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What 6s our probl e i

Real-time 3D mapping from a single
camera on a micro-UAV

Challenges?
Single camera
Can solve with SfM on frame pairs w g

i A Ty

Dondét control wher ; 4
(manual control)

How to select frames to obtain the
best reconstruction?

Today
SIM environment and study




@ Random Movement Dataset
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A moving camera on a UAV provides a stream of images
with known poses (thanks to onboard GPS/IMU).

For a given frame pair, we can align the images and perform
stereo matching to estimate depth.




@ Epipolar Warping

The epipolar geometry of two camera
views defines how to warp the images.

Feature pairs are aligned on the same
row and the pixel disparity is used to
estimate depth.




The relative pose
petween images
nas a big impact on
now much warping
IS required.

Generally, areas
around the epipole
are hard to match.
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Good cases for frame pair matching

Error Camera Frame 1 Frame 2 Ground Truth Predicted Depth
Metrics Extrinsics Warped Warped Frame 1 Frame 2 Depth Depth Error
completeness: 0.548 EM: 0,997
Zé 1888 l— BL: 2.360
a3: 1.000
rmse 1.121
rmse_log: 0.024
abs_rel: 0.017 ,;LT’ ,L—'
sq_rel: 0.027
completeness: 0.565 EM: 0,953
b 1000 A 3017
a3: 1.000
rmse 0.787
rmse_log: 0.019
abs_rel: 0.013 '—,LT’ ULT'
sq_rel: 0015
completeness: 0.488 EM: 0,707
b . b i 3072 .
a3: 1.000
rmse: 1.861
rmse_log: 0.027
abs_rel: 0.019 _Lf- L”
sq_rel: 0.049 .
completeness: 0.309 EM: 0,555
Dhen ke musales
a3: 1.000
rmse: 1.558
rmse_log: 0.024
abs_rel: 0.016 L;f L_'
sq_rel: 0035
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Sso good cases for frame pair m

Error Camera Frame 1 Frame 2 Ground Truth Predicted Depth
Metrics Extrinsics Warped Warped Frame 1 Frame 2 Depth Depth Error

completeness: 0.081 T —
al: 1.000 : v
a2: 1.000 La- BL: 3.813
a3: 1.000
rmse 1.526
rmse_log: 0.022
abs_rel: 0.015 / L?' :1%‘
sq_rel: 0.031
completeness: 0.629 T

1 0.371 sl
22: e 17_ BL: 0.048
a3: 0.922
rmse 16.427
rmse_log: 0.398
abs_rel: 0.291 P é!;_
sq_rel: 5734

completeness: 0.057 EM: 0977
al: 1.000 | ol
i 1.000 l_. BL: 14.249
a3: 1.000

rmse: 1.219

rmse_log: 0.014
abs_rel: 0.011 ,Lf‘ L*'
sq_rel: 0.017

completeness: 0.000 ————
£ nan !_ BL: 19.113
a2 nan
a3: nan

rmse: nan

rmse_log nan
abs_rel nan ”L" }T’
sqg_rel nan




@ Simple Frame Picker (Version 1)

Keeps a running candidate frame Frame Picker v1
and tries to match new incoming Defineq g9 Agndi A g
frames to this one. Initialize frame’Q

: i ] For each new fram&2
Reject if frames are too close or if

the rotation difference is too large. /I Get baseline distance
QN $) 341 (@D

If a palir is found, yield it and keep

the |atest frame as the new frame I/l Check ifextrinsicsare acceptable

fQ ETQ O AP

to match to. i N2/ 41 4 OHO

: : : fi 1j A:
Otherwise, If distance becomes yieIIdA"(%‘Q
too large, replace the candidate QN 0

frame with the latest frame. 1D
rop old frame

fQ O Ag
‘oN O




Results

Method 1: Selected Frame Pairs

—
[}
wn d .
5% Total frame pairs selected4?2
£ : .
g3 . Completeness: 0.4320.226
5 - - e e - . —_— - : :
£ 0 200 400 600 800 1000 RMSE—OQ 0.03%0.010
Examples Frame Index
completeness: 0.589 EM: 1,000 e
1 1.000 A . .
Zz: s od BL: 1.064
a3: 1.000
rmse: 1.473
_log: 0.033
::zirei? 0.024 ;LT' ;Lf’
sq_rel: 0.047
completeness: 0.640 EM: 0,979
17 1.000 o
22: G e BL: 2.019
a3: 1.000
rmse: 1.658
i 0.027
e 0 B I
sq_rel: 0.042
completeness: 0.679 EM: 0,999
T 1.000 8
22: S 6d0 b BL: 1.007
a3: 1.000
rmse: 1.880
s 0.033
abozel:  0.025 L L
sq_rel: 0.059
completeness: 0.200 EM: 0,483
T 1.000 8
ZZ: 1.000 L(— BL3 147651
a3: 1.000 ‘
rmse: 2263 "
;i 0.033
ingreig 0.024 L'- L’
sq_rel 0.072
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Q@ Extrinsic Quality Metric

We can define some heuristics to judge the quality Heuristics:
of the two frame poses. A 7 6 Ghould be small
Let 0 and 6 be the look vectors of the two image frames A" 6 '@nd” 6 ®hould both be close ta 1T J
Let ‘O be the displacement between the focal points of the
two image frames A
A
A A A 5
5
" A
0 0 O 0 | .
¢l . 0O
0
¢ ¢ ¢ : , 0
) O O
) \Z
Excellent Good Poor Bad
. a
Framg_s alre sepﬁraltedk Frames are separated Frames are aligned, Erames are
perpendicuiar to t_ € 100 and mostly aligned but separated in the not alianed
direction and aligned look direction g
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@ EQ Metric Function Crafting
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@ Extrinsic Quality Examples

Extrinsic Quality Top Front Side
1.000 B L b Nadir
1.000 s Jrs 4 Strafe
0.707 & - 45AClimb
0.680 S & 45AForward
0,001 5 - pil— Straight Ahead
0. 000 - é— é Nadir Climb
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@ Rolling Frame Buffer

As new frames arrive,

add them to the buffer.

Compute baseline distancg
and extrinsic metric with
each frame in the buffer.

Use these features to selec

the best frame to match with

Buffer for Frame 50

40
Baseline 5 |
0
1.0 A
— hl2
o rib
Extrinsics 0.5 4 r2b
0.0 -
1.0
—— completeness
al
Accuracy 0.5 - a2
— a3
0.0 -
1.0 A
—— mse_log
abs_rel
Errors 0.5 1 — sq_rel
0.0 - — ; z : : :
0 10 20 30 40 50

o AT R e ot
e ; - ” "o W *y - N "
WAV D S
& \ ‘ :;“: e g' b 3 :
h y ‘(,;. ,‘ A ‘.,' 175 .
E 5 S . B« g ‘I_ >
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@ Heuristic Frame Picker (Version 2)

Keep rolling buffer, past 0 frames.

For each new frame, look back In
the buffer for the most recent
frame that has a minimum
baseline distance.

If this frame has an acceptable
extrinsic metric when compared
with the current frame, yield the
frame pair.

Otherwise, move on to the next
Incoming frame.

Frame Picker v2

Defined, d gMi E ]
Initialize rolling frame buffed
For each new fram&2
08Q¢ i (W) o
For'Q p80:
QN $) 341 (@ Q)
fQ q gj
continue
AN %8 42) . 34 (DY
fq A gq
yield (Q hQ)
break




Method 2: Selected Frame Pairs

3
£ 40 4 ) ) .
o - . s
p :
E N — _/ _/
[
E 0 b e _/- -
& 200 400 600
Examples Frame Index
completeness: 0.281 0.900
al: 1.000 | il
a2: 1.000 7 BL: 4.106
a3: 1.000
rmse: 2.411
rmse_log 0.036 '
abs_rel 0.026 ",lf‘ ()
sq_rel: 0.082
completeness: 0.074
al: 1.000 L B ggig
a2: 1.000 ) oo
a3: 1.000
rmse: 2.702
rmse_log 0.031 ' i s
abs_rel 0.022 ey l_ l-
sq_rel: 0.082
completeness: 0.543 {—- 0. 957
EM: .
al: 1.000 X :
a2: 1.000 b BL: 4.559
a3: 1.000
rmse: 0.639
rmse_log 0.015 L__
abs_rel 0.010 _LT' HEN
sq_rel: 0.009
completeness: 0.678 0. 976
al: 1.000 il
a2: 1.000 _L—- BL: 3.646
a3: 1.000 N
rmse 0.860
rmse_log: 0.019 L_ﬁ L_-
abs_rel: 0.012 A5 P A\
sq_rel: 0.016

Total frame pairs selecte®92
Completeness: 0.3640.190
RMSH.og: 0.03&0.138
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Since we have computed the
EpiDepth prediction for all possible
frame pairs, can we make use of
this data?

We want results to have low
RMSE-log values and high
completeness.

Looking at examples from the
Pareto front, we select appropriate
scalarization weights.

A neural net is trained on this
dataset and can be used to predict
If a pose pair will perform well.

0.8 -

0.6 -

completeness

0.2 1

@ Evaluating All Frame Pairs

RMSE-Log vs. Completeness of EpiDepth on All Frame Pairs
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Keep a rolling buffer of the
past U frames.

—or each new frame, evaluate
the predicted quality with all
frames In the buffer.

If the best scoring frame
satisfies the minimum
baseline and extrinsic quality
thresholds, yield it.

Otherwise, move on to the
next incoming frame.

@ Data-Driven Frame Picker (Version 3)

Frame Picker v3

Defined, q g i EMi E]
Initialize rolling frame buffeid
For each new fram&2
08Q¢ i (W) o
BAABS
NAABOD
For'Q p80:
ON $) 341 (@ %O
AN 9% 42) . 34 (RIHQY
Qg gpra A g
continue
AN 02 %$ )(%¥4 KO
fn NnAA@EN Ni £
flA A (‘3
AADSR
TRAAOGH
yield ("Q A 3
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Method 3 (Data-Driven

Method 3: Selected Frame Pairs

: f // ,/// /
§ / y ] .
=L I - z - . o _

400 600 800
Frame Index

3

% 40

o

£

g 20 A

5 r/

£ 0 =
completeness: 0.050 0. 953
al: 1.000 EM: 0.
49 1.000 ,L—- BL: 17.961
a3: 1.000
rmse 1055.396
rmse_log: 0.118 L__ l_-
abs_rel: 0.007 2> <A\
sq_rel: 17.009
completeness: 0.799 0. 980
al: 1.000 EM: 0.
a2: 1.000 L‘ B Eviies
a3: 1.000
rmse 1.235
rmse_log: 0.027 LT_ L_.
abs_rel: 0.019 P v 58 <R
sq_rel: 0.033
completeness: 0.645 0978
al: 1.000 Y, el
a2: 1.000 BL: 1.536
a3: 1.000
rmse 1.818
rmse_log: 0.029
abs_rel: 0.022 ‘Jf‘ L"
sq_rel: 0.050
completeness: 0.213 0. 969

EM: .

als 0.997
a5 W L.. BL: 1.448
a3: 1.000
rmse: 3913
rmse_log: 0.058 I
abs_rel: 0.044 ’13’ )
sq_rel: 0.209 ‘

) Results

Total frame pairs selected53
Completeness: 0.3220.249
RMSH_og: 0.024: 0.027
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<)

Ground Truth I\/le_thod 1
(Simple)

Method 2 Method 3
(Heuristic) (Data-Driven)
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