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TF-ME: Transparent Object Segmentation Network with Multi-Scale Feature

Enhancement
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( School of Computer, Hunan University of Technology, Zhuzhou Hunan 412007, China )

Abstract: In view of the transparent objects inheriting information from the background and the limitation of
receptive fields in traditional convolutional neural networks, a transparent object segmentation network TF-ME has
been proposed based on Transformer and multi-scale feature enhancement. The model adopts a hybrid structure of CNN
and Transformer. In the feature extraction stage, a multi-scale feature fusion module is designed to effectively integrate
global and local information, thus improving the segmentation effect of the model on transparent objects of different
sizes. In addition, the feedforward neural network is redesigned for an enhancement of the context understanding
ability of the Transformer encoder, followed by comparative experiments conducted on the Trans10K-v2 dataset for
a verification of the effectiveness of the proposed algorithm. The experimental results show that the proposed method
achieves 94.68% ACC and 73.39% MIoU in 11 types of transparent object segmentation, respectively. Compared with
other algorithms, the performance of the proposed model has been significantly improved.
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Table 1 Experiments results on models of different sizes
ID  embedding depth MLPratio MParames MIloU/%
1 128 2 2 38.70 69.23
2 256 4 3 57.75 73.39
3 768 8 4 228.36 72.51
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Table 2 Multiple-head self-attention mechanism head count

experiment results

1D num heads ~ model-scale GFlops MIoU/%
1 4 256-4-3 49.60 72.94
2 8 256-4-3 50.81 73.39
3 16 256-4-3 53.24 73.12
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Table 3 Experimental results with the proposed algorithm and other segmentation algorithms compared on the Trans10K-v2 dataset

category I0U/%

method ACC/% MloU/%
bg shelf jar  freezer window door eyeglass cup wall bowl bottle  box
FCN'"Y 91.65 6275  93.62 3884 5605 5876 4691 5074 8256 78.71 68.78 5787 73.66 46.54
U-Net"”! 81.90 29.23 86.34 8.76 15.18 19.02 27.13 24.73 1726  53.40 4736 1197 3779 1.77
Translab”! 92.67 69.00 9390 5436 6448 65.14 5458 5772 79.85 81.61 7282 69.63 775 56.43
DeepLabv3+? 9275 68.87 9382 5129 6465 6571 5526 57.19 77.06 81.89 72.64 70.81 77.44 58.63
Trans2Seg! 94.14 72.15 9535 5343 6782 6420 59.64 6056 88.52 86.67 7599 7398 8243 57.17
ours 94.68 73.39 96.05 50.98 69.28 67.36 61.51 6339 88.86 88.58 77.64 7498 82.04 59.92
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Table 4 Experimental results of the proposed algorithm ablation

ID LFA MFF SE-Net  ACC/%  MIoU/%
1 X x 94.16 72.11
2 Vv X 94.23 72.65
3 X Vv X 93.66 69.45
4 X 2 Vv 94.56 73.15
5 Y Vv Vv 94.68 73.39
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Fig. 2 Comparison of segmentation results between the proposed algorithm and other algorithms



