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DAVIS 2017

I PReMVOS∗ - ACCV 2018

I Lucid∗∗ - IJCV 2018

∗Luiten et al. [2018], ∗∗Khoreva et al. [2018]
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Lucid Data Dreaming for
Video Object Segmentation

I reduce the necessity for large volumes of training data

I ”lucid dreaming” - generate plausible future frames

I 2.5k in-domain samples better than thousands of samples
from close-by domains
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Lucid - Architecture (single object)

Two streams architecture

I Mt =
0.5 · fI (It ,w(Mt−1,Ft)) +
0.5 · fF (‖Ft‖ ,w(Mt−1,Ft))

One stream architecture

I Mt =
fI+f (It ,‖Ft‖ ,w(Mt−1,Ft))

I Ft - optical flow

I ‖Ft‖ - optical flow magnitude

I Mt - object mask

I It - frame

I w(Mt−1,Ft) - warped object
mask
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Lucid - Architecture

I DeepLabv2∗ with VGG base network

∗Chen et al. [2017]
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Lucid - Optical flow

I FlowNet 2.0∗

I ‖Ft‖
I subtract the median motion of each frame
I average the magnitude of the forward and backward flow
I scale the values, per-frame, to [0,255]

∗Ilg et al. [2017]
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Lucid - Architecture (multiple objects)

I Mt = fI+F+S(It ,‖Ft‖ ,St ,
w(M1

t−1,Ft), ...,w(MN
t−1,Ft))

I M i
t - mask of object i , in

frame t
I St - semantic

segmentation

I ensemble
I Mt = 0.25 · (fI + fI+S +

fI+F + fI+F+S)
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Lucid - Semantic Labels

I PSPNet∗ - Pyramid Scene Parsing Network

I trained on Pascal VOC12

∗Zhao et al. [2017]
9 / 45



Lucid - Temporal Coherency

I improve accuracy of warping step

I remove inconsistencies between Mt−1 and Mt−2

I ⇒ M̃t−1 - pruned mask

I w(M̃t−1,Ft)

I applied during inference

I mitigates error propagation issues
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Lucid - Post-processing

I DenseCRF∗

∗Krähenbühl and Koltun [2011]
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Lucid Data Dreaming

I synthesizing samples from the provided annotated frame

I pairs of images (It , It−1)

I ”dream” the desired data

I ≈ 2500 pairs per annotation
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Lucid Data Dreaming
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Lucid Data Dreaming

I traditional small perturbations are insufficient to cover the
expected variations

I targeted changes:
I illumination
I deformation
I translation
I occlusions
I (different points of view)
I dynamic background

I steps:
I cut-out the foreground
I inpaint the background
I perturb both foreground and background
I recompose the scene

I ⇒ (It−1, It), (Mt−1,Mt) and Ft
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Lucid Data Dreaming

I Illumination changes
I randomly altering saturation S and value V (HSV color space)
I x ′ = a ·xb + c , a ∈ 1±0.05,b ∈ 1±0.3,c ∈ ±0.07

I Fg/Bg Split
I remove foreground object
I inpaint the cut-out area ∗

I Object Motion
I simulate motion and shape deformation
I random translation

I for It−1 - object placed at any location - uniform distribution
I for It - translation of ±10% w.r.t. It−1

I random rotation ±300

I random scaling ±15%
I thin-plate splines deformations ±10% ∗∗

∗Criminisi et al. [2004], ∗∗Bookstein [1989]
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Lucid Data Dreaming

I Camera motion
I affine deformation - simulate camera view changes
I random translation

I It−1 - uniform distribution
I It - s.t. ±10% w.r.t. It−1

I random rotation ±300

I random scaling ±15%

I Fg/Bg Merge
I blend the perturbed foreground with the perturbed background
I Poisson matting ∗

∗Sun et al. [2004]
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Lucid Data Dreaming - multiple objects

I independent transformations
for each object

I choose random depth
ordering

I ⇒ both partial and full
occlusions
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Lucid - Training

I main: pretrained on ImageNet

I semantic segmentation: pretrained on PascalVOC

I 40k iterations per-video (160 epochs)
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Lucid - Quantitative Results
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Lucid - Quantitative Results
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Lucid - Ablation study
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Lucid - Qualitative Results
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Lucid - Qualitative Results
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PReMVOS

I Proposal generation, Refinement and Merging for Video
Object Segmentation
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PReMVOS

I Independent coarse object proposals

I Refined masks
I Merging strategy ⇒ temporal consistency

I objectness score
I optical flow warping
I Re-ID feature embedding vector
I spatial constraints
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PReMVOS - Components
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PReMVOS - Augmentation

I Lucid Data Dreaming

I single images

I 2500 augmented images for each video
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PReMVOS - Proposal Generation

I Mask R-CNN∗ with ResNet101∗∗ backbone

I category agnostic - map all classes to a single foreground class
I train:

I start from pretrained ImageNet weights
I train on COCO and Mapillary datasets
I fine tune for each video

I result:
I coarse mask proposals
I bounding boxes
I objectness scores

I keep proposals with score > 0.05

I NMS

∗He et al. [2017], ∗∗He et al. [2016]
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PReMVOS - Proposal Refinement

I fully convolutional inspired by DeepLabv3+∗

I input 385x385 image patch - bounding box around object
I train:

I start from pretrained ImageNet, COCO and PASCAL weights
I train on Mapillary
I fine tune for each video

∗Chen et al. [2018]
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PReMVOS - Mask Propagation

I mask warping between frames

I FlowNet 2.0∗

∗Ilg et al. [2017]
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PReMVOS - ReID Embedding Vectors

I triplet-loss based ReID embedding network (ResNet)

I differentiate between objects

I input: 128x128 image patch - bounding box around object
I train:

I start from pretrained ImageNet
I train on COCO
I fine tune per dataset
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PReMVOS - Proposal Merging

I score each proposal based on the likeliness of belonging to a
particular object track

I hard decisions at each time step
I notations:

I stype,t,i ,j
I type - score type
I time step
I i th proposal (ct,i )
I j th track

I fj
I j th object in the first frame

I r(x)
I ReID embedding vector of x
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PReMVOS - Proposal Merging

I Objectness score
I sobj ,t,i ,j (ct,i ) = MaskObj(ct,i )

I confidence value provided by Proposal Generation network

I ReID score

I sreid ,t,i ,j (ct,i , fj ) = 1− ‖r(ct,i )−r(fj )‖
max

t̃,ĩ

∥∥∥r(ct̃,ĩ )−r(fj )∥∥∥
I Mask Propagation score

I smaskprop,t,,j (ct,i ,pt−1,j ) = IOU(ct,i ,warp(pt−1,j ))

I Inverse ReID score
I sinv reid ,t,i ,j = 1−maxk 6=j (sreid ,t,i ,k)

I Inverse Mask Propagation score
I sinv maskprop,t,i ,j = 1−maxk 6=j (smaskprop,t,i ,k)
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PReMVOS - Proposal Merging

I Final score

I scomb,t,i ,j = ∑q∈obj ,reid ,maskprop,invr eid ,invmaskprop αqsq,t,i ,j

I ∑q αq = 1
I equal weights for single object, tuned weights for multiple

objects

I αq ≥ 0

I pt,j = ct,kj , where kj = arg maxi scomb,t,i ,j
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PReMVOS - Quantitative Results
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PReMVOS - Quantitative Results - Ensemble
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PReMVOS - Qualitative Results
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PReMVOS - Ablation study - Proposal Refinement

I oracle merging - choose proposal with best IOU
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PReMVOS - Ablation study - Proposal Refinement

I oracle merging - choose proposal with best IOU
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PReMVOS - Ablation Study - Proposal Merging
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PReMVOS - Computation time
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Thank you!
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