8] used two win-
dows to segment ore images. The larger window treats large 
ores more precisely and the smaller window finds out small 
ores more completely. The image is thresholded by the 
mean gray in windows. However, ore and background in-
formation within windows is uneven and some big noise ar-
eas within the ores are diffused. 

An adaptive Otsu threshold method [9] combining 
bi-window with Otsu threshold method was used in this pa-
per. The sizes of the two windows were determined by ore 
object geometrical features. The gray thresholds of the two 
windows were calculated using Otsu’s optical threshold 
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method. Each pixel was binarized according to the smaller 
gray value of the two windows. By the method adaptive to 
threshold complex ore images, more edges between objects 
could be preserved and more noise areas within the ores 
could be removed. 

Some linking ore objects in a binary image resulted from 
adaptive Otsu thresholds may be segmented into a whole 
object. Just extracting a seed region for each ore object can 
guarantee that most of ores are identified and segmented 
precisely. The thinning algorithm [10] can separate conglu-
tinated ore objects through extracting the ore skeleton, but 
many ore objects are out of their original shapes. Distance 
transformation [11-12] of the binary image can segregate 
these linked objects and ore shapes is well maintained. The 
definition principle of distance transformation templates was 
proposed in the paper. Reconstruction [13] after the distance 
image can obtain high gray regions of each ore, and the 
highest gray region of each ore is marked as its seed region. 
By the marker-based watershed algorithm [14-15], seed re-
gions grow outward continuously in parallelism until the 
boundary condition of segmented ore objects is satisfied. 

2. Adaptive Otsu threshold 

The threshold method is an image segmentation method, 
and gray thresholds are selected for discriminating two or 
more classes of gray levels in an image. An adaptive Otsu 
algorithm with the advantages of both bi-windows and Otsu 
threshold can treat a gray image into a high-performance 
binary image. 

For each pixel, its adaptive threshold is the maximum of 
intensity variances between neighborhood object pixels and 
neighborhood background pixels. The step of adaptive Otsu 
thresholding is as follows. 

(1) Select two neighborhoods for every pixel. For each 
pixel p in image f (x,y), select two windows with the sizes of 
n×n and m×m respectively, which are determined by image 
objects (n and m are odd integers). The inspected pixel p is 
located at the center of windows. 

(2) Calculate the variance of neighborhood images. For a 
given neighborhood image s(x,y) with h gray level, all pixels 
in image s(x,y) are divided into two groups by the threshold 
j (0≤ j ≤ h−1), and. Group A includes all pixels whose gray 
values are less than or equal to j, and group B includes all 
pixels whose gray values are greater than j. (wA(j), MA(j)) 
and (wB(j), MB(j)) denote the number of pixels and the av-
erage gray level in groups A and B, respectively. MT is the 
average gray level value of all the pixels in image s (x, y), 
and σ2(j) is the variance between the two groups. 

(3) Calculate the optical window threshold. The variance 
of each gray level j (0 < j < h−1) is calculated by Eq. (1). 
The gray value corresponding to the greatest variance is the 
resulting threshold T of image s(x, y). Otsu ( , )n

pT N j  and 
Otsu ( , )m

pT N j , determined by maximal between-class vari-
ance 2( )jσ , denote the two optimal window thresholds of 
pixel p. 
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(4) Binarize image. For each pixel p, the minimum gray 
value between Otsu ( , )n

pT N j  and Otsu ( , )m
pT N j  is chosen 

and pixel p is thresholded by Eq. (2). Finally, the binary 
image fb(x,y) for all indices x and y is obtained. 
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3. Distance transformation based on templates 

A binary image is expressed by C
b ( , ) { , }f x y X X= , 

where X is the subset of all ore pixels po and XC is the subset 
of all background pixels pb. By assigning each ore pixel to a 
corresponding gray value, which is the shortest distance to 
its nearest background pixel, fb(x,y) is transformed into dis-
tance image fd(x,y) according to Eq. (3). 

C
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⎧ ∈ ∈⎪= ⎨
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Function dis(po, pb) denotes the distance of each ore pixel 
po within X to its neighborhood background pixel pb within 
XC. Distance image fd(x,y) is resulted by a pair of templates; 
the gray value of each background pixel pb in templates is 
zero and the gray value of each ore pixel po in templates is 
the shortest distance to its nearest background pixel pb. Dis-
tance transformation can be implemented by definitions 1 
and 2. 

Definition 1  The size of a pair of templates M+ and M− 
is N×N. N is equal to 3 in Fig. 1(a) and equal to 5 in Fig. 
1(b). N varies with the sizes of objects detected in the image. 
The value of a template element denotes the distance of the 
element to the template center. 

Starting from the upper left pixel of image fb(x,y), a 
sub-image 

opN is chosen in fb(x,y) for each object pixel po.  

(2)
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Fig. 1.  Two pairs of templates with different sizes: (a) 3×3; (b) 5×5. 

The size of 
opN is the same as that of template M+ and pixel 

po is located in its center. Elements of corresponding posi-
tion in M+ and 

opN are added together. 

Definition 2  ⊕ is an operator. 
op ⊕N M  denotes the 

adding relationship of elements in 
opN and M. 
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Index i denotes the i-th element in template M+ and M. 
Only when both 

o

i
pN  and Mi are non-zero, 

o

i
pN  and Mi 

are added together; otherwise, the sum of 
o

i
pN + M i is 

equal to zero. The gray value of each object pixel is the 
minimum of 

op ⊕ +N M . The upper left skeleton image 

d ( , )f x y+  is obtained by M+. 
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Scanning an image from the lower right pixel, the lower 
right skeleton image d ( , )f x y−  is obtained by module M-. 
Distance image fd(x,y) is obtained by 

d d d( , ) ( , ) ( , )f x y f x y f x y+ −= + .                    (6) 

4. Ores segmentation 

Distance an image may contain a set of local maximum 
regions whose gray values are higher than their neighbor-
hood pixels. Each ore pixel in fd(x,y) degrades a constant 
value h, and ores linked together in fd(x,y) could be sepa-
rated [13]. 

d( , ) ( , )hf x y f x y h= −                             (7) 

Ore pixels in fh(x,y) are the subsets of ore pixels in fd(x,y). 

Gray scale reconstruction is defined in terms of geodesic di-
lation method. An elementary geodesic dilation of gray 
scale image fh(x,y) under fd(x,y) is defined as 

d

(1)
d( , ) ( ( , )) ( ( , ) ( , )h hf x y f x y f x y f x yδ = ⊕ ∧)B            (8) 

where fh(x,y)⊕ B is the gray scale dilation of fh(x,y) by a 
structuring element of size unity, and ^ the point-wise 
minimum operator. A geodesic dilation of size n is ob-
tained by iterating elementary geodesic dilations n times in 
the binary case. The gray scale reconstruction 

d ( , )f x yR  
( ( , ))hf x y  of fh(x,y) originated from fd(x,y) is obtained by 

iterating geodesic dilations of 
d

(1)
( , ) ( ( , ))hf x y f x yδ until stabil-

ity is reached. For detected ores, gray reconstruction re-
mains a region set whose gray value is higher than 
neighborhood pixels. The highest gray region within an 
ore is marked as the ore seed region. 

dd ( , )Set(regions) ( , ) ( ( , ))f x y hf x y R f x y= −           (9) 

A classical method for image segmentation application is 
the watershed transform. An image intensity map is viewed 
as a topographical landscape where intensity maxima are 
catchment basins and the ridges are the watersheds [16]. For 
these image objects whose color and texture information are 
unreliable and inconsistent, their general shortcomings are 
over-segmentation and sensitive to noise. In morphological 
difference image, all seed regions grow outward in parallel-
ism according to the marked watershed method until the 
boundary conditions of segmented ores are satisfied. 

5. Experiment result and analysis 

Thresholding is important for object segmentation of 
complex image, and a lot of different objects are trans-
formed into foreground of binary image. Complex ore im-
age in conveyor belt shown in Fig. 2(a) includes a lot of 
noises and ores with all sizes. The performance of adaptive 
Otsu threshold is validated by binarizing the ore image and 
being compared with Otsu’s method and the bi-window 
threshold method. The thresholding results of the Otsu, 
bi-window, and adaptive Otsu method are shown in Fig. 
2(b)-2(d). 
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Fig. 2. Original image and the results: (a) original complex ore image with a size of 408×289; (b) binary image using Otsu’s method; 
(c) binary image of the bi-windows technique; (d) binary image of the adaptive Otsu the technique; (e) distance image of the ore im-
age by templates (a); (f) distance image of the ore image by templates (b); (g) thinning result of the ore image; (h) seed image of (e); (i) 
seed image of (f); (j) seed image of (g); (k) morphological gradient image of the original ore image; (l) image segmentation result with 
the watershed algorithm from (h). 

The Otsu threshold method does not simultaneously find 
objects with different sizes. In Fig. 2(b), more than 60% of 
smaller ores are thresholded into background and almost all 
of adjacent larger ores are conglutinated together. 

The smaller window with a size of 25×25, which is close 
to the mean size of small ores in Fig. 2(a), is used for de-
tecting small ore objects, and the larger one with a size of 
195×195, which is close to the size of the largest ore in Fig. 
2(a), is used for detecting larger ore objects. In Fig. 2(c), the 

bi-window method can detect more than 80% of small ore 
objects. However, the noise areas within ores are diffused by 
the bi-window method, and 7.1% pixels within ores are in 
the form of holes. 

The threshold result of the adaptive Otsu threshold in Fig. 
2(d) is superior to that of the Otsu threshold and bi-window 
threshold. In Fig. 2(d), most of the ores are well-segmented, 
and almost no noise exists in ore objects. 

Using templates in Fig. 1(a) and 1(b), the distance trans-
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formation results of Fig. 2(d) are shown in Fig. 2(e) and 2(f). 
Thinning results of Fig. 2(d) is shown in Fig. 2(g). Recon-
struction parameter h is 25. For Fig. 2(e)-2(g), their seed 
images are shown in Fig. 2(h)-2(j), respectively. The mor-
phological gradient result of Fig. 2(a) is shown in Fig. 2(k). 

The segmentation result in Fig. 2(h) is almost the same as 
that in Fig. 2(i). Eight additional small ores are found and 
two ores are over-segmented in Fig. 2(i). The segmentation 
results in Fig. 2(h) and 2(i) are better than that in Fig. 2(j); 
the largest ore region is segmented into four different seeds 
and more than 10% ore seed areas are linked together in Fig. 
2(j). 

Each seed region is growing outward in a morphological 
gradient image to search the boundary of ore objects. Ore 
segmentation is dealt with the traditional watershed algo-
rithm, and the segmentation result of the seed image in Fig. 
2(h) is shown in Fig. 2(l). Most of large ores are segmented 
precisely. However, some small ores are aggregated to-
gether. The templates proposed in this paper are very adap-
tive for complex ore image segmentation. The un-
der-segmentation problem can be overcome by marking 
each ore object in Fig. 2(f) with the edge tracing method. 

6. Conclusion 

An adaptive Otsu threshold method was used to segment 
a complex ore image. The resulting binary image has fewer 
conglutinated ores than Otsu threshold’ result and has less 
noise area than the bi-windows thresholding result. The 
principle and templates of distance transformation are pro-
posed; a reconstruction technique based on distance trans-
formation benefits seed region extraction of ore objects. 
Seed regions grow outward to the ore boundary in a mor-
phological gradient image. The adaptive Otsu threshold 
method and template transformation have a good adaptabil-
ity for object segmentation in a complex image. 
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