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Abstract—Determining depth from a single camera in motion is controlled setting, where we have access to exact pose information
a challenging problem that has numerous applications, including and ground truth depth. The results of our study can be easily
autonomous navigation of an unmanned aerial vehicle (UAV). transferred back to real-world data, since the algorithms depend
Using traditional computer vision techniques such as structure- only on having access to the camera pose information. The lack
from-motion (SfM), a depth estimate can be generated using of sensor noise in our simulated dataset provides ideal conditions
two image pairs from the video stream. The choice of image for an experiment to study the impact of different methods. Herein,
pairs directly impacts the quality of reconstruction, which is we generate a synthetic dataset to use for the development of three
based largely on the camera extrinsics and image features. different frame selection strategies and quantitatively compare the
In this article, we discuss frame selection algorithms to select results of each.
appropriate image pairs to process for depth estimation. Frames
are stored in a rolling buffer, and several measures are computed  For each method, we replay the recorded frames and select (in
on potential frame pairs based on camera extrinsics. We use a sequence) frame pairs to use for SfM. Each selected frame pair has
customized SfM algorithm, EpiDepth, which has been designed known camera pose parameters and can therefore be used as input to
for handling sequences of aerial imagery with embedded GPS the EpiDepth algorithm [2] to estimate a dense cloud of 3D points.
and camera pose metadata. We demonstrate our technique on aAn overview is shown in Fig. 1. The images are warped according
simulated dataset created using Unreal Engine and AirSim. to the epipolar geometry of the two camera views, and the amount
of warping can vary depending on the relative poses. Some poses are
Keywords—3D reconstruction, structure-from-motion, monoculaknown to be more effective at estimating depth (e.g. moving while
depth estimation, frame selection looking nadir or stra ng), while others tend to be less effective (e.g.
looking straight ahead while moving). Our frame selection strategies
use the pose information of the camera views as the primary method
I. INTRODUCTION of ranking and choosing frame pairs.

Mapping a 3D environment with a UAV is a common task that We present three different frame selection methods: aena
relies heavily on computer vision techniques. Depending on t@@Proach using a simple strategy, a heuristic-based approach that
speci ¢ application, there may be varying degrees of sensor precisig@mputes an expected quality based on the camera extrinsics and
and autonomy. One challenging case involves the use of a remotdfgs a rolling frame buffer, and a data-driven approach that uses the
controlled UAV with reasonably accurate pose information, but ongynthetic dataset to learn which pose con gurations work best. The
a single camera. In this situation, 3D information (depth) must Bemainder of this paper discusses the details of this dataset, the frame
inferred using structure-from-motion (SfM) on sequential frame pairg€lection methods, and our experimental analysis. We conclude with
and the camera poses are independently determined by the ren%beCUSSlon on the limitations of this study and present some ideas
operator. The problem then becomes how to select appropriate fraffsfuture work.
from the video sequence to perform the best SfM reconstruction. This
problem is separate (but related) to the general task of 3D scene
reconstruction, since we assume that the UAV ight pattern is xed Il. RELATED WORK
or that the frame selection algorithm has no control over it.

The problem of 3D mapping from a UAV has been widely studied

The motivation for this work arises from our initial experimentg3], with most techniques using some form of SfM [4]. The mapping
with reconstructing depth from actual UAV ight recordings, wheregask is often the primary focus, such that equipment and mission
camera poses could be derived from GPS/IMU/Magnetometer meparameters are chosen to optimize the nal output after of ine pro-
data, and any pair of frames could be used as a stereo pair for Stidssing. For instance, high-precision GPS/IMU/magnetometer units
We determined that the relative poses of the frames was one of ta be used with a regular grid ight pattern to reduce the uncertainty
most important factors in determining reconstruction quality. A simn camera poses and produce a uniformly sampled 3D map. However,
ple frame selection strategy was ignoring many potential good paiis,some cases real-time operation is required, and the ight trajectory
and often selecting sub-optimal pairs. The frame selection algorithmmay be unknown ahead of time. This requires a different approach
could therefore be improved and draw upon known properties of theat can make the best use of what data is available.
epipolar geometry.

The EpiDepth algorithm [2] is designed to robustly handle the wide

To study this problem, we utilize a simulation environment usingariety of camera poses that can occur in real-time UAV ight and
Unreal Engine and AirSim [1]. This allows us to generate data inroduce 3D depth estimates from image pairs. Using known camera



Fig. 1. Overview of the frame selection process. A UAV ies through an environment (a), generating a sequence of image frames (b). Our frame selection
algorithm has access to the history of all past frames and must select pairs of frames to use for stereo reconstruction. Each frame pair (c) has known pose
parameters and can be used to generate a 3D point cloud (d).

extrinsic parameters, the algorithm takes two frames and perform Frame 1 Frame 2
epipolar warping to align the image features such that optimizec Frame 1 Frame 2 Warped Warped
block matching can be performed to estimate disparity. The resul > & 52! :

is a 3D point cloud that is typically aggregated in a world-space
map, such as the hierarchical voxel method of UFOMap [5]. Note
that EpiDepth does not solve the localization problem addressed b
SLAM, but can still produce high-quality maps with accurate sensors.
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IIl. BACKGROUND

A. Epipolar Warping Effects Forward 45° &

The process of rectifying a pair of images into a common image
plane can result in signi cant warping. The EpiDepth algorithm Straight
uses the extrinsic camera parameters to transform each image su  Ahead
that all matching epipolar lines appear as horizontal rows in the
warped images. Depending on the relative con guration of the two
cameras, the amount of warping can vary. For example, forward
movement while looking nadir or a sideways stra ng motion tends
to result in very little warping from the original images. In contrast,
forward movement while looking straight ahead is very challenging. L . .
Generally, less warping is required if the epipoles are not contain%d Extrinsic Quality Metric
within the images.

Fig. 2. Epipolar warping effects.

Some examples of epipolar warping effects are shown in Fig. 2. A heuristic method was presented in [6] to represent the expected
Here, we see that the rst row with Nadir movement results in almosimount of warping that would occur by running EpiDepth on any
no warping, although the images have been rot@&@d The next two camera poses. The method uses only the extrinsic parameters of
two rows have similar relative poses: a vertical climb and forwarthe cameras and does not rely on any image content. The metric is
motion, both with the camera pointing downward 48 . In both a function of the angles between two look vectérandB as well
of these cases, the warping is noticeable, but modest. The last @svthe baseline vect@ . The intent is that in order to score highly
shows the dreaded straight ahead movement. Here, the epipoles(eltse to 1), the angleé AB should be small, and the angleAD
in the center of the images (indicated by the red and blue crosshaies)d\ BD should be close t®0 . Look vectors that stray too far
and the image warping is signi cant. from this ideal score lower, with a minimum score of zero.
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Fig. 3. Examples of EpiDepth results on frame pairs with good extrinsic camera parameters.
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Fig. 4. Examples of EpiDepth results on frame pairs with bad extrinsic camera parameters.

The effect of this metric is that any potential image pair can bef data, where each frame includes the RGB color image, the ground
evaluated quickly to assess if EpiDepth is likely to produce a goadith depth image, and the pose (position and orientation) of the
result. The rst condition ensures that images are looking in theamera. By having access to simulated ground truth depth, we can
same general direction, and the second condition makes sure tinantitatively evaluate the quality of the EpiDepth reconstruction.
the separation is perpendicular to the camera orientation (not moving
along the camera axis). Although this is a hand-crafted heuristic, itAny pair of images from our dataset could be used as input to
has been shown to be useful for identifying good image pairs andBpiDepth. However, in order to produce a good result, the images
an important part of our frame selection algorithms. need to have signi cant overlap and acceptable camera extrinsics.

Typically, they are also captured very close to one another in time.
Figures 3 and 4 show several examples of image pairs from the

IV. SIMULATED UAV D ATASET dataset and the corresponding EpiDepth results. In both gures we
show each frame pair as a row with the inputs, outputs, and several
error metrics.

For this study, we created a simulated dataset using Unreal Engine
and AirSim in the Mountain Village Environment [7]. The simulated |n each row of these gures, Frame 1 and Frame 2 are the input
UAV was programmed to takeoff and climb up to a xed altitudeRGB images that EpiDepth receives. The camera extrinsics are shown
and then move to random waypoints with random look directiongs top, front, and side view diagrams of the two camera positions. The
(between nadir and horizontal). This produced a wide variety @i\ value is the extrinsic metric heuristic computed for this frame
motion examples that covers most of the possible movement pattepas, and the BL value is the baseline distance. The positions of the
we expect to encounter in practice. We collected about 1000 frames



TABLE |
FRAME SELECTION RESULTS

A. Nave Frame Selection Method

In this rst frame selection method, the strategy is to keep a current

N~ TOt"iLza"s o_igg]m%t_eznzzss O_O3EMSO_E6|1‘89 candidate frame and attempt to match it with new incoming frames.
Heuristic-Based 592 0:364 0:190 0030 0138 The complete algorithm is given in Algorithm 1. The process starts by
Data-Driven 453 0:322  0:249 0:.024 0027 initializing the rst frame asfo. For each new framfat, we compute

the baseline distance, between it and the candidate frame. If this
value is in the acceptable range betwehm anddmax , we then
proceed to compute the rotational distancdjetween the two camera

epipoles are indicated by red and blue crosshairs on the Frame 1%2@35, de ned here as the angular distance between the look vectors.

Frame 2 images. To show the amount of warping, both warped images 'S €ss than the maximum acceptable valug , then the frame
are also shown. The ground truth depth is displayed for each fraffd! (fo: f1) is yielded to EpiDepth for processing, and the algorithm
pair, but is not available to EpiDepth and is used only for scorin(ggm'nues by assigniny . If at any point the distance between
The depth color map is constant for all images, with a maximufy ndf« becomes larger thadmax , the old framef, is dropped
depth of 100 meters. The EpiDepth prediction is shown next to tR8d replaced witti.

ground truth, with undeclared pixels shown as gray. The rightmast

image shows the difference between the prediction and ground trétlgorithm 1 Nave Frame Selection

on a red-white-blue color map, where white indicates an accuratg. De ne dmin , Omax ; @NAT max

prediction, red indicates the prediction was too far, and blue |nd|cate§: Initialize framef

the prediction was too close.
P 3: for each new framef; do

Several error metrics are computed on the comparison of each
prediction to the ground truth, and these are listed on the left side &§:  // Get baseline distance
each row. Of these, completeness measures the percentage of declaged DisTANCE(fo; )
pixels in the predicted depth image. The al, a2, and a3 scores arg
the average inlier rates for the prediction, where al measures thé

percentage of pixels where the predicted depth is within a ratio of

/I Check if extrinsics are acceptable

1:25 of the ground truth depth, and a2 and a3 use ratiog:25% 90 if dmn  d  dmax then
and 1:25° respectively. The rmse and rméeg scores are the root- 10: r  ROTATION(fo;f¢)
mean-square errors in Euclidean and log space, and theehlasid 1. if r  rmax then
sq rel scores are the mean absolute differences and mean squalrg_d yield (fo: fy)
differences of the predicted depths relative to the ground truth. ’ f f 0.7t
0 t

Figure 3 shows several good cases of frame pairs chosen fof: end if

EpiDepth. The top two rows show nadir examples with high EM5:  end if

scores, and depth predictions that are both complete and accurgg.
The bottom two rows show examples looking out toward the horizorl7_
with lower EM scores and less completeness, but still high accuracy.’
Figure 4 shows some cases where EpiDepth does poorly. The rst row"

/I Drop old frame
if d>dmax then

shows a case where the UAV is moving forward and the epipoles ate: fo f¢
contained within the images. Note that there is no depth predictian: end if
near the epipoles. The second row shows a case where the basejipe
distance is too small, resulting in large prediction errors. The thirg .

> 9% 2: end for
row shows a case where the baseline is too large for the con gure

window size, so corresponding features are missed, which results

in low completeness. Finally, the last row shows a case where theThe result of running this method on our simulated dataset is
images do not overlap, yielding no depth prediction at all. shown in Fig. 5a. This scatter plot shows a mark for each selected
frame pair, with the horizontal axis showing the original frame index
of the most recent frame, and the vertical axis showing how far back
the selected match was in the sequence. In total, 142 frame pairs were
selected with the majority of the pairs being only one or two frames
apart. The outliers near the start are due to the takeoff sequence,
which is different from the rest of the ight. Overall, the frame pairs
that this method selected were generally good as indicated in Table I,
rt?blt the total number of pairs produced was low.

V. FRAME SELECTION METHODS

In this section, we discuss three different methods for selecti
frame pairs to use with EpiDepth. For each method, we assume that
the algorithm is provided a stream of image frames with know|
camera poses. As new images arrive, the algorithms must prod
appropriate frame pairs that will be processed by EpiDepth. The
rst method uses a simple & strategy with no frame buffer.  To improve upon the rige frame selection method, the next
The second method uses a frame buffer and the extrinsic quabigproach uses the extrinsic quality metric as a heuristic along with a
metric as a heuristic. The third method is a data-driven approach thaiting frame buffer. The complete algorithm is given in Algorithm 2.
uses simulation to build a model of expected performance, and tHeach time a new framg; arrives, it is added to the buffer, which is
uses this model to predict which frames will be best. We use tlsearched in reverse to nd an acceptable match. For our experiments,
aforementioned simulated dataset as a common example to compegause a buffer size of 50 frames. After updating the buffer with the
the approaches. new frame and removing the oldest frame if the buffer is full, we

eHeuristic—Based Frame Selection Method
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Fig. 5. Frame pairs selected by theveamethod (a), the heuristic-based method (b), and the data-driven method (c) on the simulated dataset. The horizontal
axis shows the frame index (time), and the vertical axis shows the relative offset (back in time) of frames that were matched. Dots indicate frames that were
selected.

begin a loop to check each prior franie ; to see if it is good
enough. We rst check to make sure that the frames are far enough
apart to produce a good reconstruction. If so, we then continue to
evaluate the extrinsic quality metric for the frame pair. If the quality
g is above the thresholgnin , the frame paiff¢;f: i) is yielded to
EpiDepth and the search stops. The effect of this is that each frame
is matched with the most recent frame that would be an acceptable
match, as de ned by the distance and extrinsic quality metric.

This method results in a total of 592 frame pairs being selected,

which is many more than the v approach. The results shown

in Table | show that although the completeness was reduced, the

average RMSE-Log score was improved. The plot in Fig. 5b shows

the selected frame pairs, which now includes pairs that have a much

larger frame index offset. These “rising trails” can be explained by

the slowing motion of the UAV as it approaches each waypoint. As

the distance between successive frames decreases, the algorithm has

to search farther back in the buffer to nd an acceptable paring. The

effect is that the same frame may be used multiple times as an anchor

for several frame pairs. Fig. 6. Scatter plot of the RMSE-Log and completeness scores for all possible
frame pairs in the simulated dataset. The Pareto optimal set is shown in
orange, along with some example images. The weighted score for each point

C. Data-Driven Frame Selection Method is indicated by the color mapping, with the highest scoring pairs in bright
yellow and the lowest scoring pairs in dark blue.

The nal frame selection method seeks to improve upon both
the ndve and heuristic-based methods by utilizing the ground truth
provided by the simulated data set. Since each frame in the datasdie low, showing that the EpiDepth prediction is a close match to the
has a corresponding ground truth depth image, we can evalugteund truth. These two objectives are plotted in Fig. 6, which shows
the accuracy of any possible frame pair and compute several ertteg completeness and RMSE-Log values for all possible frame pairs.
metrics. Many of these metrics are described in Section 1V. Perhafise Pareto optimal set is highlighted in orange, spanning frame pairs
the most relevant for assessing the overall quality of reconstructitrat have very low error, but also low completeness, to pairs that have
are the completeness scores and the RMSE-Log values. We wohilgh completeness, but also high error. Between these two extremes
like for completeness to be high, indicating that a large part of tlewe frame pairs that result in a good balance of completeness and
image receives a depth prediction. We also want the RMSE-Log valeeor. We de ne a linear weighting of these two features that results



Algorithm 2 Heuristic Frame Selection Algorithm 3 Data-Driven Frame Selection

1: De ne N, dmin , andtmin 1: De ne N, dmin » Gmin » and Pmin

2: Initialize rolling frame bufferB 2: Initialize rolling frame bufferB

3: for each new framef; do 3: for each new framef; do

4: 4:

5. // Update the frame buffer 5. // Update the frame buffer

6: B.inserff;) 6: B.inserff;)

7 7

8: /I Find an acceptable frame to pair with 8: // Find an acceptable frame to pair with
90 fori=1toN do 9 fpest ?

10: 10:  Ppest 1

11: /I Check if far enough apart 11: fori=1toN do

12: d DisTAaNCE(f i;ft) 12:

13: if d<dmin then 13: /I Check if acceptable distance and EQ
14: continue 14: d DisTtance(f ;ft)

15: end if 15: q EXTRINSICQUALITY (fy j;f¢t)

16: 16: if d<dmin Orq<dmn then

17: /I Check if EQ is good enough 17 continue

18: g EXTRINSICQUALITY (fy i;f¢) 18: end if

19: if d Omin then 19:

20: yield (fo;f+) 20: /I Predict the quality of the frame pair
21: else 21: p PreDICT(f; i;f¢)

22: /I Stop looking for a pair withf; 22: if p>pPbest andp  pmin then

23: break 23: Poest P

24: end if 24: foest Tt i

25: 25: end if

26: end for 26:

27: 27:  end for

28: end for 28:

29: [/ Yield the best frame pair if one was found
30:  if fpest & ? then
3L yield (fpest; ft)
in an overall score, indicated by the color mapping. The best framg. anq if
pairs are plotted in bright yellow, and the worst pairs are plotted igs_
dark blue. :
34: end for
We next train train a neural network to predict the expected
overall score of any given frame pair based on the camera extrinsic
parameters. The input is formatted as the attened translation vectgy
and rotation matrices of the two camera poses. This is fed thro
two hidden layers of size 64 and 32 respectively, and a single out|

neuron with ReLU act_ivation functions. We train on 80% of th ain, the “rising trail’ pattern is caused by the UAV easing into each
available data (approximately 50,000 frames) for 1000 epachs a8ypoint and pausing, causing new frames to match farther back in

achieve an MSE loss of 0.4515 on the remaining test set. TR hyifer to an anchor frame that was far enough away to satisfy the
trained network is then used as part of the real-time data-driven frapg,imum distance requirement.

selection method.

average completeness was lower, but the RMSE-Log score was
best of all the methods. Fig. 5¢ shows a frame pair selection
tern similar to the heuristic-based approach, but slightly sparser.

The overall method for the data-driven approach is given in
Algorithm 3. The process is very similar to the heuristic-based
method, using a xed-size frame buffer and scanning through the
buffer to try and nd a match for each incoming frame. Instead of Ultimately, our goal is to generate accurate and high-quality 3D
using the rst acceptable frame, this method nds the frame in theeconstructions of an environment. As the UAV moves and generates
buffer that produces the best predicted score as evaluated by ahgequence of images, we select the best frames to use for SfM with
neural network. If this frame meets some minimum threshold arigpiDepth. Although each frame pair can be evaluated independently,
also satis es the distance and extrinsic metric requirements, the fraseme aspects of the problem are only observed after combining
pair is yielded to EpiDepth. Otherwise no pair is produced for thimultiple projections into a 3D map. We use UFOMap to aggregate
incoming frame. the 3D point clouds into a common hierarchical voxel space using

a probabilistic observation model. As more subsequent points are

The results of this method on the simulated dataset given in Tableldserved within a grid cell, the probability of occupancy increases,
show that 453 frame pairs were selected, which is fewer than tiwbereas observing free space between the camera and a projected
heuristic-based approach, but still many more than tfieenamethod. point decreases the value. The effect is that by utilizing multiple

VI. QUALITATIVE 3D ANALYSIS
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Fig. 7. UFOMap reconstructions of the simulated datset using the different frame selection methods. The path of the drone is shown as a yellow line, with

the look vector of each frame drawn in cyan. (a) Ground truth. (By&enethod. (c) Heuristic-based method. (d) Data-driven method.

updates to the map, small errors are averaged out, resulting inhat the data-driven and heuristic approaches using a frame buffer
more accurate and complete model. offer better results than the ‘wa method. These methods generate
more frame pairs, which can help average out any errors in the overall
The UFOMap reconstructions from the different frame selectiareconstruction.
methods on the simulated dataset are shown in Fig. 7. Here, we give a
qualitative assessment of the results by comparing each method to th®ur experiments with this simulated dataset showcased nearly
known ground truth. We observe that the ground truth reconstructiateal operating conditions, with very little sensor noise, and very
(Fig. 7a) is the most detailed, showing sharp edges on buildings amturate pose information. In real-world situations, these may become
individual trees. The reconstructions from the three frame selectisigni cant factors that in uence the frame selection algorithms.
methods (Fig. 7b, Fig. 7c, and Fig. 7d) are all very good, but withhe random ight pattern exhibited here was used to capture a
slightly less de nition than the ground truth. It is dif cult to nd broad distribution of all possible poses, but a focused study using
signi cant differences between them. Perhaps this is not unexpectadficipated movement behaviors could be insightful. For instance,
since the 3D projections all come from the same possible set ging in a zig-zag pattern could produce useful stereo pairs while
input images and differ only in which projections are added to ttsill moving forward towards a goal.
map. Since there is no noise in the simulated camera poses, the
reconstructions are all very accurate, although limited by the imageFuture efforts will focus on evaluating these frame selection algo-
features that can be detected with frame matching. A quantitatiithms on real data and introducing sensor noise into the simulated
analysis with additional experiments could reveal more differencdataset. While real datasets can be dif cult to score quantitatively
between the approaches. due to the lack of ground truth, simulated datasets can be be
used measure the quality of a 3D reconstruction. We have explored
several metrics for comparing voxel maps [8] and can decompose the
VII. CONCLUSIONS ANDFUTURE WORK analysis to focus on the reconstruction accuracy of different variables,
such as object type and range [9]. Ultimately, these frame selection
Selecting the best frames to use for SfM is an important part ofn&ethodfS are just one part Of a larger system th‘.at is subject to many
real-time 3D mapping system. The frame selection methods preserH@ ertainties, but by improving and understanding each component
here are suitable for use on a UAV system where pose informatior!"s et_a|l, we create a more rpbust and general system that can handle
available, but not necessarily controlled by the algorithm. We beliefevariety of real-world situations.
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