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We present One-Shot Video Object Seg-
mentation (OSVOS), a CNN based semi-
supervised video object segmentation
algorithm. The core contributions are:

Parent Network
Trained on DAVIS training set

Base Network

Pre-trained on ImageNet

Test Network

Fine-tuned on frame 1 of test sequence
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architecture that learns the appear-
ance of a single annotated object,
from one annotated image.
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@ A training scheme in which it is easy
to work with any tradeoff between ac-
curacy and execution speed, depend-
INg on the application.

@ Snapping to CNN-based contours,
that are produced in the same forward
pass

@ Temporally consistent and stable re-
sults even though all frames are pro-
cess independently.

@ State-of-the-Art results in DAVIS 2016 CNN architecture: Fully Convolutional VGG with skip connections
and Youtube-Objects datasets. Loss: Class-balanced cross entropy More about the architecture: “Deep Retinal Image Understanding”. in MICCAI 2016

Network Architecture

Results on frame N
of test sequence

State of the Art in Video Object Segmentation
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Measure Ours OFL BVS FCP JUMP HVS SEA TSP FST NLC MSG KEY CVOS TRC SAL COBISP COB MCG

Mean 4 79.8 680 600 584 570 546 504 31.9 55.8 551 533 498 482 473 393 865 793 707

J Recall + 93.6 756 669 715 626 614 531 300 64.9 558 616 591 540 493 300 96.5 944 917

Decay | 14.9 264 289 -2.0 394 236 364 381 0.0 12.6 2.4 14.1 10.5 83 0.9 2.8 3.2 1.3

Mean 4t 80.6 634 588 492 531 529 480 297 51.1 52.3 508 427 447 441 344 871 757 629

Boundary Snapping F Recall ¢+ 02.6 704 679 495 542 61.0 463 230 51.6 51.9 600 375 526 436 15.4 Q2.4 8385 76.7
Decay | 15.0 272 21.3 -1.1 384 227 345 357 2.9 11.4 51 10.6 11.7 12.9 4.3 2.3 3.9 1.9

T Mean | 376 21.7 345 206 153 350 14.9 41.2 343 41.4 291 252 24.4 376 641 27.4 441 698

Ablation Study Error Analysis
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