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Transverse Section Recognition Algorithm Based on BCNN for Fetal Craniocerebral Ultrasound
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Abstract Ultrasound examination during pregnancy is an important step to discover whether the fetus is abnormal, so it is of
great value to carry out accurate and efficient examination and diagnosis on fetus. In this paper.bilinear convolutional neural net-
work(BCNN) is used to identify the transverse section of the fetal head. On this basis, we propose BCNN-R and BCNN-S, The
BCNN model takes the fetal craniocerebral ultrasound image as input,and firstly preprocesses the input data. Secondly. the two
parallel sub-networks can extract the cross-sectional features with high identification and strong robustness from the input,after
that the model integrates the extracted features, which is helpful to extract the fine features for recognition. Finally, the linear
layer outputs the result of classification. In order to verify the effectiveness of the proposed algorithm,this paper makes contrast
experiment on self-built fetal ultrasound dataset JTU19. The experimental results show that the proposed algorithms have ob-
vious improvement on classification performance compared with the basic network(GoogleNet,DenseNet,SeNet,etc. ) » the overall
accuracy of BCNN-S reaches 88. 95% ,and the precision and recall of BCNN-R in horizontal cross-sections achieves 97.22% and
88.61%. In addition, we also use the public dataset HC18 to conduct classification experiments. The accuracy, precision and recall
of BCNN reach 89.48% ,87.66% and 87.71% respectively, which further verifies the effectiveness of the proposed algorithms.

Keywords Fetal ultrasound,Craniocerebrum image, Identification of transverse section,Deep learning, BCNN
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Table 1 Distribution of training set and test set
Dataset horizontal vertical diagonal
JFUL9 Train 958 289 994
Test 236 80 245
Train 735 152 611
HC18
Test 251 22 61
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Table 2 Parameters of BCNN network

BCNN-S
Layer name Kernel
Convl 7X7,64,stride 2 Convl
2 X2 max pool,

BCNN-R
Kernel
7X7,64,stride 2

Layer name

3 X3 max pool,

stride 2 stride 2
Fire 1-3  [1X1,3X3,1287] Block 1 1X1,64
1X1,3X3,128 3X3,64 X3
L1X1,3X3,256 | 1X1,256
22 max pool, 1X1.128
stride 2 Block 2 3%3.128 | x4
) [1X1,3%3,2567 1X1,512
Fire 4-7
1X1,3X3,384 1X1,256
1X1,3X3,384 Block 3 3X3,256 X6
L1X1,3X3,512 | 1X1,1024
2 X 2 max pool, 1X1,512
Fire 8 stride 2 Block 4 3X3,512 X6
[1X1,3%3,512] 1X1,2048
Pool Outer Product
Classify —
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SeNet'?, DensNet 2" {2y X Ft , H: [ A 4l FH 35 I 2545 80 40 4R
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S i U L PRI SR DA S B8P AT A A A R AR KF
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RIER 5 — R (D 7E JFUL9 $dE % L4 i & B ki
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rP R S A R T 4 e — A, Rl B ARSI 25 R R 2
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Table 3 Comparision of different algorithms on JTU19 database

(AT %)

Model Accuracy Precision Recall
GoogleNet 2" 80. 64 77.06 82.11
SeNett??! 80. 21 92. 64 73.79
DenseNet! 20 81.70 75.32 85.71
BCNN-VE13] 82.99 90. 08 87. 64
BCNN-R 85. 74 97.22 88.61
BCNN-S 88. 95 90. 25 87.83

A, A 34 B4R BT BCNN-V, BCNN-R f1 BCNN-S
SIS A AR ARG R AE (BT DA 43 T B 1 R A IR A BRI R AE
WE 5 FrR ., Hep, BCNN-V $ BB 5 5548 A0 % 44, 1 BC-
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A AN T 3 e b 23 K IR 5 22 W 7, LU 7 4 R AIKF BCNIN-S,
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Fig.5 Part three-stage feature maps from BCNN-V,BCNN-R
and BCNN-S on JFU19

AR SCIA A HC18 $G¥m 42 #F 4T 7 5250, Hogh b tn 3¢ 4 iy
G, 4 % ,BCNN-S B HERE R B 5 .0 89. 48 % ; BCNN-R #Y
0 B e i . R 87. 6606, T H B I AUA 73. 31%, 5 BC-
NN-S #1322 15% M HLAE JEUL9 Bdm 4 b W5 Fl 45 32 10 49 [l 3%
HH220. 8%+ i R 25 &1 4 Jot 1t o 8k A B o AR kL, A Il 3R
AR AR 2 K W A 2 B IR N AR BE 2, AT 6 FRATT 40 A R AE ]
FHEN 25 L TN 98 UL T A SCR R (ST 6 A AR .
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Table 4 Comparision of different algorithms on HC18 database

LT 2 90)

Model Accuracy Precision Recall
GoogleNet-?H 70. 96 76.37 72.67
SeNet! 27 71.05 54.37 73.66
DenseNet! %) 79.61 55. 35 64.58
BCNN-V3 81.82 73.93 87.29
BCNN-R 83.24 87.66 73.31
BCNN-S 89. 48 83.98 87.71
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