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ÁWhatôs our problem?

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

ÁChallenges?

ÁSingle camera 

ÁCan solve with SfM on frame pairs

ÁDonôt control where drone goes 
(manual control)

ÁHow to select frames to obtain the 
best reconstruction?

ÁToday

ÁSIM environment and study
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ÁA moving camera on a UAV provides a stream of images 
with known poses (thanks to onboard GPS/IMU).

ÁFor a given frame pair, we can align the images and perform 
stereo matching to estimate depth.
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ÁThe epipolar geometry of two camera 
views defines how to warp the images.

ÁFeature pairs are aligned on the same 
row and the pixel disparity is used to 
estimate depth.
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ÁThe relative pose 

between images 

has a big impact on 

how much warping 

is required.

ÁGenerally, areas 

around the epipole

are hard to match.
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ÁGood cases for frame pair matchingé
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ÁNot so good cases for frame pair matchingé



ÁKeeps a running candidate frame 
and tries to match new incoming 
frames to this one.

ÁReject if frames are too close or if 
the rotation difference is too large.

Á If a pair is found, yield it and keep 
the latest frame as the new frame 
to match to.

ÁOtherwise, if distance becomes 
too large, replace the candidate 
frame with the latest frame.
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Frame Picker v1

Define ὨÍÉÎ, ὨÍÁØ, and ὶÍÁØ
Initialize frame Ὢ
For each new frame Ὢ:

 // Get baseline distance

 Ὠᴺ$)34!.#%ὪȟὪ

 // Check if extrinsics are acceptable

 If ὨÍÉÎὨ ὨÍÁØ:
  ὶN 2/4!4)/.ὪȟὪ
  If ὶ ὶÍÁØ:
   yield ὪȟὪ
   ὪᴺὪ

 // Drop old frame

 If Ὠ ὨÍÁØ:
  ὪᴺὪ  
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Total frame pairs selected: 142
Completeness: 0.432 ± 0.226
RMSE-Log: 0.035 ± 0.010

Examples:



Á We can define some heuristics to judge the quality 
of the two frame poses.
Á Let ὃand ὄbe the look vectors of the two image frames

Á Let Ὀbe the displacement between the focal points of the 
two image frames
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ὃ ὄ

Ὀ

Excellent
Frames are separated 

perpendicular to the look 
direction and aligned

ὃ

ὄ

Ὀ

Poor
Frames are aligned, 
but separated in the 

look direction 

ὃ ὄ

Ὀ

Good
Frames are separated 
and mostly aligned

ὃ

ὄ

Ὀ

Bad
Frames are 
not aligned

Heuristics:
Å᷁ὃὄ should be small
Å᷁ὃὈ and ᷁ ὄὈ should both be close to ωπЈ 
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Å᷁ὃὄ should be small ()
Ὓ ÃÏÓ᷁ὃὄ

Ὄ
 πȟ Ὓ π
Ὓ ȟ Ὓ π

Å᷁ὃὈ and ᷁ ὄὈ should both be close to ωπЈ ( ) 
Ὓ ÃÏÓ᷁ὃὈ
Ὓ ÃÏÓ᷁ὄὈ

Ὑ ρ Ὓ

Ὑ ρ Ὓ

Å Overall metric is the minimum of these,
ὗ ÍÉÎὌ ȟὙ ȟὙ

ὃ ὄ

Ὀ
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As new frames arrive, 
add them to the buffer.

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

Use these features to select 
the best frame to match with.



ÁKeep rolling buffer, past ὔframes.

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

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

ÁOtherwise, move on to the next 
incoming frame.
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Frame Picker v2

Define ὔ, ὨÍÉÎ, ήÍÉÎ
Initialize rolling frame buffer ὄ
For each new frame Ὢ:

 ὄȢὭὲίὩὶὸὪ
 For Ὥ ρȣὔ:

  Ὠᴺ$)34!.#%Ὢ ȟὪ
 If Ὠ ὨÍÉÎ:
  continue

 ήN %842).3)#ͺ15!,)49Ὢ ȟὪ
 If ή ήÍÉÎ:

  yield Ὢ ȟὪ
 break
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Examples:

Total frame pairs selected: 592
Completeness: 0.364 ± 0.190
RMSE-Log: 0.030 ± 0.138
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Á Since we have computed the 
EpiDepth prediction for all possible 
frame pairs, can we make use of 
this data?

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

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

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



ÁKeep a rolling buffer of the 
past ὔframes.

ÁFor each new frame, evaluate 
the predicted quality with all 
frames in the buffer.

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

ÁOtherwise, move on to the 
next incoming frame.
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Frame Picker v3

Define ὔ, ὨÍÉÎ, ήÍÉÎ, ὴÍÉÎ
Initialize rolling frame buffer ὄ
For each new frame Ὢ:

 ὄȢὭὲίὩὶὸὪ
 ὪÂÅÓÔᴺᶮ

 ὴÂÅÓÔᴺ Њ

 For Ὥ ρȣὔ:

  Ὠᴺ$)34!.#%Ὢ ȟὪ
 ήN %842).3)#ͺ15!,)49Ὢ ȟὪ
 If Ὠ ὨÍÉÎ or ή ήÍÉÎ:

  continue

 ὴN 02%$)#4Ὢ ȟὪ
 If ὴ ὴÂÅÓÔ and ὴ ὴÍÉÎ:

   ὴÂÅÓÔᴺὴ

   ὪÂÅÓÔᴺὪ

If ὪÂÅÓÔɲ:

 yield ὪÂÅÓÔȟὪ
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Total frame pairs selected: 453
Completeness: 0.322 ± 0.249
RMSE-Log: 0.024 ± 0.027

Examples:
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Ground Truth
Method 1
(Simple)

Method 2
(Heuristic)

Method 3
(Data-Driven)


