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Abstract

In order to improve the intelligence level of the chemical laboratory, this paper studies the two-stream
convolutional network and proposes an action recognition network applied in the field of chemi-
cal analysis experiments. In this paper, the network divides the input video into RGB and optical
flow, and uses the improved EfficientNetv2 network to deepen the network structure to extract
feature information. At the same time, it explores the fusion position of the dual-stream network,
improves the loss function, and determines the best strategy for the network. It has been verified
that the accuracy rate of the improved two-stream convolutional neural network model in the
self-made dataset can reach 92.4%, which is higher than the conventional behavior recognition
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Figure 1. Two-stream convolutional neural network
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Figure 2. MBConv and Fused-MBConv structure
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Table 1. EfficientNetv2 network structure
5= 1. EfficientNetv2 [I4& 4544

W2 )= FK HeB
0 Conv3 x 3 2 1
1 Fused-MBConv1 1 2
2 Fused-MBConv4 2 4
3 Fused-MBConv4 2 4
4 MBConv4 2 6
5 MBConv6 1 9
6 MBConv6 2 15
7 Convl x 1 & Pooling & FC - 1
Table 2. Parameter comparison
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SEAR SR S8 ZHUM
ResNetRS 164
EfficientNet 43
EfficientNetv2 24
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Figure 3. Receptive field changes
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Figure 4. Action recognition model
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Table 3. Sample frame training results

3. AEIRIE ARG REIBEREFNIIGER

KFfi ERLHERA /%
10 778
15 82.2
20 85.23
25 85.52
30 85.6
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7EXT EfficientNetv2 85t 25T B A LG G, SR 9 4 7% B X6t sh VTR 1 A s ma AT SIS0 72, PR IR
Sl X A58 FH o503t (1Y) EfficientNetv2 A58 5 46, [R]IRH8 F -5 XU AR #2028 AR ) (1P 3 Rl & 07 2. 4 Resnet
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Table 4. Accuracy of different feature extraction networks
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s Xt TR HERF 2%
BFAS R 88.9
EfficientNet # #t 90.7
ik i) EfficientNetv2 # 4 91.3
ResNet # i 90.9
Inception % 90.5

MR FIHER A 0 ELRT AFE B, e AR ot JE T I HER R IA B T 91.3%, S ARBHIRER
PREE IR 28 A LLHERA AT 3 73T X LE R g th i A WA e R A 3
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P ORFFRAAL Sy A RUST IO [ LB R 5 (57 L RO AR ] o AR SOOI I 208 15 7 BB U1 R ) e 2 HEf 3 A0 1) 5
RN 5 Fron. SEREE T ASFEIRHGIEAT SEIeS b, SRR B ARl & 7 S B AR, FLUIZRIM
288 o kAR IR AL, H7E MBConv4, MBConve., 445 27 B [l & R I F R PR,
7% 5 AN[AIR A7 B A HER FO0 b .

Table 5. Accuracy comparison of different fusion positions

5. TRIME M EREREITLE

A B HETHZE 1%
MBConv4 89.4
MBConv6 90.2
SR 91.3

DOI: 10.12677/csa.2022.124121 1198 TR 5 R H


https://doi.org/10.12677/csa.2022.124121

M ERATLAE Y, ARIRAER G AL E AR IE R AT A 1RO, e O B A 4% 2
737 BEERCR, AEANEIE 2 5 BEAT 78 2 BURFIE SR R FREEAT Bl & R AE, A B T3R5 B s 0 RMERf R
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Table 6. System resulting data of standard experiment
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Figure 5. Improved action recognition model results
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Table 7. Accuracy of different networks

# 7. FEIRBHEHE

o 2 A2 7Y LTS HERH 22/%
Two-Stream 88.9
Two-Stream + LSTM 90.6
C3D 87.6
CNN KNN + SVM 94
Resnet-Two-Stream 90.9
AL 92.4
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