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The Discriminative Model of Carbon Deposit Degree of Engine
Based on Non-Rigid Features

HUANG Qian, WANG Zhaoba, CHEN Xiang, ZHANG Hangjia, CHEN Youxing*

(College of Information and Communication Engineering, North University of China, Taiyuan 030051, China)

Abstract: Long-term accumulation of carbon deposit in car engines can result in decreased engine power,
increased fuel consumption, and diminished emission performance, highlighting the critical importance of
timely engine detection and cleaning for effectively mitigating the impact of carbon deposit. A novel model
based on non-rigid features has been proposed to discriminate the degree of carbon deposit. Firstly,
deformable convolution is employed in the model to adjust the offset position and amplitude of the convolu-
tion kernel, enhancing the effective receptive field of the network and extracting non-rigid feature informa-
tion. Subsequently, neurons are weighted based on the correlation of pixels within the kernel region using
an adaptive exponential metric pooling kernel to capture more precise feature information. Finally, a fea-
ture improvement module based on a self-attention mechanism is incorporated to extract comprehensive
contextual information from feature maps. The model’ s test accuracy after experimental testing is

87.1%, and the indexes have increased by 2. 5% on average compared to the original model. Demonstrat-
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ing the capability of our proposed method to extract effective features for carbon deposit degree discrimina-

tion. The approach has the potential to theoretically justify the widespread promotion of the degree model

discrimination for carbon deposit.

Key words: discriminate the degree of carbon deposit; non-rigid features; deformable convolution; downs-

ample; self-attention mechanism
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Fig.2 Schematic of deformable convolution
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Fig.3 Dual attention mechanism
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Tab. 1 Detailed network structure of the carbon deposit degree dis-

crimination model
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Tab. 3 Results of model comparison experiments

F1-
Model Accuracy/ % Precision/%  Recal/ % )
score A

VGGNetl6 83.6 85.1 83.5 84.6

DenseNet169 79.9 83.0 80.0 80.7
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Tab.4 Comparison results for deformable convolutional modules

Structure Accuracy/ % Precision/ ¥ Recall/ % -
score/ %

model-w/-DCNv1 84.7 85.7 84.7 85.3

model-w/-DCNv2 85.0 86.0 85.0 85.5

model-w/-DCNv3 84.4 85.3 84.4 84.9
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Tab.5 Positional comparison results for deformable convolutional

modules
Structure Accu- Preci- Recall/ F1-
racy/ % sion/ % % score/ %
Blockl-w/-DCNv2 85.0 86.0 85.0 85.5
Block2-w/-DCNv2 84.9 85.8 84.9 85.3
Block3-w/-DCNv2 85.4 86.1 85.4 85.7
Block4-w/-DCNv2 85.8 86.5 85.8 86.1
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Tab.6 Performance comparison results for pooled kernels

Struct Accu- Preci-  Recall F1-
Structure
racy/%  sion/% /%  score/%
eAPool-w/0-eDSCPool 85.1 85.8 85.2 85.5
eAPool-w/o-eMPool 85.3 86.1 85.3 85.7
eAPool 85.5 87.0 85.5 86.2
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Tab. 7 Impact of different feature sampling modules on model

training metrics

Structure Accu- Preci- Recall/ F1-
racy/ % sion/ % % score/ %

ResNet18 84.6 85.2 84.6 84.9

A 86.0 86.8 86.0 86.4

B 86.5 87.3 86.5 86.9

C 86.2 87.1 86.2 86.6

Proposed method 87.1 87.8 87.1 87.4
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