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Abstract

In view of the difficulty in identifying the internal part structure hierarchy of complex product as-
sembly object, the goal is to improve the rationality, accuracy and efficiency of assembly process
documentation. The XGBoost algorithm based on Bayesian optimization algorithm is studied. Five
sets of three-dimensional models and assembly process cards of different types of biological uten-
sils disinfection machines are used as the process data source to automatically identify the struc-
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ture type and function type of parts. The recognition accuracy of structure type and function type
can reach 96% and 90% respectively. Automatic identification and classification of parts are rea-
lized, which enriches the internal information of assembly.
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Figure 1. Conceptual hierarchical design based on part category

1 BT EHLHG 25 R

RBUR A RRA LT SEhr EX TR RIS, KA T — R 5 REZZ MBS HIE
B BVERIHE R, ZEEER BN B RENE, FRERTE, RRILE N, DR TSR A
XGBoost ] L& Z RIS B LA BIXE 2R B3 bric 0 H 1, RZAR B2 — 22K,

2.2. XGBoost 5%

XGBoost HIAKZRERRIPNAR . BT AT H QR[] 1570 MR e & TN 45 R 1
PR, N TR R R R R AR SR, TSR RE, AT DR 28R (R R B S SRR, PR i 2
B/MERTIER A6 H #R[10]:

Obj = 371 (y 1)+ 2, () @
QUU:YT+%MMW @

BRI (y,, §,) /N T BETHR e B, T Q( f, ) IDREAE B, T LA R E LT, i
BT TR ST OB, DB i, U TONRS 1 B th 7 22 e, Bk Mook
THRZEs AR FARK 0 T e 0 1 SR B BRSO MY 38 e B PO A AR T TN 2
AR SR T R T H-F A0S, wREH AL YA RENLRN, w14
AL R 45 BRI S (LA A K

3. WB#RXIH

M T A (I 85 S T REPIR RN, R L%k XGBoost WM 45K 5 DhRe I H &, H R ER
AHAF, XESBOIKREZ, G ROHEAREREVINED, B 2B IR I 2L LA
B, DREASC oy PR SRREAT SRR HEAT R 50, KRB T RIP RN, M In 7 HEAE:,  (RiER
—RARWRIFEARRET IS, ERJadITAS, SRR RARE DA 2 Fros.

FHEREREE T HCRER NPT E FIFEA, 212k XGBoost B 2 |, 7 B FEA KL
P PRI R, RN BT AR TUACER, th TR ib e SRS R T BB R I, B4 & R i Kl
PR 1 75 AT A A (One-hot) 4 3£ AT 22 919 Ji, S Joe A A K0 » 2 ] 3 Jfroas g #4870 £ s s R

DOI: 10.12677/m0s.2022.113069 736 e RSE TR


https://doi.org/10.12677/mos.2022.113069

FIHE R .

!
ol ab 2l

—

SERPE TN Ty RetE T

R XGBoost XGBoost XGBoost
SR WE Tiem

i A

Figure 2. Model training flow chart of XGBoost
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Figure 3. Material sparsity matrix of parts
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Figure 4. XGBoost-based part feature correlation ranking. (a) Importance of features related to structure type; (b) Impor-
tance of features related to functional types
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Table 1. Selection of initial hyperparametric values of XGBoost
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Figure 5. The third tree model structure of XGBoost model of structure type
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Table 2. XGBoost model evaluation (structure type)
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S 0.96 0.81 0.88
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Table 3. XGBoost model evaluation (function type)
7% 3. XGBoost =& T (ThRE A AY)
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Table 4. Bayesian optimization of XGBoost hyperparameters
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eta )% [0.01~0.1]
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Table 5. Hyperparameters adjustment after Bayesian optimization
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Table 6. Evaluation report of optimized XGBoost model (structure type)
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Table 7. Evaluation report of optimized XGBoost model (function type)
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Figure 6. Evaluation of model effect before and after Bayesian optimization. (a) Effect comparison of structural category
model before and after optimization; (b) Effect comparison of function category model before and after optimization
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Figure 7. Three dimensional model of front guide rail of cleaning machine
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