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Action recognition and sequence prediction method for human-robot

collaborative assembly
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Abstract: In human-robot collaborative assembly, the ability of robots to respond flexibly and accurately to
human actions is critical to ensuring assembly quality. To address the challenges posed by non—standard actions and
dynamic changes in assembly sequences, this paper proposes a collaborative method integrating unknown action
recognition and operation sequence prediction. First, for untrained actions that may occur in actual assembly, an
open—set recognition strategy based on a random forest classifier is designed, incorporating a posterior probability
threshold to reject unknown actions. In a speed reducer assembly experiment, the method achieved recognition
accuracy of 95% for known actions and 98.65% for unknown actions. Second, to cope with the diversity and real-
time variation in assembly sequences, an improved hidden Markov model (HMM) combining incremental learning

and a forgetting factor is developed, enabling rapid adaptation and efficient prediction of new assembly patterns.
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With a forgetting factor of 0.7, the prediction accuracy reached 97.22%. Experimental results demonstrate that the

proposed method maintains high recognition and prediction performance under complex collaborative scenarios with

action uncertainty and sequence variability. In conclusion, the method improves the safety and efficiency of

collaboration and is highly generalizable to other dynamic and variable human—robot collaborative assembly tasks.

Key words: human-robot collaborative assembly ; random forest; open—set recognition; incremental learning;

hidden Markov model (HMM ).
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Fig.1 Overall structure diagram of the human—-robot collaborative assembly system
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Fig.2 Four typical assembly sequences
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Fig.3 Assembly action schematic
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Tab.2 Description of unknown action
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Fig.7 Action classification confusion matrix graph
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Tab.3 Recognition rate under different forgetting

factor values

¥ BT T EIHER %
1 0.1 91.67
2 0.2 91.67
3 0.3 83.33
4 0.4 94.44
5 0.5 88.89
6 0.6 94.44
7 0.7 97.22
8 0.8 91.67
9 0.9 86.11
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Fig.10 Assembly experimental platform
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Tab.4 Accuracy rate of assembly action recognition

CHSER DA KA

SIS VRE R e

FRIR g g wps O
20 95% 5% 1.35% 98.65%

AT AR BB R R A R R 47, E U2k 3h
A R AR 590 T T 2R 3K B 95% , R TS AR (R R N
1.35% , C A S VEIRTE R R 5% , 55 51 CR A SIE R
STHERR ) T 31K 5] 98.65%. HERHTR I AR B ShAE RE S I
R R AT FERT R E T A O ) T AU R R
N TN ASE Y 1) BSHR 5 S B s VRN AT, S 38D g
22 TF52 W PIMEREBC L s AR S, B AR R Bl 1R
VA 2R B O UE U i A5 92 PR — 35, AT 42 T P
V)2 AP 55 SN A
4.4 FEEENERF 5T LI

AR SCEE Rk R ANLUMER L S 5, 48— Fb
Rieid N SEVINGIPNCRA YR E Y BN E S oIl (s ]
TOIN, F38 2 S 56 B0 A A S AT

Fa O A B IR AT AR A | e i o AR Y
6 FIHEAE CREFEIE Z1 Aeimdbdl i 22 F7 KR 22 73 47
HhR 22 74 Fy/NR 22 75 R 22 T] 76) 8 SN BRUIR
A, HBEIRESEG YR R 6, HAKE U

0={721,72,73,74,75,76} (15)

HEEAY %) LI AR Z TR A i S 6 RS L 3l AE , 4R
BHEE N 6.

V = {LGS, MGS, BAS, WGR, SCS,SDR}  (15)

SR S B0 A 5 0] B RS B RS S A 5 [ A
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S 3 TR, SEARIRER R 200, 355 KR 0.7.
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Fig.12 Assembly sequence prediction
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