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Abstract

Depth estimation is an essential component of vari-
ous systems, with applications in scene understanding, au-
tonomous driving, and medical imaging. Given the safety
critical nature of many of these tasks, we ask the following
question: can we develop a model that can produce per-
pixel depth estimates as well as per-pixel measures of un-
certainty? In this work, we present three methods that pro-
duce depth estimates with uncertainty: ENSEMBLEDEPTH,
DROPOUTDEPTH, and AUGMENTDEPTH. Overall, we
found that all three methods were competitive in RMSE
with the model trained in Monodepth2||13|] (RMSE 4.863),
e.g. ENSEMBLEDEPTH had an RMSE as low as 4.666,
outperforming this baseline. We examine model uncer-
tainty outputs qualitatively and quantitatively, and notice
that larger values of model uncertainty often correlate with
model errors or qualitatively difficult sections of a scene.
DROPOUTDEPTH in particular had the largest correlation
between per-pixel model uncertainty and RMSE model er-
ror.

1. Introduction

Depth estimation is a task in which we infer a dense
depth map from one or more input images. As depth in-
formation conveys fundamental information about the 3D
structure of scene, it is widely used in various tasks includ-
ing autonomous driving, scene reconstruction, motion es-
timation, augmented reality, and medical imaging. While
conventional methods utilize devices like RGB-D cameras,
radar, or LIDAR to estimate depth information, recent stud-
ies aim to extract depth information from simple 2D images.

Collecting ground truth depth data for training super-
vised learning models can be non-trivial and expensive. As
such, recent works have focused on self-supervised monoc-
ular depth estimation with synchronized stereo pairs or
monocular video. These methods aim to produce depth
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maps with stereo matching of stereo pairs and/or estima-
tion of the ego-motion between temporal image pairs. De-
spite its challenging nature due to the lack of ground truth
depth labels, these approaches have produced promising re-
sults in recent literature [13]]. In this paper, we extend these
methods by exploring self-supervised learning approaches
to monocular depth estimation that also produce per-pixel
measures of uncertainty.

2. Related Work

We review models for self-supervised depth estimation
that do not require dense depth labels at training time. We
also review various methods for assessing model uncer-
tainty in deep learning models.

2.1. Self-supervised Depth Estimation

Without a ground-truth label for depth values, self-
supervised methods leverage image reprojection during
training. Using the estimated depth map, these models
project the given image to its reprojection pair and aim to
minimize the image reconstruction error. This image repro-
jection is usually done with stereo pairs of a given scene or
monocular image sequences (i.e. monocular videos).

2.1.1 Stereo Depth Estimation

Stereo pair images consist of two views of a given scene
side by side. A self-supervised stereo depth estimation
model can be trained on stereo pairs of images to estimate
the disparity map between the left and the right image.
Then, this disparity map is leveraged to compute the re-
projected (synthesized) left image from the right image (or
vice versa), and the model is trained with the reprojection
error. At inference time, the depth can be computed by scal-
ing the reciprocal of the disparity values. Garg et al. [11]
proposed a model architecture for continuous disparity es-
timation, and added a smoothness loss term to improve the
continuities of the disparity map. Monodepth [[14] extended
this work by introducing an additional term for left-right
depth consistency, reporting successful results comparable



to other supervised methods. Other papers expanded upon
this work in various ways, such as adding an additional con-
sistency term with trinocular assumptions [22] and using
deep generative models [2} 20, [19] for stereo image recon-
struction.

2.1.2 Monocular Depth Estimation

Monocular depth estimation methods seek to estimate the
depth map and optionally the ego-motion between tempo-
ral image pairs. Similar to self-supervised stereo methods,
they are trained by the image reprojection error. Often,
these models have both depth networks and pose networks
to jointly learn to estimate depth values and relative pose
change caused by moving cameras [32].

State-of-the-art monocular methods have reported simi-
lar performance to self-supervised stereo methods by con-
straining estimated depth values with predicted surface nor-
mals [30]], enforcing edge consistency [29], or introducing
a geometry-based loss for temporal depth consistency with
point-cloud alignment [17]. Monodepth2 [13] proposed a
set of improvements for robust computation for reprojection
loss in monocular depth estimation, including a) a minimum
reprojection loss that can robustly handle occlusions, b) a
multi-scale sampling method for loss computation, and c) a
binary per-pixel mask to exclude pixels that violate camera
motion assumptions during training.

Recent works also focus on leveraging semantic seg-
mentation to improve monocular depth estimation results.
Specifically, Ramirez et al. [23] used an additional decoder
for semantic segmentation to improve smoothness of the
predicted disparity map, where as Chen et al. [4] introduced
a semantic consistency term with semantic segmentation for
region-aware depth estimation.

2.2. Estimating Model Uncertainty

Various methods have been proposed to represent model
uncertainty in neural networks. Bayesian neural networks
[L6l 5] (BNN) are a well known approach to assessing
model uncertainty. In BNN, instead of training for fixed
weights in each layer, we aim to train weights and biases
with a probability distribution. Various works showed that
Bayesian neural networks can handle overfitting problems
by extending standard networks with posterior inference
[15].

One popular approach for representing model uncer-
tainty is the usage of Monte Carlo (MC) dropout layers. Gal
et al. [10] leveraged dropout layers during both training and
inference time (also known as Monte Carlo (MC) dropout
layers) as a regularization term to estimate the prediction
uncertainty. During training time, dropout randomly drops
some units of the neural network model to avoid them from
overfitting. During test time, dropout layers randomly drop

some units as well, resulting in a set of predictions with
which we can estimate an approximate distribution and un-
certainty. Several papers extended this work in different di-
rections, particularly in vision-related tasks. Wang et al.
[27] proposed a test-time augmentation-based uncertainty
estimation to analyze the effect of different transformations
of the input image on the segmentation output. Nair et al.
[18] applied the MC dropout layers to compute different
kinds of uncertainties.

Another intuitive yet powerful method for uncertainty
quantification is using model ensembles. Unlike data aug-
mentation or dropout methods, in an ensemble approach we
train separate models and combine them at inference time.
Abdar et al. [1] note that ensemble models can improve per-
formance while also enabling us to estimate a distribution of
predictions.

Finally, there is some prior work focused on estimating
uncertainty for depth estimation in particular. [21]] applies
some of the previously mentioned techniques to depth esti-
mation, including dropout sampling and ensembles.

3. Technical Approach

We have two main goals in this work. First, we will
implement a self-supervised training algorithm for a neu-
ral network that predicts pixelwise depth maps. Second, we
will evaluate various methods to produce measures of un-
certainty. These methods will compute a per-pixel depth
value (usually expressed as mean of a set of inferences) as
well as a per-pixel uncertainty (usually expressed as vari-
ance). Then, we will evaluate these methods qualitatively
(i.e. do regions of high uncertainty correlate with challeng-
ing sections of the input image?) and quantitatively (i.e.
standard metrics of regression performance like RMSE, and
whether high uncertainty correlates with regression error).

3.1. Datasets

For training, we will rely on the well-known KITTI
dataset [[12]. This dataset contains depth labels which can
be used for quantitative evaluation, though the labels will
be ignored during training as we leverage self-supervised
depth estimation models. For evaluation, we use the KITTI-
Eigen evaluation split, which is a common benchmark intro-
duced in [9]].

3.2. Evaluation

For evaluation, we will rely on similar metrics that are
used in Casser et al. [3]. Consider an M x N RGB image.
Let D;; represent the ground truth depth value at the pixel
indexed at the i-th row and j-th column. Let ﬁij represent
the predicted depth value. We computed the following per-
image metrics on the evaluation set:
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3.3. Self supervised depth estimation

For our self-supervised training procedure, we will adopt
the training scheme described in Zhao et al. [31]], Section
B. We set up the learning problem by training a network to
predict the appearance of a target image from the viewpoint
of another image.

Instead of using labels to train, we will leverage the ge-
ometric constraints between consecutive frames, based on
projection. Let T;_,4 denote the relative pose for each
source view I with respect to a target image ;. The model
will predict a depth map D, that minimizes the photometric
reprojection error L, where

Lp = Zpe(Italt’—M)a
tl
and
Iy = Iy <proj(Dy, Ty, K)>.

Here, pe is the photometric reconstruction error, proj() are
the 2D coordinates of the projected depths D, in I;; and
<> is the sampling operator. Following [3], we use L1 and
SSIM to define the photometric reconstruction error:

o
pe(Ily, Iy) = 5(1 — SSIM(1,,, Ip)) + (1 — ) ||I, — Ip||1-

As proposed in [28]], the structural similarity index
(SSIM) is calculated as follows for two N x NN images x
and y:

(2ugmuy + ¢1)(204y + ¢2)
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SSIM (z,y) =

Here, fi, is the mean of x, 1, is the mean of y, o2 is the
variance of z, 05 is the variance of ¥, 0., is the covariance
of x,y. Also, ¢; = (k1L)?, ca = (koL)?, L is the dynamic
range of the pixel values. The constants used are k; = 0.01,
ko = 0.03, o = 0.85, which was used in [13]].

Lastly, to improve the smoothness of the depth map, we
leverage the smoothness term proposed in [14]. Since there
are infinitely many possible depth values that can correctly
reconstruct the novel view, this edge-aware smooth term is
important in training due to this ambiguous nature of self-
supervised depth estimation. The smoothness error is de-
fined as the following:

L = |0ad] ™17 4 0, d7 | 7011,

where di = d;/d; is the mean-normalized inverse depth,
and 0., 9, denote the image gradients.

Finally, the combined training loss can be defined as the
weighted sum of the photometric loss and the smoothness
loss:

L =pLy,+ AL,.

We define p as a binary per-pixel mask to only include
the loss of pixels in which the reprojection error of the re-
constructed image I;-_,; is lower than that of the original,
by defining p as [mingy pe(Iy, Iy —¢) < ming pe(Iy, I7)].
We used a value of 0.001 for A, as in [[13].

3.4. Model Architecture

For the architecture, we will use the well known fully-
convolutional U-Net [24]] to predict depth with a ResNet18
backbone pretrained on ImageNet. As done in Godard et al.
[13], we will also use a separate pose network to estimate
transformation between poses of a pair of frames, which
also uses a ResNet18 backbone.

This produces a depth map like the one shown below:

Figure 1. Row 1: Example pixelwise depth map. Row 2: Example
pixelwise variance map. Row 3: Input image. This is an example
result from ENSEMBLEDEPTH.

3.5. Uncertainty estimation

We will evaluate three different approaches to uncertainty
estimation: ENSEMBLEDEPTH, DROPOUTDEPTH, and
AUGMENTDEPTH. All of the below methods are trained
with PyTorch, for 20 epochs with batch size 11. We use a
learning rate of 10~* for the first 15 epochs, and 10~° for
the remaining 5 epochs, which was also used in [[13]. We



also use the same augmentations as [13]], namely horizontal
flips, random brightness, contrast, saturation, and hue jitter
with respective ranges of +0.2, £0.2, 0.2, and £0.1. All
images have resolutions 640 x 192.

3.5.1 ENSEMBLEDEPTH

Training time. At training time, we will train N = 3 mod-
els for 20 epochs on KITTL.

Inference time. At inference time, we will run one infer-
ence of each of the NV models and compute the mean and
variance of the pixel depth prediction.

In Algorithm 1 and all of the below pseudocode listings,
GetMean and GetVariance are functions that accept a list of
predictions, each of the same dimensions of the input image
resolution, and compute the per-pixel mean and variance.

Algorithm 1 EnsembleDepth: Uncertainty via ensemble

1: procedure ENSEMBLEDEPTH(/, N)

2: Predictions <+ []

3 foriin[1..M] do

4 M <+ GetModel(i)

5 D; < M.Inference(I)
6: Predictions.append(D);)
7
8
9

MeanDepth <— GetMean(Predictions)
VarDepth < GetVariance(Predictions)
return MeanDepth, VarDepth

3.5.2 DROPOUTDEPTH

Training time. At training time, we train a single model
with dropout p = 0.1 for 20 epochs on KITTI. In this set-
ting, it is important that we train the model with dropout
[25)]. We added a dropout layer after each convolutional
layer of the depth decoder, resulting in 10 dropout layers.
Inference time. At inference time, we will run NV infer-
ences of the model with dropout p = 0.1, and compute
mean and variance statistics.

Algorithm 2 DropoutDepth:
dropout
1: procedure DROPOUTDEPTH(/, N, p)
2: Predictions < []
M < InitDropoutModel(p)
foriin [1..N] do
D; < M.Inference(I)
Predictions.append(D;)
MeanDepth < GetMean(Predictions)
VarDepth < GetVariance(Predictions)
return MeanDepth, VarDepth

Uncertainty via model

R A

3.5.3 AUGMENTDEPTH

Training time. At training time, we train a single model for
20 epochs on KITTI.
Inference time. We apply each of the following transforms:

* The identity
* Horizontal flip

* Random color jitter #1 with max brightness = 0.25,
max contrast = 0.25, max saturation = 0.25, max hue =
0.25.

* Random color jitter #2 with max brightness = 0.25,
max contrast = 0.25, max saturation = 0.25, max hue =
0.25.

¢ Gaussian blur with 3 x 3 kernels, standard deviations
of 0.1.

¢ Gaussian blur with 5 x 5 kernels, standard deviations
of 0.1.

We run N = 6 inferences of the model and compute
mean and variance statistics. After some initial experimen-
tation, we found that it was important to only use augmen-
tations that preserved the realism of the scene. For example
vertical flips are unsuitable because the sky ends up on the
ground, which is not a realistic scenario represented in the
dataset. Similarly, color jittering with an intensity that was
too large decreased the quality of the predictions.

Algorithm 3 AugmentDepth: Uncertainty via data aug-
mentation
1: procedure AUGMENTDEPTH(/, V)
2: Predictions < []
3 M <« InitModel()
4 A < InitRandomAugmentations()
5: foriin [1..N] do
6: I < A.RandomAugment(/)
7
8
9

D; < M.Inference(/ug)
Predictions.append(D;)
: MeanDepth < GetMean(Predictions)
10: VarDepth < GetVariance(Predictions)
11: return MeanDepth, VarDepth

4. Results and Evaluation
4.1. Qualitative Analysis

In Figures[2] [3] and [} we provide side by side outputs
of each method on the same frame. Qualitatively, we notice
a few patterns. Firstly, the mean depth predictions of all
of the models are relatively accurate. This is also corrob-
orated in the metrics section below, where we observe that



Figure 2. Inferences on 2011.10_03-2011-10_03_drive_0047_sync. From leftmost column to right columns, the algorithms used are
ENSEMBLEDEPTH, DROPOUTDEPTH, and AUGMENTDEPTH. Row 1: mean per-pixel depth, Row 2: variance of depth (uncertainty).

Figure 3. Inferences on 2011.09_26-2011.09_26_drive_0084_sync. From leftmost column to right columns, the algorithms used are
ENSEMBLEDEPTH, DROPOUTDEPTH, and AUGMENTDEPTH. Row 1: mean per-pixel depth, Row 2: variance of depth (uncertainty).

EnsembleDepth DropoutDepth AugmentDepth
row 1: mean depth, row 1: mean depth, row 1: mean depth,

row 2: variance of depth, row 2: variance of depth, row 2: variance of depth,
row 3: input image row 3: input image row 3: input image

Figure 4. Inferences on 2011.09_26-2011.09_26_drive_0052_sync. From leftmost column to right columns, the algorithms used are
ENSEMBLEDEPTH, DROPOUTDEPTH, and AUGMENTDEPTH. Row 1: mean per-pixel depth, Row 2: variance of depth (uncertainty).



each model performs similarly to the Monodepth2 baseline.
Looking at the variance, we observe that all models produce
higher uncertainty around object boundaries. This is intu-
itive, since there may be uncertainty about exactly where an
object begins and ends in the input image.

We observe that DROPOUTDEPTH appears the noisiest,
while ENSEMBLEDEPTH and AUGMENTDEPTH output rel-
atively smooth uncertainty maps. This could be attributed to
the increased stochasticity of DROPOUTDEPTH. ENSEM-
BLEDEPTH has a higher variance overall than AUGMENT-
DEPTH. This indicates there is more variability in model
outputs across different models trained on the same data
than in model outputs from the same model with augmenta-
tions applied to the input.

Focusing on the red car in the middle of the frame in
Figure [2] we notice that the shape of the uncertainty map
surrounding it takes the following shape: M. This makes
sense, as opposed to a square shape, because there is greater
uncertainty in depth when the boundary shifts to regions
other than the ground. For example, moving a slight amount
from the top of the car to the sky will result in a very large
variance shift, since the sky has effectively infinite depth
(due to lack of objects).

Examining the region containing the signs on the right
side of Figure [3] we notice that all three methods produce
the greatest uncertainty in that area. Looking closer, all
three models appear to produce incorrect depth values for
the white sign below the stop sign. This is an interest-
ing scenario where high uncertainty indicated by the un-
certainty map does correlate with model errors.

Finally, looking at Figure @] we notice that
AUGMENTDEPTH and ENSEMBLEDEPTH produce
high uncertainty on the large vehicle on the right. The
right side of Figure [3|also has a region with relatively high
uncertainty. A possible explanation for this is that it is
more difficult for the pose network to predict a transform
between consecutive frames when objects go in and out
of view (for example, transitioning from being out of the
frame to being inside the camera frame).

4.2. Evaluation

We computed mean RMSE and mean variance across
691 images in the KITTI Eigen evaluation set. As seen in
Table 1, ENSEMBLEDEPTH (RMSE 4.666) outperformed
the Monodepth2 baseline RMSE, which was 4.863.

4.3. Does model uncertainty correlate with model
errors?

An important question we wanted to ask was whether
high model uncertainty correlated with RMSE. This has
useful applications at inference time, since we may be able
to determine scenarios where the model is likely to make an
error. We plotted the mean per-pixel variance vs. mean

‘ Algorithm [ Mean RMSE | Mean L1 | Mean Variance |
ENSEMBLEDEPTH (N = 3) 4.666 2.236 1.916
DROPOUTDEPTH (N = 3) 4.877 2.332 1.371
DROPOUTDEPTH (N = 5) 4.852 2.330 1.645
DROPOUTDEPTH (N = 10) 4.831 2314 1.845
DROPOUTDEPTH (N = 25) 4.817 2.304 1.979
DROPOUTDEPTH (N = 50) 4.812 2.298 2.015
AUGMENTDEPTH (N = 6) 4.839 2.313 1.122

Table 1. Mean RMSE and mean variance across 691 images in the
KITTI Eigen evaluation set.
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Figure 5. Plot of mean per-pixel variance vs. mean RMSE error
for ENSEMBLEDEPTH. Each point indicates one image from the
KITTI (Eigen) evaluation set.
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Figure 6. Plot of mean per-pixel variance vs. mean RMSE error
for DROPOUTDEPTH. Each point indicates one image from the
KITTI (Eigen) evaluation set.

RMSE error for ENSEMBLEDEPTH, DROPOUTDEPTH,
and AUGMENTDEPTH in Figures [3] 6} and []] Over-
all we did find a positive correlation that indicates that
high model uncertainty often is correlated with model er-



Mean RMSE vs Mean Per-Pixel Variance with Data Augmentation
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Figure 7. Plot of mean per-pixel variance vs. mean RMSE error
for AUGMENTDEPTH. Each point indicates one image from the
KITTI (Eigen) evaluation set.

rors — this is visually apparent in the plots. Quantita-
tively, we computed correlation coefficients of datapoints
of mean per-pixel variance vs. mean RMSE error for
each model. The mean correlation coefficient was 0.5235
for ENSEMBLEDEPTH, 0.5318 for DROPOUTDEPTH, and
0.5282 for AUGMENTDEPTH.

4.4. Varying the number of inferences in DROPOUT-
DEPTH

We were interested in evaluating the performance of
DROPOUTDEPTH as we varied N, the number of infer-
ences. One investigation we did was sweep N across val-
ues in the set {3,5,10,25,50}. We investigated the mean
RMSE across all images in the KITTI-Eigen evaluation
split, as well as the mean per-pixel variance across the same
images. These values are shown in Table 1. In Figure [§]
we noticed that as /V increased, the Mean RMSE decreased
monotonically, where the evaluation was performed on the
mean depth map produced by DROPOUTDEPTH. This is
unsurprising, as increasing /N can intuitively be compared
to increasing the number of models in an approximate en-
semble. We also observed that the mean per-pixel variance
increased as the number of inferences increased, but started
to level off at a value slightly above 2.

5. Discussion

Overall, we found that each of the proposed methods
poses different strengths and weaknesses. We found that
ENSEMBLEDEPTH gives the lowest error as measured by
RMSE. A drawback of ENSEMBLEDEPTH is that it requires
training N = 3 models separately, requiring a high training

Num Inferences vs. Mean RMSE
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Figure 8. Plot of number of inferences vs. mean RMSE for
DRoOPOUTDEPTH (KITTI Eigen evaluation set). As the number
of inferences increases, the quality of the depth map output by the
model increases, so error goes down.
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Figure 9. Plot of number of inferences vs. mean per-pixel vari-
ance for DROPOUTDEPTH (KITTI Eigen evaluation set). As the
number of inferences increases, the mean per-pixel variance also
increases.

time compute budget.

We found that DROPOUTDEPTH gives us the strongest
correlation between RMSE and model uncertainty (vari-
ance), though other models also exhibit a similar, slightly
smaller correlation. This correlation allows us to effectively
identify potential scenarios where the model may make er-
rors. A drawback of DROPOUTDEPTH is that it requires a
large inference-time compute budget, since we found that
N = 5 inferences (RMSE 4.852) was required to match the
performance of the Monodepth2 baseline (RMSE 4.863).
However, it is possible to implement DROPOUTDEPTH ef-
ficiently by running N inferences in parallel with batch size
N, so the actual impact on inference latency depends on the
implementation details.

Finally, AUGMENTDEPTH produces qualitatively sim-
ilar uncertainty results to ENSEMBLEDEPTH, but is a
middle ground computationally, requiring 6 inferences.
AUGMENTDEPTH had lower RMSE than DROPOUTDEPTH
with N = 3 and N = 5, but had higher RMSE than all the



other models.

6. Conclusion and Future Work

In conclusion, all of the methods presented have char-
acteristics and tradeoffs that are useful in different scenar-
ios. The method that minimized RMSE on the evaluation
set was ENSEMBLEDEPTH, so this may be the best method
to use for model deployment to maximize performance.
To identify potential model errors with a low training time
and high inference time compute budget, DROPOUTDEPTH
is a good choice. A computational middle ground is
AUGMENTDEPTH, which requires a low training time bud-
get and a medium inference time budget.

There are various potential future work items. One
possibility is exploring different backbone architectures,
like vision transformers, which have recently been applied
to produce good results on image classification tasks [8].
We could explore different augmentation policies, such as
learned augmentation policies (e.g. AutoAugment [6]) or
generative models for data augmentations. We could fur-
ther examine different approaches to implement dropout,
such as adding dropout layers at different parts of the
model graph, and training DROPOUTDEPTH with different
dropout probabilities.

Another possible extension of our experiment is to use
Monte Carlo batch normalization [26], which can be used
to estimate model uncertainty with batch normalization lay-
ers as an approximate Bayesian model. As Do et al. [7]]
suggested, we can apply both MC dropout layers and MC
batch normalization layers for computing prediction uncer-
tainty.

Finally, we could explore the use of other descriptive
statistics beyond the variance to quantify uncertainty; for
example, the number of inferences beyond & standard devi-
ations from the mean depth prediction.

7. Supplemental Materials

Our code is available at https://github.com/
acganesh/monodepth—uncertainty. We have
also made videos of each model available at

e ENSEMBLEDEPTH: https://www.youtube.
com/watch?v=CgzsFZUNcFg

¢ DROPOUTDEPTH: https://www.youtube.
com/watch?v=EMYCOdXZnsE

e AUGMENTDEPTH: https://www.youtube.
com/watch?v=aSxD-TvaeUw
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Appendix

In all images to follow, row one is the mean per-pixel depth prediction, row two is the model uncertainty (variance of
depth), and row three is the input image.

Figure 10. ENSEMBLEDEPTH on KITTI Figure 11. DROPOUTDEPTH on KITTI Figure 12. AUGMENTDEPTH on KITTI
2011-09-26-2011-09_26_drive_0059_sync. 2011-09-26-2011-09_26_drive_0059_sync. 2011.09-26-2011-09_26_drive_0059_sync.

Figure 13. ENSEMBLEDEPTH on KITTI Figure 14. DROPOUTDEPTH on KITTI Figure 15. AUGMENTDEPTH on KITTI
2011.09-26-2011_09_26_drive_0029_sync. ~ 2011.09_-26-2011_09_26_drive_0029_sync. 2011.09-26-2011-09_26_drive_0029_sync.

Figure 16. ENSEMBLEDEPTH on KITTI Figure 17. DROPOUTDEPTH on KITTI Figure 18. AUGMENTDEPTH on KITTI
2011.09-30-2011_09_30_drive_0018_sync. ~ 2011.09_30-2011_09_30_drive_0018_sync. 2011.09-30-2011-09_30_drive_0018_sync.
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Figure 19. ENSEMBLEDEPTH on KITTI Figure 20. DROPOUTDEPTH on KITTI Figure 21. AUGMENTDEPTH on KITTI
2011-09-29-2011-09-29_drive_0071_sync. 2011-09-29-2011-09-29_drive_0071_sync. 2011-09-29-2011-09-29_drive_0071_sync.

Figure 22. ENSEMBLEDEPTH on KITTI Figure 23. DROPOUTDEPTH on KITTI Figure 24. AUGMENTDEPTH on KITTI
2011.09-30-2011_09_30_drive_0027_sync. ~ 2011-09_30-2011_09_30_drive_0027_sync. 2011.09-30-2011-09_30_drive_0027_sync.

Figure 25. ENSEMBLEDEPTH on KITTI Figure 26. DROPOUTDEPTH on KITTI Figure 27. AUGMENTDEPTH on KITTI
2011.09-26-2011.09_26_drive_0101_sync. 2011.09-26-2011.09_26_drive_0101_sync. 2011.09-26-2011-09_26_drive_0101_sync.
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Figure 28. ENSEMBLEDEPTH on KITTI Figure 29. DROPOUTDEPTH on KITTI Figure 30. AUGMENTDEPTH on KITTI
2011-09-26-2011-09_-26_drive_0096_sync. 2011-09-26-2011-09_-26_drive_0096_sync. 2011.09-26-2011-09_26_drive_0096_sync.

Figure 31. ENSEMBLEDEPTH on KITTI Figure 32. DROPOUTDEPTH on KITTI Figure 33. AUGMENTDEPTH on KITTI
2011.09-26-2011_09_26_drive_0093_sync. ~ 2011.09_26-2011_09_26_drive_0093_sync. 2011.09-26-2011-09_26_drive_0093_sync.

Figure 34. ENSEMBLEDEPTH on KITTI Figure 35. DROPOUTDEPTH on KITTI Figure 36. AUGMENTDEPTH on KITTI
2011.09-26-2011.09_26_drive_0048_sync. 2011.09-26-2011.09_26_drive_0048_sync. 2011.09-26-2011-09_26_drive_0048_sync.
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