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Stereo Matching Pipeline
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Stereo Matching Pipeline
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Stereo Matching Pipeline

DisparityGround-truth disparity

Matching Cost 
Computation

Matching Cost 
Aggregation/

Regularization

Stereo images
Matching cost Disparity

Stereo confidence



7

Related Works
Initial Disparity Only
Poggi et al., BMVC’16, Seki et al., BMVC’16

Matching Cost Only
Shaked et al., CVPR’17

Disparity + Matching Cost
Kim et al., ICIP’17, Kim et al., TIP’19

Disparity + Color
Fu et al., WACV’18, Poggi et al., ECCV’18

+ +
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Locally Adaptive Fusion Networks (LAF-Net)
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Locally Adaptive Fusion Networks (LAF-Net)
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Feature Extraction Networks
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Attention Inference Networks
Attention Inference Networks
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Attention Inference Networks
Attention Inference Networks
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Attention Inference Networks
Attention Inference Networks
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Scale Inference Networks
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Scale Inference Networks

Optimal scale is inferred for each pixel

(𝑌 → 𝑌$) Using locally-varying sampling 
grid, the convolution activation 𝑌 are 
resampled into 𝑌$
(𝑌$ → 𝑍) Convolution is applied
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Recursive Refinement Networks*
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Recursive Refinement Networks*
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Experimental Results
Ablation study of input tri-modal data

Ablation study of three sub-networks
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Experimental Results
Ablation study of input tri-modal data

Ablation study of three sub-networks

Using tri-modal inputs and
three sub-networks leads to 
substantial performance gain!
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Experimental Results
Qualitative Evaluation

Color LGC-Net [39]Disparity Ours GTKim et al. [21] LFN [7]
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Experimental Results
Quantitative Evaluation (Average AUC)
• Middlebury 2006 (MID 2006), Middlebury 2014 (MID 2014), KITTI 2015
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Concluding Remarks

• Using tri-modal input leads to a substantial 
performance gain
• Matching cost, disparity, and color image

• Attention and scale inference networks are 
used to fuse heterogeneous tri-modal input

• Recursive refinement networks improves the 
accuracy
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