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Abstract Obijective In the clinical diagnosis and grading of brain glioma from histopathological slides, whole-slide cell nucleus
density estimation is a critical task. This metric is a key biomarker directly correlated with tumor malignancy, proliferative activity, and
patient prognosis, as defined by the World Health Organization (WHO) classification system. Glioma density estimation typically relies
heavily on the performance of underlying nucleus segmentation. However, segmentation accuracy is challenged by substantial
heterogeneity in nucleus morphology and significant staining variations both across slides and within individual specimens. This
variability often causes standard semantic segmentation models to overfit the training data, leading to considerable errors in density
estimation. Such inaccuracies can compromise downstream pathological assessments, particularly the subjective and time-consuming
manual selection of regions of interest (Rols) for grading. To address these limitations, this study aims to develop a precise and robust
whole-slide nucleus density estimation method that enhances model generalization and mitigates overfitting, thereby providing an
objective, automated tool for glioma analysis. Methods We propose a systematic three-stage pipeline. (1)Preprocessing: Whole-slide
images (WSIs) of glioma undergo comprehensive preprocessing, including automated data cleaning to discard blurry or artifact-
contaminated patches, data augmentation through geometric transformations (e.g., rotation, flipping) to increase dataset diversity, and
color normalization. The latter, based on RGB channel ratios, remaps the color space of all patches to a standardized target, reducing
domain shifts caused by staining inconsistencies and improving model robustness. A rigorous semi-automated ground-truth annotation
protocol is also implemented, where initial binarization assists annotators in accurately labeling even faint or blurry nuclei, ensuring
high-quality training data. (2)Segmentation: Using the preprocessed patches, we construct a U-net-based segmentation model that
incorporates the DropBlock regularization module—here termed U-net+DropBlock. Unlike standard Dropout, which removes individual
neurons, DropBlock eliminates contiguous, spatially correlated regions within feature maps. This structural regularization disrupts
undesirable spatial dependencies, forcing the network to learn a more distributed and robust feature representation, thereby reducing
overfitting. (3)Quantitative Analysis: For each segmented patch, density is computed as the ratio of the total nucleus area to the total
patch area—a more robust approach than simple nucleus counting, as it accounts for variations in nucleus size. Patch-wise density values
are then assembled into a whole-slide density heatmap, offering an intuitive, global overview of tumor cellularity. Results: The U-
net+DropBlock model was evaluated both quantitatively and qualitatively against state-of-the-art nucleus segmentation methods,
including standard U-net and Hover-net. Quantitatively, our model achieved an F1-score of 90.1%, outperforming U-net and Hover-net,
which both scored 87.6%. Qualitative analysis confirmed that our method effectively balances precision and recall, substantially reducing
the over-segmentation artifacts common with U-net and the under-segmentation issues observed with Hover-net. This enhanced
segmentation quality directly improved the accuracy and reliability of the proposed density estimation approach. Conclusion: The
proposed whole-slide nucleus density estimation method provides a powerful tool for improving the precision and efficiency of glioma
diagnosis. By enabling automated, rapid, and objective analysis of cellular density, it overcomes key limitations of manual pathological
review. The generated heatmaps allow pathologists to rapidly identify high-density “hotspots” critical for accurate grading and prognostic
evaluation, supporting a more standardized and reproducible Rol selection process. This work lays a solid foundation for developing
advanced Al-assisted diagnostic systems, paving the way for more precise, efficient, and reproducible glioma assessments in clinical
practice.
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Glioma grade Grade 1—4
Patch size 480 x 480
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No. of test samples 45
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Fig.1 Examples of Color Normalization
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Note: (a—c) show original patches with varying staining degrees and their corresponding histograms of pixel value in the red
channel. (d—f) show color normalized patches corresponding to those shown in (a), (b), and (c).
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Note: Blue dashed circles present blurred nuclei in the original patch (f), and the corresponding locations
in binary and annotated patches are respectively highlighted by red dashed circles in (d) and (e).
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Fig. 3 Overall framework of our proposed nucleus density estimation method
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Fig.4 Comparison of dropping strategies between Dropout and DropBlock
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Note: (a) Original pathology patch. (b) Nucleus segmentation image corresponding to the original patch shown in (a). (c)
Dropping strategy based on the Dropout strategy, referring to the segmentation image shown in (b). (d) Dropping strategy based
on the DropBlock strategy compared with that in (c).
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FRFIE B R HOIR X, LT RRRE A2 () R se v (18 4d) o DropBlock (45 #6462 35 7 2 f pii 2 ) 44 2
S BIERMBIRFIER IR, MK T R SRAE, A THETHE o E1 1z A 129,

A FAEARE U-net (25 (B 5a) & EHZ AR REL (rectified linear unit, ReLU) H1[a], 3410
DropBlock fi4f( [ 5b) . DropBlock idid B 2 7 SR X 4545 5., 7T DA 2 R 1 3 400 & XU - DropBlock
gL E 3 MRS, MEFPRIDK Lok BB EFEFER4rop M EEREFEY . Rarop BB MM T EIE
ERBRGMHEE. yrE AL R
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2
RdropXLfeat (2)
s
(Lfeat_Lblock+1)2 >(L%lock

HF, LieacRFHIEEILEK . X (2) M TRAREAFEEFIRIHRT, BT RESEFT
HEA, A SRREZEEFITBEL T, BARRER E5 R A, B TR ERR
) (480 x 480) I KT EFHIRS (3x3) , Lyl 1 AT ZBEAIE, X (2) FiLA:

'y:

— Rdrop 3
leJlock. ( )
Skip
Connection
= S L . £y 5
g g g’ Q g | eee D = - § > mp £
= 3l & i o B 8~ ©
O = i o
(a) Standard U-net
Skip
Connection
5
. il o |3 o | % - 5
E ™ol 2|2 i 2y 3 mEis= 3
ko] o o o o oc ! o (@]
8 (@] o (&) 5 i [a)]
(b) Adopted U-net+DropBlock
Fig.5 Comparison of standard U-net'®! and adopted U-net+DropBlock
5 #RfE U-netlIFIE AR U-net+DropBlcok %tk
FENZRR B, TR AT B BEN LR FE T AL B RIM, %0 M, ;09 0 8 1. SR8 A T
1-y,k=0
P(Ml-jzk)z{y’ Shihe @)

DM & 0 B By, AU N Lpoad 7 T2 B IET5 Y, JRRX L8 IR 7 HERSE A BT A e 3R i
N0, AERCEFHEIM . FREEM 50 FRAE RIFBEAT AR R A e, B2 PASEE DropBlock 7E4FAE I
MLEFF.

TE MBI ZR I S AL 4E v, SR FIBEALES B T F#32: (stochastic gradient descent, SGD) , T A & #.
HtE AR

W(t+1) =Wt — z"j;ﬁ, (5)

Hodr, WO NHRTIIZRR IR EEIRE, Wt + DN T IR EFAE. D%, REEHP K.
OLcg/OWZRIRAE UK SR BL g AL W HIARFE o S0 i i S5 83 40 A% 4 &1, R FH ) U-net+DropBlock ¥
RIS 1Kl 6.
Algorithm 1 U-net+DropBlock for Nucleus Segmentation
Input: Training dateset Dy = {(X;, Y}
Output: Predicted segmentation Y;
1 Construct U-net+DropBlock with softmax 10sS L fimax:
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2 Parameter setting: Initialize learning rate a,, number of epochs T, dropping rate Rg,p, dropping block

4

5

10

11
12

13

14

15

16

length Ly,.ck, @and dropping probability of each pixel y;
3 for t=1,2,--,T do

end

Train on Dipain;
Forward propagation: Convolution layers with DropBlock and ReLU — Up-sampling layers with
skip connection — Predicted segmentation Y; = h(W(t); X,);
In particular, DropBlock generates several masks, each mask M has same size of a corresponding
feature map F.
Calculate the dropping probability of each pixel in a mask M:
_ Rarop,
Liock’
for Mjj in M do
Probability P(M;; = k) = { 1=y k=0,
y> k=1
end
Centralizing each location of M;; =0, to generate several spatial square mask with all zeros,
generating an updated mask M';
F=Fx M/

Backward propagation: Weight update by SGD W(t + 1) = W(t) — Sk,

ow'’

Obtain a trained field segmentation model h;
Y. = h(W; X))

Fig.6 Pseudocode flowchart

6 PyfCRE Iz Al

Note: The number of Lines 1-17 indicates the execution steps of Algorithm 1.
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2.3 MBEETTHS TR

Whole Slide Image of Brain Glioma Nucleus Density Heatmap

Fig. 7 Examples of nucleus density heatmap

7 RERE E AN E R
Note: A whole slide image (WSI) of a large-sized brain glioma (a), with its corresponding nucleus density heatmap shown
in (b). The WSI of a small-to-medium-sized glioma (c), and its corresponding heatmap (d).

B IR A IR LR i, RSHERRAT A , A S0H 0 0 40 AT 25 BT 5, R WS
AR A B B AR R 2
2.3.1 YRR E T
AT A SRR AR AT o5 AN T MR IR L), & SOV, THE AR
Dy = 2 (6)

nuc HXW 4

X (6) H, Dy RARMBPILERE, Apuc Rz SR, BB R, H. WRRAN T BRI A% .
2.3.2 REEE AL

RPN T EG R A A% 2 B AN R EL ), ARG EAT X 4y e, IZBREEN0%. 2% 4%-
8%-+ 16%-+ 20%-. 100%, X7~ 6 NXIH, KRS E. magt, di, B, LEMRLeRR. B
7a Al 7c MR WS BIPG,  E Th AT 7d S5 ) O R ) A0 Az FE R L. Hedr, BT 7 H ) B6
B7. D4 Z[X ik g/ 7a 4N A% i s B X ek, 28U, 1K 7d HH ) C5. D4, D5 % [X Ik JE o K 7c FI4ni
Wt B P DX 3 A5 B2 000 B R A A 3 P DR A o A BT I R T v AT A2 i S 42 g = 210t 7
[t —2D KR
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3.SCIREER

31 BHIgE

A5 AF H Gen Intel (R) Core (TM) i5-13400 kb3 2%, 16 GB W17, Windows 11 #:1F £ 4i f1 Matlab
2023. Python .8 R AbEE T H. [RIFIER 1, SR I e ol I 50 A1 H A 7] 2% €00 AR €00 5 AR ik G ol 9 S5 204 1)
RELDI A MR R 2 NERTFRW KT 3 MBS HKE . L Hover-net 8 FH IR 5 2% ST HESE N
Pytorch .5.1, U-net F142Hif#] U-net+DropBlock (142445 Tensorflow. #hT #ik% 480 x 480 x 3, fEiZ~F
T, BIRRESCR . R EL, AEROE RSB, G E N 4. @it 2 R ZRAERIE,
TS AR ZREC KR o B S IESE R RE, e UIlZR%e vk, Rl Epoch %1, 4 30,

Table 2 Hyper-parameter setting for model training

R 2 BAESHRE

Value
Hyper-arameter
U-net(® Hover-net[?4 U-net+DropBlock (ours)
Patch Image Size 480 %480 %3
Batch Size 4
Epochs 30
Layers 8 28 8
. Cross-Entropy +
Loss Function Cross-Entropy Mean Square dpérror Cross-Entropy
Learning Rate 1x 1072 1x 1074 1x 1072
Optimizer SGD Adam SGD
Dropping Rate — -— 10%
Block Size — — 33

Note: SGD: stochastic gradient descent; Adam: adaptive moment estimation.

U-net 1 U-net+DropBlock W45, i 4 2 FRFES 4 2 T R R, BT M 2% 2508 N 8. Hover-
net (14 0 26 ZE 46 5 T T 255% 22 X 2% (Pre-Trained ResNet50) B3z, H4mfd s ZH0CH 18 12, flhd st 2
#0010, 3£ 28 2. 1X 3 PR B4 % R BB AT SO, 30 I A R SR 0 AT R T AR Y (1 W 64y A 2 [
22 S R PP AL A M e . Hover-net IEARAME ] 737 R Z IR KA, HoH B TNz N IR R 2
Y1 B k% K P R0 L Al SRR T FE R, AT SRRy E . R AE & ST K B (EPERE . U-net AT U-
net+DropBlock %% 2] %1 B A1 x 1072, Hover-net %% > % B N1 x 10™*, U-net Al U-net+DropBlock ]
AL B FEAEFH SGD, KA SGD it as itH 5 2 5. 5 T 528, 5 fE F Hover-net (1 45 45 ¥4 &= 2%,
D] st 7% P SR D390 e A P £ 1 3 JRE 4 4192 (adaptive moment estimation, Adam) 351, s 76 31| 254 0 SR
WS, feJm, W& U-net+DropBlock o' DropBlock #iH i) EFHHE H10%, EFHR N3 x 3.
3.2 VHMEIEER

A eI (Accuracy) . Dice &%, HAH%R (Recall) . ¥5#5% (Precision) 1 F1 43341

PEfE. LA EFabREIES] (true positive, TP) « {EIEHI (false positive, FP) . E 4] (true negative, TN) .
47145 (false negative, FND %,
eI o
X (7)) PR R F R 5 R IER RS S FEASL Ll
Dice= 2><}Lf;r;Y| , 8)

A (8) ) Dice FREUA THr BRI S R FLL RAARREE, Y. Y4 A iR 4 1 i Fin
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EREAE. |Y 0 Y|FoRTE A AR R AR, BV IERS T R AL
Recall= ———, C)]
TP+FN
Precision= TPTfFP ’ (10)
() P H B ZABLE T PR A AR R A, SRR B TN 20 AR K Ee sl . R, =0 (10D
FH RS A AR LE BT BB AL U N IE B R A R, SEBroA IEBI I LA
1=z, @
X (1D FH) FL E0R G IR AR A5, A TS 2 e, —Bekil, BRZESRE
W ZIAEAE — PR R R ESELEEIEIL T, N T RmARZE, WRSFENSHE IR, RZIR. FL 5
Hony DL B A1 2 RS 2R 2 (R R B — NP, DUSE A A AR R PR B
3.3 Zpatk s Bt E IR
3.3.1 EMEHT

Kl 8 JEskrifE U-netll, Hover-net®l5 U-net+DropBlock &5 3 Ffrif 43 FRE 7Y () 40 o A% 2 1 B R,
Forp o o m s XIS o B, R BRAZ I 43 S ATOK T A, i 6 e S X3 R A 8 RV PR A 1 43 1)
U/ T HEE . BAR, FRdE U-net (203145 B L2253 70 21, Hover-net 94 2145 B b IR YE 2 R %)
&, T U-net+DropBlock 3% 45 H )i 73 %1 5 K 73 BI#F A 520 T U-net 5 Hover-net 455 . % T4 8 g
AR RR R GERN T EUE, HA ez Ba R~ R & GE—1) SR B 2 GRS
PRFIANFRE R, 51N DropBlock 1E MUk (1 43 S B 5 30 H b it % G i 2 e i PR e
3.3.2 EET

B ot i Jg o R i A 201, R 3 o AniE U-nett?®), Hover-net?15 % i i) U-net+DropBlock %5 3 Firfei 4
g BT A . I 3 Fian, krifE U-net 5 Hover-net BUEHIHERAZ Y 98.9%#1 98.8%, U-net+DropBlock
B3 1 5 =i 99.2%. Hover-net ] Dice %0 8.0%, #iH: U-net HU1S " 5 =i 87.6%, N2, U-net+DropBlock
W45 T S 90.1%.

AR, AR R FL BRI 5, S DA A% U8 AT 5. #H EE Hover-netRecall
g5 (75.1%) , KA U-net+DropBlock HX1G 1 5 /=% 95.8%, {HAIK T-45itE U-net [ 97.6%. HT-FrifE U-
net B 5 Pe A i G, BN MO AZ K 3 20 H LY, 3ROR TE A RO AT SR L AR v ) o L R . A
Et U-net FIRERIR S5 (80.0%) , U-net+DropBlock Ui T 5 &) 87.1%, {HAKT-451H Hover-net ) 9.4%.
FINFRZERHLT) Hover-net B, X2 B A% 1 52 44320 o3 1B 5y Hh R 4 81, 27 B A TR0 i 55 75 4 3 T
A S 7 LORE B  fe mro SEIS A2, XT3 ISR B 2 I AP 380 FL 704, AHEGARHE U-net 1) 87.6%
Fi1 Hover-net ] 8.0%, U-net+DropBlock 3543 T s 90.1%. 1933 DropBlock [BENURHIE 7 50E, K
F] U-net+DropBlock #5844 Zh AR T AR AL I #0065, TR It B T 5% Z2 R 5| S (i 4l k% R 2 81, B
TRAE F i EATERE .
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Original Patch Ground Truth U-net(19 Hover-net(24 U-net+DropBlock (ours)

N N

SN . Pamt .
'\'\ 12 Over-segmentation { . Under-segmentation

Fig.8 Qualitative comparison of nucleus segmentation results

8 HMZIRILRIEMELE

TEULH )&, Dice RAEfr & 1/ TINFERS A B SLHERS AN E S MBS, 1M FL 02U R my
[ A5, P S U, (HXTF BRI o TS, FeatE o U e, Wkk 3 $
AT Dice RS FL 8. MHRIME, T EMEEE, U-net+DropBlock 7EZf# K 43 BRI 4r#) 5%
B, HETEEL%E, ML U-net 5 Hover-net, U-net+DropBlock 7E#ERIZ . Dice REUA F1 7 K4k
AR .

Table 3. Quantitative comparison of nucleus segmentation approaches

R 3 MY HILRAEELE

Segmentation Method Accuracy Dice Recall Precision F1
U-net[] 98.9% 87.6% 97.6% 80.0% 87.6%
Hover-netl?4 98.8% 8.0% 75.1% 9.4% 8.0%
U-net+DropBlock (ours) 99.2% 90.1% 95.8% 87.1% 90.1%
Note: The maximum value is highlighted with an underline.

4.7

A B A — A R T S bRvEER L B B . U-net+DropBlock 73 BIRE Y () J5 BRI 5 40 i A% 2
HHERMATEE, EIFHE.
4.1 BiH—RIER

MALEE 2 ST AR R, B — b Rg A sk N R B (domain gap) « A FEIHER . R EGLE IR WSI
AL R AN A BRI A REAS o S WSI R0 2 1] i 5 21— AN FR AL ) H AR s 18], RIS 5 PR AR A Y
2 3 B 54T 55 TE S I B REAE (0 XU, M3 FL AR08 T L3 T 22 ST ANBUAL O A6 . SUBE S5 B V2 AU F A 44
fiE o Rk, FIFH ST — AL ) WSI £, 42 HE 19 U-net+DropBlock #5574 & 4% B3 5 & 12 AL 1 BE
Fit ) —AiEE R (1) BBV EBAELL. G, B =SB R R AR, 8 2a~c T AR Bk 1%
FH, RETREMXEN (B 20~ , ZiE 7 U ENR ARG R BN . A0 7R ZE T RGB
I L a7 3, TR R SR BRI AR e € 25 S I B R, AR 24K Stain-ToolsBag,
Macenko 8145 | Fi Y e ] & o0 i VA — 16 5 5K
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4.2 ShrERRSLREEN

M % H % 5 Cinter-observer variability ) #2555 #2% of [ — AN 28 3 ] JEBY, JE-F 2 WibnvfE i £ MAZ
56 AN 5] B A E RSN A A 2z 30, Te FLAE VAR 4RI 2« T A SR AR AR IR e e o 0L, ASHIF T T 2 B
S S bR, BT WSI ARSI AL, AT R E IR AR S, DU 3 0 W SR
AN 52 1 RS o bt v LS 3ot B b T MG A T U — 1k . AR AR (B 55— R AIALEE, SRAGU1PE 3e
BRI AN T, DA BhAEYa ki th b T UG o BoRBOBI A (& 3c) o B SIS bm i o A BY
TR R ML B SR B S AR, TR — B AR L IR R AR, X e e A o B R (i e &2
KEE,
4.3 U-net+DropBlock 2 EIH7 i) 5 BR

FRAE IG5 5, SR A U-net+DropBlock i S5 BB AL 5% B3 A0 M i (1) — Le ik op EIFI R oy ), 2,
M LA A DS R e 0L il . BARTT 5, SR VA IR E FE R T AN a T4z
WAL P S, M LA O A ANMAs b, TEQEAREAR S FENRE Rk, B
W G AR 1 2R B FOR IR BN A% . % T R AR BT A RIS L, U-net+DropBlock 73 FIA5 84 (1) &
BEPERT e 2 BBk . th4h, R DropBlock IE NI REME A AL V2 AR 77, (HIHLALR 2PN I8 S 404
Ky BIEBEFERRqrop T E ALK Lpior TR AIELESE. STk, it —FSHH &M DropBlock
SR, B A — AN BT SIRIEFT )
4.4 HHRAZ R BTSSR B

(a) Original Patches (b) Nucleus-segmented Images

T Ll
‘\_I’ (\_I \,

27
T
<.’/

Vanh)
~=”
(N
\
-

5 i
Patch n

Patch n

{_: Unseparated nuclei (3: Patch-crossed nuclei
Fig. 9 A diagram of density calculation manner based on the number of nucleil2%

B 9 E TR E N Ao ER)

A 10 73 B R RO I Je S e 2 A T I AE R I o L, [, BT B G R AR B T SR
o A B R 2% LA TR SE T . AR — MR AR B 55 5K, R4k a0V Y 3h & 1
TSI BUR AN T R PRI ISR, JFHRIE T SR IR SR S T, TR WS I BRI . 2R
117, ARG AR & L T 5 sCR A — S /IRE (9 » a B TR RSHEE S b, Xt
TZAMZAR IR L MR D FTREBOAE AR — NI ¢ X TEAN T i
A (e M), XN REAN T RIS & T RS CE St 8. X, AR st (6)
THEL AR AZ B AR & E AT R T 2, RERE SR A RN IRAZ MA R R SECEAR R, SN S S il
J S5 JR AT 53R B o
4.5 WsPRRLFHHHE

FENGPR S B, AT FUHE H A e 240 J 2 P2 il v D535, RENS B S A2 U I S5 WST ) 43l FE R T 1,
A B B 2 RO B i A X3 I HL, AR EUACE T G B R 2 FE Al T 759, (T A0 TR A% i A o B
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Mttt Ik, D A RE, BT DUMREAH S 1) 3 B e R T e (RIS A S g
FEAG T ITE, BEE IR S TR TN SRR SSHR B Z 22, B 0l RIS W o S 1) i A SR AL

5.858

BEXIE Ge oy FIRAE AT B BEU) A Bt S iz AR vEAS 2 R, AWFsTi it 17— Fh4E T DropBlock 11N
A U-net 45505088 AT RRAL 36 FE A 110710k St 7RI BN G5 R 1k IE T Ak SREmes , 45 & A vEE AR A0 i Toidde
5SS, AROETE 7 AL R AGTE . SIS RARY], M ELRATH U-net B35 Hover-net
FR, $2H1H U-net+DropBlock B 7EHERIZ . Dice %5 F1 70858 R finhr YR I IR, KR
Gefit ¥ 1Ly B SRy FIR . IFH, TR BUR E) WSI, 4R AL TH TV RS 1 B A L A
PO, B e R EREE A X RON UBRGEBIE , LML, FEHECW. Aok, KRR FUR & B 5 Ak
RSB AR AR S, BT AC T R iR ) E B 7 R G
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