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Fig.2 Three types of raw data images
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Table 1 Detailed system parameters

Name Indicator
System Windows 11
Memory 32 GB
Central processing unit AMD Ryzen 7 5800H(3.20 GHz)
Graphics processing unit NVIDIA RTX3070 GPU
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Fig. 3 Effect of @ parameters on model performance
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(a) The training curve of ResNet-28 model (b) The training curve of Oct_ResNet-28 model
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Fig. 4 Training curve for model performance
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Table 2 Comparison of performance among three models

Method Images Sen Spe PPV NNP Accuracy

F, 0.987 5 0.995 3 0.990 6 0.993 8

ResNet-28 S 0.878 1 0.9719 0.939 8 0.9410 0.938 5
T 0.950 0 0.940 6 0.888 9 0.974 1
Fy 0.987 5 0.987 5 0.975 3 0.9937

Oct_ResNet—28 S 0.915 6 0.976 6 0.9513 0.958 6 0.954 2
T 0.959 4 0.967 2 0.936 0 0.979 4
Fy 0.990 6 0.992 2 0.984 5 0.9953

DF-ResNet S 0.946 9 0.9813 0.961 9 0.973 6 0.968 8
T 0.968 8 0.979 7 0.959 8 0.984 3
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PRI G AT Bl 000 B g A0 0 i, 396 58 R TR0 6T 1 245 4 30 (L1 TR 1 43 2R U e ), B e A T A AR 1 43 2R KS B, L
6 FH OctConv As 23 52 i A5 4 e A 1 g S50k 2
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WS B T4 R R A S B L 8] 5 J2 DF-ResNet £5  xf = Fh &4 4 25 14 T AF 57 1 28 (Receiver
Operating Characteristic, ROC).

2 DL 2T 4 g L 355 5 AR RS oA PP A5 g R, iR £6 T I B (Area Under the Curve, AUC) 4351 2 0.990,
0.965F10.951. H Lt nl A% B, DF-ResNet £ I 5t T £ 4 iig 1 3 — 28 H A7 ol 45 i R " 8540 (19 OC T EM%
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L B RO 3 400 pme 5 5 P9 Bl Al B e T PR RO D FE SR e — 2 B BB R AE 1 ARRT D I T AR
F i)

M AT LLE H ResNet-28 Fl DF-ResNet 9 A5 5 7 $2 BURE AIE I 2C 12 9 MG RFAE 3 BB AT o BG40 47 7
R 25, 78 ResNet-28 # R i X F 328 FL IR 41 41 OCT KGR B S A 4540 35 BBl 5 He 8t 75 %, Hidh g
FERETHME G R MEI A A%, XU ResNet-28 1 75 FR AE 48 B 3% A 0 5, L4 0 1T 8% £
B TCA R B S e 2 43 JR A i T . A EL 2T, DF-ResNet 5 X6 F 545 JlURF Y i 55 0K 7 25 4 27
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Fig. 6 The thermodynamic diagram of the two models
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Table 3 The recognition and classification performance of DF-ResNet on a new dataset

Method Images Sen Spe PPV NNP Accuracy
F, 1.000 1.000 1.000 1.000
DF-ResNet S 0.8820 0.9710 0.9380 0.943 0 0.9412
T 0.9410 0.9410 0.889 0 0.9700

(sen) JVRf 5 M (spe) (B T & (PPV) 1B 00 fH (NPV) #4935 2] 17 100 %0 , 28 0k % 15080 ) ) 52 3L 1 % 1
KGR HERR 325 o [RS8 A A PR ) 45 A4 AH DL i) 5 50 R0 i g P B R B RAF AU PERE . AR A
RUER X BT 1 FLAR AL 21 OCT UG B 45 S AR /- JORE FE R ) 1 94.12 %6, iX R B Hl Il 25 ) DF-ResNet # BUR AL
FEAS SOl R B0l B b B B ORI AR I FLAR 4L OCT MG B #5130 0 55 g R0 PR g . X
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AL T A AR ELAR S NG B AR B S RO A O T SR X O | e 45 SR e i A R P an ] 7, X R L
WA BT 41 AL DF-ResNet #6178 52 BRI H A 34 R R B

x4 BEUSYERSEBHRE

Table 4 model parameter quantity and classification accuracy

Method Accuracy Parameter quantity/MiB
VGG-19 0.793 9 143.7
EfficientNet 0.916 7 5.290
ResNet-28 0.938 5 19.14
DenseNet-169 0.957 2 14.15
Oct_ResNet-28 0.954 2 15.99
DF-ResNet 0.968 8 16.52
1.00 . : . . . : 20
0.95} 18+
0.90 g 16+
0.85} 14
§‘ 0.80 g 127
5075t 10}
2070} 3 8t
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Fig. 7 DBar chart of model parameter quantity and classification accuracy
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Oct_ResNet-28(95.42% ) >ResNet-28(93.85% ) >EfficientNet(91.67 % ) >VGG-19(79.39% ) . [RI i}, #5#1
AR S HOH A B E N VGG-19(143.67 MiB) >ResNet-28(19.14 MiB) >DF-ResNet (16.52 MiB) >
Oct_ResNet-28(15.99 MiB) >DenseNet-169 (14.15 MiB ) > EfficientNet(5.29 MiB) . 4% % & 1k EfficientNet
BRI A e DS HOT R & HH ES 21 568 T A X 38585 . DF-ResNet 5 ResNet—28 151 5 75 45 #4) )2 I
BE FAHE , 8K 1l DF-ResNet 19 & 5032 i [k ResNet-28 i /> T 2.62 MiB, I3f H 42665 B B % 5 T ResNet fi
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Classification Method of Breast Tissue OCT Images Based on a Double
Filtering Residual Network

DING Lihao, GAO Zhishan, ZHU Dan, YUAN Qun, GUO Zhenyan
(School of Electronic Engineering and Optoelectronic Technology, Nanjing University of Science and Technology,
Nanjing 210094, China)

Abstract: With the emergence of Optical Coherence Tomography (OCT) technology and the rapid
development of computer hardware, researchers have been attempting to utilize computer—aided to identify
breast tissue OCT images. This study proposes a Convolutional Neural Network (CNN) model based on
residual network enhancement for auxiliary diagnosis of OCT breast tissue images. The proposed method
employs ResNet—18 framework as the basis to prevent gradient disappearance or explosion. In addition, to
enhance the efficiency and regularization of the model, the original 7>} 7 convolutional layer was substituted
with a series of three cascading layers, each having a dimension of 3X 3. This design choice allows for a
nonlinear decomposition of the original 7X7 layer while preserving the same receptive field size. As a
result, it accomplishes two advantages: a reduction in computational cost associated with model parameters
and acting as an implicit regularization technique. Subsequently, a Convolutional Block Attention Module
(CBAM) was introduced after each set of cascaded small convolutional layers and the final convolutional
layer. This module integrates a spatial attention module, which focuses on capturing spatial dependencies,
and a channel attention module, which emphasizes informative channels, thereby serving as the initial stage
of filtering and enhancing the discriminative capabilities of the network. At the same time, Octave
Convolution (OctConv) is employed to substitute the 3X 3 convolutional layers in the original model. The
convolutional kernel of OctConv has the capability to partition the input image sample data into four parts
based on the low—frequency dimension ratio parameter within its structure. This functionality allows the
network to dynamically balance high and low—frequency components during the process of extracting image
features as the secondary filtering stage. After this, the Global Average Pooling (GAP) layer is used
instead of the fully connected layer to reduce the computation of network parameters, and the structure of
the network is regularized to prevent overfitting of the models. Ultimately, a residual network model
“Double Filtering” ResNet (DF-ResNet) is constructed. The “double filtering” structure can not only
reduce the overall parameter computation of the model, but also focus on high—frequency components with
rich structural information during feature extraction. By decreasing the ratio of low—frequency constituents,
the reduction of informative duplication is attained, resulting in an enhancement of the model’s proficiency
towards categorization and identification of images manifesting proportional configurations. The proposed
DF-ResNet model is employed to train and classify the OCT image dataset of three breast tissue types. It
conducts multiple tuning tests and optimization techniques such as data augmentation and batch
normalization, achieving an overall classification accuracy of 96.88%. After conducting three comparative
experiments, the performance of the DF-ResNet model has been validated. In the first experiment, the
DF-ResNet model was compared with the ResNet—28 model with an equivalent number of layers. The
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experimental results showed that the replacement of some convolutional layers with OctConv allows the
model to focus on high—frequency components during the image feature extraction process. This led to an
improvement in the model’s ability to classify and recognize images with similar structures and ultimately
culminating in an overall increase in classification accuracy. Additionally, it is important to note that the use
of OctConv did not negatively impact the overall convergence speed of the model. In the second
experiment, the DF-ResNet model was compared with the Oct_ResNet-28 model, which incorporated
OctConv as a modification to improve its performance. The experimental results validated that the DF-
ResNet model effectively filtered out low—frequency information. In the third experiment, the performance
of the DF-ResNet model was assessed against established CNN models such as DenseNet=169 and VGG—
19. The DF-ResNet model not only boasts a reduced parameter count but also demonstrated superior
classification accuracy compared to several traditional CNN models. For the classification of OCT images
of breast tissue, the DF-ResNet model displayed exceptional performance, robustness, and real-time
processing capabilities. As a result, it is well-suited for providing technical support for real-time margin
diagnosis in the clinical applications of breast cancer.

Key words: Optical coherence tomography; Image classification; High—frequency information; Octave
convolution; Attention mechanism; Deep learning
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