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Aluminum Alloy Weld Surface Defect Detection Based on ATI-YOLO
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Abstract: Weld seam defect detection is a key step in material processing and forming, its results directly affect the evaluation of welding
quality. To improve the precision of aluminum alloy weld seam defect detection, the ATI-YOLO model was proposed based on the deep learn-
ing algorithm YOLOv11n. First, the ADown—Conv structure was used to replace the downsampling method in the original model. An adaptive
strategy was introduced to reduce information loss and prevent the neglect of key features during downsampling. This also enhanced the mod-
el’s flexibility. Second, the C2PSA-TA module was designed to help the model understand defect information from three dimensions, improv-
ing weld seam defect detection efficiency. Finally, the LMPDIoU loss function was combined with the Inner concept to create the InnerLMPDI-
oU loss function. This optimized the bounding box regression problem in object detection, improving the model’s accuracy. Experimental re-
sults showed that the ATI-YOLO model outperformed the original YOLOv11n model by 3.6, 2, and 2.5 percentage points in Precision, Re-
call, and mAP50, respectively. Moreover, generalization experiments on the NEU-DET and GC10-DET datasets showed that the ATI-YOLO
model increased mAPS50 by 2.3 and 2.8 percentage points, respectively. These results fully proved the versatility and effectiveness of the im-
proved model.
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Fig.1 YOLOV11 network structure
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Fig. 2 ATI-YOLO network structure
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Fig. 8 Bar chart of evaluation metrics for ablation experiments
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Table 3 Comparative experiment results

#3 MLEREWER

%l P/%  R/%  mAP50/%  Params/M  GFLOPs
Faster R-CNN') 819 794 78.3 7.21 225
sspltel 767 733 75.4 5.63 16.4
YOLOvI1In 83.7 772 82.9 2.58 6.3
YOLOv10n 822 746 81.7 2.69 8.2
YOLOv9-t 85.4 75 82.1 10.73 45.8
YOLOv8n 849 767 82.9 2.68 6.8
YOLOv7-tiny 84.1 748 81.8 2.25 6.1
YOLOv5n 83.7 746 81.1 2.18 5.8
YOLOvI1_ECA!") 848 786 84.2 2.59 6.3
RT-DETR-1''™ 825 753 80.3 32.81 108
Gold YOLO-n!"""  86.1 784 83.2 19.76 59.4
ATI-YOLO 873 792 85.4 2.05 5.1
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Table 4 Accuracy comparison for different types of defects

T4 FEIZEBERPEFEESTLL (%)
YOLOv11n ATI-YOLO

B mAP50 mAP50-95 mAP50 mAP50-95
Crack 91.7 69.3 93.1 733
Porosity 71.3 40.7 75.1 44.6
Spatters 71 41 752 45.7
Welding line 97.8 89.8 98.3 90.8
EHEIME 82.9 60.2 85.4 63.6
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Fig. 9 The prediction performance of different models on various types of defects
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Fig. 10 Heatmap visualization results
E10 #HAETTRULER

18 H BRI 25 58 53 A v, i B4y J AT EUL e S s (5]
A8 B 53 W ST 235 5 1) TR , 21 60 BRI F R B A X 12 X I
SCTERE R . #110(a) W], YOLOVI In BERUALIGTE S
ALtk i Jr A DX, 7T LT T ke B A T i 7, 58 I A2 ASE Y
A RERT TI0 5G DI A 3 B S L HE 0 1 U G a5 A XU
10 (b) i, C2PSA-TA 5 54 [ 5 RS i b 2R £ T AL Bk
B8 DX, 158 B2 T 2 0 AL 0 o 1 A TR0 ale o DXl ) G 12
JE WD TR A ORGSR T 7RG D Y A 3
2.8 ZUXLE

AL L E SR AT, ST BIE T ATI-YOLO BRI E 55
B A IREE B AR B 4 iy ke, it — PSR
AR IZ ACRE T, AR SCRE IR T PSR AT s ) 5 S s
BEHEAT SR . B A PR ST #b ik an R : ONEU-DET
X AE 2 1 B 5 s B (http « //faculty.neu.edu.cn/songkechen/

zh_CN/zhym/263269/list/index.htm) ; @GC10-DET 4 J& 3
Tl g3 4G 00 K5 48 5 (hittps : //github. com/lvxiaoming2019/GC 10~
DET-Metallic—Surface—Defect—Datasets ) .

i X H YOLOV T In F1 ATI=YOLO A5 3 75 33 4~ 10
GUREE S E AR B, 255 R ATI-YOLO BEAUAE PORTf
) R CH [ #) A mAPS0 45 3F i 45 b5 L 348 T YO-
LOVIIn, Z 80 3 G A7 Frsi /b, SEMIE ] T 7R SORE
REA Rz ARE ). BARSCIR AR IR S,

Table 5 Generalization experiment results

RS ZUXRER

G T P/% R/% mAP50/% Params/M GFLOPs
N YOLOvlln 735 735 79.6 2.58 6.3
LiCE S

ATI-YOLO 764  74.7 81.9 2.05 5.1
) YOLOvlln 632 607 68.5 2.59 6.3
HligE 2
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