Computer Science and Application & IA}E5 R, 2026, 16(5), 165-171 Hans X
Published Online May 2026 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2026.165173

ETH8F IR BEF BN =0m

BREER
EET RN B A R A, i

v

Weks H . 20264F4 150 FHER: 20264F5 130 KA H: 20264F526H

 E

XA TS HiE R E BT RS AR MARRAFR, XERY T —EHmRNEREIER
FERN TR, ZHERRES —HEI1ESFHMETRERE, S8 THOEshEE. BREBH. IQREEN
Sizdtatl, UK ERN RS SREARE, 2HG EMiEEMmAICIHRR, BHERA TR
FERSE EERRAR, REUSS0.5HFHBINMMOETRERE . 2210 E 4R 8EE B HIEE KN A
FEEEVPAE, PISIARMEVEREH120.90. BEI2%0.94. Fl-score 0.92, T EHMEREFS530:M. 724
YR HEZE5%510%K I FEFENT, Fl-score)5°40.8850.82, RIH BIFHKI&REM. ERERW, &5
EREENMEBE AR E &G TREIRFER. BE5RERREY, BELBHR EL5BFEI
B TR H .

Xiid
SR, FOLFRAE, WABIE, RETHE, £L4um

Research on Anomaly Detection Methods for
Test Data Based on Machine Learning

Weijie Chen

Shanghai Institute of Measurement and Testing Technology Co., Ltd., Shanghai

Received: April 15, 2026; accepted: May 13, 2026; published: May 26, 2026

Abstract

In response to the online monitoring demands for equipment operational status inspection and envi-
ronmental monitoring in modern industry and manufacturing, this paper proposes an anomaly detec-
tion method for test data. The method establishes a unified data access control and feature engineering
workflow. It integrates Hanning-weighted sliding denoising, missing value imputation, IQR soft trun-
cation, and robust standardization. Fixed-length sliding windows are adopted to extract combined
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time-domain and frequency-domain features, which are filtered through mutual information and then
fed into the Isolation Forest. The model adopts subsampling ensemble learning and a fixed contamina-
tion prior. The threshold is lightly calibrated with a baseline score of 0.5 combined with quantile ad-
justment. Evaluated via time-blocked validation on a benchmark temperature sensor dataset, the Iso-
lation Forest achieves a precision of 0.90, a recall of 0.94, and an F1-score of 0.92, outperforming the
Local Outlier Factor and the 3¢ criterion. Under noise injection with relative standard deviations of 5%
and 10%, the F1-scores reach 0.88 and 0.82, respectively, demonstrating excellent robustness. The ex-
perimental results indicate that the proposed method can stably identify drift, jump, and noise-based
anomalies without relying on strict distribution assumptions, and it possesses engineering practicabil-
ity for cross-batch deployment and rolling retraining.
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Figure 1. Flowchart of test data preprocessing and feature engineering
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