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Cascade Sparse Convolution and Decision Tree Ensemble Model for Nuclear

Segmentation in Pathology Images

SONG Jie"? XIAO Liang>® LIAN Zhi-Chao®

Abstract The quantitative analysis of digital pathology images plays a significant role in the diagnosis of benign
and malignant diseases such as breast and prostate cancer, in which nuclear morphology measurement serve as a
basis of quantitative analyses. However, due to the complex background of pathology images, dense distributions of
nuclei, and nucleus adhesions, accurate segmentation of individual nuclei remains a challenging problem. In this pa-
per, we propose a new method to automatically segment nuclei from digital pathology images with cascade sparse
convolution and decision tree ensemble (CscDTE) model. In particular, the sparse separable convolution learning
module and the decision tree ensemble learning module are stacked in a cascaded manner to form the CscDTE mod-
el. The former adopts rank-one tensor decomposition learning mechanism that can extract multiscale and multi-dir-
ectional distributed abstract features; while the latter employs random sampling, pruning, and regularized regres-
sion mechanism to boost per-pixel regression and/or classification performance. Compared with the popular deep
neural networks, the proposed CscDTE model does not require nonlinear activation and backpropagation computa-
tion, and depends on fewer parameters. Our CscDTE model is trained in a layer-wise manner that can achieve an
end-to-end pixelwise learning and fast nuclear detection and segmentation in high-throughput imagery. We demon-
strated the superiority of our method in terms of Jaccard index, F1 score, and average boundary distance by evalu-
ating it on the multi-disease state and multi-organ dataset where consistently higher performance was obtained as
compared to convolutional neural networks and fully convolutional networks.
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Fig.1  Challenges in nuclear segmentation and
associated ground truth
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Fig.2 The CNN-style architecture for pathology image segmentation
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L BANGIZE R, A2 < 2 [ FRFEERAE,
H I 50k B A N g A #5350 4 I RFIE A 45 . B
JE W A2 1 x 1 BRERE R R Softmax i
) A 1 x 1 BRZE TR RHE B 8 5 2

3.2

FT i IR . AEA S U-Net (&g s2B A, /0
By 7w, R2ALRE T EUE S, A sk se il
T4 NHEM T EMRE. ASCf# A Tensorflow R
S STHEZEAE TCGA WSTs J BEE 48 48 16 T A5 R AC
XF CNN2, CNN3 1 U-Net W& T 95 Ik
(Epochs). £ XF &AL 735 M 12 18 Il 2k 5 0
3 MR IE EE R EL T 158 400 AN B HAT 32 000
A EUG S T I A BeAE, Horh aiE A% E 1L
IAZAR A O I IEFEAR S A DL R A AR 2= N
OO FUBEARLL. H4h, FETF TCGA WSIs 6 FE 4L
PEAE, LLRESLIG M T ARiCd hil 0 2 7K 43 1) vk,
Kl 8 FIIE 9 B T1E 5 MR E MERE T,
I A0 A AZ RS I o B SRR L. B 8 AT 9 2B
(a) ~ (g) F 52 R G N T4y #1453, CseDTE
T 43 B 45 R U-Net 254> E45 1. CNN3 4% 5
E| 2k B CNN2 W45 5381 25 BURTARAC 32 1 1 20 /K %
SrEIER. FEERENE, 58RI F 2R A5 EE
BB T, 7R EVEE R G2 /i, K R af
%M RGB Bita = [ #53:3] CIE LUV B 251Eif s
[ IR —40. ATLUE H, it CscDTE £
R REAT RS KA KNS TR [ AR 4k, FE
B KRR HO RS U AE A 40 A% (2 H . 34, X AF
TE G R M b S M E 48 SRS, B,
043 107 51 s 2 PR A5ORT B PO 22 4%, CscDTE A
BRI T RIFMEsEE (WE 10). MHELZTF,
AR U-Net 3@ @i\ =R 305 B RS 8 0F sk 5o 2
FEFRBE TR, (2T MR, 558
o S8 57 B 5 1 20 O AZ PN 4 5 A i ek CNIN2 )
FH 45 1) [ 42 DX 3= A DA IR 285 B i o R B4 i A 1
Fric, 5 52 A% TR 52, e 3 2 s 2 )
H bR A7 7E B SRR A 1 1E 0L, 7= A Ry EI L 4.
CNN3 & ) 1 X3 AR K AR CNN2 H1 ) &
] [FAT XS AR K, BARIE N T X B & B4 F 1
SN, HEZ R T RG22 BT R Ak
SRR, FEH 2 ERS A T CseDTE #5484
BAK. AENtEG BB W T, 73 KIS TE 73 E K
FE 51 IS A B AZ i, R BLAS A 2 =, Bl
B 8 HF R F gl i Az o). AR, ST Kumar 95 3
i b 2 s s Eg, KB ae 2 KR E T
R, 3R CseDTE A& 7Y 76 I SR AT i 17]_E 4l
F3F CNN Ml FCN Ffk R 454, IR E 4
AT T RN A

R 1 I CseDTE B AL S HE. B R A EFEASECN 800 000
Table 1  The optimal hyper-parameter values of our CscDTE model. The total number of pixel samples is 800 000
itk N L d?(R) (1% layer; 2" ~ L™ layers) M
TCGA WSIs 200 000 5 112 (25), 172 (8), 212 (72), 292 (8), 432 (44); 112%(25), 21%(36), 432 (36) 50
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* 2 HTHEERBIHIK CNN2 K REY * 3  HTHEERBHIN CNN3 KR
Table 2 The CNN2 architecture for pathology image Table 3 The CNN3 architecture for pathology image
segmentation segmentation
MZeE SRS R MR iyt RS BENLE 7 2% RE RS R 8] it RS BENLE 7 2%
LIPN - - 55 % 55 % 3 - LIIPN - - 51 % 51 x 3 -
B 6x6 ReLU 50 x 50 x 48 0.1 B 1 4x4 ReLU 48 x 48 x 25 0.1
ik 1 2x2 Max 25 x 25 x 48 - ik 1 2x2 Max 24 x 24 x 25 -
B2 4x4 ReLU 22 % 22 x 48 0.2 B 2 5x5 ReLU 20 x 20 x 50 0.2
itk 2 2x2 Max 11 x 11 x 48 - Witk 2 2x2 Max 10 x 10 x 50 -
LR 1 - ReLU 1024 x 1 0.5 B3 6% 6 ReLU 5% 5% 80 0.25
A 2 - ReLU 1024 x 1 0.5 Wk 3 2x2 Max 3 %3 x 80 -
Ayt - SoftMax 2x1 - AR 1 - ReLU 1024 x 1 0.5

LS 2 - ReLU 1024 x 1 0.5
IZEI 11 E%Tﬁﬂ’fiﬁﬁ KIRC ﬁﬁ%Xﬂ‘ Hﬁéﬁiﬁﬂ i - SoftMax 3x1 -

o B EIE TS . B S 1, 5.2, 643,

T4, 8 AT RIRFIAE G AT RIS Ay IR RIE R UL U-Net W48 #1418

2

B8 Kumar iR ERAN %A R 45 B BRI 20 FI ELAL

(2)

Fig.8 Comparative segmentation results on the Kumar same-organs testing pathology images
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B9 Kumar i ERANIIZ A F 45 B BRI 20 I EEAL

Fig.9 Comparative segmentation results on the Kumar different-organs testing pathology images

)

AT 4 KXFHE

K10 AFRSIEAERATE S TR L NA KU PR 2 R 15 L F %8 B T Ak 20 F1 25 2R P

Fig. 10

Visualizing segmented contours of different algorithms on the pathology image with shape and color variations

and overlapping regions

CscDTE BRI R T —FfE X E R AR o ()
MRETT R, FREH RSB SR . &
T FAE SRR G FE e SREUE i 2 1
FAER. 11 Fios, MLk U-Net, CscDTE 4
RUOKEN A A Re i i 25 5 WAL E .
U, BPASE 2 20 M A% H I A E B DA TR RN
AT, B H R B R AATY IR 2K
3.3 TEENH
TRV B BRI RS, AR S ) A
Jaccard AU RE RS F1 20 B0 3410 %
FEES (ABD') =/MEFR R BB A P

'ABD REET B RYDG PN T i%, R B35S AN L% H bRl
G TEpE e, BiRAEIAR ) EI &g ABD Hid K.

5 Ground Truth ## R, 1HHE U

|PN R . |P N R 2|PNR
Jaccard= -———, Precision= JF1 = ,

[PUR] |P| |P| + |R|

> d(,RB) > d(u,PB)

1| zePB uwERB
ABD ==

2 PB| ' |RB

(7)

Hr, PBFMRB 55X P AR Wil%. & 4 M
%5 45 T TCGA WSIs Js B &4 5 AR 4
RS E BB R T DUE ) A LA vk,
FEH Y CseDTE B E A [F] 2% B BIG RIS s
£ EX =ANMEPE R S . BT AR SR
A 535 b 2% AR 2% PG 3R WA IE R vy 4 B SCRFAIE,
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11 A3CT5ES U-Net Jiikde KIRC $udfla 4R )03 Fe
Fig.11  Comparative segmentation using ours and U-Net on the KIRC dataset

® 4 ARONESHAL T Kumar 5 B & IR EITERE (M) LR

Table 4 Performance comparison of other methods with our CscDTE (For each metric, the mean are listed)

Jaccard BT F 5L TR F15-4 TN IE S

wE AR
" A3 U-Net CNN3 CNN2 40k A U-Net CNN3 CNN2 4pKBs 783 U-Net CNN3 CNN2 40kié 43 U-Net CNN3 CNN2 4Ky

1 0.594 0.539 0.570 0.569 0.545 0.810 0.832 0.756 0.764 0.591 0.745 0.700 0.726 0.725 0.706 14.90 42.78 29.68 64.46 42.36

e 2 0.675 0.613 0.603 0.448 0.592 0.832 0.803 0.844 0.853 0.625 0.806 0.760 0.752 0.619 0.744 12.99 13.12 14.34 62.27 18.49
N 1 0.646 0.634 0.656 0.625 0.585 0.867 0.858 0.858 0.871 0.679 0.785 0.776 0.792 0.769 0.739 12.56 15.87 11.41 10.22 24.40
I 0.342 0.485 0.459 0.387 0.409 0.834 0.827 0.906 0.832 0.603 0.510 0.653 0.629 0.558 0.581 88.69 34.51 40.34 56.01 37.81
[ 1 0.692 0.673 0.641 0.691 0.570 0.752 0.782 0.848 0.755 0.606 0.818 0.804 0.781 0.817 0.726 12.14 15.25 19.47 12.24 30.03
i 0.513 0.539 0.524 0.463 0.512 0.765 0.789 0.763 0.681 0.570 0.678 0.701 0.687 0.633 0.677 16.35 21.48 12.73 21.38 9.48
. 1 0.603 0.551 0.581 0.550 0.325 0.846 0.756 0.720 0.795 0.330 0.752 0.711 0.735 0.709 0.490 41.97 86.13 22.91 52.33 79.61
e 2 0.759 0.629 0.580 0.656 0.508 0.867 0.898 0.926 0.909 0.516 0.863 0.772 0.734 0.792 0.674 6.58 14.32 17.09 19.03 22.04
" 1 0.781 0.645 0.622 0.577 0.647 0.881 0.920 0.824 0.913 0.692 0.877 0.784 0.767 0.732 0.785 1.99 7.44 849 9.16 3.67

2 0.785 0.641 0.714 0.623 0.679 0.891 0.931 0.948 0.910 0.736 0.880 0.781 0.833 0.767 0.809 1.09 6.82 541 6.75 1.76

A E) 2% B 0.577 0.581 0.576 0.531 0.536 0.810 0.815 0.829 0.793 0.612 0.724 0.732 0.728 0.687 0.696 26.27 23.84 21.33 37.76 27.10
ENGE Y= 0.732 0.617 0.624 0.602 0.540 0.871 0.876 0.855 0.882 0.569 0.843 0.762 0.767 0.750 0.690 12.91 28.68 13.48 21.82 26.77
R 0.639 0.595 0.595 0.559 0.537 0.835 0.840 0.839 0.828 0.595 0.771 0.744 0.744 0.712 0.693 20.93 25.77 18.19 31.39 26.97
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Table 5  Performance comparison of other methods with our CscDTE (For each metric, the standard deviation are listed)
. Jaccard MBI £ 2 e F150 4 R LUE S
E]

A3 U-Net CNN3 CNN2 437Kl A&3C U-Net CNN3 CNN2 437Kl AL U-Net CNN3 CNN2 437Kt A3C U-Net CNN3 CNN2 437Ki&

FLEE  0.057 0.052 0.023 0.086 0.033 0.016 0.021 0.062 0.063 0.024
AIFUAR  0.215 0.105 0.139 0.168 0.125 0.023 0.022 0.034 0.028 0.054
BE 0.127 0.095 0.083 0.161 0.041 0.009 0.005 0.060 0.052 0.026
et 0.110 0.055 0.001 0.075 0.129 0.015 0.100 0.146 0.081 0.132
=] 0.003 0.003 0.065 0.033 0.023 0.007 0.008 0.088 0.002 0.031
MFEZEE 0.132 0.071 0.075 0.117 0.069 0.044 0.029 0.058 0.072 0.037
AF%E 0.087 0.044 0.063 0.047 0.161 0.020 0.081 0.105 0.058 0.185
Bk 0.136 0.062 0.071 0.098 0.106 0.047 0.061 0.076 0.078 0.113

0.043 0.042 0.018 0.075 0.027
0.195 0.087 0.115 0.149 0.112 53.83 13.18 20.46 32.38 9.48
0.099 0.073 0.067 0.130 0.035
0.079 0.043 0.001 0.059 0.130 25.02 50.78 4.12 23.55 40.71
0.002 0.002 0.047 0.025 0.017
0.116 0.057 0.062 0.099 0.061 30.62 12.09 11.45 25.79 12.23

1.35 20.97 10.85 1.55 16.88

2.98 4.41

4.77 6.46 14.53

0.64 044 218 1.70 1.35

0.061 0.034 0.046 0.037 0.145 19.52 38.45 8.00 21.02 36.39
0.112 0.049 0.057 0.084 0.096 26.37 24.09 10.52 24.18 22.91

25 G R R SR 22 SR A, 4R T TR A
Jaccard AL REAN F1 23 B384 {H _E 5 7 #8 H
FO I ) U-Net fl CNN3 51k 4.4 % 1 2.7 %,
[ i 7E 7 4510 25 B B _F A EE U-Net Jil2b 7 K4
4.8 MEZEK. HAH, EESEI SRR U-Net
FTCNN3 TEAH [F] 4% B FIAS [F] 48 B D 7y T 3458 T
CNN2, T 7E 5 71 i #E 40 f iz 4% b, Brde i ik
W& T U-Net A1 CNN3. FZERE M Z: 1) BIRbR
TR ] 1R 2 KU 23 B A0 A (R 88 B DAk, i
CNN2 WIPERE, (HEATHI 0 ER BE R 22, WA T K
BIRDFIER,; 2) ACEEL T LRSI E
AL RE B, BLAR IR R A0 2 1R A 48 X 48 45 AR 5 )
Se Gy, B R T i 2 g U G TR 51, TR 2 e R
BN EE, RS REGRKRER. N TE
TR B 22 R M, AR S — 2D SR I URE A
t IR BTHHRAREY XS AR VR T L. BT Fl
¥, BARSE T CseDTE BEAIE 84 Kumar 31
Pi4E 15 U-Net Bi%, CNN3 #i%l, CNN2 Bi# /)
KIS RERY 7 (B g R RAERBER (pH)
354 0.491 0.493. 0.197. 0.110, {HLEA[F %5 B &]
B EHE AT X, #2554 0.001. 0.141. 0.018,
0.021. £ 6 g5t T AT U-Net J7#:7E KIRC
M ER ) & e bn B A bR e 2. 1T LU
CscDTE #8114 5 M 56 B WAL TR BB UF 1) U-
Net B2, H EA B 47 S

T BBRERESEERN S, FAER S
TR 7 — N EE R RE PG e AR, I Ay &

B2 EEAAERR A2 DA %2 5
T R 2 WAL 2 A R 2 B AR SR — PR 2k
PEAR I, Jofis > AR SCRIOBR-1 ) 7> BB A
BERuE s, HA®EERZ RIS, S800
BRI 2 AR GEIR 2 S1 T I8N, W3k 7 Fos.

4 FREEETE

ASCHEH T — DRI TAE RS R F R BT
2] (CscDTE) (4 % 2 SRR H R 1K) 73 K i 73
BT IR L 27 21 W 48 0 B0 AR A A0 g 2L PR
P 1 2 FEPERONBUK. 5L, CscDTE A A
A3 YA T T

1) N 7 LS B RHE IR BN CseDTE FAY
SERIINTE, B T7E-1 5KkE 2 i# 2 > HLH], CscDTE
BERUAE % R SINFR B ] 70 2 6 BB, 70 J2 i O A
A% i 22 RO J7 180 73 A1 2 RAFALE;

2) N TIRTHER I S HITERE, T8> 5 B R 1A
FI5C R, CscDTE FEALE ] IE BURF IR/ U FEAS
BN, SEARAT I L 2 R R PR SRR R L B8

3) O T M 5 AR R R SRR AR RO A B 2 1k A
FIAS PRI H 3G R fE 7T, CseDTE #5881 R B e B R
P AR BT A DA T U Ak [l VA AL B2 32845 3R 93 A1 3
L AR 81 V9 7 K RE 7

4) ANTE & B AR IR 1 = 2% B 4R 1
IR ERE R Y] T AT CscDTE JrikAH L T
O RS BRI Pt

# 6  ATEE U-Net £ KIRC Hdli 4R Lo B1PERE (01E, PRl Z) Hit

Table 6 Performance comparison of U-Net with our CscDTE (For each metric, the mean and
standard deviation are listed)
KIRC Jaccard R ¥ LTS F1341 PR IR RS
HH i ¥ME i ¥iE NG BN i
AT 0.735 0.054 0.832 0.050 0.846 0.037 22.66 9.51
U-Net 0.642 0.064 0.742 0.093 0.780 0.049 57.78 23.11
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Table 7 Number of parameters of different algorithms
on the pathology dataset
Jrik AR U-Net CNN3 CNN2
BHRHE 184KB 1.75MB 1.97MB 7.04MB

FEBUATHEZR (Bt K1 B 50 4 ) FI A

RUNT B B DR S 27 ST HUHEAT B e, LASBLSE 47 1Y
S EIVERE; R4 A U, N R T CseDTE
HBEAT R MR R R R S LS HE A
R RN LR N i 74 e A V= S SVARE
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