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Introduction - Disparity estimation

@ The disparity d can be defined as an horizontal distance between a
pixel p at coordinates (xp, yp) from the left image to the equivalent
pixel g at (xg, yq) in the right image.

o With disparity information, we can determine the depth of the pixels
in the scene which has applications in multiple domains such as robot
navigation.

Figure: lllustration of the disparity for a multispectral image pair.
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Introduction - Multispectral images

@ When comparing different spectrums on which to apply stereo, we
can see that the RGB-LWIR has the least similarities between both
images.

Figure: Comparison of image pairs: first colum: RGB-RGB, second column: RGB-NIR and third
column: RGB-LWIR.
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Related works

@ In stereo matching most CNN approches fall into two categories:
patch-based methods [1, 2] and end-to-end methods [3, 4]. Guo et al.
[5] proposed an architecture to form the cost volume from correlation
and concatenation, which leads to better performance compared to
when only one is used. Kendall et al. [6] proposed the disparity
regression that inspired us in our prediction process.

@ In multispectral images, Bilodeau et al. [7] compared different
classical descriptors for multispectral disparity estimation. Baruch et
al. [8] proposed a siamese network where the branches do not share
weights. They showed that this lead to favorable results when
compared to weights being shared.
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Proposed method

@ Separate branches extract the RGB and LWIR features, which are
then merged and forwarded to two classification heads.
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Figure: Detail of the proposed architecture.
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Training and prediction

Training
@ Creation of positive and
negative patches so that the
network learn a binary
classification.
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Prediction

@ Regress the disparity from the
probability vector showing how

likely two patches are the same.
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Figure: lllustration of the prediction process.
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Datasets

@ Two datasets were used to train and evaluate our method: the LITIV
2014 [7] and the LITIV 2018 [9] datasets.

@ Each dataset is separated into three folds, where one is kept for
testing, and the other ones are used for training and validation.

Training Validation Testing
LITIV 2018 LITIV 2014 LITIV 2014 LITIV 2014
Fold 1 || 218 230 (vid04 + vid07 + vid08) | 240 167 (vid02 + vid03) || 35 378 (vid02 + vid03) || 101 433 (vid01)
Fold 2 || 218 230 (vid04 + vid07 + vid08) | 291 720 (vid01 + vid03) | 34 688 (vid01 + vid03) || 76 001 (vid02)
Fold 3 || 218 230 (vid04 + vid07 + vid08) | 320 648 (vid01 + vid02) || 34 220 (vid01 + vid02) || 61 771 (vid03)

Table: Data separation and number of ground-truth points for the LITIV 2014 dataset.

Training Validation Testing
LITIV 2014 LITIV 2018 LITIV 2018 LITIV 2018
Fold 1 | 478 410 (vid01 + vid02 + vid03) | 109 620 (vid07 + vid08) || 44 226 (vid07 + vid08) || 32 192 (vid04)
Fold 2 | 478 410 (vid01 + vid02 + vid03) | 91 904 (vid04 + vid08) || 49 286 (vid04 + vid08) || 38 520 (vid07)
Fold 3 | 478 410 (vid01 + vid02 + vid03) | 99 858 (vid04 + vid07) || 41 566 (vid04 + vid07) || 38 403 (vid08)

Table: Data separation and number of ground-truth points for the LITIV 2018 dataset.

8/12




Comparison to other methods

Correlation branch only | Concatenation branch only | Corr + Concat (proposed model)
<1px | <3px|<5px| <Ipx|<3px| <5px || <1lpx|<3px <5 px
Fold1 || 0.524 | 0.859 | 0.984 | 0.551 | 0.894 | 0.981 | 0.588 | 0.901 0.985
Fold2 | 0454 | 0.854 | 0.978 || 0.472 | 0.897 | 0.985 | 0.474 | 0.904 0.986
Fold3 || 0.541 | 0.875 | 0.982 || 0.558 | 0.895 | 0.982 | 0.629 | 0.916 0.989

Table: Ablation study of the proposed model. Boldface: best results.

Fold 1 Fold 2 Fold 3 Overall
SIpx | <4px | <1px|<4px|[ <1px|<4px| <1px|<4px
DASC Sliding Window [9] 0.104 | 0.265 | 0.086 | 0.236 | 0.121 | 0.289 | 0.104 | 0.263
Multispectral Cosegmentation [9] | 0.253 | 0.562 0.236 | 0.531 0.307 | 0.678 0.265 | 0.590
Proposed Model 0.480 | 0.943 | 0.446 | 0.877 | 0.406 | 0.972 | 0.442 | 0.930

Table: Evaluation of our architecture on the LITIV 2018 dataset. Boldface: best results.

Method <3 px
Proposed Model (36 x 36) 0.906
Siamese CNNs [10] (37 x 37) 0.779
Mutual Information [7] (40 x 130) 0.833
Mutual Information [7] (20 x 130) 0.775
Mutual Information [7] (10 x 130) 0.649
Fast Retina Keypoint [7] (40 x 130) 0.641
Local Self-Similarity [7] (40 x 130) 0.734
Sum of Squared Differences [7] (40 x 130) | 0.656

Table: Evaluation of our architecture on the LITIV 2014 dataset. Boldface: best results.
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Conclusion

@ We proposed a new CNN architecture able to estimate the disparity
between images from the RGB and LWIR domains. Our CNN is made
of two branches with no weight sharing, and each branch is
responsible of extracting the features from the input images. The
features are then merged with the correlation and concatenation
operation, which leads to a more robust network able to determine if
the inputs are similar or not.

e Experiments made on the LITIV 2014 [7] and LITIV 2018 [9] dataset
show that our method outperforms previous methods (either classical
descriptors or CNNs).
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