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Artifact detection of low-magnification pathology whole-slide images
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Abstract: Objective High-quality pathological slides are crucial for manual diagnosis and computer-aided diagnosis.
However, pathology slides may contain artifacts that can affect their quality and consequently influence expert diagnostic
judgment. Currently, the assessment of pathology slide quality often depends on manual sampling, which is time consum-
ing and cannot encompass all slides. Additionally, despite relatively standardized detection criteria across different institu-
tions, different quality control personnel may have varying interpretations, leading to subjective differences. These limita-
tions restrict the traditional quality control process. Current methods typically involve analyzing image patches cropped at
high magnifications, resulting in considerable consumption of computational resources. Moreover, certain artifacts, such

as hole and tremor, often have larger dimensions and are better suited for learning on low-resolution images. However,
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cropping image blocks at high magnifications may exclude artifacts that coexist in tissue and background regions, such as
ink and bubble, which compromise the integrity of artifact detection and analysis. To tackle these challenges, the process
of assessing the quality of pathology slides must be digitized to enhance efficiency and accuracy. Therefore, this study intro-
duces a novel algorithm, Window-Row-Col_Net (WRC_Net) , designed for the detection of artifacts in digital pathology
slides, specifically tailored for low-magnification pathological whole slide images. Method This study primarily consists of
four components: pathological slide preprocessing, feature extraction module, feature fusion module, and single detection
head. First, we tackle the problem of artifacts in pathological slides by performing preprocessing, which involves transform-
ing the tissue pathological slides into lower-pixel-resolution versions of whole-slide images (thumbnails). This step helps
reduce computational resource consumption and is well-suited for addressing larger-sized artifacts, such as holes and
wrinkles. Afterward, these thumbnails are input into the feature extraction network to acquire the low-level feature repre-
sentation of the slides. Moreover, to integrate effectively feature information from different levels, we devised a feature
fusion module. This module plays a crucial role in the entire model, facilitating the aggregation of features from varying
depths and directions. Additionally, we introduce the Window-Row-Col (WRC) module, which encompasses two vital
components: the WRC attention module and the multiscale dilated module (MSDM). The WRC attention module dynami-
cally aggregates features within square windows, spanning horizontal and vertical directions, capturing global and local con-
textual information, and establishing long-range dependencies. The MSDM incorporates dilated convolutions with varying
dilation rates to extract multiscale information and enhance the model’s perception of artifacts of different sizes. Through
this feature fusion, we boost the expressive capability of features, thus giving the model with a competitive advantage in
object detection tasks. Finally, the fused features are directed into a single detection head to produce the ultimate detection
outcomes. The design of a single detection head structure streamlines the model’s architecture, rendering it more succinct
and efficient and also diminishing storage and computational burdens, thereby expediting the detection process. Result We
created two new datasets for pathology slide artifacts, known as the Shanghai Pudong Department of Pathology slide dataset
(SPDPSD) and the Ningbo Clinical Pathology Diagnosis Center slide dataset (NCPDCSD). The SPDPSD dataset originates
from the Pathology Department of Pudong Hospital in Shanghai and comprises two types of tissue artifacts: ink and bubble.
The NCPDCSD dataset is obtained from the Clinical Pathological Diagnosis Center in Ningbo and encompasses six types of
tissue artifacts, including hole, tremor, incompleteness, ink, appearance, and bubble. Through comprehensive experi-
ments on these two datasets, we conducted an extensive comparison between our proposed WRC_Net algorithm and the cur-
rent state-of-the-art object detection methods. The WRC_Net algorithm demonstrated superior detection performance on the
SPDPSD dataset, yielding remarkable improvements in metrics, such as mean average precision (mAP), mAP@IoU =
0.75 (mAP75) , small object mAP (mAPs) , medium object mAP (mAPm) , and large object mAP (mAPl). Addition-
ally, on the NCPDCSD dataset, our method displayed competitive performance. The results indicate that compared with
other methods, WRC_Net achieved remarkable enhancements in multiple performance metrics while maintaining low com-
putational complexity, striking a balance between speed and accuracy. Conclusion The proposed algorithm for detecting
pathology slide artifacts accurately identifies various types of artifacts in digital pathology slides, offering a more compre-
hensive and dependable quality assessment tool for the domain of medical image analysis. By striking a balance between
efficiency and accuracy, our algorithm is anticipated to enhance the pathology diagnosis process and usher in a more effi-
cient and precise workflow within pathology departments.

Key words: digital pathology; whole slide images; artifact detection; multi-scale; feature fusion
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BT 25 K F 2 B0k, Il /D A A AT ST o Y
ﬁ)ﬁﬁh{ﬂ'J:E"JulJrLF%TE&T*%ﬂE‘JEmEJ%
YU 2 2 — A K I Sk A ] 58 A H ARG AT
55 o PR, M T S gl A SOR R TN Sk 1 1R
T, DR AR B = 2R /D 33301 4 1 BRI
RUSE R B NI AR AL 1 — i B Sy 35 9 Oh 52 4
UE S

YOLOX(Ge 55,2021 ) (1 fif #5325 44 2% 1 31 H
FRAS AT 55 vh 43 28 FE AL 18 51 s [R] 2R A ]
(053 35k A3 BB ATTHEA T WG TR I OR .
WE 3 TR, RS 55 R 3 A A 1)
Reg (h,w, 4) 45332 , AT A SAFRAE S H S
B, 30 T PR SE S, W] DL ARAS SN AE A 7 AT R
Sf L Ho R F w g3 5 R AE Y R BE 5 2)
Obj(h, w, 1) 73 32, T HIWr BN R AE S 2 156 % H
B3 53)Cls(h, w, ¢) 5332, T FIMr AN FEAE S AL & Y
HArFhs, Horb o oy AR AIEL . fal ko 34~ 1t
W45 353 5 R e M e HESTE — i, s
out(hyw, 4 + 1+ ¢)o KPP G5 B 11 7E PR 45 = M
RERY RIS, e 1 FaR kR Rt AR SOR AR Sk
YRR Sk | DATE G 2% 58 1) O s A6 T v 1 43 2
FE AL SR 22 S, T TEAT: 55 vh BUAS BE A I 25
HK.
2.4 HMKEH

H A A4 25 ek B0 i s A AL AR S50 H A A
A HbRZ A 225 . Bl 3R o A 2
I EE 2% Gou_loss ) . H AR B AR BEF51 2K (obj_loss) AT H
FRIEHIIK (cls_loss) o iou_loss H T PFAl T I AE 55
SERRAE Z IR E S . obj_loss T P-AL HI H Fr
MEAGE o cls_loss WA T PFAL FIN H A5 192850 (Ge
85,2021) 0 H BRI K s AN
Ly, = oL, + BL,; + yL,, (4)

s?

EZ[C( i -@) + (wl - @)+ (hf,: - ﬁgﬁ)z)}

0j

[c X log (C1) + (1 = €)% log (1 - C";)]

C

> S log ()]

=0

-3
5

A, L, F R iou_loss, L,; 2 7R obj_loss, L, %7~
cls_losso o By 73 0y 3 FPA6 2R AL B R %L, S )2
DA% B TT A, B B~ A% BT TIUI A 32 A

Bk, O3RN i AR BT I 5 A i R R T
AL IR LSRR (08K 1), € /R A5 750 f) F5T300 4
R FORE A PR R IT T AR A T R R A
YA o o By RO A 1A S BT H A 5 A4 30 AUE
(R HR D AR AR 0l TR RS i mﬁiﬁqﬂﬂ’a%j/ﬁ
1 FHE (Y 5 BE R B L & Tl 3 7% B B F50 0
fH. Cﬁxw%ﬁap(ﬁﬁﬁﬁlﬂﬁﬁm¢m
S AN FHE T R 55 ¢ AR BIESR . SR TAE
), FastestDet (Ma, 2022 ) 1 J2& 3£ F anchor-free f}
B bR 7 vk , BALE A AR g k. I,
AR SCAEBE T E ARSI 45 2 bR BORC B, e  T i
FastestDet AL E X &, Ha = 8,8 =16,y = 1,

3 SKBWRERST

3.1 KEEE

SCO R UE BR 85 R Inteli9-10940xCPU, W 5K
NVIDIA 3090 &, #:4E R 48 M Linux, A BT
D) 28 A5 7 FE T PyTorch VR 2% 2] HEZR S 8.
SGD 14k %5 Fl MultiStepLR 2 3 i sk W . Horp
oAk #8149 BB 2 06 M 0. 000 5, 3 2 %0 (momen-
tum) B4 0. 949, A5 7Y [ B di Atk vk /N 32, 90 4
2 2] BURA 0..001, I iE4T 200 4 epoch Y Zk . 3C
b A P 48 bR 2L S mAP .mAPOS .mAP75 .,
mAPs .mAPm 1l mAPI,

Y85 i (mean average precision, mAP) (Ever-
ingham 45, 2010) /& H A7 K 0455 AL b i 0 P4 45
o, BLRAHE T A 2800 F A F A BIEIKSE T 1)
SRR, REOS A VTR H ARAS I AR R £ A ]2
B PERE

mAPO5 Fl mAP75 73 5l 78 78 ToU BI{EH 0. 5
0. 75 BF A F-EPRS A B2 o 117 mAPs . mAPm Al mAP] 1
Gy FRRTE/N B A BARFR B T4
B K ST AR R AR, AT LA 4 Sk T AR R
TEARFE O T B RER B .

3.2 LWHER
3.2.1 XFHSLE:

T 5% 3 WRC_Net [ A 2% , £ %F SPDPSD
£ 45 4 1 NCPDCSD %45 % | ¥ WRC_Net 5 it JL
AERY B BRI Bk HEAT TR E . O PR R — B,
AR SO BT A A B AR SH B R 352 x 35218
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2, OF B A BB koo B b S 4 T 0l 2k
W,

£ SPDPSD #ffa 4 I Ke 42 Hh 9 WRD_Net 5 3=
T H ARSI AL AT HE . FastestDet J& — i 52
i} anchor-free HARRINAA 1 | AR 3 B AN S 400 AR
THAEE  EAE B ARXS 2K . YOLOVS (Ultrulytics,
2020) . YOLOv7(Wang 5 ,2023) DA & YOLOX (Ge %%,
2021) 4 YOLO 5 H AR RRAS o X 28539578 H
Bl 253 A7 4 2 2 Y520 . CenterNet2(Zhou 5%,
2021 ) J& HE T B BoAS I 25 44) 385 (0 ABE 52 79 o B
MRS o AR T — B BOR I 2% , & FA 5w A
HERG R . 7 4h, CornerNet-Lite (Law £ , 2020) =& 11
CornerNet (Law I Deng, 2018) %) J& fith I #E 47 2e i7F A1
DAL R B G RRA | HE s 2 T8 DR v A DU e Y

[F] B el /D AR () TS AN AE T AR . IR 1 s M
FbF Hifth 5% , WRC_Net 7 SPDPSD %5 4 | R
L1 B A RS T PR BE L 7F mAP .mAP75 .mAPs .mAPm .
mAPI S48 bR S T —@& 427t AT, WRC_Net
SEETORG BE RN L S , BRI TE R A A I
A A [T AR LA AR e e SRR . st 5 HA B
B0 F AL, WRC_Net 76555 R D0 R 46 0 05 o 19488
FEPERS B T 50 0E

£ NCPDCSD £ #li 4 |, A SCH IiE T WRC_Net
(38 M . angR 2 iR, 5 AR At AR SO
LY R (U A B LR U R (7% Y €1 % M ML
TIE, WRC_Net 746 0 5 22 Fl 25 O 5% 19155 0 AR SR AR
FER R MR RE L 3 2 AR SO AL HLA B 4 2 4k
A 1 FNadE M

&1 SPDPSD #iE& L3It 0%
Table 1 Comparative experiments on SPDPSD dataset

ik mAP mAPO5 mAP75 mAPs mAPm mAPl  BHE/M HER/GFlops
FastestDet 0.511441  0.750893  0.581395  0.401485  0.633397  0.810 657 0.24 0.13
YOLOX-s 0.595196  0.785 986 - - - - 8.94 26.77
YOLOvS5s 0.627 0.843 - - - - 7.03 16.0
YOLOv7-tiny 0.587 0.802 - - - - 6.03 13.2
CornerNet-Lite 0.597 0.637 0.622 0.202 0.622 0.834 116.86 157.51
CenterNet2 0.455882  0.641002 0522349 028982 0461265 0.572584 4526 53.28
WRC_Net(A )  0.630869 0817162  0.703747 0547372  0.738799  0.853862  30.14 13.65

T ML PR R 5 B R A5 R, =7 3R X LS 36 vh A I R

%2 NCPDCSD H#E&E Xttt LI
Table 2 Comparative experiments on NCPDCSD dataset

ik mAP mAPO5 mAP75 mAPs mAPm mAPl  BHCE/M A EE/GFlops
FastestDet 0.334264 0565022 036591  0.190553  0.406063  0.584 418 0.24 0.13
YOLOX-s 0.519827  0.75211 - - - - 8.94 26.77
YOLOvS5s 0.511 0.762 - - - - 7.03 16.0
YOLOv7-tiny 0.394 0.594 - - - - 6.03 13.2
CornerNet-Lite 0.556 0.621 0.590 0.207 0.523 0.676 116.86 157.51
CenterNet2 0.341 0.533 0.361 0.137 0.298 0.395 45.26 53.28
WRC_Net(A3) 0550 147  0.688 046  0.623537  0.371297  0.663119  0.776 049  30.14 13.65

E LTRSS A S e A5 R, =" RIR X OSSP AT I 8 A

3.2.2 JHmbSLE
A SCHE SPDPSD BUa 45 | XA A 544 34T T 7
RS | A B AR R A A S5k

1)Backbone YEHL . B XS AS [R5 700 (1 R 0E 72 1
e 74T T %, 43 45 DenseNet161 (Huang 4% ,
2017) . ShuffleNetV2 (Ma %5 , 2018) . EfficientNetBO
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(Tan Fl Le, 2020) . MobileNetV2 (Sandler &5, 2018) .
ResNet50 il InceptionV3 (Szegedy %5 ,2016) . U5 3
7R, ResNet50 7EFT A7 PFA F6 b5 b B PERE R T
b A5 % . ResNet50 j& ResNet 8 81 ot 1) — 4 22 A
B, BA SRR RESEIRE ) HERE S TR A
A [F B BRI R e M R o e HARAS
DA 55 b, AR 1 B R (5 R TR 2 SR , T ey Joi &
AR BE WS S I B 4r i H b ks o Bt 1l ]

ResNet50 15 A SCAY AR SR IR 2%

AL, I8 %F ResNet50 AN R Z#E4T 15540, B
kU, BT ResNetS0 o 4 A [A] J2 4 HH AR AR AE
AT . AN 4 B, BEHY ResNet 1955 3 J2 R 1iE
A BRI BRI fE . 2 3 2RI REAS TR LR AR I A
87, DT o G- i e 0 LU L P2 O ARRAIE (S L
I A ST R 225 5 4 ResNet50 Y55 3 24
TEAE A RRAIE B UBE HR A S 4 R AP AT

®3 AREBMFFEREBE N LR

Table 3 Comparison of feature extraction capabilities of different models

F mAP mAPO5 mAP75 mAPs mAPm mAPI
DenseNet161 0.546 27 0.748 818 0.632 691 0.443 643 0.661 832 0.787 376
ShuffleNetV2 0.464 43 0.723 571 0.523 417 0.362 023 0.578 193 0.786 302
EfficientNetBO 0.537 509 0.743 031 0.620 543 0.436 087 0.657 848 0.786 302
MobileNetV2 0.519 941 0.742 424 0.598 346 0.417 373 0.639 996 0.809 449
ResNet50 0.590 916 0.778 550 0.683 883 0.497 146 0.697 771 0.887 888
InceptionV3 0.439 679 0.679 772 0.491 426 0.370 44 0.567 614 0.660 787

TE IR TR R % 9 e L4 2R
%4 ResNet50 F Layer E£{3% B
Table 4 Layer selection in ResNet50
JZ mAP mAPO5 mAP75 mAPs mAPm mAPI
L1 0.529 228 0.750 021 0.593 834 0.448 994 0.645 087 0.706 681
L2 0.590 916 0.791 544 0.656 273 0.516 298 0.702 959 0.761 176
L3 0.603 751 0.795 137 0.676 065 0.521 396 0.701 243 0.844 274
L4 0.590916 0.778 55 0.683 883 0.497 146 0.697 771 0.887 888

E R TR R S 9 e LA 2R

(1) WRC B3 . A T 5 9F #2 1 9 WRC_Att
(WRC attention) A1 MSDM X} 155 54 14 B B 52 ), A8 SC
439X WRC B B fp A A & WRC_Au A A f 75
MSDM 55k DA K [R5 P A B i A AT T L
B, RS Frs, S A WRC_Att 1 MSDM 7
AR BRI VE REf . WRC_An BLHLREAS T 4F
M AR 4 R AR R A ., I MSDM A5 3 ) 36 K 45
B SZ Bk 5] AT 21 T SUE B, LU Bh S
MAES5 . PB4 & BE ARt O TR IR A8k
1175 RS A PR RE T B4, DT $8 3 AR A P g

(2) A WRCALHZ A& . BFR T G A2
(AR AR XA TR M RE 52 . 3R 6 BT AN [R)J2
PRFIE AT PR AR A A FH i Je — 2 WRC AR

JEHHE, SRR REA T WE ST . X R B T i D
B[R 2RI, REDE 7870 A W] 2 245 2, AT
P& THREHY 1) BN RE ) MARIERIBRE ST . AT UK,
BV A A P B ARG S | ASE AR AT AT A b A A [+]
ROZH HF5 .

2)WRCHERE NS, £ WRCIERE IS,
ARICHEFGE T Col Attention 55§ Row Attention DA N CEFF
SR BRI RE R . ANER 7 TR, Window_Att
AN A T 72 1 Win,_Col_ Row_Att Ay [R] IsH i
&R KPR BRSO
il PR B D BUK R TE: e oG 2R As
B, 7E X AR T [E] B {# H Col Attention 1 Row
Attention ()15 I, AT X S fiff B G —Fh i 2 )
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Table 5 The impact of the WRC module on model performance
WRC AR mAP mAPO5 mAP75 mAPs mAPm mAP]
WRC_Att 0.612 449 0.814 684 0.689 55 0.529 065 0.721 311 0.821 171
MSDM 0.621 78 0.808 233 0.702 083 0.535 218 0.725 235 0.857 327
WRC_Att+ MSDM 0.630 869 0.817 162 0.703 747 0.547 372 0.738 799 0.853 862
E L TR R S 5 e LA 2R
R6 WRCERERME
Table 6 WRC module layer fusion
SR mAP mAPO5 mAP75 mAPs mAPm mAPI

NSy 0.616 965 0.792 879 0.692 807 0.529 479 0.726 244 0.870 007
e 0.630 869 0.817 162 0.703 747 0.547 372 0.738 799 0.853 862

E R TR R S 5 e LA R

A L JEAT 5256 o 5 3 4SS5 Win_Col_Row_Att+
CEFF W2 AE55 2 00 i L fll 151 A T CEFF 45
F o W7 PR, 2 10 = iy S ah B B K P
RN 3R B 1, mAPS0 . mAP75 . mAPs £l
mAPm YA BT HET; o 3 UE B T R B 4R R R4 S

FKAF 3 B ) A A 8B 4 il vy AN [R] T AR £y
SRR . 7EI LA P ]A CEFF 4544, mAP50 .,
mAP75 U N mAPm B4 T+ 1 29 1%, it — Lk T
XF 3R EE I E RO AT R IE RS A
R

RT WRCEBENRRIFEE M HE R R0

Table 7 The impact of the WRC attention module on model performance

WRC & sk mAP mAPOS mAP75 mAPs mAPm mAPI
Window_Att 0.622 089 0.803 966 0.701 178 0.539 158 0.725 586 0.862 055
Win_Col_Row_Att 0.621 193 0.807 937 0.698 743 0.540 648 0.728 358 0.843 842
Win_Col_Row_Att+CEFF 0.630 869 0.817 162 0.703 747 0.547 372 0.738 799 0.853 862

TE R TR R S e LA R

3)MSDM ik . A SCHESE T MSDM H i fik 4 1
(AN ] 2 42 7 QOGP B AR M RE 0 B2 1), I S I 16
ERIE JFER + SE LASCHER + SE X 4 Fp oy Ui AT T 5
UE. R 8 FirR , AR I 2 7 =N Pk RE AL TR
L IR 1 O 2 B K BT LULAEAS [R5k R

B JZ SR URFE , R R RS B L Al A 2 U
Bo JFHAESIASEBLBS , Joit 2 I 53 K% 1
T ERERI A T — MR T E— R T A
SR T8 3 1 +SE 7 AU i 1R AE AR 22 R A5 R
7 T B

&8 MSDM R A 6] & # 75 X R BY 1 BE 40 =20
Table 8 The impact of different connection modes of MSDM module on model performance
BRI mAP mAPOS mAP75 mAPs mAPm mAPI
RIS 0.585 522 0.791 261 0.657 897 0.498 353 0.715 589 0.728 468
Rk 0.624 011 0.808 978 0.700 984 0.538 498 0.729 872 0.880 195
JfHk + SE 0.585 161 0.802 212 0.663 522 0.502 174 0.702 06 0.778 145
EBIK + SE 0.630 869 0.817 162 0.703 747 0.547 372 0.738 799 0.853 862

T L SRR 5 8 B A2 2R
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4)ECABlock f 3t o A SCWF 5T T 16 R 1k fil &
BEHUR J5 IN ECA B S X B AU PERE A FE e . Tk 9
s, A ECA £ 8t J5 8L B 7 mAP . mAPOS |
mAP75 . mAPs fl mAPm [ YERES A T — & 0 ik

The FEATCH ECA BT AN ] J2 4 ik P A 3 18
AP KT T AR A AT, A 7Y R T 9 A Al
P B ZRE AR OE P TR A PR R S 2
REJ o

R9 ECABIRITEE M EE R 20T
Table 9 The impact of the ECA module on the performance of the model

ECA 5k mAP mAPO5 mAP75 mAPs mAPm mAPI
AAdH 0.623 290 0.807 64 0.699 555 0.531 241 0.736 435 0.865 222
i H 0.630 869 0.817 162 0.703 747 0.547 372 0.738 799 0.853 862

E L RS S 9 e LA R

5) MG AL BEE RS LR o R T 6 fof FH s (R A
O B P A, R AT TR SRR s ] — s BT
i 590 3k R A A Ti) S s Ach B B R B A P4 e A
R R AEIE I . R T 1047738 URAIE R 4T 4 T
FPEAT . AN 10 s, VIR (521 x 512) F K B
VR 85 il R SF 512x512 18 1 B R B s b1
(256 x 256) F /K9 B A %% B9 B 256 x 256 1% %
RSP B  4i s & (1 024 x 1 024) Fem 1) 5
PR ST 1024 x 1 0242 R A4 ms 8 . Z5 R 3%
B, ELRRE U0 45 i A ek PR ) B T S T 3 B
IR

K10 EgLEEELLE

Table 10 Comparison of image processing speed

IR R B R 8] /s
PIKI (512 % 512) 29.46
I (256 x 256) 11.88
ARMEE (1024 x1 024) 0.55

T L SRR el

4 &

ARSCHR T — Rl BB B R DR A6 I 5
7 WRC_Neto M Z8AL & A BRIk |, (H 38 I

SN [ IR SZ PR, (0 24 3 B AS [ S R )
KM AETT o BEAh, B4R T WRCHLER | & 1E i i

)R A R R AR B DO 52 TR, i iy
R 2H A 1) BEAS [ It il 4t PR 5 22 S ARy 3 A5
AT R 5 2) RESR U U £ B I 22 ) 5K
BEH . b ST WA BT B DD R O R R 4R

(SPDPSD %45 4 I NCPDCSD %4l £ ) , - 78 3% Hi 4>
BARAE FIAIE T WRC_Net FOTERE , IF WA HAEAS 2
PREE WS TP (EAS SR R XS B A
HIRTARFEHL , T B AL S AR R . FEiX
PN BUEEE RS2, dE— B I63E T A SO e Y)
R ORI L A S o AR Y TAERT LA pe )
B R A5 2P M i B 4R o i e X
R AE | IIE WRC_Net FOTERE B4 Bh T8 st
AUz AL RE 7, I 4 20 B B R o A I Y
K
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