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Localization Mapping
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Indirect[1]

àOnly feature based, not 
using all available
information.

[1] ORB-SLAM2: an Open-Source SLAM System for Monocular, Stereo and RGB-D Cameras, Artal et. al., 2016
[2] Large-Scale and Drift-Free Surface Reconstruction Using Online Subvolume Registration, Fioraio et. al.,  2015
[3] LDSO: Direct Sparse Odometry with Loop Closure, Gao et. al., 2018
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Indirect[1]

àOnly feature based, not 
using all available
information.

Direct Realtime Global

Not real-time[2]

àRequires some offline 
computing.

Approximate[3]

àReduces problem size by
simplifications.

[1] ORB-SLAM2: an Open-Source SLAM System for Monocular, Stereo and RGB-D Cameras, Artal et. al., 2016
[2] Large-Scale and Drift-Free Surface Reconstruction Using Online Subvolume Registration, Fioraio et. al.,  2015
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• 𝒏!: Normal vector
• 𝒑!: Center point
• 𝑟!: Radius
• 𝑑!: Visual descriptor

Surfel 𝑠
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• 𝒏!: Normal vector
• 𝒑!: Center point
• 𝑟!: Radius
• 𝑑!: Visual descriptor

Surfel 𝑠

• 6-DOF position
• RGB image + Depth image
• Shared intrinics
• Intensity is interpolated bilinearly

Keyframe 𝑘
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𝐾: Set of all keyframes
𝑆!: Set of all corresponding surfels
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• Create surfel if no measurement in 4x4 pixel cells
corresponds to surfel:

𝒑% ← 𝑻#$𝜋!,#&' 𝑝
𝒏% ← centered finite differences on depth image
𝑟% ← minimum distance between 𝒑% and the 3D 4-neighborhood of 𝑝
𝑑% ← according to photometric residual
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• Average all corresponding measurements 𝝅𝑫,𝒌,𝟏 𝒑𝒌
• Renormalize to unit length
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• Optimizing 𝑪(𝑲, 𝑺) w.r.t. 𝒕 and 𝒅𝒔 with Gauss Newton:

𝐶 𝐾, 𝑆 = 3
*∈,

3
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𝜌./*$0 𝜎"12𝑟#$%& 𝑠, 𝑘 + 𝑤'(%)% ⋅ 𝜌3/4$5 𝜎'12𝑟'(%)% 𝑠, 𝑘

𝒑%
' = 𝒑%

2 + 𝑡 ⋅ 𝒏%

• Update rule for position:
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𝑑 𝑝37 , 𝑝38 < 4 ⋅ 0.8 ⋅ min 𝑟37 , 𝑟38

• Merge two surfels 𝒔𝟏 and 𝒔𝟐 if:

∠ 𝑛37 , 𝑛38 < 40°
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• Optimizing 𝑪(𝑲, 𝑺) w.r.t. 𝑻𝑮𝒌 with Gauss Newton:
𝐶 𝐾, 𝑆 = 3
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• Optimizing 𝑪(𝑲, 𝑺) w.r.t. 𝑻𝑮𝒌 with Gauss Newton:
𝐶 𝐾, 𝑆 = 3

*∈,

3
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𝜌./*$0 𝜎"12𝑟#$%& 𝑠, 𝑘 + 𝑤'(%)% ⋅ 𝜌3/4$5 𝜎'12𝑟'(%)% 𝑠, 𝑘

In lie algebra 𝖘𝖊 𝟑
• 𝑻𝑮𝒌 belongs to lie group 𝑆𝐸 3
• Pose updates parametrized as local

updates in 𝔰𝔢 3
àEnsures valid transformations
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• Similar surfels are merged
• Radius is min. of corresponding measurements

• Outlier-filter is applied
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Results on the TUM RGB-D benchmark[4]

[4] BAD SLAM: Bundle Adjusted Direct RGB-D SLAM, Schöps et. al., 2019
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Observations:
• Optimizing camera intrinstics and depth distortion

improves the result of BAD SLAM.

Results on the TUM RGB-D benchmark[4]

[4] BAD SLAM: Bundle Adjusted Direct RGB-D SLAM, Schöps et. al., 2019
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Observations:
• Optimizing camera intrinstics and depth distortion

improves the result of BAD SLAM.
• ORB-SLAM2 (indirect) outperforms all direct methods.

à Depth distortions, rolling shutter and asynchronity hinder fair 
comparison.

Results on the TUM RGB-D benchmark[4]

[4] BAD SLAM: Bundle Adjusted Direct RGB-D SLAM, Schöps et. al., 2019
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Observations:
• Optimizing camera intrinstics and depth distortion

improves the result of BAD SLAM.
• ORB-SLAM2 (indirect) outperforms all direct methods.

à Depth distortions, rolling shutter and asynchronity hinder fair 
comparison.

à Rather adress these problems in hardware.
à Create a comparable benchmark for direct methods.

Results on the TUM RGB-D benchmark[4]

[4] BAD SLAM: Bundle Adjusted Direct RGB-D SLAM, Schöps et. al., 2019
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Outline
• Frame synchronization (Depth & RGB)
• Active stereo for depth
• Ground truth poses through motion capturing
• Internally calibrated depth camera
• Non-public ground truth data

Dataset samples[4]

[4] BAD SLAM: Bundle Adjusted Direct RGB-D SLAM, Schöps et. al., 2019
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Outline
• Frame synchronization (Depth & RGB)
• Active stereo for depth
• Ground truth poses through motion capturing
• Internally calibrated depth camera
• Non-public ground truth data

Dataset samples[4]

Online leaderboard

https://www.eth3d.net/slam_benchmark

[4] BAD SLAM: Bundle Adjusted Direct RGB-D SLAM, Schöps et. al., 2019
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Real-time direct BA SLAM framework
• Cost function
• Alternating optimization

Dataset
• No depth distortion, no rolling shutter and sync. frames
• Hidden ground truth

Insights into susceptibility of direct methods to differnt disturbances
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SE(3)	ATE	RMSE	new dataset[4]

Training

Test

[4] BAD SLAM: Bundle Adjusted Direct RGB-D SLAM, Schöps et. al., 2019
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Training

Test

SE(3)	ATE	RMSE	new dataset[4]

àBAD SLAM outperforms other methods on new dataset

[4] BAD SLAM: Bundle Adjusted Direct RGB-D SLAM, Schöps et. al., 2019
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Training

Test

SE(3)	ATE	RMSE	new dataset[4]

àBAD SLAM outperforms other methods on new dataset
àHard cases remain an open challenge

[4] BAD SLAM: Bundle Adjusted Direct RGB-D SLAM, Schöps et. al., 2019
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Training

Test

SE(3)	ATE	RMSE	new dataset[4]

àBAD SLAM outperforms other methods on new dataset
àHard cases remain an open challenge

[4] BAD SLAM: Bundle Adjusted Direct RGB-D SLAM, Schöps et. al., 2019

Threshold

Threshold
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Runtime of back-end	(not	scipping BA)[4]

àTime for odometry is negligible

x-axis:	#keyframes
y-axis:	#surfels

[4] BAD SLAM: Bundle Adjusted Direct RGB-D SLAM, Schöps et. al., 2019
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Runtime of back-end	(not	scipping BA)[4]

àTime for odometry is negligible
àGeometry and pose optimization take the most time

x-axis:	#keyframes
y-axis:	#surfels

[4] BAD SLAM: Bundle Adjusted Direct RGB-D SLAM, Schöps et. al., 2019
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Runtime of back-end	(not	scipping BA)[4]

àTime for odometry is negligible
àGeometry and pose optimization take the most time

x-axis:	#keyframes
y-axis:	#surfels

[4] BAD SLAM: Bundle Adjusted Direct RGB-D SLAM, Schöps et. al., 2019
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Key-frame cycle

Runtime of back-end	(not	scipping BA)[4]

àTime for odometry is negligible
àGeometry and pose optimization take the most time
àReal-time will start to degrade at keyframe #100

x-axis:	#keyframes
y-axis:	#surfels

[4] BAD SLAM: Bundle Adjusted Direct RGB-D SLAM, Schöps et. al., 2019
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Questioning scalability
àHow many BA iterations are acutally skipped?
àWhen does the system start to degrade and how much?

Applications
àIs outperfomed on real/disturbed data

Suplementary matterial
àIn depth description on how they recorded their dataset

Open-source code
àWith some changes to e.g. photometric residual
àVery transparent

Like

Dislike
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Summary

64Michael Gentner (TUM)

BAD-SLAM proposed a new back-end algorithm for realtime direct bundle adjustment.

Outperforms state of the art methods on small scenes.

A new dataset enables better comparison of SLAM methods, especially direct ones.

Unmodeled effects such as rolling shutter, async. frames and geometric distortions
drastically degrade SLAM.

Further improvements:
àKey-frame selection
àWindowed BA
àImproving on hard cases



Thank you for your attention!
Michael Gentner (TUM)
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