8% 431 ARG Vol No3

202546 A Unmanned Systems Technology June 2025

OSRPC: EFR#IE RS X ENEINE]
22 [ 457 3% 4 i
%ﬂ(#fl‘}%li’ 7‘:]34]:_}5] 1,2, /g_)z,ijkl,z*, 7?;’:‘ }ﬁ_l,z

(1. MBS E R TR B, Kib410082;
2. LA NI S 4l AR E R TR G, K70 410082)

B E: BRI & SRR 22 45 H PRI L RS B ok T E Rk . X
ST T BRI AR T A = |« B TR AR TE R 2R A B MR S IR () R, iy 1 — i
TR BHE R A R R0 T2 824 ) & B R A )7 % OSRPC. B 5, FIF /D EAREREA I Z: UMAP 4k
TR T BT I 28 1) 1) 25 LA SRAAR AR RRAE R EHRAR iE B AR B, T 5 SRl e i I FnAn i I s R,
P& AL B2 ) ] AR BUE R AR M SRR A — SR A R IE T REAR B E B S bR SRS,
FEEPE IR L PREAS I AR 2R AT AR B . B, FER BRI H ARR IR 48 ODKW I
PEATSEE, 25 R IITEAH R RR T TRy 78 OSRPC XS AL BE M TH SR A T HA s

KR FahEd; BRI, mEdE; MEESIER AeEEE R, AR

RESES: TP391. 4 XERFRIRAD: A XERHE: 2096-5915(2025)03-080-09

DOI: 10. 19942/j. issn. 2096-5915. 2025. 03. 26

OSRPC: Active Learning for Kitchen Waste Detection Based on Hybrid
Sampling of Data Streams

LIANG Qiaokang'?, ZHENG Zhengyue'?, SHU Liye'*, QIN Hai'’
(1. College of Electrical and Information Engineering, Hunan University, Changsha 410082, China;
2. National Engineering Research Center of Robot Vision Perception and Control, Changsha 410082, China)

Abstract: The high dynamism and complexity of kitchen waste sorting environments pose significant
challenges to the precision of object detection algorithms. To address the issues of high annotation costs,
concept drift in streaming data, and class imbalance in complex backgrounds, an active learning approach for
kitchen waste detection is proposed based on hybrid sampling of streaming data, termed Online method with
Sample Representativeness and Prediction Consistency (OSRPC). Initially, a small set of labeled samples is

used to train UMAP dimensionality reduction models and adversarial network discriminators to obtain low—
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dimensional features and image annotation confidence levels, which are utilized for subsequent drift detection

and labeling judgments. An online active learning strategy that combines variable-threshold sample

representativeness with utility—weighted prediction consistency for sample selection and labeling is proposed.

Selected and labeled samples are then incorporated into model training to enhance performance. Experiments

conducted on the kitchen waste object detection dataset, Object Detection for Kitchen Waste (ODKW)

demonstrate that OSRPC outperforms other methods in terms of model performance improvement under

identical annotation efforts.

Key words: Active Learning; Object Detection; Streaming Data; Concept Drift; Uncertainty Mea-

surement; Sample Representativeness
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