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Abstract

Aiming at the problems of strong subjectivity, low efficiency and difficulty in quantifying the cook-
ing degree of salted sea cucumber during cooking, this study aims to build a precise identification
method of sea cucumber cooking degree based on the characteristics of touch mechanics and deep
learning. Taking the salted raw material of Apostichopus japonicus in Dalian as the research object,
according to the sensory evaluation, it was divided into six cooking degree levels: control group
(uncooked), three cooking degree, five cooking degree, seven cooking degree, full cooking degree
and over cooking degree. The integrated parameter compression test was carried out by using tex-
ture analyzer to simulate the artificial contact pressure, and the characteristic data of contact pres-
sure displacement time series corresponding to 21 displacement points were extracted; Three tra-
ditional machine learning models, namely KNN, random forest and SVM, are selected to compare
with 1DCNN deep learning model. The fruit fly optimization algorithm is introduced to intelligently
optimize the 1DCNN model’s super parameters to improve the model’s cooking degree recognition
performance. The results show that the 1DCNN deep learning model adapts to the needs of feature
extraction of contact pressure displacement time series. The overall recognition accuracy of the
basic model is 95.83%, and the recognition accuracy of the control group, three mature and seven
mature samples is 100%; After optimization by Drosophila optimization algorithm, the initial accu-
racy of model training increased from 20% to 80%, and the final overall recognition accuracy in-
creased to 98.75%, increased by 2.92% compared with that before optimization, and the loss value
decreased from 0.22 to 0.10; After optimization, the recognition accuracy of the control group, three
mature samples, five mature samples and seven mature samples reached 100%, and the recog-
nition accuracy of over mature samples increased from 85% to 97.5%, which effectively solved the
problem of misjudgment of adjacent cooking degree. This study confirmed that the identification
method based on contact pressure displacement time series characteristics and Drosophila op-
timized 1DCNN model can realize the accurate and efficient identification of six cooking degree grades
of salted sea cucumber, which provides a theoretical basis and data support for the development of
rapid, objective and Nondestructive Automatic Detection Technology of sea cucumber processing
cooking degree.
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Figure 1. Manual touch pressure detection of cooking degree of sea cucumber
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Table 1. Sensory evaluation standard for texture properties

&= 1. FAF I REIFNIRE

P EEE

X A ABE figh SRR M RS, P B A B B S A — B SR IR I [ 5
=R RBE A R IR, ik RN SRR AR B L A R A PR
TR PRBE g SR AR 0, ik s P9 ARSI S AN . A BORRIRS | 3 — i HL B A bR
LR PREEREEI, il HE I SNBSS . AT RIS 3w 55 L[] 55 R 1
o PRBE b RER I, Al BN A ARSI 5 TOREES L SRR 5 A [l A

UE ! PREERUEARIEC, Al N N AMBUES 5] TERERS . SRS IR g

24. BUEREE

RPN T f ) 5 e 25 0 8 1 S5 B e 1 R G 2 B AR LR 406 1) 0 5 WA BERFAE SR FH B R AR BR TR
SIESFEAEAT IR RIR (K 2)o RIN REHR MR 2 = . TR B, e, d@dte A
ANFFAEHES: A AREREL 10 mm/min F1E € 8 E 3 BN B2 HES 0 5 5 TR X8, Wkl k /11 0.05
N, K EEAAEBE N 5 mm, FMFEMER 10 K, IWFIFFHELE N - AL, Zih 2wt 7 A
AL AL B 25 1F T AR 22T, D JE Bt Ao o) R FEE 27 S R of g 2 3 B 1) Tl 2
Pkt

DOI: 10.12677/sea.2026.152027 288 B TR S N


https://doi.org/10.12677/sea.2026.152027

T 5%

Figure 2. Compression test on the whole sea cucumber
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