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Abstract

Depth estimation is an image translation problem that predicts depth maps for
a given camera image and has fostered research in various applications including
self-driving vehicles. Self-supervised depth estimation methods are of particular in-
terest since ground truth LIDAR depth is expensive to acquire and instead use view
synthesis as weaker supervision. Generally, the produced depth maps to date are
only point estimates of an underlying depth distribution due to randomness in model
training, resulting in noisy depth estimates that can propagate errors and lead to inac-
curate or fatal decisions in real-world applications. Recent interest has been sparked
in reducing such noise by modeling the uncertainty of depth estimates. Empirical
uncertainty strategies seek to predict uncertainty via statistical methods by treating
independent models as black box predictors. Of particular interest are predictive
strategies that seek to learn the inherent uncertainty of a depth model. For example,
student-teacher frameworks train one network to learn the depth output distribution
of another. Such methods are desirable due to the advantage of requiring fewer train-
ing and space resources compared to other empirical methods. In this work, we study
self-supervised depth models with a U-Net architecture that outputs depths at mul-
tiple scales. In particular, we explore a novel predictive uncertainty model that only
has access to these scales and the U-Net bottleneck feature. We evaluate and discuss
the novel method alongside other uncertainty strategies on the KITTI dataset.
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Chapter 1

Introduction

1.1 Monodepth: self-supervised monocular depth estimation

Figure 1.1:Monocular Depth Estimation, (Monodepth) is the problem of predicting pixel-wise
depth maps given a single camera image.

The problem of monocular depth estimation (monodepth) is to predict depth' finapsa
given camera image as shown in Figure 1.1. The underlying premise is that single images of an
indoor/outdoor 3D scene contain various depth cues (i.e. object spatial arrangement, textures)
that encode the distance from the camera i.e. depth. Furthermore, if camera images are col-
lected via video or as stereo image pairs, then motion parallax between frames or stereo parallax
respectively can give further depth cues.

The signi cance of this challenge is that pixel-wise depth maps are used to reconstruct and
understand the 3D environment at the time the camera image was taken. Knowing the distance
to an object and the geometry of the camera, allows a geometric approach to reconstructing the
3D scene. This task is particularly interesting for self-driving car applications [8].

However, ground truth depth points usually from LIDAR (Light Detection and Ranging)
hardware are expensive to acquire. To address this problem, many works use view synthe-
sis which is a geometry-based supervision. Sometimes called warping or reconstruction, this
pipeline takes a camera image of a 3D scene from one viewpoint (i.e. camera pose) and predicts
the image of the same scene for another viewpoint. For example, the KITTI dataset [4] offers
stereo camera image pairs as the two views. Another option is to collect monocular video, and

Depth maps from Convolutional Neural Networks (CNNs) usually olitpugirsedepths, which are then ipped
and clipped to a depth range. We use 0.1m to 80m as the minimum and maximum depth ranges.
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use different frames of time as the viewpoints [16]. The latter technique is called SfM (Struc-
ture from Motion) and involves using visual odometry to understand the transformation between
viewpoints.

1.2 Uncertainty for self-supervised depth estimates

Depth maps produced by monodepth models are point estimates, which have no basis on whether
they should be trusted [12]. The sources of noise in the depth map estimates come from noise
from the dataset (aleatoric) and model-inherent (epistemic) noises (e.g. from the randomness
in training/initializations). Given a xed camera image, there is an underlpingl-wisedepth

output distribution that depends on the randomness in model training.

Uncertainty is then de ned as the variation for depth prediction estimates along the output
depth distribution. The goal of the uncertainty task is to predict the variation in the depth esti-
mate, given the model and the camera image. The motivation for predicting uncertainty is that
points far from the mean are more likely to have higher depth errors in evaluation. Therefore, we
could improve the quality of depth estimates by predicting and then Itering the points with the
highest uncertainty. It is important to note that Predicting uncertainty for self-supervised depth
models is relatively new [11], whereas other works have predicted uncertainty for optical ow
[10].

Uncertainty estimation hypothesis. If predicted uncertainty suf ciently encodes errors,
we can improve depth accuracy by Itering the highest-uncertainty points. The importance of
understanding this problem is that in self-driving vehicles that rely on depth map point estimates,
high uncertainty in predictions can lead to fatal decisions. Furthermore, in robotics applications,
keeping the most certain points for successive downstream tasks is the desired approach.



Chapter 2

Related works

2.1 Self-supervised monodepth

Due to the high cost of LIDAR ground truth depths and ease of capturing many images via video,
much attention has been paid to self-supervised methods that use warping, or view synthesis
[1,3,5,6,7,8,9, 13, 15, 16], a geometric technique that can supervise depth by transforming
pixels in one camera image to another view. The nal result is a synthesized camera image in
another view/pose.

During training, a pair of imagels; | . from two different camera poses are offered either as
stereo camera pairs [3, 5], or as successive frames in avideo [6, 7, 13, 16]. The supervision signal
comes by using predicted depth ndyf I to transform (also called warping) pixg< |; into
the pose of thé., and then comparing the warped imdgeavith | . using photometric loss. This
is a window-based loss that penalizes structural differences of the two ifRagigameaning if
the same neighborhood of pixels for the two images have similar spatial arrangements, then the
loss contribution from that region is smaller. Photometric loss is de ned in terms of the Structural
Similarity (SSIM) and L1 loss ok; I :

1 SSIM(E;I . .
Lph0t0: 2 (e C)+(1 ) jﬁ(‘; Icja;

where is a relative weighting term.

2.1.1 View-synthesis pipeline

In the geometry-based view synthesis pipeline, pixels fiprmust be projected from pixel-
space to 3D space, an operation callegrojectionsince projection is used to denote the reverse
operation. The unprojection operationuses the predicted depth and the camera’s inverse
intrinsicsK 1, where the intrinsidk is a matrix used to project points onto the image of a
pinhole camera [13]K is determined by the focal lengtlfig; f, and pixel centec,; ¢, of the

camera geometry: 0 1
fy 0 c

K=@o f, ¢A
0 0 1



Figure 2.1: Model architecture for view synthesis. Given two camera images;; |, & is
synthesized fronh;, predicted deptld; of I;, and transformation between the viels .. Pho-
tometric losd. pnote cOMpares . andR, jointly supervisingd; andTy, . (if learned).

Once in 3D space iiy's camera reference frame, it is transformed {e camera reference
frame by either additionally predicting the transformation pdse. between the frames in 3D
space via a pose model that m&ps|.) 7! Ty . or calculating it based on odometry hardware.

In the case wheré;; 1. are from two separate and xed cameras (e.g. stereo, full-surround
rig [9]), camera extrinsics (the transformation from world to camera reference frame) are used
instead of predicting the transformation between them. Finally, the 3D pointsineference
frame is projected tb.'s camera via its intrinsick (often cameras are assumed to have identical
pinhole geometries). The last step to transform pixels to their nal location in the synthesized
image is called projection and denotedThe pipeline is summarized below:

1. Predict depth mag, from imagel using a depth network.

2. Unproject points as homogenous coordingteg u; v;1)in I; tol.'s 3D reference frame
usingd, and camera inverse intrinsis *:

(p;d) = dK '1e(p)
3. Transform 3D points(p; &) tol.'s camera reference frame.
P=Tuc (pd)

4. Project 3D points im's reference frame tb.'s camera with camera intrinsiés:

1 1
Bp) = (P)= P_KP = P_KTt! kK ¢(p)
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The prediction imagé& is compared with . using SSIM-based photometric loss.

It is important to note that due to the geometric grounding of the view synthesis pipeline, we
can generalize this process to datasets with stereo video, and even videos from multi-camera rigs.
Once unprojected via, we can chain transformations between camanabetween time frames
simultaneously (e.g. via an additional matrix multiplication step). A viewpoint is generalized to
any camera image at any time, and additional supervision comes from multiple photometric
losses from reconstructions between these viewpoints.

Even more surprising is that some works have shown that we can predict the camera intrinsics
K if unknown [1]. Furthermore, even with cameras without pinhole geometries (e.g. sh-eye
camera) or with unknown geometries, a method called NRS (Neural Ray Surfaces) [13] is used
to learn the unprojection and projection operatigns themselves.

During evaluation, the depth model is considered separately to make depth predictions for
single-camera images (monodepth).

2.1.2 Problems with monodepth

Photometric assumptions.There are a variety of assumptions made about the scene that when
broken, can affect the quality of depth estimates. One assumption is that the scene is rigid (no
dynamic objects) so that the car's ego-motion is the only moving component of the scene. Some
works have been able to address this limitation by predicting dynamic motion using optical ow
[1] and by masking dynamic objects completely [7]. Either way, the view synthesis pipeline
becomes increasingly complex. Another assumption is about how the scene objects re ect light.
non-Lambertian surfaces like mirrors or glass affect the pixel brightness differently, and depth
predictions for those objects are often incorrect, as shown in Figure 2.2.

Photometric loss.The tradeoff between ground-truth LIDAR points for self-supervised pho-
tometric loss is that the latter is a weaker training signal. Since photometric loss is based on
structural similarity of points around the same neighborhoods of the two pRotgesview syn-
thesis operations have more leniency with a less strict loss to warp all windows of the photo
correctly. Therefore, self-supervised depth estimates suffer reduced accuracy and are amenable
to possible post-processing.

Scale-ambiguity for monodepth. In the monodepth view synthesis pipeline as shown in
Figure 2.1, the units of scale for depth estimates are inherent to the model since nowhere are
metric units reinforced. Even the pose network estinfatg is not supervised with metric units
(unless ground-truth pose from odometry is used). In other words, there is some freedom with
what scale the network learns to predict depth; such methods that don't constrain the depth scale
are called scale-ambiguous. When depth estimates are in a metric scale, (when metric units enter
the pipeline through known, xed camera extrinsic(s) e.g. in stereo, FSM), such methods are
called scale-aware.

There are ways to alleviate scale-ambiguity. Median-scaling [14] is a method to at least match
the median depth of the estimatewith the median depth of ground truth: simply multiply
ground truth estimates by a scale factor:

mediand ) .

dscaled -
t median(d;) ’

t

5



Another such method is mean-scaling, where the scale factoeasn@d )=mean(d;).

Still, ground truth depths are required to perform median-scaling, and even with median-
scaled estimates, the model may still output different depth distributions than the ground truth
distribution.

3D reconstructions. With accurate depth estimates, reconstructing the scene in 3D can still
reveal “ ying points”, where the estimated depth at that pixel does not unproject it to the correct
object as shown in Figure 2.3. In essence, this reveals the problem of depth estimates along
object boundaries. Without additional processing or semantic segmentation, such boundaries
present problems without explicit handling. Some works add a smoothness loss to penalize
depth gradients where image sharpness decreases with an “edge-aware” term [5, 6, 13, 15, 16].
Still, recognizing and explicitly handling such points is of crucial importance when the depth
network is provided as a black box for downstream applications.

Figure 2.2:Depth predictions on non-Lambertian surfaces.The depth map estimate (bottom)

for the camera image (top) shows that depth estimates are inaccurate for the front window (a
non-Lambertian surface) of the vehicle, which illustrates a common failure case of monodepth:
when photometric assumptions on which the view synthesis pipeline depend are broken.



Figure 2.3:Flying points in 3D reconstruction. Flying points in the reconstruction (right) can
be seen corresponding to the boundary of the vehicle (top left). depth map is shown bottom left.

2.2 Predictive Uncertainty

2.2.1 Black box and gray box uncertainty estimation

Black Box Uncertainty Estimation (BBUE) strategies only have access to the model as a black
box. An example of a BBUE strategy is to perturb the input image and observe the change in
output depth. Some perturbatidn(rotation, ip, translation, etc.) is applied to input, fed

into the modeM , then the inverse transformatidn * is applied to the outpu¥ (T (x)). Many
observation§(T, * M T,)(x)gl\, made by randomizing the perturbatiohscan be made this

way. Then uncertainty is taken as the variance along the nal outputs.$tdhservations cost

N forward passes of the same model wittrandom transformatiorig; T, *.

Gray Box Uncertainty Estimation (GBUE) strategies - such as injecting noise into model
features and dropout sampling - have access to intermediate layers of the network (but not the
parameters). Through this intermediate access, we can create random perturbations in a single
forward pass to create the observations for statistical variance.

Feature noise During a forward pass for depth estimation, Gaussian noise is added to the
feature maps of the network's intermediate layers. In this case, each depth observation costs one
forward pass, and uncertainty is again taken as the variance among the nal depth outputs.

Dropout sampling. Like GBUE strategies, dropout sampling randomly affects a set of in-
termediate layers (sometimes just the nal convolutional layer). The effect on these layers is
to randomly zero out the value of certain neurons for each forward pass, as shown in Figure
2.4. Dropping a set of neurons in a forward pass forms one depth observation, so this process is
repeatedN times forN observations.



Figure 2.4:Dropout sampling Using random dropout to zero out certain neurons. Uncertainty
is taken as variance across N independent dropout forward passes wiantieenodel after
training.

2.2.2 Learning uncertainty

Self-teaching. The fundamental limitation of empirical, black box, and grey-box uncertainty
estimation strategies is that they requieforward passes (one for each observation). Another
class of uncertainty estimation strategies, called learning or predictive uncertainty strategies,
seeks to learn the uncertainty of the depth network itself with another neural network. In general,
such strategies only train a network once and require only one set of models and one forward pass
without any perturbations.

Poggi et. al. [11] reformulates the student-teacher framework, whereby one model (student)
learns the output of another (teacher) for monodepth estimation. They call their framework self-
teaching since the student network is architecturally identical to the teacher network. Assume
that givena xed input imagel, a “teacher” depth networfl has an output depth mag:
with an underlying pixel-wise distribution (assumed to be Laplacian). The “student” uncertainty
networkS estimates the mean and standard deviati@); (ds) of this distribution given
(Figure 2.5). It is important to note th&ts parameter estimateqds); (ds) are parameterized
by the input. In other wordsS is learning to predicT 's output distribution for any given input
image.

Student networlS is trained to output the most probable parametdds); (ds) for di's
distribution given the data (input camera imdge The formulation is the same as Maximum
Likelihood Estimation (MLE), which nds the most probable parameters of some distribution

8



Figure 2.5:Self-teaching.An uncertainty networls learns to predict parameters for the output
distribution of a depth networK, for any input imagé . The losd_s.; that supervises training
for networkS takesdy; (ds), and (ds).

family, given some xed data/observations. Assuming a Laplacian distributinm, [10], S is
trained via minimizing the Negative Log-Likelihood, equivalently minimizing the loss:

_ ] (ds) dij

Lser = (ds) +log (ds): (2.1)

2.3 Empirical uncertainty

Empirical methods use many models as black box predictors and use the mean and variance
of the predictions to form parameter estimates of the depth distribution. We will describe two

methods that we use: bootstrap ensembles and snapshot ensembles [11].

2.3.1 Bootstrap ensembles

One straightforward way to use black box models, is thhiimdependent depth networks. The

uncertainty is de ned as the variance of the independent depth estimates on a single image 2.6.

However, this method requires training and storbhgndependent models and performihg
forward passes, which is time and resource intensive.

!Assuming a Gaussian distribution fdy, L2 loss instead of L1 is used in the negative log-likelihood minimiza-
tion formula (Equation 2.1).



Figure 2.6:Bootstrap ensembleslsing variance across bootstrap ensembles as uncertainty.

2.3.2 Snapshot ensembles

Training N independent models is resource and time intensive. Instead, snapshot ensembles

[11] trains a single depth network under a cyclic learning rate throughout trdinTitge model

weights are saved as a single snapshot whenever the learning rate hits its lower bound. The un-
certainty is de ned as the variance across depth estimates of these snapshots, as shown in Figure
2.7. It is important to note that statistical independence between snapshots is an approximation

since only a single training cycle is run instead\bf Still, N forward passes are needed.

2As a technical detail, the learning rate scheduler updates every batch instead of every epoch.

10



Figure 2.7: Snapshot ensembles.Using variance across snapshot ensembles as uncertainty.
Snapshots of the model are taken at low points of a cyclic learning rate throughout a single
training session.
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Chapter 3

Predicting Uncertainty with Depth Scales

Figure 3.1:Basic ScaleDecoder architectureThe ScaleDecoder (bottom) takes the four depth
scales of the depth decoder (top) and the U-Net bottlenet to predict param@eys (ds) for
dr's underlying distribution for the given input camera imdgeThe depth scales are concate-
nated with the decoder's previous layer.

3.1 Uncertainty from depth scales

So far we have talked about depth networks for monodepth in general. In this work, we focus on
a modi ed Monodepth2 [6] U-Net architecture with skip connections and a ResNet18 backbone
as shown in Figure 3.2.

13



Figure 3.2:Basic depth U-Net architecture. The ScaleDecoder (bottom) takes the four depth
scales of the depth decoder (top) and the U-Net bottlenet to predict param@ers (ds) for
dr's underlying distribution for the given input camera imdge

Scale.Similar to how snapshot ensembles trade off the model independence assumption for
more ef cient training, we can treat each scale outduti 2 [4] as a single prediction. This
approach further loosens our approximation of independence. Here, uncertainty is de ned as the
variance across the scaldslg®, . This uncertainty strategy needs only one training cycle and
one forward pass to get all scales.

One issue with taking the variance across depth scales as the uncertainty (Section 3.1), is
that each scale is twice the resolution of the previous (scale$H=8;, W=8), (H=4; W=4),
(H=2; W=2), and(H; W), where(H; W) are the dimensions of the input camera imageThis
causes high-frequency noise in the variance as shown in Figure 3.3b.

However, the variance across depth scales (Figure 3.3b) seem to highlight the failure cases
for monodepth for 3D reconstruction (Subsection 2.1.2). Not only do the boundaries of static and
dynamic objects like cars have high variance, but regions such as the sky also have high variance
among the scales.

14



(a) Camera image (b) Variance across depth scales

Figure 3.3:Scale noise.Uncertainty from variance across depth scales reveals high-frequency
noise.

3.2 Predictive uncertainty from depth scales: novel ScaleDe-
coder

ScaleDecoder. As seen in thescalestrategy, variance across depth scales seem to highlight
failure cases for monodepth (e.g. inaccurate depths for object boundaries, “sky” points of in nite
depth, etc.), yet contain high-frequency noise and artifacts that must be further processed. We
propose a novel ScaleDecoder (Figure 3.1) to processes the U-Net bottleneck and the depth scales
to produce parameter estimatesdgs depth distribution: (d); (d).

ScaleDecoder HypothesisWe hypothesize that the depth decoder scales and U-Net bot-
tleneck feature has suf cient information to learn the depth networks output distribution. The
distribution parameter (d) is taken as the uncertainty and is evaluated for how well it encodes
the depth errors. The details of uncertainty evaluation is described in 4.1.2.

Like the self-teaching method from Poggi et. al. [11] (Section 2.2.2), ScaleDecoder only
needs to train for a single training cycle. Producing an uncertainty estimate is only a single
forward pass. Furthermore, ScaleDecoder is only “one-half” of a U-Net (the decoder), requiring
fewer resources to store and compute.

3.3 ScaleDecoder variants

To further understand how parts of ScaleDecoder contribute to its depth and uncertainty perfor-
mance, we create variants in the training scheme, nal network nonlinearity, and the number of
uncertainty scales to output by ScaleDecoder.
Training scheme.

(a) Teach- trained and frozen depth network, only uncertainty network learns.

(b) Detach— depth and uncertainty networks learn together, but uncertainty gradients do not
backpropogate to depth network.
(c) Joint- depth and uncertainty network learn together, all gradients backpropogate.

Final network nonlinearity. As in Poggi et. al. [11], the uncertainty network predictg (d)
instead of (d) since itis more numerical stable and always results in posi{jdg by exponenti-
ation. However, the range of the non-linearity used to prddget (d) determines the bounds for

The variance is taken after “nearest’-interpolation of all scales to the highest resolution.
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(d). We try two different methods: the default network predlots (d) as a xed or learnable
transformation of the nal nonlinearitianh:

(a) Default-log (d)y=6tanh( ) 3.

(b) Adaptive-log (d) = atanh( ) b, wherea;bare trainable, network parameters.
Number of output uncertainty scales.
(a) Default- ScaleDecoder outputs distribution parameters at a single s@djle (d).

(b) Multi-scale- ScaleDecoder outputs distribution parameters at four scalgsl); 1(d),
2(d), 2(d), ; a(d); 4(d).

16



Chapter 4

Experimental Results

4.1 Metrics

In our evaluations, we report uncertainty metrics for predictive uncertainty methods (ScaleDe-
coder variants) and empirical uncertainty methods (bootstrap ensembles, snapshot ensembles,
and depth scales). In the depth metrics, we are evaluating the estimated mean(dgfribm

the uncertainty strategy, not the original depth network. In the uncertainty metrics, we are eval-
uating the uncertainty de ned for each method. Empirical strategies will use the variance across
observations as the uncertainty, while predictive strategies will use the estimated distribution
parameter (d). The desired performance for an ideal uncertainty strategy is that it produces
distribution parameters(d) well enough to outperform the original depth network in the mon-
odepth task [11] and(d) well enough to accurately encode depth errors (Subsection 4.1.2).

4.1.1 Depth Metrics

For evaluation, LIDAR ground truth depth mdpis compared against the predicted depth map

d; only on valid ground-truth LIDAR pixel$. Table 4.1 shows the de nitions for the metrics
AbsRel (Absolute Relative), SqRel (Squared Relative), RMSE (Root Mean Squared Error), and
RMSE .y (Root Mean Squared of Log Error). During the model evaluation, these instance
metrics are averaged over the entire KITTI Eigen test split [2].

So far, we have only looked at scale-variant metrics, in that the metrics depend on the scale
learned by a monodepth network. We can partially address this problem by median-scaling the
depth predictions by ground truth (Section 2.1.After median-scaling, the maximum scale
factor between predictiod and ground trutltk is de ned as = max(di=d ;d =d). Then we
can evaluate a depth map for scale accuracy as well. The notatiorrepresents the percentage
of pixels p that have predicted depth(p) within a maximum scale factor af with respect to
ground truthd (p) (% < % < ¢). In self-supervised depth estimation literaturés chosen as

d
1:25; 1:2%; and 1:25° for three accuracy metrics.
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AbsRe# SqRe# RMSE# RMSE,y #

id d i P g ajz 9 7P— — 4P — -
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(a) Evaluation error metrics.
< 125" < 125" < 125"

max(§-; §) < 125 max(@; §) < 128 max($; §) < 1:25°

(b) Accuracy scale metrics.

Table 4.1:Depth metrics' de nitions.

4.1.2 Uncertainty metrics

The principle concern in evaluating uncertainty is the lack of “ground-truth uncertainty” as a
basis. Predictive uncertainty models are trained to predict the mehrand standard deviation

(d) of the output distribution of a depth network. Furthermore, regions of the image that have
high variance of depth distribution also tend to have greater expected error with respect to ground
truth depthd . We can thus evaluate uncertainty by measuring how well predicted uncertainty
encodes the depth errors. In some sense, we want the pixels ordered by largest uncertainty to
roughly match the pixels ordered by largest error. We quantify “roughly matching” these pixel
orders via sparsi cation-based metrics AUSE and AURG [10, 11] as described below.

Sparsi cation. LetP = fp: p 2 dig be the set of pixels in a depth map estimate. Let

:P(P)! R be some error metric (e.g. RMSE, AbsRel, or any metric from Table 4.1) that
gives a scalar value on any subset of points fl®@mLet ord be an ordering on the pixels (e.qg.
ordered by decreasing(d)). Let ord[s] denote the set of remaining pixélswhens 2 [0; 1]
fraction of the highestrd pixels are removed (e.@rd[0] = P; ord[1] = ?). The sparsi cation
plot of some chosen pixel orderd (e.g.ord = decreasing (d)) is a measure of howevolves
onord[s]ass! 1fromO.

Note that in the ideal case, the pixel order givendry is the same as the single pixels
ordered by, so the sparsi cation plot is non-increasing. In the implementation, we iteratively
(a) remove a constant fraction of the highesd-ordered pixels (e.g. 2%), (b) plot erroover
the remaining set of points, and (c) repeat until no points are left.

Model sparsi cation. Given an error metric : P(P) ! R and a model's uncertainty
estimate (d) as the ordeord. The sparsi cation plot for that model is a function ofy-axis)
on (d)[s]ass! 1from O (x-axis). The blue line plot in Figure 4.1a is an example of model
sparsi cation.

Oracle sparsi cation. Given an error metric : P(P) ! R, let the ordeiord be the order
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on single pixels. The oracle sparsi cation is the ideal sparsi cation since we remove points by

the highest error rst. The green line plot in Figure 4.1a is an example of oracle sparsi cation.
Random sparsi cation. Given an error metric: P(P) ! R, let the ordeord be arandom

order on single pixels. The random sparsi cation is the weakest (expected to be a straight line

ass! 1from 0) since we remove points in random order when plottit@d[s]). The red line

plot in Figure 4.1ais an example of random sparsi cation.

(a) Example sparsi cation plots. (b) Example sparsi cation errors.

Figure 4.1:Example sparsi cation plot and errors. In (a), the green line (bottom) is the oracle

sparsi cation, blue (middle) is the method sparsi cation, and red (top) is the random sparsi -
cation. In (b), the blue (bottom) model sparsi cation errors and red (top) random sparsi cation
errors result from subtracting the oracle sparsi cation plot from the respective sparsi cation plot.

Sparsi cation Error . To understand how well some pixel order matches the error order, the
model sparsi cation plot needs to be compared with the oracle sparsi cation. We can quantify
this via sparsi cation error: the sparsi cation plot in question minus the oracle sparsi cation,
as shown in Figure 4.1b. When a sparsi cation error is closer to the x-axis, it's corresponding
sparsi cation plot is closer to the oracle.

AUSE# To quantify “closeness to the oracle”, we integrate the area between the sparsi cation
plot in question and the oracle sparsi cation plot (illustrated in Figure 4.2a). Equivalently, we
can integrate the area between the x-axis and the sparsi cation called Area Under Spar-
si cation Error (AUSE). The closer AUSE is to 0, the closer the model sparsi cation is to the
oracle, and the better th€d) uncertainty order encodes the depth errors.

AURG" We can also use random sparsi cation as another boundary for evaluating model
sparsi cation. A random pixel order is the most uncorrelated with the depth order, and we would
like to see how much better than random order is the order from the predicted uncertainty. The
Area Under Random Gain (AURG) is the area between the random and model sparsi cation plots

19



(a) Example AUSE illustrated. (b) Example AURG illustrated.

Figure 4.2:Example AUSE, AURG illustrated.

(illustrated in Figure 4.2b), or equivalently, the area between the random and model sparsi cation
errors. Pixel orderings that more closely match the error order have larger AURG since the model
sparsi cation plots are closer to the oracle and thus farther from random sparsi cation.

The key takeaway is that given an uncertainty estimétg and depth errors, the AUZE=ANd
AURG" metrics tell us how well the uncertainty encodes errors.

4.2 Data

(a) Input image. (b) Ground truth LIDAR.

Figure 4.3: Input image (a) and Ground truth LIDAR (b) used for Figure 4.4.
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