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Detection and Classification of Banded Carbide in Steel Based on Improved
Cascade R-CNN
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(School of Computer Science and Technology, Harbin Institute of Technology (Shenzhen), Shenzhen 518055, China)

Abstract: In the steel industry, carbide is a vital constituent, whose distribution in steel materials holds
significant reference value for evaluating steel quality. However, the current detection methods for carbide
in steel bars primarily rely on manual inspection, which is costly and lacks stability. This study introduces
advanced deep learning techniques from the domain of artificial intelligence, which collects and annotates
3 192 high quality images of banded carbides on steel bars, alongside 11 complete samples to create a
banded carbide dataset on object detection for steel bars (BCDOD). Common deep learning methods for
object detection are applied to the dataset through experimental analysis. With a focus on the specific
characteristics of the application scenario and data, the cascade R-CNN model is enhanced with rotation
data augmentation, improvement to the Focal Loss function and negative sample fine-tuning, resulting in
performance improvement. The achieved average precision reaches 96 %, with 100% recognition accuracy
on complete sample data, showcasing promising outcomes that address the existing gap in artificial
intelligence technology within the field of carbide metallographic detection.
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Fig.4 Example of rotational data augmentation
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Table 4 Experimental results on image-level data

(a) Scratch (b) Rust (c) Bubble
5 ARSI

Method AP@0.5 AP@0.75 AP@0.5:0.95 ARI0 GFLOPS
Faster R-=CNN(FPN) 0.949 0.740 0.642 0.780 134
RetinaNet 0.910 0.645 0.593 0.799 149
YOLOv5 0.892 0.660 0.606 0.801 56
YOLOvS 0.912 0.465 0.544 0.689 83
DETR 0.871 0.794 0.683 0.800 61
Cascade R-CNN(FPN) 0.952 0.783 0.677 0.798 162

Ours 0.960 0.790 0.689 0.810 162
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Fig.6 Detection results on image-level data
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Table 5 Experimental results on sample-level data

%> 1# 2= 3 4% 5% 6= s 8% 9= 10# 11# Acc/ %

Label 2.5 0 2.5 2.5 2.5 3 3 2.5 2.5 3 2
Baseline 2.5 1.5 2.5 2.5 2.5 3 2.5 2 1.5 2.5 2 82
Ours 2.5 1 2.5 2.5 2.5 3 2.5 2.5 2 2.5 2.5 100

3.3 HRLEIE

TSI, AR SR T T % —, 5 2.1.3 i IR LR AR (3% B — 50, Rkt 4 AN 1
S50 2 AR . 1 5 AR ER GBI BT B B % Focal Loss BREHE Ak DL K £ RE AR 36 58 34~ 14
HEB A HEAT T I RS0, 25 W3R 6 7R o FF i O8I AR T BGRB8 | A2 B0 Fh 28 134 n T S bR A=
7 b RT AR B Y TP R AORE A SO I & T X — ), PR 92 S 5 A0 I R AR O 1
ARE R WK TR .

F 6, Al LA B FH Focal Loss B 5E % 504 14 58 , 35 0] DL THA R 4% 8 B8 i PR fE . 146 1
23 ffi AR10 1 AP@O.75 #5 b5 W4 13 F K& , B 75 AP@O0.5 Fl AP@0.5:0.95 ¥ — 3815 T 42 7+, 3568 Focal
Loss 7E 5 e % 5005 38 5 20 A 8 FH o B2 i ik 788 00 2 40 R REAS BRI T A Il {H 38 5 1 IR ToU 1 A
TR B TR S AR (R ORS B e M R BLA B AT . AE A R AR R SR , AP@O.75 35 B IR AR, BAR
X — 5 ife W o B AIK T AP@O.5 1 AP@0.5: 0.95, {H 31X — 8 AR AT A FE 7E 96 %6 LA -, [F) B ik 43 8] S 45 4
ARIOH — & M, i85 0.81, R EZ R, ARG RO 7B A HHL 550 5o TR R 0 fg
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Table 6 Results of ablation experiment on image-level data

Method AP@0.5 AP@0.75 AP@0.5:0.95 AR10
Baseline 0.952 0.783 0.677 0.798
Baseline + FL 0.958 0.790 0.687 0.802
Baseline + DA 0.955 0.785 0.686 0.814
Baseline + DA + FL 0.964 0.783 0.692 0.803
Baseline + DA + FL + FA 0.960 0.790 0.689 0.810

DA CRBIE R, FL ALK Focal Loss, FA R 5 FE ARG
R ERRHBEMIEER
Table 7 Results of ablation experiment on sample-level data

Method 1% 2% 3% 4= 5% 6% 7= 8= 9= 10# 11# Ace/ %

Label 2.5 0 2.5 2.5 2.5 3 3 2.5 2.5 3 2
w/oFA 25 1.5 2.5 2.5 2.5 3 2.5 2 1.5 3 2.5 82
ALL 2.5 1 2.5 2.5 2.5 3 2.5 2.5 2 2.5 2.5 100
T :w/o FA RIRHELE B 2 5 TR 1S 38 5 Focal Loss s B R 28 i R AR U ALL 3878 SR 2R 10 2 ok 7 $0 40 19 0

Focal Loss MU 5 SRR A o 33k BB AR B RS B 9 5 .
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