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Abstract

Grip-loss events in industrial robots can trigger severe production accidents and economic losses,
making their real-time detection a problem of considerable engineering relevance. This paper pre-
sents a systematic comparison of three traditional machine learning methods, namely Decision Tree,
Support Vector Machine, and K-Nearest Neighbors, against four deep learning and feature-augmen-
tation approaches, namely Feedforward Neural Network, 1D-Convolutional Neural Network, Long
Short-Term Memory Network, and Attention-based Neural Network, on a grip-loss binary classifi-
cation task. The dataset comprises 7355 real sensor records collected from a six-joint industrial
robot, with a severe class imbalance ratio of approximately 29:1 between normal and grip-loss sam-
ples. To address this imbalance, cost-sensitive matrices, sample weighting, and minority-class over-
sampling are applied consistently across methods. All seven approaches are evaluated under a uni-
fied framework using balanced accuracy, precision, recall, F1-score, and area under the ROC curve,
supplemented by five-fold cross-validation, learning curve analysis, and measured training and in-
ference times. Experimental results show that K-Nearest Neighbors achieves the highest balanced
accuracy of 0.8604, an overall recommendation score of 0.8000, and a training time of only 0.01 sec-
onds, outperforming all other methods on every primary criterion. The findings demonstrate that
lightweight instance-based methods can match or surpass more complex deep learning approxima-
tions on structured, low-dimensional sensor data with extreme class imbalance, and that high AUC
does not guarantee practical utility at a fixed decision threshold. Feature importance analysis con-
sistently identifies Current_J2 as the most discriminative signal for grip-loss detection. The pro-
posed evaluation framework is directly transferable to other highly imbalanced industrial fault de-
tection tasks.
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Figure 1. Dataset exploration and characterization: (a) Class distribution; (b) Current JO distribution by class; (c) Joint current
mean =+ std by class; (d) Joint temperature mean =+ std by class; (¢) Feature correlation matrix; (f) PCA projection
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Figure 2. Comprehensive performance comparison of traditional ML vs. deep learning methods: (a) Multi-metric performance
comparison; (b) ROC curves; (c) Precision-recall curves; (d) 5-fold cross-validation balanced accuracy; (¢) 5-fold cross-vali-
dation F1-score; (f) Performance radar chart
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Figure 3. Classification performance: error analysis and metric decomposition: (a) Sensitivity vs. specificity; (b) Sensitivity-
specificity space with bubble size proportional to Fl-score; (c) Precision vs. recall space with bubble size proportional to
balanced accuracy; (d) F1-score stacked decomposition; (e) Error type distribution; (f) Performance summary heatmap
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Figure 4. Feature importance and interpretability analysis: (a) Decision tree feature importance; (b) SVM permutation feature
importance; (c) Attention mechanism weights ranked by magnitude; (d) Top-10 feature importance comparison across DT,
SVM, and attention methods
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Figure 5. Learning curves and training dynamics analysis: (a)~(g) Individual learning curves for DT, SVM, KNN, FNN, CNN,
LSTM, and ATT, respectively; (h) All-methods convergence comparison; (i) Sample efficiency comparison
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Figure 6. Prediction quality and model agreement analysis: (a) Prediction confidence score distribution; (b) PCA projection
of misclassified samples for the best-performing method; (c) Pairwise model agreement matrix; (d) Prediction confidence vs.
classification correctness

6. MNRESHER-BMDH: ( FUNBEFESESH; (b) RMMEFENEIRD EHERERS DI(PCAR
5 (o) MARE—HIHRER; () TNEGESSXEMENXR

DOI: 10.12677/airr.2026.153075 811 PR ASY IR YN T


https://doi.org/10.12677/airr.2026.153075

Sap

puyy

CE

&

K 6(a) 7R T Hesimt . SCRFARIENL. K DSBS FT S 2 RN 2% FRINAS 2 MR A BT . RS
P AR s R T 0 L, TPAECA 0.007, #BIE 0.5 FIREAL S 0.1%; K TSRS 504
[FIREA R, (RS, BORMERTIL 1.0, 29 1.2%MIFEARMS /it 0.5; BTS2 I 2% DA i RAE I, Sl
ROy AT R E, YIMEN 0305, #BIT 20.6%MFEALT /- 0.5, AIL T IES TR ) P 1 4 2 3 5

Fl 6(b)FEMIREE £ 7 o AT 4R 2 A bRiE T K AR RE A o BEARSE 168 4, b 160 4NN
Wi, 8 N NIRIR. SO FEAR T BRAELE PCL 5 PC2 &Ml AL I X3, S BEARBE i A B
X e YA, 78U )2 B AR T MR A A

K 6(c) @R T BRIk MM — SCMEE R, JEXT 2R e R IIME R 0.841. KAHATCIZ M4 5 3R
] B AL (A — Bk s 0.9952, YT 38 3 | 14 R <30 17 1t A B0 R R0 00 J0AEAL, 2 —Fh s AR 1
Ph—EHEBLS . K BRI SR SR B — 8N 0.9422, RISRPE N4 5 T A HAh 77720 — 2
PEBIFT AR, AR S BRI L 2 (8114 0.7655, 3R W54 48 I 4 75 4 B2 THT AT S i (1 AN 7

B () TN AR B 5 7 IR PE ORISR, XTSRS . SCREm BN K A4l 5E, R4 5
ABFI43 5353 38 0.015. 0.026 F10.014, B EC T4 FEAR) 0.125. 0.176 A1 0.190, 1 BiX = Fhfs
RSO T () A PR I T O R — i A RE AR R AR A TR SR ST, AR AR R O ORI 5 T A
BEEMIER.

3.7. HEES

P 7 MUIZRI 8] FREINSEIR | AL A2 2 FEE AN £ 5 28 DU A4 O -B AT i T SEARHN 30T R GE VP A,
PR T SRS 2%

(a) Training Time Comparison (b) Prediction Time Comparison

35 0.02
3.3s
0.018
s —_—
[}
) 2 0.016 i
ges £ 0014
8 €N
H @
2 2 £oom
é é 0.01
E = 0.008
£ £
E B 0.006
.g ! 0.5 %
2 0.004
°? = * 0.002
_47475_. 0.0s 0ds . 00s o 0.00 I_q_mﬁ

o

DT SVM KNN FNN CNN LSTM ATT DT SVM KNN FNN CNN LSTM ATT

(c) Complexity vs Performance Trade-off 100 (d) Overall Efficiency Ranking
B < 90
0.9 KNN E 86.768
0.85 DT E 80 78.343
o~ @ W ® £
§ 08 ® (@) ATT ‘,:; 704
Zors{ W S 601
] 2
< 8 54
§ 0.7 g
40
£oes 3
& o6 g 30
LSTM £
0.55 SUM @ g 201 15.106
w J
05 10
0 0245 0658

0 1000 2000 3000 4000 5000 6000 DT SVM KNN FNN CNN LSTM ATT

Model Complexity (# parameters)
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