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Table 1 The experimental results with different methods on GlaS datasets (Mean * Std)

Algorithm Dice/% ToU/% ACC/% PRE/% Parameters/( X 10°)
U-Net(2015) 83.40+3.26 71.84-+5.86 83.04-+3.83 79.99+6.51 31.0
UNet++(2018) 85.11+0.73 74.10+1.10 85.48+0.41 85.8340.97 39.4
AttentionUNet(2018) 86.30+2.08 75.99+4.00 86.39+2.94 83.9945.82 63.1
MultiResUNet(2020) 87.20+0.99 77.38+1.55 86.98+0.69 86.2940.85 59.1
MedT(2021) 82.86+0.97 70.76+1.41 82.46+0.78 83.9340.99 7.0
TransUNet(2021) 88.67+0.65 79.66+1.06 88.46+0.69 90.00+0.78 421.2
UCTransNet(2022) 89.39+0.68 80.8341.11 87.93+0.93 87.00+1.65 65.5
BPNet 92.21+0.19 85.55+0.33 92.14+0.15 92.07+0.93 64.9
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(a) Original image (b) Mask (c) U-Net (d) AttentionUNet (c,) MultiResUNet  (f) TransUNet  (g) UCTransNet (h) BPNet

F6 TREEEAGSHESE LwpslsdR
Fig.6 The segmentation results of different algorithms on GlaS datasets

2.3.2 HEHeEH

TENL IR I, AT T Al sc 88, B R B & . 1) Baseline /& L EfficientNet-B4 W & 5 & 4 % %% #Y U~
Net, 3 {#i FH ImageNet % 95 4 Wl Zh B 7Y, Y 2ot F2 v R R S ik i k. 2) f Baseline i JL il b A
h G RN EL L, £y 44 N Baseline+BPM ., 3) 7F Baesline+BPM iy £ sl 38 n A & SEREN=WAR &G
R AP AL AR A i 6 2 X N A R AR B AL B, S5 P A 44 9 Baseline+BPM+ASCAM, RI
BPNet. {4 il 52 56 v i 43 155 831 5% B 5 BPNet 575 M [R], B0 o 3 A S50 50 25 S B (B O & A4 4
ST A SR AN 2 fT R .

R2 GlLaSHEEFMERIRER(THELHFRESE)
Table 2 The ablation experimental results on GlaS datasets (Mean % Std)

Algorithm Dice/ % IoU/% ACC/% PRE/% Parameters/( X 10°)
Baseline 87.09+1.97 78.10+3.33  88.65+2.16 88.54+3.10 63.3
Baseline+BPM 91.794+0.09 84.814+0.16  91.80+0.07 92.87+0.30 64.8
Baseline+BPM+ASCAM 92.21+0.19 85.554-0.33 92.14+0.15 92.07+£0.93 64.9

H1 5 2 A 1, Baseline £ J5U4f U-Net JEAil L 5547 250 2 15 A B (IR 5 451 2% R Rl 45 190 26 B9 1R RE A — 2
R/ 1 S i i | B %fﬁ%ﬂi‘iﬁ%Fﬁ’*”E’ﬁﬁ@'é}iﬂﬂﬁfﬁcﬂﬁﬁi Wi I 3120 % SRR AT R0 55 T 0 4%
XTI G AR A TR T 3 RSN T A R A AR A () 2 M AT 0 4% 114 23 4 R — 2P R T

VR BRSBTS o3 B 45 SR BT, 7 R 5 R B T R S 38 S B 2 BUAKCR o AT LR Y TR R A R O
N BPM J5, A28 23] H b i RS % IJL?,UQED%EE&%Jﬁé@ﬁ%ﬁi}%ﬁﬂﬁf‘ﬁTﬁﬂ‘”ﬁ?if%ﬂ’ﬂl:éj\%jj Rk 77 78
FE LA HER 43 F B ARG R, 7E B RBALA I ASCAM J5 , 43 BI85 R i — 0 58 38  7E R BEORS A 0 2 1Y
5] Hf 9 i 52 I
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(a) Origir-lal image (b) Mask (c) Baseline (d) Baseline+BPM (e) BaselinetBPM+ASCAM

H7 GlaSHEEZ LWHBLRER
Fig.7 The segmentation results of ablation experiments on GlaS datasets
2.4 MoNuSeg#iEEXWER
2.4.1 BPNetF kA% i k27t
S 7 I BPNet 52 8 76 R [a] £ 86 4 93z fb M 78 MoNuSeg £l 48 b il 4T T X4 L5256, 50 561X & [\
2.3.1°0, SEH A5 R L 3,

#3 AEHEEEMoNuSegHiEE FMITWRER(TFHELHREE)
Table 3 The experimental results with different methods on MoNuSeg datasets (Mean % Std)

Algorithm Dice/ % ToU/ % ACC/% PRE/% Parameters/( X 10°)

U-Net(2015) 77.17+2.84 62.90+3.79 89.90+1.62 65.01+3.68 31.0
UNet++(2018) 78.90+0.57 65.16+0.78 90.98+0.33 67.42+1.32 39.4
AttentionUNet(2018) 75.00+1.86 60.03+2.38 88.40+1.42 60.64-+3.39 63.1
MultiResUNet(2020) 79.70+0.61 66.26+0.84 91.52+0.33 69.19+1.61 59.1
MedT (2021) 74.48+0.61 59.34+0.77 89.15+0.16 63.61+3.30 7.0
TransUNet(2021) 80.50+0.39 67.37+0.54 91.404+0.24 73.42+1.48 421.2
UCTransNet(2022) 79.08+0.79 65.58+1.00 91.02+0.53 70.38+1.13 65.5
BPNet 81.18+0.44 68.34+0.65 92.50+0.24 75.46+2.15 64.9

fE 4% 31, UNet+ + Fl MultiResUNet #14¢ T U-Net 43 JI4& F+ 7 249 1.6 %6 F1 2.5% Y Dice %, 48 F+ W& B2
INT GlaS B 48 X & T MoNuSeg Z5 £ 19 43 %) HAR MR 4242 2% . 1l AttentionUNet [ 3 & J1 B HIf
VAT A I 28 5 52 2% (R B T A4S B A 9 B R AR R T AT A5 I 28 S 8008 1S i = B0 BLA T A A5 o A A
T U-Net 5 fif FF&., % T Transformer # TransUNet Il UC TransNet 763 7> FAHH T3 T U-Net # M 25 H
B T, 302 v A0 A A A i R AT P A BRI U | Transformer B8 8 47 &5 32 BUAS [] X 380AH (1 H A%
Z )Y QIR R AR, A 23 FI SR $2 T (H Med T i T W 28 AR ] B 1 2 7 AL 20 47 5 A 4 BB, 78 208 2 0 70 1
T 00T M RNBEA RN G, B/ W WA K . A SCH2 3 19 BPNet 78 A48 Ar b B HUS 1 85 @ 15 43, Ui )
I 2 A S BR B T A2 2 B R B 40 (E B

A B A AR b A FO A5 R a1 8 s . AR 8 SRR B T AN R BE ko B R AR
AE I8 240 LA B 00 SR A AR 3 3R I 100 2 A R L S el I DR IS 2 0 A B TR, ARER X B BPNet f
6T 10 5 B R AE B L R AE I Zas B2 i AR 3 AR A PE AN A RS T R A A E RO .

0111003-9



(a) Original image (b) Mask (c) U-Net (d) AttentionUNet (e) MultiResUNet (f) TransUNet  (g) UCTransNet (h) BPNet
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Fig.8 The segmentation results of different algorithms on MoNuSeg datasets
2.4.2 Fixih Rk
T MoNuSeg $E 4 1 0I5 Al SE 56 1% 5 5 2.3.2 1 — B, LI 45 WL 4,

R4 MoNuSegHiFE FHHMIBER (THELRAEE)
Table 4 The ablation experimental results on MoNuSeg datasets (Mean £ Std)

Algorithm Dice/ % loU/% ACC/% PRE/% Parameters/( X 10°)
Baseline 77.74+0.73 63.59+0.98 91.47+0.06 73.384+2.74 63.3
Baseline+BPM 79.96+0.46 66.61+0.64 92.02+0.36 73.97+4.21 64.8
Baseline+BPM+ASCAM 81.18+0.44 68.34+0.65 92.50+0.24 75.46+2.15 64.9

M 4T AT Y, Baseline B i3 i BPM L & ASCAM J5 &4 bR A T B 032 TH, 38 0 R FH i G I il &
DA K [ 3 0 R AR R v 4 Bk B RE o 45 4 3 SE IR A5 R, R L& BRI BPM B B 4%
il BB 1 320 507 B AE BBRBEE 25 3 0 45 U1 2 iy e Ak ol o, b T R 1 o B0 M BE B T U M B B SR B T
WG RRAE X T4 % A E bR 40 E Ik B A T B 5 1T ASC AM HR B 7R £ 3IE A B9 i 90 2% 4 0 4 BE A RTAR T
P35 N P AR T A5 D 2k S =R REAE A B AC HOG R L IR AN TR [ J2 U RRAE (8] ) 1 2R A RO
AT WA R B A AR S S — 2 R T T A ER B

3 #ig

A SCHE T — b ekt 0 95 B R TS o E) A BPNet, % 575 1 50 A D R AE T A R S 1 B
fiE, 5 T 28 X TS24 22 HL A3 AT T R B ENR 09 43 FIPE AR, O SR H I A N 8 G I ) R R 0 2 R ERRAE
Hie i 1 Hin 2 R T IE A 400 % pR B80S B I 268 X T AN [) 2 GRORR A 45 LAl 3 T I 28 PR AR B R L . 7E GlaS
MoNuSeg i # EMG BG4 109 5200 25 S R WY, A SO 4 7 A0 T Hofth 6, 345 T e dir 19 3 BIACR |, K Dice
53 HUKE BE 43 0 AT 35 92.21 % F181.18 %, Ju HAE i Zx T Ak 1 1 AT W W iy L34 b4h, 5T Transformer 9
I 2% e 08 A 3B BCEGAS [F) XA L H bR 22 18] B9 4 B s AR O & L T e B ke . e s — 2P G
Transformer 1 5 , 75 4 k53 1 3141 2 (4 [R] B 34F — 25 Jin 5 09 2% 1) RS AE B2 HUBE ) o
S % 3k
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Boundary Perception Network for Pathological Image Segmentation

HUANG Hong', YANG Yichuan', WANG Long', ZHENG Fujian', WU Jian’
(1 Key Laboratory of Optoelectronic Technology and System , Ministry of Education, Chongqging University,
Chongqing 400044, China)
(2 Head and Neck Cancer Centre, Chongqing University Cancer Hospital & Chongqing Cancer Institute & Chongqging
Cancer Hospital, Chongqing 400030, China)

Abstract: In clinical practice, segmentation and quantitative evaluation of target objects in pathological
images provide valuable information for histopathological analysis, which is of great significance to
auxiliary diagnosis and subsequent treatment. However, due to the dense distribution of cells and great
morphological similarities between the cancer cells and normal cells, there are some challenges such as
difficulty in feature extraction and unclear segmentation boundaries in the segmentation task of pathological
images. At the same time, the traditional image segmentation methods are time—consuming and labor—
intensive. They can only extract low level manual features, and the expression ability of deep
discrimination features is insufficient, resulting in limited performance of traditional methods. Meanwhile,
previous deep learning algorithms still suffer from two significant problems. Firstly, most networks ignore
pixels that are difficult to segment, such as the boundaries of targets, which is particularly important for
accurate segmentation. In addition, the problem of inconsistent semantic levels between different features
are not solved, leading to low training efficiency. To address the above-mentioned problems, an end-to—
end histopathological image segmentation network called Boundary Perception Network (BPNet) is
proposed for improving the segmentation accuracy of histopathological images. Based on encoder-decoder
structure, the encoder performs the convolutional downsampling operation to extract the feature
information of the image through the Convolutional Neural Network (CNN). And the encoding process
uses the feature encoder based on the EfficientNet—-B4 network which is specifically used for pathological
image segmentation. The decoder mainly consists of decooding blocks, Boundary Perception Module
(BPM) and Adative Shuffle Channel Attention Moudule (ASCAM). In detail, the decoding block
performs deconvolution operation to complete the decoding process of the feature information. Then, the
BPM in the decoder stage aims to strengthen the ability of mining for difficult segmentation regions, so that
the network focuses on the higher uncertainty as well as more complex edge regions, achieving feature
complementarity and precision prediction results. For implementation, the BPM extracts the edge from the
decoder output of each layer, and superimposes the edge information onto the encoded feature to strengthen
the boundary feature information extracted from pathological images, outputting the enhanced edge
perception feature map. Subsequently, the ASCAM is an improved chanel attention moudule which is used
to make up the semantic gap between different levels of features, extrated by encoder, decoder and BPM,
so as to further strengthens the feature understanding ability of the BPNet. This module exploits adaptive
kernel size one-dimensional convolusion to capture the interactive information of local channels, at the
same time ensures the efficiency and effectiveness of the training process. The obtained channel attention
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coefficient is multiplied by the module input feature layer to obtain the fusion feature, helping effectively
learn the channel interaction information between features to improve the feature representation ability.
Furthermore, a joint loss function based on structure and boundary is designed to optimize the targeting and
detail processing capabilities of this method, achieving the better segmentation result of pathological
images. Experiments are carried out on the Gland segmentation (GlaS) and MoNuSeg dataset,
respectively. Both of the two datasets are devided into 4: 1 for training and validation. At the same time, in
order to make up for the overfitting caused by the lack of training data, two kinds of online data
enhancement methods of horizontal flipping and vertical flipping were carried out on the training set data in
the experiment. And the four evaluation index, the Dice coefficient score, Intersection Over Union (ToU),
Accuracy (ACC) and Precision (PRE) , are used to evaluate the performance of this method propsed in
this paper. The Dice coefficient score of the proposed method is 92.21% and 81.18%, the IoU is 85.55%
and 68.34%, the ACC is 92.14% and 92.50%, the PRE is 92.07% and 75.46% on the GlaS and
MoNuSeg datasets, respectively. Compared with the previous classical methods, such as U-Net,
UNet++ , MultiResUNet, TransUNet, UCTransNet and so on, the BPNet proposed gets the best
segmentation result, especially retains more details in the segmentation boundary. Moreover, ablation
experiments are carried out on the same two datasets for indicating the impacts of BPM and ASCAM. The
results shows that the proposed BPM significantly optimizes the segmentation effect of the network for the
edge, as well as the ASCAM makes up the semantic gap between features at different levels and further
strengthens the feature understanding ability of the network. In conclusion, the BPNet proposed in this
paper exploits BPM to generate edge enhancement feature maps, and uses ASCAM to seize crucial
features. Finally, a joint loss function is used to capture the information of features at different levels in the
output layer to achieve optimal segmentation performance. The experimental results have demonstrated
that the effectiveness of each part of proposed method in the segmentation task of pathological images.

Key words: Pathological image; Automatic segmentation; Edge enhancement; Joint loss function; Deep
learning
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