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Abstract

Mitotic cell count is a critical parameter in breast cancer for pathological diagnosis, prognosis as-
sessment, and evaluation of tumor proliferative activity. Manual counting, however, is hampered by
subjectivity, low throughput, and poor reproducibility, limiting its utility in precision medicine. To
address the challenge of detecting small and morphologically diverse mitotic figures in whole-slide
images, this study presents an enhanced YOLO11 framework that integrates super-resolution re-
construction and a channel-wise attention mechanism. Our method employs a PFT-SR model to ini-
tially restore fine nuclear details through super-resolution, followed by the incorporation of the
CoordAttention mechanism to sharpen the network’s focus on critical cellular regions. Evaluated on
the GZMH breast histopathology dataset, the proposed approach achieved a mAP@0.5 of 0.597 and
an F1-score of 0.608, surpassing the performance of existing mainstream detectors. These results
confirm the framework’s robustness and efficacy in mitotic cell detection and underscore its signif-
icant potential as a decision-support tool in clinical diagnostics.
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RS2SR JEHES) T B R B M i B 34k . Faster R-CNN. YOLO %5 H krk il 553k gl T4
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Figure 1. Overall structure of the YOLO11 network
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Figure 2. Schematic diagram of the PFT-SR network architecture
[ 2. PFT-SR M BIAHELRTEE
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Figure 3. CoordAttention module schematic diagram
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Figure 4. Sample images from the dataset
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Table 1. Performance comparison of different models on the GZMH dataset

% 1. TEHERE GZMH BIRE FHIMEREXTEL

Model Recall F1
Faster RCNN 0.497 0.173
FSAF 0.348 0.436
RetinaNet 0.491 0.476
yolov3 0.529 0.480
SSD 0.489 0.511
yolov8 0.416 0.504
yololl 0.502 0.553

M 1 RATLE H, L4010 Faster RCNN 764 [FI % FAGAE] 0.497, H F1{EUAN 0.173, KHH
FE/IN FARAT 225 Z4 40 MO (R I AR A7 AE B SR R A2« FSAF BRAR A B R B fiX, {2 F1 {80 0.436, i WI7E 7 [H]
RENAS R HITEOLR, T8 AfaE . RetinaNet 5 YOLOV3 fURBUMIX ¥47, & YOLOvV3 H#H A
i, I FL{EL RetinaNet #Hif. SSD 7E A [ B KT YOLOV3 [fHHL T, BUS T fmii F11H,
R\ HAE R 25 A 0] F 2 ) SEIL T BEAT 1A ~F 4

7£ YOLO R4 A, YOLOV8 F1 YOLO11 fE 3l 1 5 st A T 7. AH#ELT YOLOV3, YOLOV8 7E
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W 2% S5 R BT AN H Ak B 0 B BEAT T AL, T YOLOLL FE i — AL, FERMESRI. ARG
Bl S A7 B4R T, REWSE GZMH HOi s b Scll s s 1 % A0 FL (. BRIUE, A SO
% YOLOLL F N H B S0 BR), JFZEFLERE 1 5 RIS, LME— 0 SRR0 TR 22 40 2L R )
IR -
3.3.2. SHRASCI STERERTEE

TEXE YOLO11 RAUBALIATIHARSLS:, X LA GZMH B LINIZRERI. % 2 B T B
BEA RN ST S A FERE T (S50 45

Table 2. Ablation experiments and performance comparison
= 2. HRLSLIG 51 REXTEE

InptSize Model MAP@0.5 mAP@0.5:0.95 Precision Recall F1
640 yolo11n 0.536 0.328 0.614 0.502 0.553
640 yolo11s 0.526 0.328 0.650 0.426 0.514
640 yolo1lm 0.526 0.327 0.628 0.458 0.530
640 yolo11x 0.519 0.319 0.630 0.460 0532
1024 yolo11n 0.540 0.341 0.673 0.453 0535
1024 yolo11x 0.533 0.334 0.670 0.437 0.529
1024 yolol1n + PFT-SR 0.550 0.350 0.712 0.423 0.531
1024 yolo11x + PFT-SR 0576 0.359 0.618 0.562 0.589
1024 yolollx + PFT-SR 0.597 0.370 0.625 0.591 0.608

+ CoordAttention

ARSI VI HE 20N 640 x 640 HIFE AR ALVE Jy b IR 2R, 1% 2R AR Y 25 TR 46 b Ak T R 257K F
Hh mAP@0.5 B fEAEHTE 0.519 % 0.536 [X [A] Y, mAP@0.5 0.95 ${E %A it 0.330, H [FIZREHAHXT
W55, femBEON 0502, XFR YOLOL1n A5, I 41 Sk S B s A 43 9 2R i N PO 1 A BB s
B MG AT 225y AN MOAZ R BE N TR AS AT AR, AR 2093 25 A T R 2R X A 5 47l HE S B S R A
TR LB A WS, BT JC s A I DA B I ) 712 7 0K

RV HERAFAE GRS A R, W TR B N RS FH 2 1024 x 1024, R B JEHER L 45 K FF e
X IR 5236 45 SR B, SR T R 5 ) YOLO11x A4, mAP@0.5 $271 & 0.533, K R i 7+ £ 0.670,
{HHE [ 0.460 [% % 0.437, FLAHFD/NME M. X —RAESIFIEMER, BT r R RgEEE R
B RIA0TT S ST FIRRSHE RS, O EY) i TR ST, SECB $9RE A B AR HME DAR I,
AR 0 R N ST . HARRHESER AN 2 0 1), 7E 1024 x 1024 43 HEERHAN T 51 PFT-
SR 47 2 E AR AT X LU SRR . S5 AR, AR PFT-SR (&R AR AFAE 22 7, YOLO11x 45
4 PFT-SR JE #2022, Rl R B 27625 FEAT MRS FE 5 A B2 (00 “F4li7, J5 213 ] YOLO11x
+ PFT-SR {ENEREAC B . MHLHISKRE, PFT-SR BRI CAFE s, stk 1 HARAUE S RIS,
YRS MR S HARRRE, SRR T i HEER T H AR R S B L, N R SRR 2 R4
(ke th B 70 BT s
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TEMIN PFT-SR AR SCHURFAE 3G i R Al B, 3 — 28 5] A\ CoordAttention A4 4R7E R JJHLE, 1528 & T
K Fa bR gk LA, 38 BIA VM Al S8 I KT o 0L R B mAP@0.5 75 % 0.597, A B FIRTHE
0.591, F1 {fix%] 0.608. #%.CJRKZET CoordAttention i i AL & 525 (A A BIZ 8., Aefs B HIRE
BRRHIE X, 3P iU R ST, EORFER G A R PRI, ORGP T REE
HiHEETT .

AL S50 F M REAR AL, N ) At SRS (3 E O 5 EAME RO TE I . AR TR R A RE /N IR A
ks, E2E R A FR T, SECEAMER RN . PFT-SR 8/ HE R B0 EAFAE IG5, 2% 7 A ]
RAWMAG A 1) 85, 7552 7 BRI 8 7 - CoordAttention HLEEIEVE R /151 S, #E— 5 PHkE# R 5 1 A %,
HEBNRARMEREAR D AR T, = A IR, S0 T B — O R RE JRBR, BOUE T o R R Ak
P R I ALAITE QR P /0N H AR RS0 o f ik T 4 P

GEA TR EUGAS IS, A 2 R H RN . UK. RS, RS AR S BT
RS ERE m, BRAl o WER T M A2 IR A 770 AR U R SE IR S, B PR NG AR 5 S
FEE5 SR — RGBS, BRI B R S S S e, v E S B MR H ARk IR B iy 45
A SRS IE TSRS S HH AR S %
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FUIARE R B UG o 22 5y L A0 R R R 28 TS /) H AR VR HE FE R L RRAIEAS 51088 OB 38 S s ik
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[FIVE AT S AR TR P B (H I S A A AL 5 52 B B P S BRPAEATS 75 ik — B R IR

ST U TE RAE 5 B I R AR AN m] sl S M A7 7R A5 BB, AN FULE At TRAR B BE 5N PFT-SR
F AR . WA KRS, R AT A SO0 R BHG R A S E B, 03 oot g A% 10 e 5
R A IR, AOGRTE TRINRRE &, 5 5 SRR AE SR 48 FE i IE ) RE, 3 H bR an 14
PN R EMR TR EERRS 2 RENG % R0, PR F b v S 3N, 76 KR
AU BUR(WSI)HERLI st b, A5 5y BOA il 20 BRS04 T, S A 907 ) v SR A
THE SR BRI T, BUMEE TG EMNZ)E SR IEH RS, LOPHRHER s8R 5T HROR

TERR 7y P A S mt b, AR 7 — D 5l NARBRVER DAL, CARKSRAK X 2 % 2 (Rl 7 B A .
MIRADRE JT . B0 AL 50T A L2 ZLAN AR/ . B R T I SR AT I RE 1, A AR B B
RS [P IR BB TE (5 B SR T R B R, B R E R E SR I S Bl & 1 A AR b, SR v SR R
ol BARIX IR, B ROE EC R AR B AR ORI TR SR . W AsEIe a5 R, M TR B Pk E
B AL, I NARARTER LS, BEEH B R 5 25 AR I Fa R 373 207G 205 T, B AR v RE se Bl
B, HE— 20 T AU 7E AR 0 A AR U AT 55 P RS G 1 S5 3 U B . EE R LI
AR SR SR, 7EREZIRIIAL &850, TR PR AL I SEbr v I 3%, X —
I B 5 I R 2 A 2 v & EL A B 3 S i AT A

gi b, ARBPFUIR R 2 AEEL FE A R, AMUAER 2257 2L AT AT 55 Hh R L AL S e RE, BEOR
I3 2 B LAt/ B BRI 1) RS T AT A S I BARE  (H A SERR B A AT, AR AR T R A
FE N ZRFERT B RS HH & B 7 T A A7 A s 23 ), 5 SR ST T RN 5 i b P B o s
AR ERIZ AR T RIFR AR Z
5. &g
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