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Abstract: Aiming at the categorize tasks in inheritance and protection of traditional Chinese embroidery technology, three are the
problems of long time consuming, low accuracy, and massive human resources of traditional embroidery classification method, an em-
broidery image classification method based on improved DenseNet is proposed. The local binary pattern (LBP), Canny operator edge
extraction and Gabor filtering are used to extract the texture feature and the original image, which are merged into four to six channels
image data set, the data set is sent to the network to conduct the ablation test and expand the data set width. The spatial pyramid
pooling (SPP) structural optimization model is proposed to accelerate the convergence rate of loss in the process of training. To im-
prove the classification and recognition accuracy, the Leaky RelLU activation function is used to optimize the Rel.LU function. The sim-
ulation results show that the embroidery image classification and recognition method based on the improved DenseNet can solve the
problems in the traditional embroidery image classification method. Compared with the benchmark model, the accuracy of the im-
proved model is increased by 8.1% , which reaches up to 97. 39%.

Keywords: embroidery image classification and recognition; deep learning; convolutional neural network; DenseNet; SPPnet;

multi-channel fusion
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F AT b S 8, 43 9 oM GoogleNet (Inception V3)., Res-
Net50. DenseNet-121, MobileNetV2 5 EfficientNet-B0,
SRJEHGIX 5 R AL 5 A SOk JE A B EAT R RE X EL . X 5
A TR 1) T 40 S 8O0 L A B an 3k 2 TR

F 2 BTG M4BT L R

%] £ F51 74 A4 | Accuracy(top-1) | Accuracy(top-5) | &
InceptionV3 | 2015 77.9% 93.7% 23.9M
ResNet50 2015 74.9% 92.1% 25.6M
DenseNet121 | 2017 75.0% 92.3% 8. 1M
MobileNetV2 | 2018 71.3% 90.1% 3.5M
EfficientNetB0 | 2020 76.3% 93.2% 1.7M

gl A2, AR WS ok e 9 I kA o6l 2 RO
e 3 R,
#3 MUK ESHK

25 B (i
2% H Num class 8
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2% 2] % learning rate 1E-04
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2.3 LR
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YR S B TH EE YN T A5 1) 1 8 D 4 AR R IR TR OR .
BRI PEAG F8hR M HERR R (accuracy) . K53 (precision) |
BE (recall) FHFFE (specificity) DL MIBIEHME,

D IRBHERE,

IRVEH R TP A BT 5 0 —Fhdebr . & - FIFH 4
KBRS . R 4 RE—DZ 0 BRBIIRVE R E.

F 4 TORRBER

. FLSEAH
RV R — .
Positive Negative
B (i Positive TP FP
IR
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2) YEWAZE Accuracy,

WEHE (ACC) R B ALIE 6 40 A (5 B A S 1
Bl CEAERTA D . HEALIT

TP + TN

TP + TN + FP + FN

3) K5Hi3% Precision,

K% (PPV) KRB RN A4 i A Positive H 15 iE
wr el AT

Accuracy =

TP
TP + FP

Precision =

4) % Recall,
AR/ REE (TPR) IR T A H K Positive 1,

MRS T E B 1) Positive W, 8 AXF .
Recall = %
5) ¥p5EJE Specificity,
FroE (TNR) RIRTEFT A H % Negative 1, R i
W IE #4519 Negative tofl . TR AXUTF .
Speci ficity = %

GoogleNet, ResNet., DenseNet, MobileNet 5 Effi-
cientNet S BIAE 2 A Fp2E EIUS MRS A 2. 1] 8 Fl 5 7 2
ML 5 .

5 FLMER RIS R

pre rec spe pre rec spe
GoogleNet 0.41 0.631 0. 834 0.445 0.453 |0.898
ResNet 0.61 0. 590 0.929 0.632 0.632 |0.934
DenseNet | 0. 851 0.984 0.967 0.963 0.880 | 0.994
MobileNet | 0.655 0.795 0.921 0.772 0.607 |0.968
EfficientNet| 0.837 0. 844 0. 969 0. 850 0.726 |0.977

B EE

pre rec pre rec pre rec
GoogleNet | 0.628 0.639 0.628 0.639 0.628 |0.639
ResNet 0. 569 0. 689 0.569 0. 689 0.569 | 0.689
DenseNet | 0.951 0.824 0.951 0.824 0.951 | 0.824
MobileNet | 0.713 0.689 0.713 0.689 0.713 |0.689
EfficientNet| 0. 740 0.815 0. 740 0.815 0.740 |0.815

e Py % R 55

pre rec spe pre pre rec
GoogleNet | 0.976 0. 909 0.999 0.938 0.976 | 0.909
ResNet 1. 000 0. 864 1. 000 0.961 1.000 | 0. 864
DenseNet | 0.911 0.932 0.99%4 0. 962 0.911 | 0.932
MobileNet | 0.955 0. 955 0.997 0.912 0.955 | 0.955
EfficientNet| 0.953 0.932 0.997 1. 000 0.953 |0.932

KIS RS Heng

pre rec pre rec pre rec
GoogleNet | 0.949 0. 989 0. 949 0. 989 0.949 | 0.989
ResNet 0. 931 1. 000 0.931 1. 000 0.931 | 1.000
DenseNet | 0.989 0. 989 0.989 0.989 0.989 | 0.989
MobileNet | 0.958 0.979 0.958 0.979 0.958 |0.979
EfficientNet| 0. 969 0. 989 0. 969 0. 989 0.969 | 0.989
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