ELVIS: Enhance Low-Light For Video Instance Segmentation in the Dark
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Abstract

ight videos Is highly challenging
-xisting VIS methods struggle
imited

Video instance segmentation (VIS) in low-
due to degradations such as noise and blur.
in such conditions due to the lack of large-scale annotated data and |
synthetic pipelines with realistic temporal degradations. We propose ELVIS
(Enhance Low-Light for Video Instance Segmentation), the first framework
that enables domain-adaption of SOTA VIS models to low-light scenarios.

Contributions:
= A new synthetic low-light video pipeline which incorporates

[lumination adjustment, noise and blur.

= Adding an enhancement decoder head into existing architectures to
disentangle degradations from content features.

= An unsupervised network, VDP-Net, which estimates degradation
profiles for a calibration-free synthesis of realistic low-light videos.
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Synthetic Low-Light Video Pipeline

lllumination

[llumination adjustment using images converted to XYZ color space.
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Blur

Synthesize camera-shake motion blur using a multivariate Gaussian kernel.
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Noise

Physics-based statistical distributions to synthesize common noise types.
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Overview of ELVIS Framework
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Figure 1. Overview of the proposed ELVIS framework, which consists of three main components: (i) the unsupervised synthetic low-light model, (ii) the architecture of VDP-Net for
estimating degradation profiles, and (iii) the addition of the enhancement decoder to VIS methods for a regularization loss.

Quantitative Results

Table 1. Evaluation on the synthetic Youlube-VIS 2019 [10] validation set using several SOTA online VIS methods and
backbone networks, each trained on synthetic low-light videos generated with our synthetic pipeline.

Method Backbone ELVIS AP AP, AP+ AP¢ APy AP; AR, ARy
MinVIS [1] ResNet-50 X 364 57.3 364 13.3 30.6 49.4 36.5 44 4
GenVIS [2] ResNet-50 X 39.1 584 42.7 16.2 34.8 55.2 40.3 48.4
DVIS++ [3] ResNet-50 X 38.8 59.9 42.8 23.8 38.5 51.4 395 49.6
MinVIS [1] ResNet-50 v 37.2 5/.0 39.6 15.1 34.5 30.9 37.8 45.7
GenVIS [2] ResNet-50 v 41.0 59.8 46.2 18.5 38.0 54.2 42.0 51.2
DVIS++ |3] ResNet-50 v 425 63.8 46.6 27.6 42.5 54.3 41.7 51.9
MinVIS [1]  SWIN-L X 518 /38 5/7.9 280 43.0 69.8 46./ 5/.5
GenVIS [2]  SWIN-L X 53.7 748 58.7 27.6 449 /1.0 49.1 59.6
DVIS++ [3]  VIT-L X 552772 621 295 51.6 /0.5 49.7 61.5
MinVIS [1] SWIN-L v 542 78.3 61.6 284 47.6 71.7 49.8 60.1
GenVIS [2]  SWIN-L v 553793 61.1 26.6 49.6 72.3 49.5 61.2
DVIS++ [3]  VIT-L v 56.9 78.7 65.3 25.5 543 74.8 50.3 62.7
References:

Table 2. Evaluation on ELVIS-S (real low-light videos)
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Qualitative Results
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Figure 2. Visual comparison of VIS results on the LMOT-S dataset using GenVIS R50. The columns
show every 10 frames from frame t in the example video to show the tracking performances.
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Figure 3. Visual comparison of VIS predictions using two-stage baselines versus ELVIS on ELVIS-S.
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