95334 45 24 e M TR Vol.33 No. 24
2025 4 12 H Optics and Precision Engineering Dec. 2025

XEHES  1004-924X(2025)24-3901-14

B EFRELNNBREERRS R
TRE BT

E—-m, R, ENF, oA, HRE]
(1. EMNAF WEESEEIR¥K,BE 8N 350108;
2. BEAXRT LR ARAG,EE =W 365100

fﬁiic I X6 T UL PR B 32 o R S i S 58007 3 T R AR S A RS I AS A A 17 ) R e 3 R R T AT L0 AN ERORAR BER
ARG I B Ry 2T A i E AR A E R — R R 2040 B3 B AR 4> EI I FIRSegNet 8RB A3 e BEAN 1 vk . &
5’6 ETU Net 2244 7E 47 FIRSegNet B B #4 7 , 5% F Swin Transformer 15 B #4) 2 25 15 2% 9 25 36 2 < 00 B A0l o6 &, 32 7
MR BG4 JR) T SCRY R BE 1 5 LUk, 70 R BROE $2 rP itk AU 38 XOTE R BEEL (DCA) | DL TE U b il 75 AN 7] R 1. 90
VR BRI R AE A5 L, B SR AR A 43 B[R] K/ A0 i 25 e B BB ) s 85 B — Rk 25 B A e (RRMD) , 2% 2] 43 &
P 5 B 2 ) A4 % 22 DA B3 41 A0 W 38 IX A0 a1 G A1, S B0 8 3 A AOOKS Ak 43 05 e AR O 3 b B 4 R AR
MR T B o SCU A5 AR AR SO AR B AR R AR A A AR R R U 4 B AL Y mIoU S ¥ 48 Tt
1.73% ,mDice - Y42 5 0. 632 ,MAE F-HREAR 11. 6 %6, 43 A BEAS B — & & T 5 15 6 BT A [) T 50 o TR R JBE Tt
B RMSE,MAE, MAPE il AMAPE {5 73 %1 4 0. 014 5,0. 0133, 2. 384 8% H10. 025 6, 75 izt B it FIE I8 7 5% I8 4% 14
TR TR 25 AR T A ik o AR SO VR BT BRI BT BRAR AR S i R L (RIE TR 40 BRI BRI R R B Y v
B o HE A A )w:é*émsc o A 7 T R SN B R A
X # AFReK;a R F R ARS D0 KA L EAE T ;Swin Transformer % ; N ERXR X EE N ;5% £ @I %
hES S TP394. 1; TH691. 9 SCERARIRAD : A
doi: 10. 37188/0OPE. 20253324. 3901 CSTR:32169. 14. OPE. 20253324. 3901

Infrared imaging-based salient object segmentation and
stability estimation of flotation foam surfaces

LIAO Yipeng'', LIAO Yuhua', DONG Zexi', BAI Senjie', HE Jianjun®

(1. College of Physics and Information Engineering, Fuzhou University, Fuzhou 350108, China;
2. Fujian Jindong Mining Co. Ltd. , Sanming 365101, China)
* Corresponding author, E-mail: fzu_lyp@163. com

Abstract: To address the inaccuracy in visual assessment of flotation foam stability caused by illumination
variations in visible-light imaging, infrared thermal imaging was employed to capture the foam surface,
thereby transforming the detection of unstable bubbles into a task of infrared salient object segmentation.
Accordingly, FIRSegNet was proposed for salient object detection in infrared foam imagery, accompanied

by a stability estimation method. FIRSegNet, an infrared salient object segmentation network, was con-
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structed based on the U-Net architecture. Swin Transformer module was employed in the encoder to cap-
ture long-range dependencies and to enhance the understanding of global contextual features. Dual Cross
Attention (DCA ) module was embedded in the skip connections to better fuse multi-scale features of infra-
red foam images, thereby improving the segmentation of salient regions of varying sizes. Furthermore, a
Residual Refinement Module (RRM) was introduced to learn the residual between the predicted segmenta-
tion map and the ground truth, which refined boundary details and enabled fine-grained segmentation of sa-
lient objects. Finally, foam stability was estimated based on the segmentation results of the salient re-
gions. Experimental results demonstrated that the proposed method achieved superior segmentation perfor-
mance on a self-constructed dataset. Compared with mainstream segmentation models, it achieves aver-
age improvements of 1.73% in mIoU, 0.63% in mDice, and reduces MAE by 11.6%, indicating en-
hanced segmentation accuracy. Under normal lighting conditions, RMSE, MAE, MAPE, and AMAPE
for foam stability prediction are 0. 014 5, 0.013 3, 2. 384 8%, and 0. 025 6, respectively. Under overex-
posed and low-illumination conditions, the prediction errors are significantly lower than those of existing
methods. The proposed method demonstrates strong robustness against illumination variations, ensuring
accurate quantitative characterization of foam stability under complex lighting conditions. This provides a
solid foundation for subsequent flotation process monitoring and performance prediction.

Key words: flotation foam; infrared salient object segmentation; foam stability estimation; Swin Trans-

former network; dual cross attention; residual refinement network
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Fig. 10 Visualization of DCA's Effect on Feature Attention
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Tab.1 Comparison of segmentation results of several mainstream methods

Under-flotation Normal flotation Over-flotation
mloU 4 mDice 4 MAE v mloU A mDice &  MAE ¥ mloU A mDice 4 MAE v
Segformer  0.88240.047 0.931+0.042 0.026 0.91240.039 0.950+0.035 0.020 0.893+0.045 0.941+0.045 0.023 2

Method

TransUNet  0.8734+0.051 0.9244-0.048 0.028 0.90540.043 0.944+0.037 0.021 0.884-0.049 0.93440.041 0.024
Swin-Unet  0.87820.049 0.92740.045 0.027 0.90940.041 0.95320.036 0.020 0.88974-0.047 0.93740.046 0.023
M*Net  0.89140.046 0.93940.042 0.021 0.91740.038 0.95140.036 0.019 0.898-0.044 0.944-0.044 0.021
effisegnet’”’ 0.88040.050 0.929-0.046 0.027 0.91140.039 0.9510.037 0.020 0.8874-0.048 0.93220.040 0.024
Ours  0.89440.045%0.938+0.041"* 0.024 0.92640.035"* 0.95340.035"  0.019 0.909+0.043"* 0.946--0.038"* 0.020

N o MR DCA SR 1E 10(d) #4J7 L 5l FIVERE . QN 25 UAT TR 5 SR W 4% (5 —
A DCA JG BIBCR A 10(c) #4158 R AR P A EE , R 3 DCA FT RRM A9 % 2% 78 mIoU
AR DI o 7 56 A 2 HLAE M mDice J7 i ¥ A 2 : mIoU M 0. 865 0 7+ &

XFH R 2 RS — 4T 55 AT, AT F 0.925; mDice M 0.910 #£ F+ & 0.952; MAE M
TE R 26 s in DCA B e 588 RRM B 6 2 Tt 73 0.030 B3 0. 021, {HAFHF B2, £ A DCA

F2 HREEXKW

Tab.2 Ablation experiment

Backbone DCA RRM mloU A mDice 4 MAE v Param/M GFLOPs/G
NG 0. 865 0.910 0.030 28.321 20. 365
N N 0.892 0. 930 0.028 28.433 21.879
N NG 0.901 0.936 0.025 28.478 20. 784
NG NG NG 0.925 0.952 0.021 28. 589 22.298
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Fig. 11 Froth stability of different performance display
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Tab.3 Prediction performance of foam stability under

three working conditions

T#  RMSE ¥ MAE v MAPE/% ¥ AMAPE v

WFE 0.0108 0.0102  1.8534 0.019 2
WM 0.0146 0.0129  2.1154 0.0228
RIEPE  0.0183 0.0168  3.1856 0.034 8
SEHME 0.0145 0.0133  2.3848 0.0256

Sy B HE BRAT 9 TR R L K 0 7 9 B
A5 41 5 0 1l B 9 AR 0 0 T
B 256 X 256 R LA, o 479000, [ 12%;
TR DR F O AEF 40 1R 6 IR A2

Low
illumination

Qverexposure

(a) Image I,

n U " e\
Y (BURS ) 5w ¢

0) By (© SHERISDTEE (DX
(b) Image /,.,; (c) MethodinRef[5] (d) Method in Ref[6] () Method in Ref[7]

Hik[6177 ¥

BEO IR O IR Y SE g 45 R . 3R HCRY AT S PR
PR T A T o 53 590 A0 R 12 Ca) FTEE 12 () IR
SCHK (5 ] R AR B HE 5 00 AN 3 22 BAR 2 18] 1
2518 BGOSR R il al 2409 <0, BT 12(e) iz T ik
A G I 235 SR, s FE AR X S TR B 5 T R, X
J7 45 Sy 0 B A I A e A . SCERL6 ] Se X
ANFE ST LR, R 5 F 0 26 A X
BC5 I8 04 DX Sl B A B R RLE IR Y R
TR AR E X8, B S5 R T 43 oK 08 3R AT 4 2
S E 12(d) fr s 307 BRI T 4 KW AT 43
H L 320 B e R, A X 43 /N X
BR300 Al S R IR TDORS BE . SCHRL 7 1R FH ek ik
Mask2F ormer %f A Fet o X I E A7 40, 43 % 45 21
E 12Ce) s, G AN R AE O T Jo i A 2042 B
AFeE KRR S BUR A I . SCERL8 ] 3 TR
JE 2 2 AR R VE R VA AR SRR E I A R 12
(D) FEC B M 45 8RR 5 DE JiE 238 K A 4
KA

i X
{ () SCHR8177 &
(f) Method in Ref.[8]

(e) SCHRL71T7 1%

K12 BUAT SCRR 5 i Sc g 45 R

Fig. 12 Experimental results of existing literature methods
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Fig. 13 Foam infrared imaging experimental results under different lighting
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Tab. 4 Stability results under different lighting (MAE)

B A A SCHRL 517 % SCHRL 61771 kL7107 k[ 8177 ARICT5
IE# LI 0.017 2 0.0128 0.016 3 0.018 5 0.0132
o Bk 0.0295 0.017 1 0.018 5 0.0255 0.0135
SIS 0.0205 0.016 0 0.167 0.017 9 0.0128
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