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ABSTRACT Material microstructure data are an important type of data in building intrinsic relationships between compositions,

structures, processes, and properties, which are fundamental to material design. Therefore, the quantitative analysis of microstructures is
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essential for effective control of the material properties and performances of metals or alloys in various industrial applications.
Microscopic images are often used to understand the important structures of a material, which are related to certain properties of interest.
One of the key steps during material design process is the extraction of useful information from images through microscopic image
processing using computational algorithms and tools. For example, image segmentation, which is a task that divides the image into
several specific and unique regions, can detect and separate each microstructure to quantitatively analyze its size and shape distribution.
This technique is commonly used in extracting significant information from microscopic images in material structure characterization
field. With great improvement in computing power and methods, a large number of image segmentation methods based on different
theories have made great progress, especially deep learning-based image segmentation method. Therefore selecting an appropriate
evaluation method to assess the accuracy and applicability of segmentation results to properly select the optimal segmentation methods
and their indications on the direction of future improvement is necessary. In this work, 14 evaluation metrics of image segmentation were
summarized and discussed. The metrics were divided into five categories: pixel, intra class coincidence, edge, clustering, and instance
based. In the application of material microscopic image analysis, we collected two classical datasets (Al-La alloy and polycrystalline
images) to conduct quantitative experiment. The performance of different segmentation methods and different typical noises in different
evaluation metrics were then compared and discussed. Finally, we discussed the advantages and applicability of various evaluation
metrics in the field of microscopic image processing.

KEY WORDS computer vision; image segmentation; image processing; segmentation evaluation metrics; material microscopic image
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Table 3 Description of two material micrographic image datasets

ID Microstructure Image size Image number
1 Polycrystalline iron 1024x1024 296
2 Al-La alloy 1024x1024 50
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Table 4 Evaluation results under different segmentation algorithms for polycrystalline iron image

FrRr7s. BRSSO 2 R AE A R] 23 F1 53k
TS EAG AR AN 5 R, Hoal AL s il in & 4
NPT TR,

Z AhEER AR GURMEA [ 73 B TIPS 4G

Pixel based evaluation methods

Segmentation algorithm

Intra class coincidence based
evaluation methods

Edge based evaluation methods

Pixel accuracy ~ Mean accuracy MIoU FWIoU Dicescore  Figure of merit Completeness Correctness

OTSU 0.9443 0.7800 0.7226 0.8979 0.9696 0.6593 0.8298 0.9146

Canny 0.9145 0.6364 0.5811 0.8468 0.9540 0.4085 0.7007 0.9156

Watershed 0.9017 0.5613 0.5109 0.8236 0.9476 0.2009 0.4516 0.6537

K-means 0.5739 0.5469 0.4331 0.5307 0.5771 0.4906 0.8598 0.5796

Random walker 0.9447 0.7925 0.7293 0.8994 0.9697 0.6963 0.8445 0.9059

Unet 0.9311 0.9423 0.7510 0.8898 0.9605 0.8933 0.9784 0.8562

Edge based evaluation methods Clustering based evaluation methods Instance based evaluation methods
Segmer}tation VI
algorithm Quality RI ARI cD MAP
ME SE VI

OTSU 0.7361 0.7187 0.0582 4.3330 0.0218 4.3548 178.8333 0.1593
Canny 0.5482 0.1356 —0.0053 7.2893 0.0084 7.2978 199.0000 0.0333
Watershed 0.2164 0.9444 0.1552 1.7498 0.3439 2.0937 29.5667 0.1592
K—means 0.4751 0.4687 0.0273 3.8777 0.5202 4.3979 —234.8333 0.0932
Random walker 0.7477 0.7651 0.1087 3.8414 0.0262 3.8676 164.1667 0.1789
Unet 0.8450 0.9819 0.5917 0.0504 0.0722 0.1226 —33.1333 0.5465
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Fig.4 Visualization results of different segmentation methods for polycrystalline iron and Al-La alloy microscopic image
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Table 5 Evaluation of different segmentation results for Al-La microscopic image

Pixel based evaluation methods
Segmentation algorithm

Intra class coincidence based evaluation methods

Clustering based evaluation methods

Pixel accuracy Mean accuracy MIoU FWIoU Dice score RI
OTSU 0.6263 0.7025 0.4538 0.4441 0.6573 0.6981
Canny 0.5259 0.6126 0.3497 0.3315 0.5890 0.4780
Watershed 0.4199 0.5426 0.2373 0.1974 0.5557 0.5902
K-means 0.5078 0.5098 0.3287 0.3482 0.3434 0.5210
Random walker 0.5110 0.4027 0.2559 0.3249 0.0024 0.3552
Unet 0.9850 0.9854 0.9684 0.9706 0.9796 0.9810

Clustering based evaluation methods

Instance based evaluation methods

Segmentation algorithm VI

ARI CD MAP

ME SE VI
OTSU 0.3000 0.3075 0.0135 0.3210 —1680.9000 0.2170
Canny —0.0237 6.0105 0.0054 6.0158 —1467.1000 0.0459
Watershed 0.0022 0.5689 0.2377 0.8066 —1014.4000 0.0131
K-means 0.0064 0.8567 0.2247 1.0814 —2216.2000 0.1102
Random walker —0.1720 0.0000 2.2680 2.2680 —10918.3000 0.0000
Unet 0.9604 0.0191 0.0182 0.0373 —10.7000 0.8453
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Fig.5 Two microscopic images with different noises: (a) polycrystalline iron; (b) ground truth of (a); (c) random noises with 500 pixels in (b); (d) scratch
noises with 500 pixels in (b); (¢) missing boundaries with 500 pixels in (b); (f) Al la alloy; (g) ground truth of (f); (h) random noises with 500 pixels in (g);

(i) scratch noises with 500 pixels in (g)
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Table 6 Results of different evaluation methods for polycrystalline iron image under different noises

Intra class coincidence based

Pixel based evaluation methods

evaluation methods

Edge based evaluation methods

Noise type
Pixel accuracy Mean accuracy MIoU FWIoU Dice score Figure of merit Completeness  Correctness
Random noises 0.9980 0.9989 0.9833 0.9961 0.9989 0.9790 1.0000 0.9737
(—0.0020) (=0.0011) (-0.0167) (—0.0039) (=0.0011) (=0.0011) (=0.0000) (=0.0263)
Seratch noises 0.9980 0.9989 0.9833 0.9961 0.9989 0.9739 1.0000 0.9702
(—0.0020) (=0.0011) (-0.0167) (—0.0039) (=0.0011) (-0.0261) (—0.0000) (=0.0298)
Missing 0.9964 0.9713 0.9694 0.9929 0.9981 0.9426 0.9465 1.0000
boundaries (—0.0036) (—0.0287) (=0.0306) (—0.0071) (=0.0019) (=0.0574) (—0.0535) (=0.0298)
Edge based evaluation Clustering based evaluation methods Instance-based evaluation
methods methods
Noise type VI
Quality RI ARI CD MAP
ME SE VI
Random noises 0.9737 0.9997 0.9940 0.0000 0.0002 0.0002 -3.0000 0.9629
(—0.0263) (=0.0003) (=0.0060) (+0.0000) (+0.0002) (+0.0002) (=3.0000) (=0.0371)
Seratch noises 0.9702 0.9964 0.9322 0.0000 0.2045 0.2045 —14.0000 0.7795
(—0.0298) (—0.0036) (—0.0678) (+0.0000) (+0.2045) (+0.2045) (—14.0000) (=0.2205)
Missing 0.9463 0.9844 0.7743 0.4990 0.0000 0.4990 12.0000 0.7606
boundaries (=0.0537) (=0.0156) (=0.2257) (+0.4990) (+0.0000) (+0.4990) (+12.0000) (=0.2394)
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Table 7 Results of different evaluation methods for Al La alloy under different noises

Pixel based evaluation methods

Intra class coincidence based evaluation methods

Clustering based evaluation methods

Noise type

Pixel accuracy ~ Mean accuracy MIoU

FWIoU

Dice score RI

Random noises 0.9980(—0.0020) 0.9974(—0.0026)  0.9958(—0.0042) 0.9960(—0.0040) 0.9974(—-0.0026)
Scratch noises  0.9980(—0.0020) 0.9974(—0.0026)  0.9958(—0.0042) 0.9960(—0.0040) 0.9974(—0.0026)

0.9974(~0.0026)
0.9966(~0.0034)

Clustering based evaluation methods

Instance based evaluation methods

Noise type VI
ARI CD MAP
ME SE VI
Random noises 0.9945(—0.0055) 0.0000(+0.0000) 0.0010(+0.0010) 0.0010(+0.0010) —4.0000(—4.0000) 0.9513(—0.0487)
Scratch noises 0.9929(-0.0071) 0.0000(+0.0000) 0.1004(+0.1004) 0.1004(+0.1004) —2.0000(—2.0000) 0.9627(—0.0373)
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