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ArgusFusion: A lightweight and efficient argon flower segmentation
network based on MLP

Li Dou Wang Jingyu Ren Guoyin Chu Jiaxing
(School of Digital and Intelligent Industry (School of Cyber Science and Technology), Inner Mongolia University of
Science and Technology,Baotou 014010, China)

Abstract: Bottom argon blowing in the ladle is a critical step in steelmaking, where the exposed surface area of molten
steel Cargon flower) serves as an important indicator for evaluating the blowing efficiency. To achieve quantitative
analysis of the argon flower, image segmentation techniques are employed. However, existing segmentation networks
generally suffer from large parameter sizes, high computational resource requirements, and limited segmentation
accuracy, making them unable to meet the real-time and efficiency demands of industrial production. This paper
proposes an innovative argon flower segmentation network named ArgusFusion. The network adopts a U-shaped
architecture and integrates convolutional modules with a novel Global Multi-Layer Perceptron-based Attention (Glo-
MLP attention) mechanism during feature extraction and reconstruction stages to facilitate efficient information
exchange. In the bottleneck layer, an improved Multi-Scale Channel Attention Mixer (MACA-Mixer) is introduced to
enhance feature representation. Additionally, a Adaptive Hierarchical Feature Fusion (AHFF) is incorporated into the
skip connections to optimize boundary segmentation. Experimental results on an industrial argon flower dataset
demonstrate that ArgusFusion achieves an IoU of 88.90% with only 0.51 M parameters and 1.38 GFLOPs,
showcasing high segmentation accuracy and low computational cost, fully meeting the requirements of real-time
industrial applications.

Keywords: image segmentation;argon flower;real-time performance;efficiency
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Fig. 1 Overall architecture of ArgusFusion
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Table 1 Performance comparison of different networks

Params | Speed
Networks GFLOPs ToU F1 Recall
/M /s

U-Net(vgg) 24.00  45.23 86.24 92.61 8.71 91.08

U-Net(resnet50) 43.00 72.42 85.83 92.31 8.50 91.23
DeeplLabv3 -+

. 5. 81 53.02 82.60 90.47 8.47 88.91
(mobilenet)
Deeplabv3+

. 54.71 54.00  74.79 90.38 8.30 91.74

(xception)

BiSeNet 34.70 14. 55 74.09 84.89 2.49 74.76
VM-UNet 22.03 4.11 72.70 75.48 10.46 75.20
SegFormer 3.71 13.53 87.01 93.04 11.59 92.00

UNeXt 1.47 0.57 88.10 93.64 3.56 93.53

UNeXt-S 0. 32 0.10 87.45 93.33 3.17 93.16
ArgusFusion 0.51 1.38 88.90 93.88 3.58 94.69
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MR 1T LR R LA W ArgusFusion 78 2 4>
KAEFE AR LR B i, U HAE ToU,F1, Recall L3538 T
B K, M T U-Net, DeepLabV3, BiSeNet, VM-
UNet, A [ 258 KR FEAR T S 80 Fot 5, 4 w1 #k 25
BELRIE TR iR Ak, BT LB ) ArgusFusion 76 {f £F
AR 4650 /N P A T RS 174 ) I, o B H T B iy ) 9 A 58 R B
L 1 00 R0 T AR AR 8 R Oy T PR AR 3 BT 55 1
AR

A 2% A AL AR b e BT LK B Bk i A
AN FEIET Y 3 BIROR N 8 Fion . Hrh iy eSS T A W 4%
PO il D 46 36 B0 4F 19 X B, W RLA . VM-UNet #1
BiSeNet 754 &4 A % 4 46 v B A 2 B 23 14 . i
DeeplabV3(mobilenet) ,U-Net(vgg) ., UNeXt-S, UNeXt %
AIEW AR ET Xl XHFEL BAEFE LR,
SegFormer, UNeXt 1 L1582 37 8 1E 5 1Y 43 50 48 B, (B A fig
EMAFEE AN AZEE., #HEZ T, ArgusFusion 7F &
A PR I B AR RIS T ARG Y o EIRCR
3.2 ArgusFusion BJiH RS2 I8

AW AT T IH LR, LT f# ArgusFusion W 44
RS, IR 2 B 7R . %R L7 9 B 4% AR T e A
T HYEBFZE (2D convolutional layer, Conv2d) 3 412 B4 1E
HE. BEJE A Glo-MLP Attention #5544 = 4 1E
R IR Sy . T S I A5 R T DU L AR
SRR T TR 2R & R I, AR 0 S AL B4 4R
PRSI R IR A, AN S 5] A T AHFF, It
Sh MACA-Mixer i iz 4 Jay 1025 [0 45 B3R 4, S5 17 190 265 %)
5 FET 5 X3 X 43 fg
3.3 Glo-MLP Attention 3R i B L 16

B UE Glo-MLP Attention #5 Jt 76 4 T 55 P (19 45 4L
P ARSCBE T 24U RS 5 I3 3 R R 5
A BV AT B LR AT T RGN b, SRR,
Glo-MLP Attention {4 B2 5715 2R Z [0 52 BE T H A 1Y
FAF, oA A 1M ToU 845 E 4 ik 5] 93.51%
H1 88. 2500 AE BT A X L ik M g ey g€ iy o TR As, 3t
BN 0. 72 GFLOPs, K45 2 Bk A0 X w5, {0 %%
AR TR AR, B R0 MR -SOR U RE 1. AH
bz T, % BB i B K B (convolutional block attention
module, CBAM) , 53 £ R B 2 1 WL Cefficient multi-
scale attention, EMA), fif 8. H X S 5 0y £ & Sy B
(simple attention module, SimAM) , & 45 13 il 1 2 A
Ht (squeeze-and-excitation attention, SE) i 58 & R EH
N 0. 94 GFLOPs . f£1E 5 i (9 71 55 IF 45 . FL7E 5C HE 1 e 45
B (F1 1 ToU) WS T K, 15 B3 SE 8 He oK e 72 43 42 T
TR IR AR R ok — 5 MR T4y . TG, A6 3ok
R BEZRE TS5 T . Glo-MLP Attention J& —ff
TS A .
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(a) Ground Truth (b) ArgusFusion (c) UNeXt-S (d) UNeXt (¢) VM-UNet (f) DeepLabV3 (g) BiseNet (h) UNet(VGG) (i) SegFormer
(mobilenet)
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Fig. 8 Comparison of segmentation results of different networks

FLHEE 107 % A HL A B IROA R A L TR A
%2 ArgusFusion ) ¥ i 3538 2 5 VR R AR 2 10 0 T AN B T AHIFF 48 He3m 3 51 A
Table 2 Ablation experiment of the ArgusFusion SRE LTS0S B R AR R R AT L AR T T 4R AT
Networks Params/M GFLOPs  FL 10U s ip g osemepl phoasy sl o 0 0 25 245 AE 16 & BB S0 . 11 O J
Convd (Base) 012056 92.60 8685 o e A b iy 5 BIRUORAT H 300 T 7 5 2 2
7 GlorMLP Attention 030 0729391 8829y s i < B9 4 BB B B AT © oo L
TAHEE 02 L0 OSTE SO0y g e A AHFE 0 2 A T4 B
Tﬁ:ﬂi;:?;ﬁjr 0.51 1.38 93.88 88.90 BRI FURMIUR S L T 51 A AHFF J5 . K 78 6 4% T 1 4 H %
BT 4 5 A 0 B 15 00 00 25 0 — 8 0 4 4 75 40 1

W T 5 T AR

% 3 Glo-MLP Attention Y ;H B 3L I8
Table 3 Ablation experiment of Glo-MLP Attention

Networks Params/M GFLOPs F1 ToU
+CBMA 0.24 0. 94 93.35 88.19
+EMA 0. 20 0. 94 93.50 88.18
+SimAM 0.19 0.93 93.35 88.10
+SE 0. 20 0. 94 93.45 88.10

+ Glo-MLP Attention 0.30 0.72  93.51 88.25

3.4 BIBREENSTIR

Sy it — A 5 F Bk R 34 2 45 H R OR TR AR A @l A o 2k
AP BE 1) 52 ), AR SC 0 P4 B 42 4 32 (skip conection) |
CBAM . RepGhost £ 14 DL J it 42 1 i) AHFF A% e 78 Bk Bk
RN AR LR R ME 4 iR, TUAEH,R
EHABBR RS B X E SR MR 22 % Jr m R E
g B LA BRSBTS AHFFE SO A — 5 22

H.H,CBAM #1 RepGhost B SR 7E F1 #1 IoU W& LT

R4 BRERNSWIR

Table 4 Analysis experiment of skip connection

Networks ~ Params/M  GFLOPs Fl ToU
C;i{in 0. 30 0.72 93.51  88.25
+RepGhost  0.31 0.74 93.64  88.35
+CBMA 0.31 0.72 93.69  88.35
+ AHFF 0. 42 1.20 93.72  88.50

3.5 MACA-Mixer 1R 894 BESEIG

B AR 1) 25 (B AR S CAM S8 i 41 & 7 =2k
AT THERE RS, L EE T Conv2d, Glo-MLP Attention
M AHFF fEHAE R Hefili 2248, 43 515 1A 4 FhAS 8] i v Ak 3R
W& AT X5F HE « 4 5 35 M Ak AR 2R (pyramid pooling module,
PPM) ,iffl i 4 7 38 btk 15 ﬂ% (channel attention pyramid
pooling module, CAPPM) | % {li) 25 [H] % T 4 52 3 i AL 455 B

o 227 »
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(b) Segmentation map (c) Segmentation map
without the AHFF module  with the AHFF module

A J& AHFF S8 #1 B0 He 25 2R
Comparison results of segmentation maps with

and without the AHFF module

(a) FR2EE
(a) Label map

& 9
Fig. 9

(atrous spatial pyramid pooling, ASPP) il i =5 [A] 5 1 4
FIE b #E B (channel attention spatial pyramid pooling,
CASPP), M 1, CAPPM 5 CASPP 4}l /& 7E PPM &5
ASPP il |51 A CAM BRI U HERA . 3% 5 SC g 45 21
F W : MACA-Mixer BRTE S M HIT S #Z AR 1
TEOLT , R E Rl G 22 ROBERRAE 7 R AT, [Rl B AT LA
WLEE B, A R 45 0 B BE At 1 58 R CAM By CAPPM
F CASPP A L 5 46 (1) PPM il ASPP ¥ U 1 5% 19 4y
FIRE R ULHT ST CAM BB 5 A 250 G iR A5 20 X 5C B X 4l 1)
TR T AT B2 TE RS IR RE . XA R IRIE T CAM
BEHAE 22 RUBE b v i A 280 S I

%5 MACA-Mixer ¥ 5RH fi S 16
Table 5 Ablation experiment of the MACA-Mixer module

Networks Params/M  GFLOPs F1 IoU
+PPM 1.61 1.98 93.86 88.70
+CAPPM 1.70 2.01 93.84 88.80

+ ASPP 1. 10 1. 50 93.81 88.65
+CASPP 1. 14 1.70 93.88 88.79

+ MACA-Mixer 0.51 1.38 93.88 88.90

4 % i

T A 7 AT P AR 93 3 A I R 52 I 44 7 e fy 4
AEBEER, FXX —ZR ARG T E T UM%
HEZR Y52 B Ak 45 #) ArgusFusion, %M ENS1E 8 CPU

‘ﬁ%l_ziﬁ’ﬁﬁﬁﬁﬁy%Tfﬂﬁi‘iﬁWéﬁ%ﬁ%ﬁﬁﬁﬁﬁﬁ
il By R, & & B, GloMLP
Attention #Ht , AHFF &t , MACA-Mixer 5, i 3 52

ArgusFusion il it 4
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TR RERBRE
zE B, ArgusFusion B
T BAR BB S 80w B

&b
HE -

- 0 3 B T R AE o3
A7 i 1 23 R BE [ i
BE PR TE TR

T HRE 08 B 4 #th 3 1O 9 IR 32 BR Y Tl BRI TE S BR
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