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Core extraction algorithm based on improved UNeXt

Zheng Fangyan' He Xiaohai' Qing Linbo' He Haibo® Teng Qizhi'
(1. College of Electronics and Information Engineering, Sichuan University,Chengdu 610065, Chinaj;
2. Chengdu Xitu Technology Co. , Ltd. ,Chengdu 610065, China)

Abstract: The accurate extraction of core regions is of great significance for tasks such as digital core construction and
intelligent reservoir evaluation. However, core images often suffer from complex backgrounds, blurred edges, and
multi-scale structural distributions, posing significant challenges to automated segmentation. To address these issues,
this paper proposes a core object extraction algorithm based on an improved UNeXt architecture, aiming to enhance the
model’s segmentation performance for core regions. The method effectively strengthens the model’s ability to represent
edge details and global contextual features by introducing CBAM or EMA modules at different network levels.
Simultaneously, a multi-scale feature enhancement module is designed and incorporated into the network neck to
further improve the model’s perception of multi-scale structures and complex textures. Additionally, given the current
lack of publicly available datasets dedicated to core region extraction, this paper independently constructs a relevant
core image dataset. Experimental results show that, compared to the original UNeXt network, the proposed algorithm
achieves improvements of 1.49% ., 2.06% and 0.75% in mloU, Fl-score and mPA, respectively, while the MSE
decreases by 78.63%. Statistical tests confirm that these improvements are all significant. To validate the model’s
generalization capability, comparative experiments were also conducted on two public medical image datasets, BRISC
2025 and EBHI-Seg. The results demonstrate that the proposed algorithm performs excellently on both the self-
constructed dataset and the public datasets.

Keywords: core images;image segmentation; UNeXt; CBAM; EMA ; MSDE
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Fig. 1 Network architecture of UNeXt algorithm
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Fig. 2 Network architecture of the improved UNeXt algorithm
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Table 1 Compare results on the core datasets

yiReS mloU/% * Fl-score/% * mPA/% 4+ MSE/(X107°) params/M ¥ time/ms ¥ FPS 4
Unet 96. 37" 96. 90" 98. 42" 13.92° 13. 39 24.56=+0. 06 40.7
DDRNet 93.67" 94.52" 96. 27" 27.01° 5. 69 5.7240.14 174.9
TransAttUnet  98. 18" 97. 80" 99. 20" 5.27" 22. 65 57.1340. 10 17.5
Tyche 96. 92" 97. 33" 98.63" 11.23° 1.11 34.58=+0. 10 28. 9
SegNeXt 97.12" 92.73" 98. 36" 10.25° 41,22 13.0940. 34 76. 4
SegFormer 98. 29" 98. 12" 99. 07" 4.72" 7.71 9.1440. 22 109. 4
UNeXt 97.52" 96. 84" 98.85" 8.75" 1.47 4.24%40.10 235.9
ARSCHE B 99. 01 98. 90 99. 60 1.87 2.42 8.2040.24 121.9

T R SACHHABE T LE.P<<0.05
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Fig. 6 Comparison of segmentation results on the core datasets

2) N TFRUE 4 b B X LS00 25 51 5 0 A

T B IE A SCA 3z Ak BE , A8 SCHE BRISC 2025
1 EBHI-Seg Wi~ A FF R 4 AT T X0l Se 56, S2 g 45
R 2 iR, 765 F0K B O i A SCH 2 AE BRISC 2015
B IS T mloU 86.65% . Fl-score 81.20% . mPA
89.04% 5 MSE 0. 006 12 fyfE 5280, 4 W i+ H Ah Xt He
H# 78 EBHI-Seg 8R4 I, Sk FIRER ML 5, £ T 48
Fi 4350 89. 29% .96. 33%.95. 26% 5 0. 049 55,1 mPA

WA T TransAttUnet, BB RIS RGNV AE . It
Ah BT E M W — 2B R ST T R AR B R S,
WA R BN AT ETELARZ BB PR gt B
KA (F P<C0.05) . HART 5 78 BRISC 2015 %4 4 1,

RS UNeXt 78 MSE #845 b J0 2 3% 22 540 AR L4 B
Giiter 2 s 7 EBHI-Seg (35 4 1, B 5 TransAttUnet
£ mPA #8457 b W 3 2 R4 HAR WIS R A S it
e

K2 AAHFEELEHMEIRER

Table 2 Compare results on public datasets

. BRISC 2015 EBHI-Seg

Tk mloU/% * Fl-score/% 4 mPA/% * MSE/(X10 °) ¥ mloU/% 4 Fl-score/% * mPA/%* MSE/(X10 *) vy
Unet 78.79° 65.78" 80. 05" 9.69° 88.80° 96.12" 95.32" 52.29"
DDRNet 84.75° 78.14° 86.25" 6.94" 82.35° 93.38" 91.29" 85. 83"
TransAttUnet  76.04" 69. 95" 83.91" 13.49" 89. 06" 96. 23" 95. 30 50.86"
Tyche 80. 08" 71.81° 82.23" 9.33" 87.51" 95. 63" 94.12" 58.62"
SegNeXt 82.73" 73.18" 85.52" .10 61.10" 85.30" 72.90° 205. 86"
SegFormer 81.87° 73.63" 85.17" 8.70 78.52" 92. 04" 88.76" 107.11°
UNeXt 86.32" 79.87" 88.41" 6. 22 85. 66" 94.89" 93.49" 68.47"
A S 86. 65 81.20 89. 04 6.12 89.29 96. 33 95. 26 49.55

e Fon GAR LG RIE A I, P<<0.05
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Fig. 7 Comparison of segmentation results on public datasets

3) JH b ST B A5 R 5 [ S0 25 A AT 1 8 AL ML SE G, SEER 25 RN 3 im .
Sk B8 I AR SOOI A B He 1 A A 5 A B L AR SCTE A AP N FRIRASINASE B A, Y 7R A R A,
x3 HMIRBER
Table 3 Results of ablation experiments
CBAM EMA MSDE mloU/% 4 Fl-score/% * mPA/% 4 MSE/(X10 °) ¥ params/My time/ms¥y FPS4
N N N 97. 52 96. 84 98. 85 8.75 1.47 4.24+0.10 235.9
Y N N 98. 42 97. 25 99.13 4.31 2.08 6.67+0.04 149.9
N Y N 98.19 97. 20 99. 04 5.45 2.13 5.78+0.17 173.0
N N Y 98. 28 97.17 99. 10 5.02 2.34 5.16+0.12 193.9
Y Y N 98. 76 98. 46 99. 31 2.52 2.14 7.4440.20 134.5
Y N Y 98.53 98. 27 99. 26 3.61 2. 36 7.3540.08 136.0
N Y Y 98. 65 98. 43 99. 24 3.05 2.41 6.75+0.17 148.2
Y Y Y 99. 01 98. 90 99. 60 1.87 2.42 8.204+0.24 121.9

TR AR R, 5 R R UNeXt M H, B0l 5] A
CBAM.EMA 5{ MSDE # #t ¥ fig $& F+ # &I 1% fig , mIoU,
Fl-score il mPA &4 S4EH 0. 90% .0. 41 % F1 0. 28 % »
MSE £ T B¢ 50. 74 %, Ui Bl & B R a3y . 1 F 3¢
HERUR 22 RUBE & O 3 BB . Ak, gk 3 T
NGB A RE R B E M MEREIR T, AW 6
H1,CBAM 5 EMA B4 fii /I mIoU & 7 % 98.76 %,
Fl-score ik 98. 46 % ,mPA X 99. 31% . MSE [&1% 71. 2%,
1ESE 8 b, 3 ML IR A T PR i — 2 R4k, 3
UE T A B 4 B R P 2
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Fig. 8 Rad-CAM heatmap of the ablation of the improved module
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