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Development for a Semantic Segmentation Model for Metal SEM
Images Based on Multi-scale Cross-attention and SegFormer
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Abstract: This paper proposes a semantic segmentation model based on cross-attention and SegFormer for segmenting metal grains
in scanning electron microscope (SEM) images of stainless-steel specimens manufactured through additive manufacturing. Unlike
benchmark datasets commonly used for developing image segmentation models, metal grains in SEM images exhibit minimal color
variation within individual grains and have diverse shapes among grains belonging to the same class, making segmentation challenging.
The segmentation model often struggles to distinguish grains because of variations in grain size. Therefore, we enhance the performance
of the vision transformer-based semantic segmentation model SegFormer by incorporating a cross-attention module. Furthermore, the
model is trained with the backbone network of SegFormer initialized with ImageNet-pretrained weights. We demonstrate the superiority
of the proposed model through comparative experiments between convolutional neural network- and transformer-based semantic
segmentation models.

Keywords: semantic segmentation, multi-scale cross-attention, SEM image, metal additive manufacturing, deep learning
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Fig. 1. Examples for metal SEM image data.
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Fig. 2. Multi-scale features comparison for metal SEM image data.
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Fig. 3. Overview of an architecture of the proposed method.
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Table 1. Comparison on semantic segmentation models for SEM

images.
mloU Class ratio[%p]
Mask2Former [5] 0.328 16.07
U-Net (MobileViT [20]) 0411 16.87
SegFormer BO [4] 0.430 14.37
SegFormer B5 [4] 0451 10.39
Proposed method 0.478 9.97

¥ 2. Cross-attention W&kl u}2 A5 H]aL
Table 2. Comparison based on cross-attention direction.

mloU Class ratio[%p]
Backward 0476 10.03
Forward (Proposed) 0.478 9.97

3% 3. Cross-attention A3t Wel & 4% H]aL

Table 3. Comparison based on integration methods for cross-

attention.
mloU Class ratio[ %p]
Addition 0412 10.28
Concatenation (Proposed) 0.478 9.97
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Fig. 4. Qualitative comparison on the proposed method, Mask2Former, U-Net (MobileViT), SegFormer B0, and SegFormer BS
(Class A, B, and C are described in red, blue, and green, respectively).

o}71X Q; = WoF, K; = WiF,,V; = Wy F;= 77} attention
ke $18F query, key, value©] 3L Wy, Wy, Wy, = 3155 7Fs8
TR0, di £ key WEQ] 2FY Srolth. I 1oM 2
T AR, ik 24 57 WS segmentation headoll Y= = o]
Compea MEZE kemel =717} 12! convolution layer—— o]&-3j

ZA39 g2, A9 AYUO=E concatenatedte] §3HELh 8%
H 54 M2 segmentation layerol] oJ3] A o] SFHAE
of| Sel=t] &8k

Al
=

ook

2

. CloleMl 3! st stolmuf2 o (&

% e ZEHRIE A AF AXE TEoX] 54 A
He] HehAS #gk SEM o|nH ¢} Aol wheh e
A 9 ground-truth A g AR S5 dojg] 2
H7b del"e 47 147, 96702 FAETh i ou|x]
SIS 1280x96001 4] 640x640 2.2 resizedt Thar 480x480 =
719l 29l aops AASI] EEETE 1 9,
RandomGaussianBlurE &3 tloly S8 3y
ImageNet[19] 815 A AHEE= Atsls 183t o]F 4
AR g7l A Fel AT W BE 3L CE 2F0E X
Alghtt.

Ajreh= W 2 7|E AldE 2 E%l o5 B ke

2 mini-batch 7|2 150
epoch &<t X3P, momentum 092 2743 AdamW
optimizerE 5% 0.0005%2 A3} Polynomial Learning
Rate SchedulerE ©]-83l 555 ol 2] 29} o] 7
A g5 S =Rlvh

14
LR, = LRy x (1-1) Q)
21 28] 7Hag pE 000050)3 TE & 35 W & t=
A 5 WA, LRy Z7] k5, LR, & @A v tol
Ae] skgEolt), &4 d4E URkEQl cross-entropy 71HF
e Agai Ae oflel gl
L=-%{,y1og®) 3

2] 304 ¢ ZE& N4y ground-truth PR, ;2
24 oS gE gho] 23ty mfFolt) BY 45 HUHE

131l mloU (mean Intersection-Over-Union) ¥} &2~ H|-& 9.2f
Classratios AH&-3Ch mloU+= &3t w9 H3 v)&S
Axlete] &8 Ao weg W7k Wi ol Class atios ¥
oju|A|e X S~ H HES Allele] FY~ FxE 7t
= Wolth 53], Class ratio= 55 A% Al Akgel A
SEM oMAR SAst= B4 5 sl e fAke
WAl o g ARE7] witel Class ratio®] FA7F 75 4
g dE 590 78S AFE vk moU= E9~
9 confusion matrixE ALsE F <153 993} ground-truth
AAs T FY o] AR G99 HES Alteitt Class
ratior= 55 7} dlo|Eol| |53t nf~T9} ground-truth v}
27e] A g S92 vl g oAb it ghs Alkkei

TP;

mlol = _Zl 1 TP, +FP+FN; @
Class ratio = %2?:1 €c, ®)
1 N 1 &N

4714 TR Bels iol o) ¥kl e B4
PR Fol2s 7] obd Hag AR olSe W4 4 PN
2 i ASsHH] Fe JA ) N2 FE 2 Tl Pi,9;
© 42 59 vk=3.9) ground-truth WR=A.0] HA gk N,
= upxame] F Al § o= A 9] 95 2 ground-
tuth v}2571 70 WG 9A4E olulgick

Aotsl= EdloA] A3 SegFormeri= BS @S ARE
ahe )= BOY-H Bs9| Bdl F /P A3 WE YESA
Q1 MiT B5= & WA= 7435 7 elle] 52 217}

o

64, 128, 320, 5129] 2952 7t ¢ €982 747 A2
—/—\— 011:11]_}\3_ O\jﬂ’ﬂ] /\]—%% l::"__ U)E F4;F8:F16:F32 ]T;]— —j‘al

31 segmentation head®] J& ANE T Compeq = S122 A

.

2. M8 2}
B Rl AR e SeEe dFe 9

==

SegFormer ]9l Mask2Former$} MobileViT [20]15 #W& Y|E
A2 ARE3F U-Net (©]3} U-Net (MobileViT))S U3 ©
olH®E 3kFste] i 104 BEE 3+ Aes wlagieh AlRb
sh= mule my I7)7h 28 BOWT} 0,048 U] =& mloUS:




570 Younghun Byeon, Jun Seok Yun, Sanga Lee, Min Su Kim, Hong—In Won, and Jong Pil Yun

Mask2Former

Ground truth
a9 5. F¥2 AAME T A vl
Fig. 5. Comparison on class discrimination in boundaries

B5H.Th 0027 Y 5 FAE SAsIY B3 Mask2
Former 2 U-Net (MobileViT)2} B3l 22} 0.1502 0.067<]
mIoU s RIStk AdlY 73 2d A Hrtl

L85 mloU HWE Salf 7]E ¥ oiv] zlbel=
HLH}J e A5 7 AL 2 A ARgekE Tl
olgfel] HE] =AY A=~

]O
W wEe) 45 PPAA S
3

Class ratio A3 i 5} =
A 2 w22 5ol AsENSS A5 A, oE
3 Atsh= WHo] R
4 SEM o]m|R|ollA] A&
o]

> ol ofm m&

2% AR o'A AL Al B4 9 Wk 2 A
S vlaght) FolA Backwardi= i U[EL]F9] ALl B
Gt W, 5 Fges, Fioes Fae16 2l 585
< oujgith F ®WE 0,002 mloU2] ApolE Kol A5
o]7} A9 §lo), backwarde] 7-¢- B S5 Al BRI
loss #k W3ks Holn @3]y Jeohs 9% o] forward
AQFsh= ®dlo)] 28383it) 3% 32 AR of
54 W7 )& e 2Ad 54 W /\]'C’]
2 5SS nwdit, g2 ojdA
Agtre vl 243 HlA(element-wise addition) A =
concatenation(channel-wise concatenation) $AAHS- 283
gl 28 A3} concatenation GAHSE 2832 vl 0.066
Y 2 mloUE Ho] wegh §o] o}yl concatenation
7}‘5§J'g 3 Ao ¥ a9AlS FHeith
Aotsl= 2dle] A AL vlushE 19 49]
34 1k2of| A, SegFormer BO 2 SegFormer B59} H]1l5}o]
7|E RHEA AR oS53 HES w2 dSsia
ground-truth®] &S HjwA Wkeshs B5S BRItk WSk
At e oS0] o]]® Mask2Former % U-Net
(MobileViT)9} V]3] SegFormere}t Aoksl= Wl A59]
o £222 ¢ 4 Atk Z#Y SegFormerol] /\]-%%
Transformer®] %] &&= Q3 Sl AA F-o] F=s}
| gL Fo] EAISIAIRE V)& Bl vl T 4TSl
Za 4 P BEE5S BHY AdsHE HE] 2AY A2~
odde] a3E 1 4 ok 19 s e S
AR T TES AT g A ¥ AAE Al

o
Lo,
iih)

o
Oo%

2
Ja

m>' 1w o2

nﬁ ni & o

L

L\_.

U-Net (MobileViT)

SegFormer B0 SegFormer BS Proposed method

Aot =3 w2 gAlE FARlA B ¢ QR VE
SegFormer BO 2 B52] 739~ S~ C&} AQ] AANA S
2 BR A% oS53 Fito] BAEE A7t AR, AL
she mEle] A4 o]l S 0] A5E & Uth
Al 71€ 223 vl Aftshs Edo] AAHE H
WA AASHA FHESHE AE Bl HE 2AY A2 o
Elfxﬂ.,] E—_J,],__ 0116]— ./_F o]q. 1:\:5} ViT 7]1;1} 1:!1:410]
Mask2Former2} U-Net (MobileViT)S vl uleh wf, &3l Saf
2 ZAAA of|So] ofE - % 2 g AjkshE WY
789 Bt At AARE dSste] viT 71aF REe] oy
S Aljtshs WHo R $31E 5 eSS o AUrh

V. Z8
2 =S VT 9 ONNS &8st Allg 23 2Rl
SegFormerel] HE] =AY Am2 ofRIHE =Qlete] 54
SEM o]n]#] &3 £A1E oH7ﬂ SHit ALt ]—t— ELE‘LJ% ViT
7]H]— UACR L—]]Eg,qﬂoﬂ/q =
o AZA A g5 ?
%

A 7 g g L

2o A5S AA 378 54 SEM o]u]A] Hlo|EAls &

&3 &<53tar 71E 2d9l SegFormere} HW3le] s 3F

S AFelh &9 ATelA it ul 3% 2382 <lgh

EHget AAW i 5ES st AEF dloly] HA

g 7HE Y] g5 AE =Y Aotk
REFERENCES

[1] L.C. Chen, Y. Zhu, G. Papandreou, F. Schroff, and H. Adam,
“Encoder-decoder with atrous separable convolution for
semantic image segmentation,” Proc. of the FEuropean
Conference on Computer Vision (ECCV), pp. 801-818, 2018.

[2] A.Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N.
Gomez, .. Kaiser, and 1. Polosukhin, “Attention is all you need,”
Advances in Neural Information Processing Systems, vol. 30,
2017.

[31 A. Dosovitskiy, L. Beyer, A. Kolesnikov, D. Weissenborn, X.
Zhai, T. Unterthiner, M. Dehghani, M. Minderer, G. Heigold, S.
Gelly, J. Uszkoreit, and N. Houlsby, “An image is worth 16x16
words: Transformers for image recognition at scale,” arXiv
preprint arXiv:2010.11929, 2020.

[4] E.Xie, W. Wang, Z. Yu, A. Anandkumar, J. M. Alvarez, and P.
Luo, “SegFormer: Simple and efficient design for semantic



(10]

(13]

(14]

[15]

[16]

[17]

(18]

[19]

Development for a Semantic Segmentation Model for Metal SEM Images Based on Multi-scale Cross—attention and SegFormer 571

segmentation with transformers,” Advances in Neural Information
Processing Systems, vol. 34, pp. 12077-12090, 2021.

B. Cheng, I. Misra, A. G. Schwing, A. Kirillov, and R. Girdhar,
“Masked-attention mask transformer for universal image
segmentation,” Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), pp. 1290-
1299, 2022.

R. Strudel, R. Garcia, I. Laptev, and C. Schmid, “Segmenter:
Transformer for semantic segmentation,” Proceedings of the
IEEE/CVF' International Conference on Computer Vision
(ICCV), pp. 7262-7272,2021.

T. Li, Z. Cui, and H. Zhang, “Semantic segmentation feature
fusion network based on transformer,” Scientific Reports, vol. 15
p. 6110, 2025.

J. Jain, J. Li, M. T. Chiu, A. Hassani, N. Orlov, and H. Shi,
“OneFormer: One transformer to rule universal image
segmentation,” Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), pp. 2989-
2998, 2023.

H. Kweon and K.-J. Yoon, “From SAM to CAMs: Exploring
segment anything model for weakly supervised semantic
segmentation,” Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), pp. 19499-
19509, 2024.

A. Kirillov, E. Mintun, N. Ravi, H. Mao, C. Rolland, L.
Gustafson, T. Xiao, S. Whitehead, A. C. Berg, W.-Y. Lo, P.
Dollar, and R. Girshick, “Segment anything,” Proceedings of the
IEEE/CVF' International Conference on Computer Vision
(ICCV), pp. 4015-4026, 2023.

L. Zhou, L. Zhang, and N. Konz, “Computer vision techniques
in manufacturing,” /EEE Transactions on Systems, Man, and
Cybernetics: Systems, vol. 53, no.1, pp. 105-117, 2022.

Y. Shen and X. Ma, “Real-time semantic segmentation model
combining CNN and transformer to detect belt runout,” 2024
5th International Conference on Machine Learning and
Computer Application (ICMLCA), pp. 451-456, 2024.

M. Mehta and C. Shao, “Federated leaming-based semantic
segmentation for pixel-wise defect detection in additive
manufacturing,” Journal of Manufacturing Systems, vol. 64, pp.
197-210, 2022.

A. Tao, K. Sapra, and B. Catanzaro, ‘“Hierarchical multi-scale
attention for semantic segmentation,” arXiv preprint arXiv:2005.
10821, 2020.

D.Lin, Y. Ji, D. Lischinski, D. Cohen-Or, and H. Huang, “Multi-
scale context intertwining for semantic segmentation,”
Proceedings of the European Conference on Computer Vision
(ECCV), pp. 603-619, 2018.

J. He, Z. Deng, and Y. Qiao, “Dynamic multi-scale filters for
semantic segmentation,” Proc. of the IEEE/CVF International
Conference on Computer Vision (ICCV), pp. 3562-3572, 2019.
Q. Zhou, W. Yang, G. Gao, W. Ou, H. Lu, J. Chen, and L. J.
Latecki, ‘“Multi-scale deep context convolutional neural
networks for semantic segmentation,” World Wide Web, vol. 22,
pp. 555-570, 2019.

C. Peng, Y. Li, L. Jiao, Y. Chen, and R. Shang, “Densely based
multi-scale and multi-modal fully convolutional networks for
high-resolution remote-sensing image semantic segmentation,”
IEEE Journal of Selected Topics in Applied Earth Observations
and Remote Sensing, vol. 12, no. 8, pp. 2612-2626,2019.

J. Deng, W. Dong, R. Socher, L. -J. Li, Kai Li, and Li Fei-Fei,

il

“ImageNet: A large-scale hierarchical image database,” 2009
IEEE Conference on Computer Vision and Pattern Recognition,
pp. 248-255, 2009.

S. Mehta and M. Rastegari, “MobileViT: Light-weight, general-
purpose, and mobile-friendly vision transformer,” arXiv:2110.

02178, 2021.

S.-H. Kim, “Landing pad recognition technology based on
semantic image segmentation using virtual reality dataset,”
Journal of Institute of Control, Robotics and Systems (in Korean),
vol. 30, no. 2, pp. 68-73,2024.

Y.-G. Jung and T.-H. Park, “Image segmentation system of soft
capsules based on deep learning”, Journal of Institute of Control,

Robotics and Systems (in Korean), vol. 30, no. 6, pp. 607-613,

2024.

HAE

201 Aok Aol
SHHEEIA. 20231 el okl
;q]oi 7;“.%5’.?‘5};4, S| }\]_(_7_6‘1%4 /\].) 20231&

s ~&8 7] UST KITECH 22 §3HA1ZA
eyl el A gkE BAR
o= AR AgEA.

2039 AddekE AT
- = AANZ AN, 20230~ Sk Ak
: Zled e AZAIRITAY A7

0| & of

20101 M2 Tishal 71 AIggs S &
SHAL 2012 & TSkl 5SHAAL 2017
d & oiskel el 20199~ @A
o lEdTe FAATAw). &
AlF-ok= Al-Simulation.

4ol

2014, 2016, 2022\ E3-gaoet Mzt
&t gL 2016\ F diehel 53t
AL 20173 5 ek 3-shakAL 2024
U~dA) A7 EATd AdAT
9. #AFokE dloly 7|uk A3 74,
A3t g, 2% A, Held AE%.
2l E

B wheld, tAd Efl, Az /\1i%1

ApsAe].

AATY. T Bob= FA%, dlo]



Ll
Ko
Ok

ol
00
o)

0

572

Ll

ﬂ
L‘._
D
=
S
Q

e

il

A7

T4. 2016~ A




	금속 SEM 이미지 분할을 위한 멀티 스케일 크로스-어텐션 및 SegFormer 기반 시멘틱 분할 모델 개발
	Abstract
	I. 서론
	II. BACKGROUND
	III. 제안하는 모델
	IV. 실험
	V. 결론
	REFERENCES


