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Fusion Model of LSTM Optimization Based on CNN Framework and
Its Application to NIR Spectroscopic Analysis of Mango Dry Matter
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Abstract: The content of dry matter(DM) is one of the important indices to determine the quality of
mango. In this paper, near-infrared spectroscopy (NIR) is used to predict the dry matter content of
mango, so as to achieve rapid evaluation of mango quality. The study launched to propose the grid
numericalization scheme for screening structural parameters based on the convolutional neural network
(CNN) framework. The parameter optimization strategy was improved by the fusion of long short—
term memory (LSTM) network, to propose the CNN-LSTM combined optimization model. In data ex-
periment, a shallow CNN modeling architecture was constructed. The hyperparameters were for re-
fine tuning by testing some local-scale values of the core parameters of CNN=LSTM model. Results
showed that the optimal CNN model and CNN-LSTM models were obviously better than the conven-
tional linear or nonlinear models in both the model training and model testing stages. In addition to
identifying the most optimal models, we also provided some other appreciating less—optional models
as well as their available parameter combinations. These findings are expected to be helpful in the
production line of mango cultivation. The modeling framework of a shallow CNN architecture in fusion
with the LSTM optimization provides chemometrics technical support for rapid detection of dry matter
content in mango fruit.

Key words: near-infrared (NIR ) spectroscopy; dry matter of mango fruit; convolutional neural net-

work(CNN) ; long short—term memory(LSTM ) ; parameter optimization; grid numericalization
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Fig. 2 The structure of shallow CNN architecture
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Fig. 3 Design for combined optimization of the multi-convolutional channels based on CNN=LSTM fusion model
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Table 1~ Settings for parameter tuning of the shallow CNN structure
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LAUZ(CONV) ERERKEL={5, 10, 15, 20}
LRBELKS =1
AL (POOL) WALTEKE M = {2, 4, 6, 8, 10}
b Ak 53 203k ] Max—pooling
42 (FLAT) K H DROPOUT J5 3 2555 1 2 i AR 1t
SEERZ (FC) A 2B TR R
B S E i A Y

Softmax HTC [T 2 TV [R5

10
8
=6

44
2

5 10 15 20
L
K=38
10 15 20
L

10 137
1211
8
1.2 1.168
=6 §
1078

. RERRE T 1.057 1?“
= 10 . - T i

8 16 32 64 128

5
K

K=128 BN ) KA A de AL Z5 SR 0] 1L “B-HE” FRER
4 ST CNNAEZRIOBRZH(K, L, M)BREIHIALS
Fig. 4 Prediction results for tuning of model parameters (K, L, M)based on the CNN framework
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Table 2 Comparison on the prediction results from the CNN and CNN-LSTM models against
the conventional PLSR and SVR models

model

Model Parameter RMSE, R, RMSE, R,
CNN K=64, L=10, M=4 1. 057 0.924 1.352 0.907
CNN-LSTM K=64, L=15, M=6, T=10 0.769 0. 940 1. 084 0.916
PLSR LV=14 2. 059 0.871 2.525 0. 860
SVR y=2%, o’=2° 1.584 0.913 2.079 0. 889
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