J South Med Univ, 2026, 46(1): 219-230

doi 10.12122/j.issn.1673-4254.2026.01.24 + 219 -

BT 8BEHR—ATEERXNNNEHNBRTE XS XD E

Jm)r

LR AR A H AR A

T EARFAMEFIETR, S A M 510515 P LK FMNBEE AT/ A HNEFARES LR T/

MG E S E SRR E RS, & 7 510060

WE: BR @7 EETY HUERR— B0k A BT 2% 0B 2505 BB B (ABM) 4351718 SEMAL e i 15 7 e MR RS BEAS 2
FEAIRS . F7iE W 253 BB B B PET-CT AU , /2 = M Be R s A 2 ST HEZR S B CT 2R fE ABMURS HEIR A
B S I — B A BB M 2 HE S CT-PET AUl S, R FH 9 Ak 25 i e 2 ST RS SAF MR SE BR o BETTH SR B L T
1000 25 Ey /R AT Fe e S gk st w5 XL ) 38 S LR A 5 ) SRS B Sncfa i 22 RO i ik 2R IE 4 73 4
T 1 AN R 29 SRR B RHIE SC I ABM 854 SR FHIGAE (514 (PSNR) (5 R AR 4R 21 (SSIM) A — 163577
2% (NMSE) ik R & U, Dice ML R ZN(DSC) SEHEIN AR TRE 2 (ASSD) WAL Ik . ER A ESIE TEA 7
B, PSNR 15 3 26.42+0.63 dB, SSIM 1A% 0.894+0.011, NMSE £ Z 0.0235+0.0026., £ ABM 4} E{T-45 1, 14 Dice 2 AL 3
0.777+0.023, ASSD [% % 3.52+0.41 mm, Z5if SEG M, 1207k WA T MR SR 1 F T B AR L B
PR I A

REIA : ELE s TR R RS OS2 IS RS 5

Diffusion cycle-consistent generative adversarial networks for pelvic active bone marrow

segmentation
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Abstract: Objective To establish a pelvic active bone marrow (ABM) segmentation method based on diffusion cycle-consistent
generative adversarial networks for improving individualized precision of conventional anatomical atlas-based methods.
Methods We collected pelvic PET-CT data from 253 patients and constructed a 3-stage cascaded cross-modal learning
framework for precise individualized ABM identification from CT images. The framework used cycle-consistent generative
adversarial networks for bidirectional CT-PET mapping, conditional diffusion modules with 1000-step Markov chains for
progressive denoising, and multi-scale progressive feature pyramid fusion networks for segmentation. The peak signal-to-
noise ratio (PSNR), structural similarity index (SSIM), normalized mean square error (NMSE), Dice similarity coefficient (DSC),
and average symmetric surface distance (ASSD) were used for evaluation of the model performance for ABM segmentation.
Results The proposed method outperformed the existing methods with a PSNR of 26.42+0.63 dB, an SSIM of 0.894+0.011, and
an NMSE of 0.0235+0.0026. For ABM segmentation, the average Dice coefficient of the model reached 0.777+0.023 with an
ASSD of 3.52+0.41 mm. Conclusion Compared with the conventional methods, the propose method significantly improves
individualized segmentation accuracy of the ABM and is thus suitable use in individualized bone marrow protection

radiotherapy for rectal cancer.
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Fig.1 Overall architecture of the pelvic active bone marrow segmentation method based on diffusion cycle-consistent

generative adversarial network.
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Fig.2 Architecture diagram of the cycle-consistent generative adversarial network module. A: Overall architecture of the

CycleGAN establishing bidirectional mapping. B: Generator network architecture containing 9 residual blocks. C:

Discriminator network architecture employing spectral normalization.
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AHFFERT R s S B ARk G A i s
TEEMG A BT 55 I EREE T T 8 v EAh . ik
1, 4% U-net, Pix2pix. CycleGAN, WGAN, DCGAN Fi
DDPM. A HE bRl FE IR (5 19 b (PSNR) (Z5 A AH L
PEFEEL(SSIM) A — AL 1715725 (NMSE) .

BRI E RPN 1. AT PSNR N
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Tab.1 Quantitative comparison of different methods for image synthesis quality

Methods PSNR SSIM NMSE Average time (Epoch/s)
U-net™” 21.27+1.31 0.787+0.031 0.0438+0.0062 57.1
Pix2pix!"* 22.61+1.04 0.815+0.026 0.0359+0.0045 48.9
CycleGAN""! 24.33+0.91 0.861+0.022 0.0297+0.0041 53.4
WGAN# 20.42+1.52 0.771£0.035 0.0481+0.0073 65.3
DCGAN! 19.08+1.89 0.738+0.044 0.0541+0.0095 448
DDpPM!'®! 23.71+0.97 0.849+0.024 0.0324+0.0042 197.2
Ours 26.42+0.63 0.894+0.011 0.0235+0.0026 239.8

2.2 ABM R 34545 57

TN T 2L VPAh T RRTE B ZTE BR S #E (ABM) X
B EIVERE WA TE 3 R BRSSO O B
AR, SR Dice MR E(DSC) Pl 7 X sk H S
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0.49 mm, AR DSC M 0.777+0.023, F- 14 ASSD
493.52 mm=0.41 mm, &7 @R T LAY ABM 4345
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Fig.6 Visual comparison of synthesized images with different methods.
R2 BSMITEERRE ABM RIFHI S BIMERELE SR
Tab.2 Comparison of segmentation performance of different methods in different ABM regions.
Dice ASSD
Methods
Lumbosacral spine Tlium Lower pelvis Average Lumbosacral spine Ilium Lower pelvis  Average
GAN+U-net™” 0.696+0.031 0.652+0.039  0.638+0.035  0.662+0.035 4.21+0.48 5.0840.63  5.61£0.71  4.97+0.61
SynSeg-Net™! 0.718+0.027 0.675+0.034  0.661£0.032  0.685+0.031 3.89+0.44 4.68+0.58  5.15+0.64  4.57+0.55
Robust-Mseg™! 0.73120.024 0.693+0.030  0.675+0.028  0.700+0.027 3.67+0.40 435£0.52  4.83+0.58  4.28+0.50
SCM® 0.715+0.029 0.677+0.033  0.661£0.031  0.684+0.031 3.87+0.43 4.62+0.56  5.10£0.62  4.53+0.54
PEMMA® 0.748+0.022 0.709+0.026  0.688+0.027  0.715+0.025 3.45+0.38 4124049  4.56+0.55  4.04+0.47
Ours 0.806+0.019 0.771£0.023  0.754+0.026  0.777+0.023 3.02+0.33 3.5840.41  3.95£0.49  3.52+0.41

0.664+0.036, ASSD 4 4.97 mm+0.62 mm,

A

0.758+0.025, ASSD [% £ 3.76 mm=0.44 mm (¥ I —4

CycleGAN#EHUS , FI AL B AY & A PET IR IR AL 151
15 B, Dice & B4 T+ & 0.702+0.028 (£ 71 5.7%) ,
ASSD 4% 4.28 mm+0.51 mm, /9 Bk 5] A
i3 T MR A LT, PSNR M 24.35dB 2 7+ &
26.42 dB, FH N 53 F 14 BEHE— 2P M55 , Dice R A )
0.726+0.031,

SR 22 RUBE i e P A 4 -3 il 6 Do 4 A R B
FRIEDHE IS , 40 5030 POk B B & $2 71, Dice REGA #

M3 8.5%) o ST BE T R AL v B v e A LAk S A 4
4 1) (%) Bip TR R, f 24 34 1] Dice 5 %K 0.777+0.023,
ASSD 4 3.52 mm=0.41 mm, A H 3L 75 1k 42 T
17.0% F129.2%.,

3 g
H i e Bhia T i e SRR AL B P R
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Fig.7 Visual examples of ABM segmentation results. (A) Lumbosacral spine region; (B) Ilium region; (C) Lower pelvis region; (D)
Representative case with ground truth (green) and predictions (blue).

R3 TEY BSH THEGERRE S BTt

Tab.3 Comparison of image generation effects and segmentation prediction under different diffusion steps

Diffusion steps T PSNR (dB) SSIM NMSE Dice Average time (Epoch/s)
100 22.28+1.29 0.797+0.043 0.0449+0.0076 0.548+0.049 113.5

250 23.94+1.05 0.827+0.036 0.0383+0.0063 0.625+0.041 142.6

500 25.58+0.86 0.861+0.029 0.0305+0.0050 0.715+0.020 184.0

1000 26.42+0.63 0.894+0.011 0.0235+0.0026 0.777+0.023 239.8

1500 26.21+0.70 0.888+0.025 0.0238+0.0039 0.768+0.030 337.1

2000 26.03+0.76 0.884+0.028 0.0245+0.0043 0.761+0.033 431.0
F4 RNEILERIEITER R R RSN
Tab.4 Impact of different weighting strategies on model performance

Weight strategy Weight function PSNR (dB) SSIM NMSE Dice
Fixed weight (0.3:0.7) Wer=03 24.91+0.92 0.851+0.026 0.0339+0.0048 0.728+0.037
Fixed weight (0.5:0.5) Wer=0.5 25.07+0.84 0.862+0.022 0.0323+0.0044 0.745+0.033
Fixed weight (0.7:0.3) Wer=0.7 24.73+0.99 0.845+0.029 0.0357+0.0055 0.719+0.040
Linear decay Wer=1- % 25.58+0.75 0.871+0.018 0.0287+0.0036 0.763+0.026
Cosine decay Wep = H#S(l;) 25.84+0.70 0.878+0.016 0.0271+0.0033 0.769+0.024
Exponential decay Wep=e" 26.08+0.66 0.885+0.014 0.0253+0.0030 0.772+0.023
Exponential decay-+error feedback Wep=e(1+ pe) 26.42+0.63 0.894+0.011 0.0235+0.0026 0.777+0.023

SRR 2 FE Ry i DR A 2 B 2 R ) B L T BT
AREEAEDY DA I A AE B BRI I AR B2 5 T AT
FEER AR . R, FRATTHEE T =B B IR s S 24
STHESR A 4 B R— B2 BT R 45 SEE A C T
R ABMAFHER A AR 0 . SER 2 SR R,
T IEAE R4 1 PSNR 14 %] (26.42+0.63) dB, SSIM

IAE]0.894+0.011; ABM 4144 Dice 25053 0.777+
0.023, 454 42T 10%.

A TS A T AR PR R e L B

W B AEE2E S . 55 GAN ik RIBR M 2,
WGANPFTDCGANZ PSNR 43 HIM K (20.42+1.52)
dB F1(19.08+1.89) dB, FEEZ I Zr A Fa e AR =X i 35
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Tab.5 Ablation study results

Configuration Input modality Dice ASSD PSNR (dB) SSIM NMSE
Baseline CT only 0.664+0.036  4.97+0.62

+CycleGAN CT+pseudo-PET 0.702+0.028  4.28+0.51 24.35+0.81 0.861+0.017 0.0281+0.0033
+Conditional diffusion CT+enhanced-PET 0.726+0.031  4.11+0.55  26.42+0.63 0.8944+0.011 0.0235+0.0026

+Multi-scale fusion

Complete method

CT+enhanced-PET+advanced fusion  0.758+0.025

Full pipeline with joint optimization  0.777+0.023

3.76+£0.44  26.42+0.63 0.894+0.011 0.0235+0.0026

3.52+0.41  26.42+0.63 0.894+0.011 0.0235+0.0026

[AIRERAE ., CycleGANY B SRTE TCHEC Bda 4 b 2 80
B4 fHH PSNR 4 (24.33+0.91) dB, G —F 2y
(G I L1 RS, M DA UE A 2% B2 24 EUR B 401 —
HE . PHUEE R DDPM™ 78 RUE i & G T ol 3%
[PSNR 4(23.71+0.97) dB] {HA3ik = B4 1 A
RLLHRHLE] . EEXTXEEEAR SRR, AL 3 BEAR
— B E AR BB N 25 2o Rl EOARE R AR AL SR A —
BRI ARBTG5 IR R AR BE , PSNR K
B AERT ) 5 CycleGAN #2271 8.6%. i WIHIFFE W,
P EOR A T A i CT AR BT U A T 5 42
GAN > M Z (A BT AE TR0 38 SR
155 B, R SIS Bl A MR SR mg S CT
HME B5 PET IS S TREERL A o 78 KM R
CTZM(E B 515, Bl B % 1) 1) B LRt IR
TR A B PR R A el it — S50k L A I EARRAE
1000 A4 i R 78 o i AR ) 38 B B -, (B4
TERTASE Y BUEEOH T 1000 450 BORLPEfRE H 32
R X —BRZ AT B T Y 3 8015 S i
KA B X 5 PR 2E UG s A D5
RI—FCY, ShA A A AR R OCR F T RO
S5 AR 22 ROBRAILT , AH B A EE Jy 75 PSNR 42 7
1.51dB, 5F T AR TR A 35501

e E I, A Dk AR G R AR S,
GAN+U-net ™}~ Dice RE{UH 0.662+0.035, [H =
REE SRR AL . 2721 SynSeg-Net™ |
Robust-Mseg ™ 4§ , Dice % %147 1| ik #] 0.685+0.031,
0.700+0.027, B A $2 FHEATIIC T 0.72 Ayl PR AT 45252 15
(B IXEETT 2R R SR E DHER NG, 5 2 3 T
FRIERE B0, v IR e PR, 1510 22 RO iE
PFIE A FIE RS 7 B 45 (MP-FPSN) 288 T 16404
TEPHZ Y JR B | 2R FRL DS g st =Xl 5 e s
1716 RBEFFRZ 2 ) 1 AR, A 2 ReE [ RS
JFE UG B MEZEESEEER . SEGEPHEI ML,
RO TR FHRFEAR A4 738 =X B, SECR R
40%, TG A 35%.

PEREXT L B 107 A H R 34k PEMMA
BB, PEMMA V-4 Dice 25045 0.715+0.025,

M FATH 77 57 Dice 2% I [t PEMMA 2 F 8.7%,
ASSD 3 13.9%. X —H#TF FZIHFEF 3 MNHARAH
(I EMRIVE R « 3 BIOIE A — S A BB 28 1 e R LR
G A B L) 58 SUTE TS 1ML AR B S B Rl LA
2 RO i b SR AE 4 B IS A 20 4y BIPERE . T Al
S R, 568 )7 (CG+CDM+MP-FPSN) A [ 34k
T 17.0%. TERCEPREER) T A0 X 38K, 1% 57 Dice
FEGAF) 0.754+0.026, 1ML 4E GAN+U-net {4 0.638+
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