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Three for one and one for three:
Flow, Segmentation, and Surface Normals
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1. Overview

Goal: Study the mutual interaction of di�erent modalities,
inspired by human perception which combines di�erent types
of information:

Motion : Optical flow
Categories : Semantic segmentation
Geometry : Surface normals
Contributions:
IAnalyzing the mutual interaction of the 3 modalities
ICombining modalities to improve the other using CNN
I Large scale synthetic dataset of outdoor nature scenes

3. Method

We follow refinement strategy to study the relationship be-
tween the 3 modalities:
I Each modality is first learned by a baseline network.
I Predicted modality is refined with other (either ground

truth or predicted) using refinement architecture [5].
I The scale box s scales down input size to 1

2s, then
up-samples the output back to the original size.

We also study cross-modality influence by doing single-task
and multi-task refinement, at di�erent coupling levels.

2. Motivation
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4. Architectures

Refinement architecture, inspired from [5]
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(a) Scale box structure (b) refinement architecture
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Single task and multi-task refinement

(b) loose coupling(a) zero coupling (c) tight coupling

5. Experiments

We refine each modality from the others (excluding RGB images)
using either ground truth (GT) or predicted (PR) results to see how
much one modality can be benefited from the others.
Datasets:
I virtual KITTI [4](20k images): synthetic driving city scenes
I UvA-Nature (15k images): synthetic nature scenes x 5 lighting types

Metrics
Optical Flow : end-point errors (epe) ↓
Segmentation : mean intersection-over-union (miou) ↑
Surface normals : root mean square errors (rmse) ↓

6. Refinement Couplings

Single task (zero) vs. multiple task (loose, tight) refinement

Target Baseline
GT Predicted
zero zero loose tight tight+

Segmentation (miou↑) 44.11 46.9 44.78 41.2 41.1 43.9
Optical flow (epe↓) 2.68 2.37 2.40 2.43 2.41 2.42

7. �alitative results

RGB FlowNetC with PR seg with PR norm with PR seg+norm GT

RGB ResNet with PR flow with PR norm with PR flow+norm GT

RGB MarrRevisited with PR flow with PR seg with PR seg+flow GT

8. �antitative results

Flow
Dataset FlowNetC [3] with GT seg with GT norm with PR seg with PR norm with PR seg+norm
VKITTI 2.68 2.37 2.36 2.40 2.50 2.39
Nature 16.19 14.09 13.92 14.16 16.62 14.21

Segmentation
Dataset ResNet [2] with GT flow with GT norm with PR flow with PR norm with PR flow+norm
VKITTI 44.11 46.90 50.0 44.78 45.36 47.55
Nature 37.88 38.4 41.6 37.57 38.83 38.00

Surface normals
Dataset MarrR [1] with GT flow with GT seg with PR flow with PR seg with PR flow+seg
VKITTI 57.44 17.29 16.78 18.02 17.24 17.28

Nature 50.25 13.20 13.48 14.38 12.56 12.71
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