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Abstract

To address the challenges of dense target distribution, background impurity interference, and the
lack of pixel level boundary information from bounding box annotations in instance segmentation
of traditional Chinese medicine powder microscopy images, this paper proposes a staged, box su-
pervised instance segmentation framework built upon the Segment Anything Model. The frame-
work comprises three stages. First, a grid prompted SAM automatically generates high recall candi-
date masks, and an area constraint removes obvious debris to address the instance recall problem
in dense target scenarios. Second, a shape appearance dual branch candidate rejection network is
constructed: the appearance branch takes a four channel input combining RGB image patches of
candidate regions with their masks, and employs a lightweight convolutional network to learn tex-
ture discriminative features; the shape branch extracts a 17 dimensional geometric feature vector
including compactness, solidity, Hu invariant moments, and so forth, and employs a multi layer per-
ceptron to learn contour discriminative features. The two branches are fused in logit space via
weighted summation, effectively suppressing false positives caused by background impurities and
over segmentation fragments. Finally, shrunken box pseudo masks are leveraged to fine tune the
SAM mask decoder for selective completion of incomplete masks, and a self IoU gating mechanism
comparing masks before and after refinement is introduced to prevent refinement drift. Experi-
mental results on a dataset containing 3191 TCM powder microscopy images with approximately
447,000 annotated instances demonstrate that, using only bounding box annotations, the proposed
method achieves an F1 score of 0.863 and an instance level mean IoU of 0.809, significantly outper-
forming multiple mainstream methods. In addition, ablation studies validate the individual contri-
butions and effectiveness of each component.
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Figure 2. Schematic of the dual-branch candidate rejection method for shape and appearance
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(G A B BER FH VIT-H B[ SAM [1211F R BIEERIBL AL . WA 3R s BN 32 < 32 514
i, 351024 MER A B RLES I T IoU B ¥ 0.88, Fod M BURE A 0.95, FHMIRR
BUNT 30 R MEE X ARV RE RN 2000 4.5, HTERR RN T B br oA R IR A -

AR F ) 265 DL DY 3d S i N (RGB = I8 18 + B RS (K], ik XIRAi 82 64 x 64 355,
Z N B PGB PR AL . B RGBIEER N 32, 64, 128 F1256, FFPMEHRTAE 3x3 HM. it
JH—1k. ReLU BiE Al 2 x 2 fe Kith At . BRUFFIEL 4 RT3tk . Dropout 1482 25t — /0 KM% .
M2 B ZHEL 0.5 M, KA Adam TRAGEE, WIGESJZE 9 1 = 10 4 3 ]TJ7, %k 30 4> epoch. %i#fs
BERALHE 90 FERENLIERE . JK T B0 AN 3 B B ES .

TR 59 28 WAF AR RS R B R AN BR PP 3R AL 17 48 U E &, dE: . B, B8%UE.
MUSERE L AMEFETZ L. KL, BOg. WEMEA . B, MERK DR 7 ADNEEE ) Hu
AAHE . FrA TR AE A I 2R EE G5 i+ 4T Z-score A#EAL. ShapeDisc /1 = E 4T EM R 41, (&
SEE 4E LN 64 A0 32, HrE]JZ ] ReLU #4351 Dropout, #2424 Sigmoid RS RIIESSMER ., fbas
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KH AdamW, A S159 1 x 10 fI47 3 k77, YIIZ5E 100 4 epochs

TN ZRFE U R g A A 1 3 AU ZREE S R 52 B, o TR IR ISR UG, iz A7 Mg SAM AE %
WIMGIE, SHEARYITG, B MEL ST A AR AR T oU. #55E 5 F B ARFEER 5K ToU
KFET 0.5, MIRCHIEREA; BUARCNRFEAR, FAIREL) 2000 MIZGAEA, HAIEFEAZ 1709
A, SAFEARZ) 293 Ao YNGR X TEFEAS AN S A E LR AR A1

FETDAN B BL A N 40 R BN 0.8, BIUBRIIAE AN T8 24 4 ek 22 5K 14 0.8 15 f5 I 7 ARG . 4%
VR4 SAM 1) UG G i % FIEE /R gt 8%, ASE FrEis s s . 5k $Ch Dice HRS o058 iR 2k
RS . KH AdamW oAb as, WU RN 1 x 10 6 4 RJ5, Y125 30 4 epoch, SERb&E A/
N 4. HEFEE, self-IoU [ 1 B{E BN 0.6, FGIEHEMD S JEEERERD I ToU K T-5 T I BRI I 4552 4
BEER, 75 F R 2 R AR e R .

FT A S2 067 B 5K NVIDIA RTX 3080 Ti (12 GB 2A47) L 58 ik

4.2. SFEESCLE

A THVEAS A ST I A R, e U 1 BLR B B AR I B 4 752847 %) EE - Otsu + Watershed:
2 M EBAL BT, DL Otsu HE B BRME HEAT B A5 A8 H 23 /K08 Sk 7y B d X dek, ARRAL ST B 4y
#EX. U-Net [8]: EWEFEEBGHHNELHEER MG, DUARAREREE 9 B 47 )25
DeepLabV3+: T2 {RE R Lo FI AL, KA ResNet-101 ‘HF M5, JIZkEE A U-Net. Seg-
Former: %7 /24t Transformer [ L #EIBAY, R MIT-B2 4mfdds, gk E 7R . Mask R-
CNN [9]: ARSI 7> #IHRY, DL ResNet-50 + FPN S T4, FHHETEAE R DI ZRAS il 352, FFLA
HFAME I ZRFERD Sk . YOLOVS-seg: 5T YOLOVS8 [¥) 5L 73 BIAL 4k, Il Z5 77 15 Mask R-CNN 2548l Cellpose
[17]: TH0 ) 200 A S Ak R P 3 FH o0 A 2, A FH TR 5B B A B, Ao X B sege o SR ane |
JoR o

Table 1. Comparison with existing methods on the test set

= 1L OMRE LR AR EE SRR AR

WaRrS Precision Recall Fl mloU

Otsu + Watershed 0.002 0.001 0.001 0.035
U-Net 0.337 0.357 0.342 0.696
DeepLabV3+ 0.325 0.236 0.271 0.650
SegFormer 0.210 0.263 0.225 0.648
Mask R-CNN 0.649 0.554 0.594 0.788
YOLOVS8-seg 0.749 0.324 0.442 0.799
Cellpose 0.236 0.106 0.140 0.627
Ours 0.871 0.855 0.863 0.809

M 1 ATEAE H, Otsu + Watershed J5E7E R S St 2 RIEE LT e 2R3, F1 5440
R 0.001. HARA R R E T R EUG P KBGO 4SS, B4R RELE
X 7 B ARk S 1 a8, /KIS kA T e o

= 2K1E > ERE AL (U-Net. DeepLabV3+A4 SegFormer)f] F1 Z)¥07E 0.225 % 0.342 2 Ja], B#FL 1%
G AR AR T S oy B o X B AR DU Fe AR R A N I B S S5 AT 4, B T AR TEHE A Ay
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KEY TR, MR STREFII B ARl F . U-Net 1525 T JLRIRIE e 45 0 5 22 ROER-E (0 {4 55 B
FE=% S T f =M Fl. SegFormer /E N34T Transformer (AR, EiZ¥R4E R DRI, WTRER AN
Transformer X Ja #4015 1 ORHFRE 155 T CNN, 1) o 2580 R BB I SCR AT 0 T X 2 HAR 515 5t 208
HIE,

Mask R-CNN [9]F] F A 43 52 #3047 H kg AL, F1IAE] 0.594, HEIFA 0.554, FHIH AL A [B#T
— PP E S HbR . SR, AT Sk DUB Z A TEAE A B, A i iR 2 2 B, mloU 4 0.788. YOLOVS-
seg S H B ) vE AR 2R K [ R e, 3 B AU 0 ) 05t v LS B H AR, A TR E P A ER
B LU FBE ) S ARORIUR

Cellpose [1717E % 1T A 40 EHE B 0 BB, 78 AR 258 KIEME ERIAE . FLTI SR BYxt
MAEACGERTE . L) ABSRIAG IR E, 110 208 AR RRL AR 2 BT 5 T € b R 21 40K 21 4
VSRR, L 5 2% 5 0t e A T i B A% o 3 — &5 SR EIAIE 1 AT % & e - e 2 i
B EN B

AICELE F1 040 Bk 2] 0.863, REMTHTAREL k. 5 HM Mask R-CNN #HEL, F1#gAT
0.269. FAKI S, #EFRETF 34.2%, BEIEH 0.554 F2THE 0.855, X — KIEIRTHEH, AR5
B B SR A2 ST R SAM SRE i 4 [ 3E , P30 Ik 0070 SCHR AR RO B 1 AN A B2 T i, b o 380 iy i ARE T
HEH 22 3] BN NG 2. #E mloU J7il, ASCJ7EEH] 0.809, [FIFELT Mask R-CNN HI YOLOvS-seg.
X RIOAE T G B AT R A T (A R s DN A G S I P A O B S ARG ARG B,
SAM iy H (10 fith MCKELRL FEE P9 345 [X 330028 20 WAL S50 42 0RE P B S8 8, 7EAE ToU R B SEIL T XHE FHE R
WEINERE . 286 F1 A mloU BIUFEFR, A< SC5 78 49 4% VUG o B A HE s 100 SRS B R 38)ih 3 1724
AT B ALK o

4.3. iHEhSCIG

NRGIAESEII DT, ATTLL VIT-H fRA SAM Jy5kal, 7EMRASE BB SN &A1,
SIS SRS 2 FoR, ORI 4 Fs.

Table 2. Ablation study of each component on the test set

2. RAMHRSINER

(iR Precision Recall Fl1 mloU
Grid-SAM 0.317 0.866 0.464 0.689

+ TR 0.803 0.866 0.833 0.692

+ DiscNet 0.875 0.825 0.849 0.696

+ ShapeDisc 0.872 0.850 0.861 0.696

+ R AN A 0.871 0.855 0.863 0.809

Grid-SAM J5iii % H S 30 H AR e 6 3 B 2R SRS A HERR 22, F1 A 0.464. 32 x 32 BRI RAE
5 75 75 48 0 o3 L AR, L[] BT A 0 AN 0K AR L SCBE XA 1 SR AR B T K& TR AN
efite . IINTEARIGR G, HEFRM 0317 BR7HE 0.803, HEIZR4EEE 0.866 A4F, FI $#2F+4% 0.833. X
S IR AR N T 2000 (R R ARG, HE F1EETH T 0.369. X — B & MGEE UL Grid-SAM 74 [ K &R
BH AR A 328 3 oK /NI FNSCEE M i, TR AR S — N B LGS 3 i 264, Rets UL R A
REPE R e s o R, IR ARSZATATREM, 300E T BI{E 2000 (1 BALT B2 HARR ST A 7
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AN R M BT SR

FEAMU DiscNet M A&, #ERZR 0\ 0.803 #&TH 2 0.875, (HABIZFM 0.866 T %% 0.825, F1 42
THE 0.849. MW SCRERS A ORI HAE IR AR K AH 5 B SRRSO A — S0 T 55 X I (Can G BB
LRYEMAIHY), RIUHER SR AR SE b Fb o A R (0T B4 D 35 B 350 (T L 3 i 0 AR 1) L S R 7 A WL AE
FERREARBEE, BN SORFIN AT . X TOURE R RGB SR RSN BT 5, X0 DL
Pk

fl 7 ShapeDisc i, A FIZIEF T 0.025, HEMHFM 0.875 P42 0.872, F1 #2FH% 0.861. AR
(T I0 NASEA50 43 e S W0 40 SR A (AR LG B B SRR A, IR SR, AR G AN 3, (AR R A
A I ) EECE RO, U RRIE 2 TS 2% 5 B S T B . Y R R 00 A R D 3 B D O e
i B 5 FIUERAR B RS B AR, R 0 SRR . PN AT logit 23 [ Il & (w = 4.5)
S TR B EAN, R F1AE0.861.

EFEVEREID AN 2 AR mIoU #2717 0.113, F1 SIS 0.863. X —Fr BN SHE IR B 4 55 1 1
FRAI, T2 B T B ORI RS 52 B . mIoU [ KIEHRTHE I, P9 48 HE O WA B0 i (8
T ARG 2% RE 6 G 25U A ORI FE B8, A HEAD A 78 55 KEURMBIE X IR ) “ME& BRI Jr 1 . Fl
(AT T Sk 7 5 THT B iik: 3840 R 56 ToU MR T 0.5 BRIE i L RE 18 Jm B L IR oM BRI, Bt
BRI RS IS A R A B B, 58 APAE RS T F1 Mt — 8225 0. ik — B X5y S HE
W EAMILE], 5% 3 45 H T AR5 305 7MW 53 SCHIAST SR 1 R

Table 3. Performance comparison of individual branches and fusion

3. IR X555 YIRS R At & M REXTEE

F 77 = Precision Recall F1 mloU
X4 DiscNet 0.875 0.825 0.849 0.696
¥ ShapeDisc 0.842 0.858 0.850 0.696
PGy 0.872 0.850 0.861 0.696

MFE 3 ATRAE H, SN Sl iR 2, TR SOl A 2R, 38 RIS R - A
AN B, A FlL s TAE— RS, B0k 7 X5 3 HAME T A 20

= WA 73 logit it i Z [ 1) Pearson FHCRE, HAE N r=0.42, BT HEMmMACIIF MK
o IX R HIAMIANTEAR PG A 05 50 23 S A A FUAME B, HL R I A7 AEAH 2482 B2 AL 0] Re ) . i
AR, AN ST 2R AT AN 52 X A 1) 23% 0 I WS R B AR 73 S2 1 IE, X — LB S5 M6 &R
B or=042 R ZE B EENEN E—38. REIE self-IoU [ THEALHI LB, K4GHTHEL
I RIPEREXT L .

Table 4. Effect of self-IoU gating mechanism
T 4. Self-ToU [ AL B HRASCEE

Al Precision Recall F1 mloU
Tol 4% 0.861 0.845 0.853 0.751
Self-IoU [ 745 0.871 0.855 0.863 0.809

LR B self-IoU [958, X &FOREE MRk To KR K12, mloU M 0.809 RFE % 0.751 (R % 0.058),
F1 M 0.863 [ 2 0.853. VE4H T KIN, TARMHREFE 14 DR A IEFIEEU > 0.5) R HEADEEFS 2 41
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Figure 4. Ablation experiment visualization (a, b, and ¢ show the effects after adding each module sequentially)
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