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Images in Automobile Engines
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Abstract: Because of the poor recognition effect of carbon deposit images of automobile engines in the tra-
ditional model and the practical application requirements, a classification method for the fine-grained fea-
tures of carbon deposit images is proposed. For the problem that it is difficult to focus on the nozzle
region with large morphological differences in the nozzle carbon image classification task, a carbon image
recognition method based on the CA mechanism is proposed. The weights of different channels and spa-
tial locations are adjusted to improve the focusing effect of the model on key features by adding the CA
attention mechanism. To address the problem that it is difficult to fully capture the key spatial features in
the task of carbon image classification of the piston top, an adaptive carbon image recognition method

based on SG-former is proposed, which effectively extracts the fine-grained features in the key areas by
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automatically assigning the global attention weights and maximizes the translational invariance of the car-

bon features in the downsampling process through BlurPool pooling. Eventually, the accuracy of carbon

degree recognition in the injector nozzle area and piston top area reaches 88.52% and 88.20%,

respectively.

Key words: carbon deposit detection; image classification; RepVGG; attention mechanism; SG-former
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Tab.1 Injector nozzle carbon modelling structure
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Fig.4 Example of a carbon deposit dataset for a vehicle engine
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Tab.4 RepVGG-AO0 site identification results

Precision  Recall — Specificity Fl-score

HAGE S 0.9980  1.0000 1.000 0 1.000 0
L RE 1.0000  0.997 0 1.000 0 0.998 5
WEFETH 1.0000  1.0000 1.000 0 1.000 0
FES 09950 0.9980  0.9990 0.996 5
WEm®E  0.9990  1.000 0 1.000 0 0.999 5
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I CA 28 77 AL T s yity 86 R e i TR 1) A A

RERYSEIE CANER 6 FTon) . SRR, 2T CAE
BB R0 T 220018 5 A3 (8] 2Z 6] 1Y
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Fl-score. Accuracy f8brJEA KA T4 &, JUHAE
55 1 5 54> stage WS CA 1 E JI ML, Preci-
sion, Recall, Specificity, F1-score . Accuracy %}
JEL G ALY 43 B TE T 0,67, 1.50. 0.80, 1.08,
0. 94 F 53 5L, BIHAR T e 78

e ik g R B B 15 43 AR BU R b S0

Tab.5 Comparative experiments of the nozzle carbon models

TR Precision Recall Specificity Fl-score Accuracy
VGG11 0.834 3 0.8517 0.9150 0.842 9 0.849 1
Resnet50 0.846 3 0.856 7 0.9190 0.8515 0.854 4
Mobilenet-V2 0.8440 0.844 3 0.9137 0.844 2 0.853 1
Efficientent 0.8313 0.8670 0.9217 0.848 8 0.850 5
RepVGG-AO 0.8723 0.867 7 0.9253 0.8700 0.8758
Convnext 0.8123 0.818 3 0.898 3 0.8153 0.8251
Nfnet 0.8513 0.8357 0.9110 0.843 4 0.853 1
Ghostnet 0.828 0 0.8353 0.907 3 0.8317 0.8304
ViT 0.826 0 0.752 3 0.868 7 0.787 4 0.802 4
Swin Transformer 0.808 3 0.8197 0.898 7 0.814 0 0.8211

F6 CAEBRAREMER L

Tab. 6 Comparison of different locations of coordinate attention

TR Precision Recall Specificity Fl-score Accuracy
RepVGG-AO 0.8723 0.867 7 0.9253 0.8700 0.8758
Stagel-CA 0.868 3 0.8833 0.9327 0.8758 0.8798
Stagel/2-CA 0.8737 0.873 3 0.928 3 0.8740 0.878 5
Stagel/3-CA 0.876 7 0.868 3 0.926 0 0.8725 0.8785
Stagel/4-CA 0.8700 0.8820 0.9327 0.876 0 0.881 2
Stagel/5-CA 0.879 0 0.8827 0.933 3 0.880 8 0.8852

2.4.3 }TF SG-Former 19 [ id W 15 F€ T B B [&]

FSEs, N3k 7 R, £35S A5 SRR W] ResnetS0 1

(GIRHIERE ST MR o 9 T REFHR T A A, A5
RIS B AL —HE , A SO T4ty T TR ARG T TR SE g
F7 HERERE G EEBN L0
Tab.7 Comparative experiments on piston top carbon models
il Precision Recall Specificity Fl-score Accuracy
VGG11 0.8313 0.806 0 0.907 0 0.818 5 0.8517
Resnet50 0.8380 0.806 7 0.9017 0.8220 0.8550
Mobilenet-V2 0.802 3 0.780 0 0.894 0 0.7910 0.8214
Efficientent 0.7937 0.821 3 0.904 3 0.807 3 0.842 0
Repvgg-AO 0.816 0 0.8417 0.916 3 0.828 6 0.848 5
Convnext 0.813 3 0.777 3 0.889 7 0.794 9 0.8377
Nfnet 0.798 7 0.874 3 0.922 3 0.834 8 0.8517
Ghostnet 0.7837 0.824 7 0.907 7 0.803 6 0.832 3
ViT 0.651 0 0.673 7 0.8507 0.662 1 0.738 1
Swin Transformer 0.839 3 0.783 0 0.898 0 0.810 2 0.839 8
TEH AL g, A5 AT Blur il f1 SG- 2.4.4 XTI G AL p i I kA ARk [
former B, W5 8 fir7n , W] LA Hi Precision, BN BE 7 B

Recall , Specificity . F1-score, Accuracy £ 4 fr I
Th, PR — R A BB A, A AL

RGBT bR

T 8E IR AN E ST B R AR AR X R
PRl I A SR A% B 4 R 28 X 24 o) LR AT )1
25 R 2 9 fis .
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Tab. 8 Piston top carbon identification and ablation experiment
HIR Precision Recall Specificity Fl-score Accuracy

Resnet50 0.838 0 0.806 7 0.901 7 0.822 0 0.8550
Resnet50+BlurPool 0.8417 0.847 0 0.920 0 0.844 3 0.866 9
Resnet50+SG-Former 0.848 3 0.821 3 0.9157 0.834 6 0.870 1
iR yiRes 0.868 0 0.852 7 0.9210 0.860 3 0.882 0

RO S SEE R SR FARR R

Tab.9 Comparison of different models for identifying the carbon deposition degree of intake valves and intake tracts

FRAL LAY Precision Recall Spectficity Fl-score Accuracy
Vggll 0.960 7 0.946 7 0.9747 0.953 6 0.953 0
Vggl3 0.9720 0.959 3 0.9817 0.965 6 0.966 4
Vggl6 0.956 7 0.937 3 0.970 7 0.946 9 0.946 3
Vggl9 0.967 7 0.962 0 0.980 7 0.964 8 0.964 2
1 g Resnet18 0.9750 0.968 7 0.984 0.9718 0.9709
= Resnet34 0.9790 0.979 3 0.989 7 0.979 1 0.979 9
Resnet50 0.9870 0.9823 0.9913 0.984 7 0.984 3
Mobilenet-V2 0.967 3 0.956 7 0.979 7 0.962 0 0.9619
Mobilenet-V3 0.984 3 0.980 3 0.990 3 0.9823 0.982'1
Efficientnet 0.982 0 0.980 0 0.989 0 0.9810 0.979 9
Vggll 0.9313 0.9300 0.9737 0.9307 0.9455
Vggl3 0.9300 0.942 3 0.976 3 0.936 1 0.947 9
Vggl6 0.939 3 0.950 3 0.979 3 0.944 8 0.9550
Vggl9 0.919 3 0.909 7 0.967 0 0.914 5 0.933 6
PE Resnet18 0.942 3 0.9357 0.976 3 0.9390 0.952 6
vE Resnet34 0.938 3 0.9520 0.9797 0.9451 0.9550
Resnet50 0.893 3 0.904 3 0.961 3 0.898 8 09171
Mobilenet-V2 0.898 3 0.886 0 0.952 7 0.892'1 0.907 6
Mobilenet-V3 0.927 3 0.940 3 0.9753 0.9338 0.9455
Efficientnet 0.907 3 0.906 0 0.964 3 0.906 7 0.926 5
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98. 47 %03 X T GEANA R B, Resnet34
M RITELT, FSRKE I AR AL Resnet I8 B 0. 4
oy, ABILARPE FR PR AR X A, o M R
EE T 95.50%, Fl-score k%] 94. 51% .
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