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Abstract: As cameras have become primary sensors for mobile robots, vision based Simultaneous
Localization and Mapping (SLAM) has achieved impressive results with the recent development of
computer vision and deep learning. However, vision information has a disadvantage in that a lot of
information disappears in a low-light environment. To overcome the problem, we propose an image
enhancement method to perform visual SLAM in a low-light environment. Using the deep generative
adversarial models and modified gamma correction, the quality of low-light images were improved.
The proposed method is less sharp than the existing method, but it can be applied to ORB-SLAM in
real time by dramatically reducing the amount of computation. The experimental results were able to
prove the validity of the proposed method by applying to public Dataset TUM and VIVID++.
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[Fig. 1] Proposed system overview

. o] sl Adstr] Sl thdst o]
n %] A2] WEo] Ak AP 1 5 DeblurGAN-v2!P!
—GAN“E* AREEHE Al ATE T AN A7 s
aLEjEolth
e e
1S B3l o T2 3ol A1 A 2~HS- AQbehet. A
o dag]&o A 7o 2 F2o] 71561, Deblur-GANV2
AHE AxE Gl N EE Ak, HEE

SRRkl § gake i

[Fig. 113} 2¢] Deblurring?} A% %= 7§

2.1 DeblurGAN-v2

DeblurGAN-v2 1= 0|2 o]u|X| 25E M3} o« &

AY4d31+= generator X7} A4 A gk o|w| x| of A A o]w]

A] = ZAE FE81= discriminator = LT "}t”'% S5 B3
& 71%] generator 2} discriminator & 58l A2 A A1 o=
858 st o] A4 9 G%%—Eﬁmmw*ﬂﬁ‘ﬁ
1 A3t oWA| 5 WHEA] FTE DeblurGAN-v29] tHE 572
generator” | MR 215 WAs17] 918) 747 MobilNet-v2!' =
backbone 0.2 3}4= FPNI! | E€] 5 2 -4 T,

B ol Eo] @ = o]ux]o el Laplacian filter!"®
BALS ele] 33 A RS mlorslt) A3 o2 3 7
A Bt} Laplacian w-4ko] 2thd S st} widkslal
DeblurGAN-v2E %]-8-3}.

Az 317 o) A Visual SLAMS ¢]3F o|u] ] A v 67

Observed image L =T *R

—t \

-/

Reflection property R

[Fig. 2] Retinex schematic diagram: T, R, L represents illumi-
nation light, reflection property and observed image respectively.
This shows observed image can decomposed into product of
illumination map and reflection
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2.3 Modified LIME
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[Fig. 3] Low-illuminance image improvement and computational
time applied to dark images. (a) low-illuminance image. (b)
LIME. (c) Modified LIME
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[Table 1] Result of absolute trajectory error

ATE(m) ORB-SLAM3 Ours Improvements

evening-campus 26.04 15.05 42.2%
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(c) Deblurred sequence images by DeblurGAN-v2 (d) ORB feature matching of (c)

[Fig. 5] ORB feature matching comparison of DeblurGAN- v2:
(2) blurry original images with 5 frame difference. (b) ORB
feature matching with original image. (c) images with Deblur-
GAN-v2. (d) ORB matching with deblurred images

-

(a) Original image (b) LIME (c) Modified LIME

[Fig. 6] ORB feature matching comparison of Low- illuminance
enhancement images: (a) original images with 10 frame diffe-
rence. (b) images with LIME. (c) images with Modified LIME
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