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Abstract Traditional methods for mixed-particle classification usually extract particle features from binary images.
After designing appropriate features according to the particle type, particles can be classified using widely known
classifiers, such as back-propagation neural network and support vector machine (SVM). However, classifying
touching particles is a challenging, and inappropriate feature design may further reduce the classification accuracy.
Herein, a convolutional neural network (CNN) is utilized to extract the features for building mixed-particle image
classifiers. In particular, particle locations in an image are determined using a region proposal network.
Furthermore, a classifier is designed and combined with a fully convolutional network to achieve pixel-level particle
segmentation. Experimental analysis is performed on some flowing-mixed-particle systems comprising spherical,
elongated, and irregular particles. According to the analysis results, SVM method using manually designed features
can achieve an average precision of 87 % and recall of 87% , whereas those of the CNN-based method are up to 97 %
and 93%, respectively. The latter method can also reduce the analysis error by more than 11% for number median
diameter (Dns,) of irregular particles. In addition, several shortcomings in traditional methods, such as the need for
manually designed features are solved, making it easier to build an end-to-end system for effective real-time image
analysis of flowing mixed particles.
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Table 1 Feature descriptors of particles

Parameter Symbol Description Category
Perimeter P The distance around the boundary of the region
Area A The actual number of pixels in the region
Equivalent diameter D., D.,=2 /A 1
T
Major axis L The major axis of the external ellipse
Minor axis S The minor axis of the external ellipse
Circulari C C P
ircularity =
2A ¢
Aspect ratio Ar The aspect ratio of minimum bounding rectangle
/ 2 2
Boundary irregularity Bi. B, =2n vA L +S 2
P 2LS
Uniformity U The ratio of the outer rectangle to the outer convex polygon
Angular point Ap The number of concave and convex points
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Fig. 1 CNN structure of mixed-particle classification
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Table 2 Structure configurations of conv3_x and conv4_x

Output size /

Stage Block structure Block count
(pixel X pixel)

1X1 128

conv3_x 28 X 28 3X3 128 3
1X1 512
1X1 256

convd_x 14X 14 3X3 256 20
1X1 1024
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Fig. 10 Cumulative distributions of equivalent diameters of particles obtained by different classification methods
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Table 3 Particle sizes measured by different classification methods

Diameter of spherical particles /pm

Diameter of irregular particles /pm

Diameter of elongated particles /pm

Method
D, D, s Do D, D, s D, s D, D, s D,
Ground truth 111.9 122.5 131.1 98.5 136.4 172.9 74.4 96.0 137.6
CNN 110.0 118.5 126.8 103.3 136.4 171.2 74.3 95.8 135.9
SVM_1 110.0 117.2 129.7 84.6 120.9 160.4 73.3 94.4 138.4
SVM_2 110.5 117.3 131.3 75.7 117.8 159.4 69.7 93.2 139.0
BP 105.3 116.1 137.3 84.2 112.0 157.7 76.0 101.1 147.4
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