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SfM for Loopback Sequences and
Multiple Sequences

m How to efficiently match the common features
among different subsequences?

frame 1 frame 2 frame 3 frame 101 frame 102 frame 103
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ﬂ“ ﬁ% % - (i .
‘\ \\ ) § bl i 25 “5;7‘ eee
D) =5 h S { < 2
5 C %

m How to efficiently perform global optimization and
eliminate drift?

VisualSFM result



Non-Consecutive Feature Tracking

— Consecutive Feature
Tracking
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Two-Pass Matching for Consecutive
Tracking

m SIFT Feature Extraction ™

m First-Pass Matching by
Descriptor Comparison

¢ < & Global distinctive
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Second-Pass Matching by Planar
Motion Segmentation

m Estimate a set of homographies {H/, |k =1,..., N}
1 Using inlier matches in first-pass matching

frame t

Al ent
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Second-Pass Matching by Planar
Motion Segmentation

m Guided matching
gk k Tk ok k 2
bt,t—{—l(xt—l—l)zz 1 (x +y) = Lepa (X +¥)I7 +
yew
Ned (X1, L1 (%6))7 4 An1xs = x4 1]
Epipolar constraint Homography constraint
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Second-Pass Matching with Multi

First-Pass Matching Direct Searching Our Second-Pass Matching
(53 matches) (11 matches added) (346 matches added)
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Non-Consecutive Track Matching

m Fast Matching Matrix Estimation

m Detect overlapping subsequences and join
the matched tracks.
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Fast Matching Matrix Estimation

m Each track has a group of description
vectors Px = {p(x)[t € f(X)}

m Track descriptor p(X)

m Use a hierarchical K-means approach to
cluster the track descriptors



Fast Matching Matrix Estimation
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Non-Consecutive Track
Matching

m Simultaneously Match Images and Refine Matching Matrix

Refine the matching matrix after matching the common features
of the selected image pairs.

More reliably find the best matching images with the updated
matching matrix.

Non-Consecutive Track Matching Illustration

Frame Pair Matching Expansion on Initial Match Matrix
g I
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The Difficulties for Large-Scale StTM

m Global Bundle Adjustment
Huge variables
Memory limit
Time-consuming
m lterative Local Bundle Adjustment

Large error is difficult to be propagated to the whole
sequence.

Easily stuck in a local optimum.

m Pose Graph Optimization
May not sufficiently minimize the error.
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Segment-based Progressive StTM

m Split a long sequence to multiple short sequences.
m Perform SfM for each sequence and align them together.

m Detect the split point” and further split the sequence if
the reprojection error is large.

m The above procedure is repeated until the error is less
than a threshold.




SFM on Garden Dataset

Input Sequences

OEX KGNS, IFim10a M, $FECCEC747 %, STMKkER1678 (BLZiE) |
SE417. 7fps

VisualSFM: STMk#E 57 4%F (GPUJNIR)



Comparison on Garden Dataset

ENFT-SFM VisualSFM ORB-SLAM
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TABLE V
LLOCALIZATION ERROR (RMSE (M)/COMPLETENESS) COMPARISON IN
KITTI DATASET.

=N
EH

RS

Seq. | ENFT-SEM | ENFT-SEM | ORB- VisualSFM OpenMVG
(Keyframes) | SLAM | (Keyframes) (Keyframes)

00 | 458/ 100% || 476/ 100% | 5.33 278/ 3.71% 5.837 0.7%
01 [57.20/ 100% || 53.96 / 100% X 52.34 / 12.46% | 8.79 / 2.08%
02 | 28.13 /7 100% (| 28.26 / 100% | 21.28 1.77 1/ 4.53% | 50.36 / 3.74%
03 | 2.82/7100% | 2.94/ 100% 1.51 | 0.28 7 12.05% | 3.53/ 8.43%
04 | 066/ 100% || 0.66/ 100% 1.62 | 0.76 / 23.44% | 5.14 / 14.06%
05 | 2.88/7100% || 3.48/ 100% | 4.85 90771 7.42% |22.42/ 9.07%
06 | 14247 100% (| 14.43 /7 100% | 12.34 | 858/ 7.41% | 3.16/ 3.37%

07 | 1.83/7100% || 2.03/ 100% | 2.26 3.85/ 7.78% 7.75 1 5%
08 | 30.74/ 100% || 28.32/ 100% | 46.68 | 0.81/ 0.90% | 17.82/ 2.58%
09 | 5.63/100% | 5.88/ 100% | 6.62 090/ 4.92% | 14.26/ 3.36%
10 [ 19.53 /7 100% || 18.49 / 100% | 8.8 5707 6.05% |27.06/7.01%
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TABLE VI

L 5%

LOCALIZATION ERROR (RMSE (CM)/COMPLETENESS) COMPARISON
IN TUM RGB-D BENCHMARK.

Sequence ENFT-SEM | ENFT-SFM | ORB- | VisualSFM | OpenMVG
(Keyframes)|SLAM| (Keyframes) |(Keyframes)
fr1_desk 2.71/99.84% | 2.96/100% | 1.69 | 2.74 / 100% X
fr1_floor 4.08/96.70% | 3.93/100% | 2.99 |53.11/69.23% | 0.52/6.92%
frl_xyz 1.25/100% | 1.59/100% | 0.9 1.43/100% X
fr2_360_kidnap | 13.57/91.47%| 15.31/100% | 3.81 {10.08/50.91% |5.21/14.55%
fr2_desk 2.43/100% | 2.27/100% | 0.88 1.79/100% |1.38/13.95%
fr2_desk_person| 2.46/100% | 2.55/100% | 0.63 1.92/100% (2.16/97.01%
fr2_xyz 0.81/100% | 0.73/100% | 0.3 0.71/100% | 5.74/97.6%
fr3_long_office | 1.21/100% | 1.44/100% | 3.45 1.15/100% (2.94/32.74%
fr3_nst_tex_far | 3.60/86.58% | 7.76/100% X 7.29/100% |35.64/3.79%
fr3_nst_tex_near| 1.87/100% | 1.66/100% | 1.39 1.13/100% | 3.4/39.13%
fr3_sit_half 1.50/100% | 1.55/100% | 1.34 § 2.30/100% | 0.68/9.3%
fr3_sit_xyz 0.84/100% | 1.39/100% | 0.79 1.28/100% | 1.03/100%
fr3_str_tex_far | 0.94/100% | 0.95/100% | 0.77 | 2.15/100% | 1.12/100%
fr3_str_tex_near| 1.86/100% | 1.82/100% | 1.58 | 0.95/100% [0.97/19.74%
fr3_walk_half | 2.08/100% | 2.21/100% | 1.74 1.88/100% X
fr3_walk_xyz 1.30/100% | 1.74/100% | 1.24 1.62/100% X




T-SLAM: ENF T-based

ge-Scale Monocular SLAM




ENFT-SLAM

m [racking
Use ENFT feature tracking

m Mapping with Loop Closure

Detect loops with modified non-consecutive
track matching

Segment-based BA for loop closure
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Non-Consecutive Track
Matching for Loop Detection

m Matching Matrix is intractable

The number of keyframes is dynamically
iIncreased.

m Matching Vector

Measure the overlapping confidence between
current fame and keyframes.

Detect loops
m Quick matching vector estimation with track descriptors.
s Match current frame with the selected keyframes.
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RealTime SLAM for Garden
Sequence
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Comparison with ORB-SLAM in
Garden 01 Sequence

— P e, P
st . ]\/ L N 124
} ‘I f
N ‘ \ ? ‘\ N 15 g
ENFT-SLAM ORB-SLAM
Non-consecutive Track Matching Bag-of-words Place Recognition

Segment-based BA Pose Graph Optimization + Traditional BA
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Comparison with ORB-SLAM in

ENFT-SLAM ORB-SLAM

Non-consecutive Track Matching Bag-of-words Place Recognition

Segment-based BA Pose Graph Optimization + Traditional BA
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Key Issues for SLAM Ig Dynamlc
Environments
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Key Issues for SLAM in Dynamic
Environments




Framework

Live Vid Feature Extraction Feature Matching \/ Camera Pose \/ Augmented Reality
. with SIFTGPU with KD-Tree Estimation Applications

A

Frame and camera pose

3D Feature

Points Keyframes

Update 3D map

Bundle Invalid 3D Points Online Keyframe New Keyframe
Adjustment Removal Updating Decision

Mapping Threads
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Results and Comparisons

Our SLAM Result
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oust Keyframe-based

onocular SLAM for
Augmented Reality
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Keyframe-based SLAM vs
Filtering-based SLAM

m Advantages % 3
Accuracy p | :IL |
Efficiency 00200 ONNOLOROIOIONO
Scalabilit (a) Markov Random Field (b) Filter (c) Keyframe BA

calability

H. Strasdat, J. Montiel, and A. J. Davison. Visual SLAM: Why filter?
Image and Vision Computing, 30:65-77, 2012.

m Disadvantages

Sensitive to strong rotation

m Challenges for bot

Fast motion -
Motion blur
Insufficient texture
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Visual-Inertial SLAM

m Use IMU data to improve robustness

Filtering-based methods
s MSCKF, SLAM in Project Tango, ...

Non-linear optimization based methods
m OKVIS, ...

m Can work without real IMU data?



RKSLAM Framework

Foreground Thread Background Threads
u I\_/II_UItI-li_llomography based Feature >l Global Ma
racking _ﬁ_ .“ ‘
1 Global homograph S |
- omogTaRy s, e
1 Specific Homography s — :
omographny-
-1 Local Homographies e I
m Sliding-window based pose | e |
= 8 Camera Pose — ,‘,
optimization m F “
-1 Use global image alignment Gty

to estimate rotational velocity ~
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Results and Comparisons

Comparison
I'- Y ! _‘~" X y

Our method with rotational velocity estimation
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I
Quantitative Evaluation with
TUM RGB-D Dataset

Group Sequence RKSLAM ORB-SLAM PTAM LSD-SLAM
A frl xyz 0.61/0%/100% | 1.05/0%/100% | 1.29/0%/100% | 7.64/0%/100%
A fr2_xyz 0.43/0%/100% | 0.23/0%/100% | 0.29/0%/100% | 6.32/0%/100%
A fr3_sitting_xyz 1.98/0%/92% | 1.31/5%/100% X 9.12/0%/100%
B frl_desk 1.69/0%/100% | 1.40/12%/100% | 2.71/0%/44% | 3.86/27%/100%
B fr2_desk 10.10/0%/97% | 0.78/6%/100% | 0.55/0%/20% | 17.41/0%/100%
B fr3_long_office 2.48/0%/100% | 2.17/0%/100% | 0.82/0%/31% | 36.04/30%,100%
C frl_rpy 1.26/0%/100% | 5.53/4% /84% X 3.26/0%/11%
C fr2_rpy 0.41/0%/100% | 0.23/32%/100% | 0.56/0% /100% 3.71/0%,25%
C fr3_sitting_rpy 1.44/0%/100% | 0.19/93%/100% | 2.44/0%/93% 3.36/0%/89%
D fr1_360 11.81/0%/95% | 8.16/5%/11% X 8.25 /0% /5%
D fr2_360_hemisphere | 17.48/0%/88% | 12.27/1%/65% | 76.50/0%/33% | 25.64/0%,19%
D fr2_pioncer 360 | 20.24/0%/86% | 1.40/69%/46% | 59.09/0%/98% | 30.62/0% /41%

From left to right: RMSE (cm) of keyframes, the starting ratio (i.e. dividing the initialization
frame index by the total frame number), and the tracking success ratio after initialization.

Group A: simple translation
Group C: slow and nearly pure rotation

Group B: there are loops
Group D: fast motion with strong rotation
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Timing

m Computation Time on a desktop PC

Module Time per frame
Feature extraction ~ 2 ms
Feature tracking 2~ 8ms
Local map expansion and optimization 2 ~4ms

Table 1: Process time per frame with a single thread.

m For a mobile device
20~50 fps on an iPhone 6.



dlst Keyframe-based Dense

AM with an RGB-D Camera

https://arxiv. org/abs/1711. 05166
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Efficient Incremental BA

.7K
17

et U — M RF &R

XE 1]

% it Incremental Schur
complementit & J5 i3

{Preconditioned Conjugated Gradient
473K MR, LtFactorization ] 7 i E b,

\___4
m Y LLISAM2 R — 8= 2
IR )= B Z
Sequence Num. of Camera / Points | Num. of Observations EIBA 1ISAM2
No relinearization | relinearizeSkip = 10 | relinearizeSkip = 5
fr3_long_office 092 /4322 12027 88.9ms 983.9ms 1968.2ms 2670.9ms
fr2_desk 63 /2780 6897 34.8ms 507.8ms 850.4ms 1152.0ms
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Efficient Incremental BA
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Our Result

Reconstructed Model
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Our Result
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Reconstructed Model
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m  Guofeng Zhang, Jiaya Jia, Tien-Tsin Wong, and Hujun Bao. Consistent
Depth Maps Recovery from a Video Sequence. IEEE Transactions on
Pattern Analysis and Machine Intelligence (TPAMI), 31(6):974-988, 2009.

Input Sequence Recovered Depth Video
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m ENFT-SFM or LS-ACTS

1 http://www.zjucvg.net/ls-acts/Is-acts.html

m RKSLAM:

0 http://www.zjucvg.net/rkslam/rkslam.html

m RDSLAM:

O http://www.zjucvg.net/rdslam/rdslam.html

m ACTS:

1 http://www.zjucvg.net/acts/acts.html
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Visual SLAME AR &%

Results on the Middlebury Benchmark
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