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Mitosis detection by appearance and motion pattern perception

Lin Fanchao, Xie Hongtao, Liu Chuanbin®, Zhang Yongdong
Department of Information Science and Technology , University of Science and Technology of China, Hefet 230026, China

Abstract: Objective In the processes of medical research and diagnosis, such as cancer screening and drug development,
mitosis detection under phase-contrast microscopy image provides a very important biological criterion. Manual counting of
mitotic cells takes a lot of time and labor. Thus, automatic mitosis detection is more efficient and economic than the manual
process. On the one hand, the distributions of mitosis images are significantly different under various culture conditions.

Moreover, the increment of cell density makes screening out the cell regions difficult for conventional preprocessing meth-
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ods. On the other hand, the cells at different stages have similar appearances and blurred motion processes. They also
require the model to have a strong ability to discriminate cell types and states. Recent deep-learning-based works use three-
dimensional convolutions or temporal networks to obtain context information from the sequence images. However, an
explicit supervision process for learning cell states is lacking, making effective pattern information of target regions difficult
to achieve. As a result, these methods are not fully capable of distinguishing different cells and background areas from fea-
ture encoding, and their performance and generalization ability are limited. Therefore, this study explores a detection
framework based on cell appearance and motion pattern perception to solve the above problems. An accurate prediction
under complex scenes is also achieved through effective preprocessing and discriminative learning of cell patterns. Method
The proposed method consists of three stages. The first stage aims to extract regions of interest as candidates. This stage
serves as the preprocessing for finding the notable areas and facilitating the later detection. The original electron micro-
scope image is divided into local slices. An instance segmentation network is also trained to segment roughly all the candi-
date regions that may contain mitosis. Then, a candidate region refinement algorithm is designed based on a concise spatio-
temporal hypothesis to refine the candidates and reduce the redundant results. In the second stage, two encoding networks
are pretrained to maintain the feature encoding of both appearance and motion information by building proxy learning pro-
cesses. In particular, an image classification task is conducted for the appearance encoding network training, which learns
to predict the cell categories from the spatial context of a single patch. Moreover, an image reconstruction task is conducted
for the motion encoding network training, which considers patches from adjacent frames and learns the information of inter-
frame changes by recovering the raw patches. These two processes complement each other to help model the cell states from
different aspects. Finally, in the third stage, the whole spatiotemporal model is trained end-to-end by classifying the candi-
date patch sequences. The spatial modules are initialized with the pretrained parameters of encoding networks in the sec-
ond stage, thereby allowing them to be aware of the cell patterns at the beginning of the training. Given the appropriate spa-
tial context, the temporal modules are optimized to combine the interframe information and make the final prediction. The
overall model provides a confidence score for each patch. The position with the highest score is regarded as a mitosis point.
Result We conduct experiments on the public C2C12-16 benchmark. The experimental results demonstrate the superior
detection ability of the proposed method. On the C2C12-16 validation set, the mean precision reaches 85.3%, the mean
recall reaches 89. 3%, and the mean F-score is 87.2%. On the C2C12-16 test set, the mean precision reaches 86. 4%,
the mean recall reaches 86. 1%, and the F-score is 86. 2%. The proposed method demonstrates high performance and can
generate stable predictions under various conditions. The mean temporal bias of the proposed method in all groups is only
0.221 + 0.536 frames, and the mean spatial bias is 3.321 + 2.461 pixels, both of which are much lower than those
obtained by the counterpart method. Conclusion This study explores a new framework to tackle the hard cases under com-
plex scenes in mitosis detection. The preprocessing strategy effectively extracts candidate regions and substantially
improves detection efficiency. The pre-training of the feature encoding network based on proxy tasks fully enhances the
model’s ability to learn the appearance and motion patterns of the candidate regions. With the preprocessing and pretrain-
ing designs, our framework can distinguish the discrepancy of visual patterns between mitosis cells, common cells, and
background noises, overcome the interference of complex scenes and cell patterns in the microscope image, and achieve
both accurate and stable mitosis detection from spatiotemporal dimensions.

Key words: phase contrast microscopy image; mitosis detection; multistage detection; spatiotemporal feature encoding;
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Fig. 1 The overall framework
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Fig. 3 The pre-training of encoding networks ((a) pre-training of the appearance encoder; (b) pre-training of the motion encoder)

1.3.1  #lgREdaty

BT 55 (R 2 2] S B i S 5 B AN (W] 28 7 1Y)
FEASTNS B IARAE o AU 25 B HT B 1 R A B
BT S BRI R B, A SCH 1. 2. 1795 Tl R g
DeepLabV 3+85 1 X0J 1)1 2 A2 H540 144 7 J 7 0, DA 5

AT S A g% 28 DX Sl P BE A AR (40 x 40 D) ), A
[ RIREA R EFE NI 4 7R

TE3 5LIF Z B AT, 240 ) S WL 2 T A W 35 784k
(UL AR Se PR THA5) il o e o0 2R 440 M J]
(10 o 25 X S D TERRAS , 6 BOAR 70 A L A 7 351X



$28% /98 /2023 £9 A

LR, BiEtE, XEH, KER
SPFNIE N IEN BN £ 5 R T

S g SOREAR , T LA 2 24 5 ) 4 B e i Bt 73 24
AN TR A RORESE R SR, AR R RDIR S K
Ji& 2 73 BOR S AE A A P A, 7 g S 18] 40 i
SPGB AR, S 1 I o AR AR A 7 AR
I S 5 X 240 L ) AN [R] ISR T 4 2 Kl
P4 73 S GETH T INZREE o 2400 1 TG - 1) A 2R
Jei 1 Ce ) PRUAGAR RS HC A i 220 PR B RRE A 52X A 1B
JE o AT UL, 3 B 20 JS 3 TP ) PR DR A
UL A o3 RV REPE  REAE A RURE 7, T A S T
A HHARE 3 Wihnic o3 2R IR, IR 3 Wibsic e
“O3 RGN 5 5 o3 BT Z2 I (] B 8 ot AL ) 14
PRIX Bl 5 2253 2K Sk 2 18] A7 A ) R ik 22 57, T
TR RS ARIC AR 2 I 5 FAtL i 221 (Y 4]
BIXEA TN ke, M58 A IE SRR A H
AT N W BT SCIXC 3 AN 2377 HE TR IR T 5% 5 i
NGRad e o [RIE , ARAE T B 0 bR 48 AR A T
AR 308 db R SR A T A A AN S s a3
PR R BN T YNGR B 22 5, A
A LIS (8 o A 2R

1.050

—o— Sy ZAHiT I
LOZ3 - —o S 5UE 1
1.000
i
209751
42?2 0.950 F
= 0925}

bl

= 0.900 |
0.875
0.850

-8 3 11 142 148

K4 FRAEARRLE SHEA R

Fig. 4 Feature similarity and sample selection
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Fig. 5 CNN—bidirectional LSTM detection network
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Fig. 6 Comparison of images under different conditions
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Table 1 Comparison of detection performance on C2C12-16 validation set
1%

F0003 (%5 141) F0007 (%5 24H) F00011 (%53 4H) F00015 (%5441)

o RR AR PRy ORER AR PR RER AR PR RERR JRR PR
EDCRF 699 765 731 347 454 394 840 845 843 539 604 569
V-Net 857 898 877 646 841 731 864 947 904 831 746 786
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Table 2 Comparison of detection performance on C2C12-16 test set

/%

F0004 (% 141)

F0008 (%5241)

FOO12 (35341) F0016 (%54 41)

o R HJER PR R [RER PR R dlR PR KERR AR PR
MM-HCRF 67.4 92.3 77.9 22.8 817.5 36.1 64.5 99.6 78.3 20.4 894 33.2
3DCNN 87.0 77.5 81.9 25.6 80.2 38.8 89.0 85.2 87.1 232 81.7 36.2
CNN+LSTM 63.8 88.9 74.3 51.1 92.8 65.9 66.7 98.0 79.4 48.2 83.3 61.1
SSG-DNN 90.6 82.5 86.4 60.4 84.3 70.4 87.3 94.7 90.9 60.1 85.8 70.7
PSSD 94.4 84.7 89.3 76.1 85.1 80.3 90.3 98.0 94.0 75.9 82.9 79.3
MViTv2 79.4 83.6 81.4 67.5 79.8 73.1 83.2 89.6 86.3 66.3 81.8 73.2
AL 89.1 86.0 87.5 83.3 79.1 81.2 90.1 94.8 92.4 83.2 84.5 83.8
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Table 3 Comparison of detection performance at different stages

1%

AT (ST)
— L (S2) AR (S3) AR BlalR F35
43 % XAk
N - - - 12.7 97.3 22.4
N J - - 58.5 90.2 70.8
N N - N 76.3 84.5 80.1
N J N J 86.4 86.1 86.2

LR SR A S e R R, N R B FAR RS e, = 2R A PR B
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Table 4 Comparison of different pre-processing methods
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Table 5 Comparison of different pre-training strategies
1%
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Fig. 7 Comparison of detection results before and after pre-training

((a) the effect of appearance encoding; (b) the effect of motion encoding)
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Table 6 Comparison of detection performance and cost

using different temporal networks

BHEMYE P FSS/%  FLOPS/G  ZEUm/M
Transformer 83.1 0.96 37.2
LSTM 86.2 0.63 9.4
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Fig. 8 Visualization of temporal detection results

TP FP FN
b
KO AR G5B

Fig. 9  Analysis of failure cases

Wt 5 e /NS ) s 22 29480 3. 137 18R d5c RS () i 22
PI(E N 3. 56118 3K 0wl UL, AR SCT5 1200 A [R] 4 52 58
ST B PEMRA I BE ) AH 25 A K A 45 R A A —
E2 & SO o N 5 o LR 111 B S N S =X
0. 618 Wi 2. 60352, R I T A SCT5 1 A P L fig
HABSR R ETE

RT RNERNRN=RE

Table 7 Spatiotemporal biases of detection results

igdl I s 22 /T 23 (B 25 MR R
F0004 (55 14H) 0.203+0.548 3.149+2.339
F0008 (% 241 ) 0.217+0.618 3.393+2.603
FO012(55341) 0.242+0.466 3.561+2.603
FOO16(55441) 0.224+0.438 3.137+2.152
1 0.221+0.536 3.321£2.461
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Fig. 10  Comparison of temporal biases of different methods
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