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A Comparative Analysis Based on Metamorphic Testing of CNN
Algorithms for Classification of Vehicle Dashboards
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Abstract: This paper proposes an effective classification system for vehicle dashboards using various pretrained convolutional neural
network (CNN) models and presents a comparative analysis of their performance. Focusing on five types of dashboards that are visually
indistinguishable, the CNNs are used to extract detailed features and develop an automated classification system. Nine pretrained CNN
models are evaluated based on accuracy, loss rate, and F1-score, with training enhanced by emphasizing regions of interest. In particular,
the study validates the robustness and consistency of the models through metamorphic testing, which demonstrates that the CNN model
works reliably on deformed data in a real environment and can maintain high classification accuracy. The results highlight the significant
improvements of the proposed system over visual inspection in reliability and efficiency. This research offers a pathway for automating
material classification in manufacturing sites and illustrates the practical applicability of Al-based classification technologies.
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Fig. 1. Dash board (DB).
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Fig. 2. VGG architectures.
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Fig. 3. Inception architectures.
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1% 6. DenseNet 7.
Flg. 6. DenseNet architectures.

Type / Stride Filter Shape Tnput Size
Conv /52 3x3x3x32 224 x 224 < 3
Conv dw 7 s1 3 x 3 x 32 dw 112 x 112 x 32
Conv /sl 1x1x32x64 112 x 112 x 32

3 x 3 x 64dw
1x1x64x128
3 x 3 x 128 dw
1x1 x128 x 128

112 x 112 x 64
56 x 56 x 64

56 x 56 x 128
56 x 56 x 128

Conv dw / s2
Conv /sl
Conv dw / sl
Conv /sl

Conv dw / s2 3 x 3 x 128 dw 56 x 56 x 128
Conv /sl 1% 1 x 128 x 256 28 x 28 x 128
Conv dw /sl 3 % 3 % 256 dw 28 x 28 x 256
Conv/sl 1x 1 %256 % 256 | 28 x 28 x 256

Conv dw / 52

Conv /sl

Bx Conv dw / s1
Conv /sl

3 x 3 x 256 dw
1 x 1 x 256 < 512
3 x 3 x512dw
1x1x512x 512

28 x 28 x 256
14 x 14 x 256

14 x 14 x 512
14 x 14 x 512

Conv dw / s2 3 x 3 x512dw 14 x 14 x 512
Conv /sl 1x 1 x 512 x 1024 7 x 7 x 512
Conv dw / s2 3 x 3 x 1024 dw 7 x 7 x 1024
Conv /sl 1x1x1024 x 1024 | 7 x 7 x 1024
Avg Pool / s1 Pool 7 x T 7 x 7 x 1024
FC /sl 1024 > 1000 1 x1x 1024

Softmax / s1 Classifier 1 x 1 x 1000

1% 7. MobileNet 7.
Fig. 7. MobileNet architectures
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Fig. 8. Dashboard ROI.
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Table 1. Model accuracy and loss.

Accuracy Loss
Model Train Val. Train Val.
DenseNet121 0.977 0.977 0.017 0.045
DenseNet201 0.979 0.970 0.052 0.067
ResNet50V2 0.981 0.992 0.016 0.063
ResNet152V2 0.979 0.985 0.022 0.050
MobileNetV2 0.990 0.979 0.026 0.045

VGG16 0.902 0.875 0.057 0.062
VGG19 0.972 0.948 0.094 0.160
InceptionV3 0.983 0.963 0.057 0.095
Xception 0.989 0.985 0.051 0.065
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