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Abstract

Accurate detection of steel surface defects is essential for quality assurance in steel manufacturing.
Aiming at the problems of diverse defect types and a high miss-detection rate caused by similarity
between certain defect categories and background textures in hot-rolled strip steel, this paper
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systematically optimizes and evaluates YOLOv8s on the NEU-DET dataset to construct a strong base-
line detection model. Experiments are conducted on the NEU-DET dataset released by Northeastern
University, which covers six types of defects—crazing, inclusion, patches, pitted surface, rolled-in
scale, and scratches—totaling 1800 images. Through a combination of high-resolution input (800 x
800 pixels), AdamW optimizer, multi-strategy data augmentation (Mosaic/MixUp/CopyPaste), and
cosine learning rate scheduling, the optimized model achieves mAP@0.5 = 0.739 on the validation
set, representing a +3.8% improvement over the YOLOv8s default configuration baseline (640 x 640,
mAP@0.5 = 0.701). Among individual categories, patches achieve the highest AP of 0.923 and
scratches reach 0.868, while the optimal F1 score is 0.69 at a confidence threshold of 0.292. Confu-
sion matrix and visualization analyses reveal the detection characteristics of each defect type and
indicate directions for future improvement.
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Figure 1. Instance count statistics and bounding box distribution of each category in NEU-DET dataset
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TREMERAR S —, HIARAE R 2R e B R A ST I A T R AT o R SRS FAEL AT AN R T 6 SRS AL BRI,
£ 300 TR AKEE IR, SR AR 5r #5200 x 200 143, it 1800 ik, Jirfr BHEIIHCA F¥ 14 FHAE (bounding
box)bRTE, JEFT H AR,

6 ZREREE M FE N SRR AFE S 5. ©  Rg(crazing) R ELSZ IR L, BN RIRD G, 5
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PEHR . C2f K NAFAE B 93 N E B A AE R B AT AL FE, 3 BK 42 /) Bottleneck JZ#2 U 215 URFIE, JH %
PRERERE, I Concat Bl ey, 7RI/ ITCAR VIR fR B 5 8RR B2 A5 S

(2) AT A #H(Neck): M PA-FPN (Path Aggregation Feature Pyramid Network) XX [ 45 1iE fil & &5
f, BT NMEERREE E R, BRI EAAEREM BT, PO S R A 2 REERHE, Xt
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EFXT NEU-DET B /MEAS . SEAIAT-i (0 s, AR SCNDUAN G FE AR AL I 25 SRS -

(1) maPEREIN: BN EGAERIA 640 x 640 $2£TF % 800 x 800 15 %, fr & MIBLFHLNTTSL
HER, SGEXTRL. BRI S0/ NRRE 1B R R

(2) AdamW fAb#5: KA AdamW HRALES, HI4R%7 212 Ir0 = 0.001, AW FRE Irf = 0.01, Zh&E
0.937, AUHZEVH 0.0005, FLA AR ILIE K 5= 2] 60 FE SRS S P o e sl

(3) Z SRmSHHE I : £55 1 FH Mosaic 3 38 (4 I P#4%, B2 1.0) . MixUp EIZ R & (B2 0.1) CopyPaste
HAxE RS (EZ 0.1), LK HSV Fitadish(h: 0.015, s: 0.3, v: 0.4). BENLIEH (£10 F). 7KV Bl
EWARERAE, AR RINGHAZFEM, A5 A P47 8.

(4) ZRIANE: I 3 /> epoch PAATLR M 22 ST Ti#l; W E patience = 50 [ HLHIET 1L TER0E #4
T I 1R A K B I 2R (AMP) I 35 FRAR SBA7 o5 FH o

FEESHACE WL 1.
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Table 1. Main training hyperparameter configuration
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NMS loU s fE 0.7 JEAb 2 H A HE
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Figure 2. Training curves of loss terms and key evaluation metrics
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A& TRE:, mAP@0.5:0.95 kT 0.39 & 0.40, FHIMER H W10 B briE Ak
5.4. BTG
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Table 2. Overall detection performance on NEU-DET validation set
Fz 2. NEU-DET I8 TE SR EE (448 1% &8

HIE Precision Recall mAP@0.5 mAP@0.5:0.95
YOLOV8s J:2E(640 x 640, ERINALE) =0.72 =0.65 0.701 =0.36
A3 (YOLOVSs 14k, 800 x 800) ~0.75 ~0.69 0.739 ~0.39

N BBV A SCOIRERIB TR, 2 3 AT B 5K TAER 4 NEU-DET Hda sk Lk
SR BIAERE SOTA J5 ikt AT 1 YEREXT L .

Table 3. Performance comparison with SOTA methods on NEU-DET dataset
7= 3. NEU-DET #¥(#E8 £ SOTA 75 A M REXTEL

P R7 mAP@0.5 BT FIR
AGLNet [4] 0.799 AGLNet H 3t F 4k 2024
VTG-YOLOvV7-tiny [6] 0.821 YOLOv7-tiny Je2ERE = T RE 2024
YOLOV8-VSC [7] 0.764 YOLOV8 THENUR S 5% 2024
YOLOV8-NFMC [8] 0.782 YOLOVS 41 H -l FE 4R 2024
A3 (YOLOVSs 4:4k) 0.739 YOLOV8s A3

B 3 1] WL, A ST E(MAP@0.5 = 0.739) -5 5% H 45 14 gk ) SOTA J7 ik AH Lu AT A7 7E — 7€ 22 ¥ (AGLNet:
0.799, VTG-YOLOv7-tiny: 0.821), FEJFEHET AL IR B YOLOV8s yJkhti, K5I AT &L 2ikF
fERR A ekt O E TR et . (EAH L RAESE T YOLOVS f7574(YOLOVS-VSC: 0.764), A3 AT fi
TEIIC B IOAE T A ARSI G R, N JE 2R 2 S M ot p At T T R R UHE S
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Figure 3. Precision-Recall (PR) curves for each defect category
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Figure 4. F1-confidence curves for each defect category
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Table 4. Detailed detection performance results for each defect category
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Figure 5. Normalized confusion matrix
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e, ACURESE TR ZR RIS RAC LI TG 54 i3 AEvERE, )5 S 45 M o i et nT S
22 HLR . TRIEHFE T R IR R B IR, 3 B S {H 0.292 (F1=0.69).
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