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Abstract: Non-contrast CT (Computed Tomography) liver tumor imaging shows great potential in advancing the
screening of colorectal cancer with liver metastasis. It provides reliable liver tumor segmentation from non-enhanced CT im-
ages, avoiding contrast agent toxicity, radiation, and costs. In this paper, we propose an innovative “teacher-student model
driven by dual-modal knowledge collaboration (BKC-TS)”for accurately segmenting liver tumors in non-contrast CT imag-
es, significantly improving the safety, accuracy, and efficiency of liver tumor diagnosis and treatment. BKC-TS employs a
teacher network to acquire explicit liver tumor knowledge and guide a student network in recognizing nearly invisible tu-
mors from non-contrast images. It integrates clinical examination text data with medical imaging data. Text data, as prior in-
formation, guides tumor learning in CT images, enhancing precision and accuracy. The text-image collaborative learning
teacher-student framework improves liver tumor segmentation accuracy in non-contrast images by integrating text knowl-

edge and addressing CT image resolution issues. The dual-modal knowledge fusion and transmission module combines im-
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aging and clinical data through knowledge extraction, fusion, and transmission, effectively supporting tumor localization

and recognition in non-contrast images. The gaussian distribution-constrained student self-learning strategy boosts the stu-

dent network’s independent learning, generalization, and robustness by iterating segmentation distribution and selecting ben-

eficial knowledge. All experiments were conducted on a generalized dataset containing 1 140 CT liver images before and af-

ter enhancement. Experimental results show that BKC-TS achieved optimal liver tumor segmentation (at least a 2.17 per-

centage points IOU improvement), demonstrating its importance in non-contrast technology development.
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Jii CTHFEENME . AT 343K H GE Revolution 256
CT. HBAEYERBUBEM , 9486 17 54 45 18 2 CT 4
Ko ZZ s A Hoh 22 A sR 1 A0 3 Sl BRI i ik
1A HESRIAFHE . I A CT S5 A UK 120 KV, 4
HLI 270 mA , 4G ] I8 TS 2 8 B X, )22 5 mm.
iR 48 SR T A 2 UL AR e P T A ) B DA
WS m/s IR koA S %o He R R L R TS R AR
F25.70.180 s [ sl fish A& F 485, Wi B S ik A L ik 0 | 4B
RIS . JZIER 5 mm, MO 0EE , 437 35 HU, B4 5%
240 HU. R bk UG Ry 3 ot e 5
4.2 SCIGYRTS

BKC-TS Bfi L 106 £ 2 4/5 H & 10 Bua vEA7 )1 45, 781
T U5 BE AR T i S . A (RIS AR 3L T Py-
Torch, I XF T #5 S 5 AT VA UL LA AR AR e 45 51 . SR A
SGD AL %% , ¥ 4 2 > BFE S 1107, 5 ) R
0.9, N[ 1x107, 1x10™, 1x107° [Pk ik i {2 ) % . %
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RGN 25 T 200 4 J8 5, 3% 2 38 o 78 [ 100, 150, 200,
250,300 13 Bl P IEAl AN [ 5 1A I D 19, 46 15 1004~ 4
WIrh W UG 2 > RBEE N 1107, SR 5 7T 4% 1 JE 39 9
251 #E Z 0, 7F 4x NVIDIA GeForce RTX 3090 GPUs
B A — A RS g 416 x 416 A3 44 - 14 T
0.021 s(KZ148 FPS).
4.3 XWEEFIFMISIR

T AT UE I BKC-TS 8P AR SO e AT T
Xif b S , LAE BB 7E TG 15 5% 500 I A Rg 4 1 op BUPS:
TR MERE . PRI, SEIE AR SO BKC-TS 5
T 8 PR Se I D VAR UEAT T HOAE L ik Sy R AR
FE R AL L AR, S0 e . Lk AR SCHEA T
TR SLE , LATEAL BKC-TS B9 454 32 24 1F i1k g
ALHG SCAR-FEAG P F) 2 ) B 2 2 A HE SR U1
A AL R = WA A LB AR [ FE 2 2 R L X
fifi A SCREASIE B BN 4R A A PRI B . e AR SO sk
b AR SCR T SANH LB PEALFR AR, B AT R AE
IF I (Intersection over Union, IOU) . Dice £ %0 ¥ ffE &
(Precision) .2 [0 (Recall ) A & F1 435 (F1 Score).
4.4 WHER

ASCH BKC-TS BERIUAH FH 1 140 7354 58 JHT Wik o
o8 CT R AE M A, 52 307 6 U i o ) 465 o
# . BKC-TS 7£ 73 HI4E 55 H i) IOU 1K 2] T 75.34%, Dice
20N 82.15%, ﬁfﬁr“j@ 92.73%, 43 111 %4 92.68%, F 1
I3 ER 92.70%. X EELE SRR, BKC-TS BT B oK1
T 71, BEAEAE N — i o 0% T g 2 W 04 I R R AR
5, A P RE S AT BR T 15 5 70 A oK
4.4.1 FTIEFFIHFMES ERERE

I 6 e 1 H A5 21 1 45 33 B, 28 S0 BKC-TS
R A% T 42 AR 1 5 JHF Ok g T P45 b oA 3 50 e 9
S 2 5 CED g 30 50 ) 78 L ve b S5 05 Bk B A 3 1
15 I O CT UGS bR T PR 28 i B — 3. Bleh 2
éﬁﬂfi’%rﬂﬂllﬁﬂ’]ﬁ;&uﬁ AT A AH By s
5K BKC-TS TE W & Z M SE B | s L &
PE— 5 T Har B RE A R . A, R LB T
A S BKC-TS 7 4% Fh 43 %148 A5 i s M BE L, A< S0
BKC-TS 528 T 10U K 75.34% , Dice Z %k 82.15% , 5 fi:
¥4 92.73% , 43 [ 38 41 92.68% , F1 43 40°H 92.70% , Hirp
FRYEY * A+ FoR 5 HA LM L fE G2 L BA
BFEER(p<0.05F p<0.01). s, K7 BR, AL
[ BKC-TS 7€ JC 34 5% i A i 43 50 P BUAS T R AR 19
ROC 14k, AUCHIAH]91.21%. 1 7 fizs , 20 (o th £
fr B SEEA BAAA B, BRERER R ROC I
PR MEBE , #E—L3E B T BKC-TS (448 EIRCRAL T HoAth

MR e MEER PR AR

E6 BKC-TS5HAb 7% b

ROC Curve Precision- Recall Curve
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FPR

7 BKC-TS 5 Al 778 T 5 70 I e g
SrEIF ROC 2k 5 PR I £R X e

4.4.2 BKC-TS%8E

16 F1 1 AT Ak 45 5 B o BIHE AR ITAG 2R I, A
S Y BKC-TS 7E T A7 8 Fl bb ey ik rh SR BRAL e, L
BB A EIERE . 7R 1, 5 H Al 8 B HL T R AN
I, BKC-TS7E 10U F5 b5 425 1 2.17~7.87 A 43 5,
15 Dice 220 FARTH T 1.86~8.53 N1 43 i, (EXGE 0 |-
PEE T 13.32~21.22 N E 40 L E R B LT T 2.66~
8.26 1N H 43 AL, FEF1 43K BT T 9.46~15.59 4~ H 43
R IR EE R AR SCHR Y 3 R B 2R
00T P 288 SN PRI R0 B 28 2 A I 4 T TR A R
BeAh , e 7 BKC-TS é7n T i 8 it Ty i vh e
FERY ROC Hh 28 (i 2 43 72 A, PR BB ) A K
1 AUC, AUCTHIZE T 6.0%~11.5%. &) e 29,3
TR 200 27 A5 2% v G At B AE 32 85 B i Deeplab i1
Backbone #E47 T Ak, 7 5 FPIEM 48 i B EUS T fefd:
PEfE R B, Horp 10U $2 71 7 29 7.04~12.03 4~ 4 14,
Dice #£ T} T2 5.46~17.02 4~ E 43 /5., Precision £ 7+ T %)
6.28~15.52 /14 43 5., Recall $2: T} T 24 3.75~10.43 P T
Ay L 1B TE T 29 6.56~8.60 4> 1 43 i, Herbbg v
B * A0 ek Fon 5 H AL A RS L B B
#5%(p<0.05 fil p<0.01).
4.4.3 XAR-EUGIRRIONES S BRI

K8 M3 A E E 4R B/, 5 Text-Free 1 No
MHSA # Lt , BKC-TS 7E JC i 5 551 CT [ Jib g 43351 vh
JEIL T R AR B . (i H SCOAR(E ELBE NS T 4 if
iy 2 e SCAS - PG s B4 RURRE 285 43 B 4SS e 7 i 3
B 5IASCAAE B 0T DL S0 CT S AR 3%
(7] &80, AT i v I Pk 988 53 350 B ORS JE . Text-Free 45 1 &



%05 M X G T RSN R IR R 5K 2 ) 2002 A AR T3 5% 700 CT I s 43 1603
%1 BKC-TSTETIERFIRFIE S BIGUSEE TREHAERE AN : %
Fon R izt
10U 1 Dice T Precision 1 Recall 1 F1 Score 1
CaraNet”" 67.47%% £ 2.89 73.62%% £2.22 70.96%* £ 3.27 84.42%% +2.99 77.11%% £ 2.30
CFANet™? 73.17% £ 3.95 80.29% + 325 79.41%% £ 4.13 87.46%% + 1.80 83.24%% + 2 41
PraNet™ 71.26%% + 4.33 78.65%* £ 3.70 73.80%% + 4.22 90.02* + 0.98 81.11%% + 2,58
UACANet™ 70.89%* + 3.86 77.99%% + 3.23 77.43%% £ 3.65 85.49%* + 1.18 81.26%* + 2.08
DM-FF! 72.03%% £ 3.76 76.82%% £ 3.14 78.84%% + 374 79.78%% £ 1.63 79.31%% £2.42
ACSNet"® 70.13%% £ 3.61 74.59%% + 3.43 72.68%% + 2.64 86.05%* + 1.10 78.81%% + 3.04
TMPLITS"" 72.58%% + 4.49 79.44%% £ 5.05 71.39%% £ 7.01 88.23%% + 471 80.62%* + 8.21
S2DANet?® 71.33%% + 4.83 78.29%% + 4.92 75.89%* + 5.78 88.56%% + 4.22 78.53%% £ 9.34
BKC-TS 75.34 £ 4.74 82.15+4.14 9273 +1.27 92.68 + 0.63 92.70 + 0.71
F2  PFTHEH BKC-TS MG L MMM T %
Backbone R
10U 1 Dice T Precision 1 Recall 1 F1 Score T
SegNet 63.31%% + 12.72 65.13%% + 14.25 77.21%% £ 2271 82.25%* + 18.43 84.10%* £ 3.75
DeepLabV3+ 68.30%% = 19.61 76.69%* + 3,12 86.45%* + 13.35 88.93%* +3.22 86.14%% + 334
Ours 75.34 + 4.74 82.15 £ 4.14 92.73 +1.27 92.68 = 0.63 92.70 = 0.71
MGG BRC-TS BB 25 bR 1 SCAF &, 1l No MHSA o tou Diee
8 2288 T 2 3k 002 WL, HC AL R AR R A . 2% 3_;
WK, BKC-TS 78 TR A 48 b5 b B 3R Bl A, 10U 07 * 07 ?
I T 2 2.17~6.61 A~ 1 43 A, Dice RER & T 24 ; .

2.85~6.94 1 H 4y iU A E SR T T 29 3.71~5.49 1 H
Oy 5, BRI T T 2 4.33~4.75 4 4y L P14y B0R
T+ T 2 3.85~5.12 0 43w, HorP AR Y = Fil = RoR
HHA T EM S ¥ A B EZES (p <0.05
Fl p < 0.01). XS] L T SCA - S 3R 78 10
XA 285 4 I A e (14 £ B, 2B B B 3 i b ) Mk e
B SCAS TR 51 5 G 3 0, DA 52 307 X e
) B I A
4.4.4 Z[E-FLARERAE AR LR A AR A 1

[€] 9 #13% 3 # 1)) BKC-TS Al Simple Fusion & No SA
S S Al R 25 R R AR R AT L i b
AT S WS (] -T2 IR AR AR 1B AR B AR T 3 52 7 CT
98 43 1 b 4 B S MR BE . Simple Fusion 2678 75 fil 4 Ife
PREUE 5 5% 18 M A 23k 38 Ui L], &
P PR 720 No SA TR 5 BEA (6 25 18] 1 8 7

Text-Free No MHSA  Ours

Precision

Text-Free No MHSA  Ours
Recall
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Text-Free No MHSA  Ours
K18 BKC-TSid SUA(E B 51§ EIR D H AT 5
R A6 2 0 o DA T2 il A
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HLHI , 1M BKC-TS 1 H AL A R A48 . BKC-TS 7E 5 Ff
VR 48 br rh BUIS T B AT R PEBE . IOU £ 5 T 24 4.38~
7.524~ A 41 8, Dice & T+ T 29 4.11~8.31 1~ H 43 14, Pre-
cision #£ F+ T 25 4.30~5.84 P H 43 5, Recall 32+ T 44
3.76~5.45 N EH 4y F1 BT T 29 4.87~531 1 E %
S e R AT DAUE R 2 [R]-TAR R S 5 R
A B B, B B T T b BT P 24 2 ) 3 ) Mg T 2

#3  BHRHBKC-TS AR MER M K%
10U Dice Precision Recall F1 Score
Text-Free 73.17% + 4.53 79.30%#23.92 89.02#+23.54 88.35%#x1.39 88.85%x+4.11
No MHSA 68.73#%5.57 75.21%426.74 87.24#%26.82 87.93%x24.03 87.58%#+7.94
No SA 67.82#%5.13 78.04#%23.53 86.89%+23.00 88.92#xx1.36 87.39%%+3.59

Simple Fusion

70.96+4.20

73.84##+8.17

88.43##+4.58

87.23:#%+4.06

87.83:#x+6.12

Dependency Learning 72.99%:+4.48 80.19: + 3.99 87.82##+3.52 89.86+#++0.86 88.83u#x+1.77
MSE 71.53%%+4.63 76.93:#:4+6.66 89.05% + 4.23 87.74#%+5.42 88.32:#%+3.95
BKC-TS 75.34 +4.74 82.15+4.14 92.73 + 1.27 92.68 + 0.63 92.70 + 0.71
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10 A1 5% 3 #7149 BKC-TS F1 Dependency Learning
K MSE (15 12 25 R 3R WY, A HIAS Bt o2 P T LA S 4 3 4>
T S R AN 2 PR B | T 12 2 [ 322 2T e e i 5 77
CT JFF Ik i 9ed 4350 v i £ S5k e, JH Al ol 32 32 0 1 i
PR NP IEA T O 20 | 1 T A e A TN 208 o A 1 L
HE B RO R . 58 A R U 2 2] R 22 A W 4%
PO 235 2 NS TIfE . MSE &Rl
AT IR A KL B E4 7B &, BRC-TS Ho A 2H 7
FEANAE . BKC-TS 78 5 FlbFA 48 b f BUIS T d5 4 1) 1
fig. IOU & T+ 1 29 2.35 1 [ 43 &1, Dice $2& 7 17 29 1.96~
5221 H 41 8L, Precision $& 7t 1 £ 3.68~4.91 41~ H 43 55,
Recall #£ T1 T 2 2.82~4.94 N F 43 5, F1 4 B4 & T 244
3.87~4.84 /1 F 43 a5 . X Lk AT LUIE PR s oA 24
TR 2 A 1 2 2] SR 1) 46 K, 12 SR s 1) s 12 b )
e 25 H 5 | AN 2 P 0T 00T I 45 £ 3 1) 2T
PEAT O 3 , 3 1001 55 B 2 e ) 24 of o 184 580 R4 AT
Wi

5 itig

BRI BKC-TS HELTE AR 195 CT T Ik Fig 4]
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T4 25 B4 CT PRG35 RV F 1] BE A7 A 25 57, 3 ]
RE s ISR (132 AL RE F7 . OUR , SCARAS LI TRtk A v
B PE TR TR e A TS0 . A SR A AR AR 0 i
AR BN 58 B 15 B T RES PN B 45 R
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