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Abstract

Depth estimation has a variety of important applica-
tions in the development of autonomous robots, ranging
from those used in the manufacturing sector to commercial
self-driving vehicles. Although traditional computer vision
techniques like triangulation can often accurately estimate
the depth in a scene with stereo camera data, monocular
approaches often suffer a loss of accuracy in comparison.
Recently, Godard and Aodha published research about a
method to train a monocular neural depth estimator with-
out expensive-to-obtain depth labels [2].

To study the practicality of this approach, we train and
evaluate a series of machine learning models for the depth
estimation task. We apply various depth estimation tech-
niques to a dataset often used in autonomous driving re-
search and perform an analysis of their performance.

1. Introduction

Depth estimation is important in many industrial robotics
and computer vision tasks. With the recent surge in popu-
larity of deep neural networks, monocular neural depth esti-
mators have been trained and deployed to this end. Monoc-
ular estimation is preferred in some settings because stereo
camera systems are often more expensive and complex to
install and operate. To explore the various approaches to
depth estimation, we compare a traditional computer vision
approach and a series of machine learning models.

In our approach to the problem of depth estimation,
we use the KITTI Depth Prediction dataset ([8]), a well-
established source with a combination of rectified RGB im-
ages and depth maps, which we consider our ground truths.

As a baseline, we evaluate a stereo block-matching al-
gorithm implemented in OpenCV ([6]). We also develop
our own neural network models. Specifically, we train and
assess four supervised depth prediction models, two unsu-
pervised depth prediction models, and two semi-supervised
depth prediction models. All of our models use the same
encoder-decoder architecture, with only the first layer of the
stereo models changing to accommodate twice the number
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of input channels. Half of our models are trained with a
monocular setting, and the rest are trained with a stereo set-
ting.

For our unsupervised models, we use the technique de-
tailed in [2]. We train supervised models using mean
squared error and scale-invariant-log error as optimization
objectives.

Our semi-supervised models combine these approaches.
We provide sample depth predictions and evaluate all mod-
els based on two relevant metrics. All of our algorithms
output disparity maps, which we then convert to depth pre-
dictions. Qualitatively, we visually compare the generated
depth maps of our various methods to one another and to
the ground truth depth values provided in our dataset. We
also use our generated disparity maps to reconstruct the left
images based on the right images. Quantitatively, we cal-
culate the error between the resulting depth maps and the
ground truth using the mean squared error and scale invari-
ant logarithmic error metrics.

Given the significant ambiguity associated with remov-
ing one camera from the pair, we expect stereo techniques to
outperform monocular techniques in general, but we expect
the monocular models to perform well enough to reasonably
estimate the depths in the image.

2. Related Work

This is not the first project to evaluate a range of pre-
existing techniques for depth estimation. In 2019, Amlaan
Bhoi conducted a review of existing papers exploring vari-
ous machine learning based techniques for monocular depth
estimation ([1]). Whereas Bhoi’s paper is limited to com-
paring existing papers and only focuses on monocular depth
estimation, we implement a series of approaches ourselves
and look beyond monocular depth estimation to consider
the performance of stereo models and traditional computer
vision techniques. Like [1], this paper includes the per-
formance of supervised, semi-supervised, and unsupervised
neural models.

Practical depth estimators are not always learned statisti-
cal models; a priori algorithms like block-matching (intro-
duced in [5]) are also used in industrial applications.



2.1. Unsupervised Monocular Depth Estimation
with Left-Right Consistency [2]

The main work our project is based on proposes an op-
timization objective for a neural depth estimator that does
not require depth labels. A diagram of the approach to loss
computation is shown in figure 2. The paper describes an
encoder-decoder neural model that takes as input the left
image of a rectified stereo pair and produces various pre-
dicted disparity maps. Pairs of left-to-right and right-to-
left disparity maps are produced at full resolution, half-
resolution, quarter-resolution, and eighth-resolution. The
objective function is a sum of terms collected from each of
these disparity pairs, and for each particular disparity pair,
three distinct loss terms are used for each image in the pair.

Two of these loss terms use a differentiable sampling op-
eration also used in [4].

The first of these loss terms is the image reconstruction
term (see equation 1). A reconstructed image I (obtained
by applying the sampling operation from [4] to the opposite
image using the corresponding predicted disparity map) is
compared to the original image I with an element-wise L1
norm and the structural similarity (SSIM) metric and the
mean of these per-pixel scores is taken over all pixels.

The second of these loss terms is the disparity smooth-
ness term (see equation 2). The approximate spatial gradi-
ents of disparity incur a penalty if the spatial gradients of the
pixel color at that same location are low, enforcing smooth
disparities in visually smooth regions.

The third and final loss term is the titular left-right con-
sistency term (see equation 3). Using a differentiable sam-
pler, one disparity in the pair is compared to the other dis-
parity in the pair differentiably sampled using the first dis-
parity. These two disparities are expected to be approxi-
mately equal given the relationship between the real dis-
parity values for any stereo-captured scene, so the model is
penalized if there is a difference.
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The image reconstruction loss term for the left image in the stereo
pair.

Cés Z ‘8 dl |e_||6 I”” + \8 dl |6_H611I£J'H )

5,J

The disparity smoothness loss term for the left image in the stereo
pair.
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The left-right consistency loss term for the left image in the stereo
pair.
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The authors of this work trained a model using this ob-
jective on a KITTI dataset and found the resulting depth
estimates to outperform some contemporary supervised ap-
proaches.

3. Approach
3.1. Methods

We apply arange of classical and machine learning based
approaches to depth estimation, the results of which we are
then able to compare.

3.1.1 Stereo Block-Matching

For the traditional approach in a stereo system, we use
a stereo block-matching algorithm (based on [5]) imple-
mented in OpenCV ([6]). We expected this approach to
compare favorably to monocular models because of the ad-
vantage it has in using stereo inputs. The approach relies
on two parameters: the number of disparities and the block
size. The number of disparities defines the number of pixel
positions the algorithm evaluates as disparity candidates.
The block size dictates the size of the blocks compared by
the algorithm in each of these evaluations. We use an odd
block size so that the candidate pixel positions are at the
centers of each evaluated block. The larger the block size,
the smoother, but less accurate, the predicted disparity map.

This algorithm is known to struggle in regions without
much texture. Under certain conditions, the algorithm will
choose not to make a disparity prediction for a pixel. This
means that, unlike our neural disparity models, the output of
the stereo-block matching algorithm is sparse. This sparsity
presents a challenge to evaluation that is addressed in 5.2.1.
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Figure 1. Visualization of the Stereo Block-Matching Algorithm

3.1.2 Neural Network Architecture

All of our neural models use the same network architecture.
As in [2], our neural model has four output scales and skip
connections between equivalently-sized layers that bypass
the bottleneck in the CNN. In the supervised-only settings,
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the intermediate-resolution outputs are ignored. The spe-
cific encoder-decoder architecture we use is detailed in table
2.
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Figure 2. Unsupervised Model’s Training Configuration [2]

Though the original paper was accompanied by a Tensor-
flow implementation ([3]), we chose to re-implement any
code related to model training and evaluation in PyTorch.
This includes the multi-scale loss function defined in [2].
Our loss function is a slight variation of the original; we use
a 3x3 Gaussian kernel for SSIM instead of the 3x3 block
kernel used for SSIM in [2]. We also use Sobel filters to
obtain spatial image gradient approximations instead of just
the raw difference between adjacent elements used in the
original work. Outside of these changes, our loss function
is the same, even down to the choice of hyperparameters.
This includes the image reconstruction loss, the disparity
smoothness loss, and the left-right consistency loss terms
discussed in section 2.1. As in [2], the final activation layer
on the model is a sigmoid activation scaled by 0.3. Lower-
resolution disparity map predictions are extracted from the
first two channels of certain layer outputs (just before ac-
tivation functions are applied). The final activation func-
tion 0.3 * sigmoid is applied instead to obtain intermediate-
resolution disparity maps.

3.1.3 Stereo Models

The only change we make to our model for the stereo cases
is that we pass in pairs of images into the model instead of
using just the left images. We accomplish this by merely ad-
justing the expected number of channels at the model’s first
stage and stacking the two images in the channel dimension.

3.1.4 Supervised Models

We also train supervised models. For each one, we use a
loss function to compare the model’s predicted depth with

the ground-truth depth labels provided in the dataset. For
one of the models, we use mean squared error as the loss
function. For the other, we use scale-invariant log error.

Mean Squared Error Mean squared error is a simple,
commonly-used regression objective that we apply as a loss
function in supervised learning. Since we expect that errors
tend to be greater at pixels whose actual depth is greater, this
metric is more heavily influenced by pixels that are farther
away from the camera, which might cause undesired model
behavior.

Mean squared error is defined as follows:
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Scale Invariant Logarithmic Error Scale invariant
logarithmic error (SILog) is another performance metric
used to assess depth prediction quality on the KITTI dataset.
Scale-invariance helps avoid the error term being dominated
by errors in pixels depicting far-away objects, but it is less
intuitive to interpret.

SILog is defined as follows:
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3.1.5 Semi-Supervised Models

We perform experiments where we combined the unsuper-
vised objective with the mean squared error objective via
simple summation. In these settings, a supervision signal is
only taken from images recorded on September 28, 2011 —
about 1.14% of the images in the dataset.

4. Experiments
4.1. Dataset

We use the KITTI Depth Prediction dataset ([8]). KITTI
consists of images taken from cameras mounted on cars and
labeled by human annotators, so all of these images are of
settings like highways, streets, and intersections. Specif-
ically, the Depth Prediction dataset contains 61 image se-
quences of 375x1242-pixel rectified RGB image pairs and
depth maps — a total of 42,378 images. The depth maps,
generated using LiDAR scans, are relatively sparse; in a
sample of depth maps from our dataset, only about 4% of
the pixels actually had depth labels.



The KITTI data is split over 5 different dates with each
having slightly different associated camera calibration data.
We split the data into training, validation, and test sets,
making sure that images from one sequence were bucketed
into exactly one of these sets so as not to produce overly-
optimistic test results. Our data split is 93.4% for training,
3.69% for validation, and 2.87% for testing.

When creating our own dataloader, we reused some logic
from Monodepth2 ([7]), a Github project that uses PyTorch
to train depth models on this dataset.

4.2. Methods

We prepare and evaluate several algorithms to predict
depth for the images in our dataset.

All neural models were trained with the Adam optimizer
using the same optimizer hyperparameters as in [2], but us-
ing a slowly decaying learning rate schedule instead of the
constant learning rate used in [2]. In each setting, we se-
lected the model parameters from the epoch in which we
recorded the lowest validation loss.

Our neural models were trained on Google Cloud Plat-
form virtual machines equipped with NVIDIA Tesla K80
GPUs.

4.2.1 Stereo Block-Matching

For our stereo block-matching strategy, we use a block size
of 15 pixels and create a disparity map using 368 disparities.
We chose this number of disparities because it allows the
block-matching algorithm to make predictions in roughly
the same range of disparities the neural models can.

4.2.2 Supervised Models

We trained each supervised model for 15 epochs, a process
which took approximately 15 hours per model.

4.2.3 Unsupervised Models

We trained our unsupervised models for 18 epochs each.
We found the convergence of the monocular unsupervised
model to be fairly unstable, so for the first 14 training
epochs we up-weighted the image reconstruction loss term
by a factor of 100 and then for the remaining 4 training
epochs we up-weighted the disparity smoothness loss terms
by a factor of 10. We find this produces better results than
using the hyperparameters from [2]. Training these models
took about two days each.

4.2.4 Semi-Supervised Models

To avoid the immense amount of training time required to
train the semi-supervised models from randomly initialized
weights, we initialized the weights of the semi-supervised

models we trained to be the weights of the correspond-
ing unsupervised models we had previously trained. We
then further trained these models on the combined semi-
supervised objective for 6 epochs each.

We noticed during training that, for a number of epochs,
the unsupervised loss decreases while the supervised loss
decreases until they both eventually decrease in tandem.
This period was substantially longer in the stereo setting,
to the extent where we believe training longer may have
significantly improved the semi-supervised stereo model’s
performance.

5. Results and Evaluation

To evaluate our results, we are using a mix of qualitative
and quantitative metrics. Once we obtain the disparity maps
from each of our implemented methods, we convert them
into depth maps by applying equation 6, multiplying the
inverted disparity values by the baseline and focal length
of the camera used to obtain the initial images.

depth — focal length x baseline

6
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5.1. Qualitative Results and Evaluation

We present selected output samples for our neural mod-
els in figure 3 and for our stereo block-matching algorithm
in figure 4. We provide the predicted depth maps, the sparse
ground truths present in the KITTI dataset and, for the neu-
ral models, recreate the left images from their stereo coun-
terparts based on our calculated disparities. Because the
ground truth depth maps are sparse, we interpolate them to
aid in the visualization process. We use the same color
scheme across all depth maps: yellow signifies a larger
depth and blue signifies a smaller depth.

As the results demonstrate, the stereo block-matching al-
gorithm does a significantly better job outputting a depth
map that visually reflects the difference between images
across all depths. Compared to the monocular models, this
is not particularly surprising considering that the block-
matching algorithm benefits from access to both images
in the stereo pair. The stereo block-matching algorithm’s
depth prediction here is also free from the kinds of noise
seen in those of the neural models. We only trained our
neural models for between 15 and 24 epochs, whereas in
[2], the authors used 50 epochs. We suspect that training
for longer may have improved the visual performance of
our neural models relative to the stereo block-matching ap-
proach.

Visually, it appears that both the supervised and unsu-
pervised models have a tendency to overestimate the depth
of objects in the image, especially when using SILog as a
loss function. However, certain models are still able to pro-
duce predicted depth maps in which the various depths of
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Figure 3. Neural Model Qualitative Results
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Figure 4. Qualitative Comparison of the Stereo Block-Matching
Algorithm on Selected Image

the objects in the image can be visually discerned. For ex-
ample, the unsupervised monocular model, semi-supervised
stereo model, and both supervised models with an MSE ob-
jective function estimate relative depth accurately enough

for a viewer to be able to discern the car in the image’s fore-
ground using the generated depth map. Similarly, the super-
vised stereo model produces an image in which a viewer can
see the road getting progressively further away.

Interestingly, the unsupervised monocular model ap-
pears to overestimate the depth of points in the scene while
the semi-supervised monocular model appears to underesti-
mate the depth of points in the scene. It could be that adding
supervision helps shift what the model is effectively using
as the mean depth in many cases. The bright yellow re-
gions in the unsupervised stereo setting are also much more
muted in the semi-supervised stereo example. We believe
this demonstrates an advantage of adding some supervision
signal to this still largely unsupervised objective.



Depth Estimation Algorithm MSE SlILog
Stereo Block-Matching 42.81  2.02
Supervised (MSE) Monocular Model =~ 23.12 2.19
Supervised (MSE) Stereo Model 22.91 2.17
Supervised (SILog) Monocular Model 23.37  6.08
Supervised (SILog) Stereo Model 23.31  4.32

Unsupervised Monocular Model 23.28  5.43
Unsupervised Stereo Model 23.03 1.87
Semi-Supervised Monocular Model ~ 22.11  1.55
Semi-Supervised Stereo Model 2292 2.29

Table 1. Quantitative Results

5.2. Quantitative Results and Evaluation

Beyond looking at the images to get a qualitative sense
of our results, we also use several quantitative metrics to
score each of our approaches. Namely, we use a modified
version of mean squared error (MSE) and scale invariant
logarithmic error.

Table 1 shows the results we obtained for each of our
approaches evaluated against our test set.

5.2.1 Metric Adjustments

For the outputs of the neural models, we use a slightly mod-
ified version of each quantitative evaluation metric to ac-
count for the fact that our ground truth depth maps contain a
wide range of values. Namely, we only consider certain val-
ues in the ground truth depth maps. Because they are sparse,
we set a minimum depth value of 0.05m to ignore the O
values. Furthermore, they contain some values that are so
high that they would dominate the rest of our results in the
computation of error. We therefore set a maximum ground-
truth depth value of 20m. We then only calculate our error
metrics based on those pixel values where the ground truth
depth map falls within our range, and our n (as defined in
equations 4 and 5) is thus only the number of pixels used
for the computation.

We similarly alter our error metrics for the stereo block-
matching strategy, though we need to make additional ad-
justments here. The block-matching algorithm returns a
special negative disparity value for the pixels for which it
fails to find a match, so we must further filter out those
points when calculating the error metrics and adjust n ac-
cordingly.

5.2.2 Interpretation of Quantitative Results

Surprisingly, the stereo-block matching algorithm performs
quite poorly for the metrics we selected despite having the
depth map with the cleanest visual quality. This may be
because the modeling assumptions associated with stereo
block-matching aren’t as realistic as those used in the unsu-
pervised training objective, and it might compare unfavor-

ably to the supervised models we evaluated because they
have access to the ground truth in their training objective
while block matching is entirely a priori.

Another surprise was that the supervised models explic-
itly trained to optimize SILog performed worse on SILog
than almost all of the other models. They also have a
slightly higher MSE score than the other models. We con-
clude that SILog is not a good choice of optimization ob-
jective for this task.

In general, it appears that the unsupervised models did
quite well compared to their supervised counterparts, and
that the stereo models outperformed the monocular models.
There is an inconsistency here though; the semi-supervised
stereo model performed considerably worse than the semi-
supervised monocular model.

We discuss the phenomena observed in our semi-
supervised training procedure in section 4.2.4; our conclu-
sion is that the semi-supervised stereo model may have per-
formed significantly better if trained for longer.

6. Conclusion

After a thorough study of several varieties of models, we
have reinforced that the unsupervised objective in [2] per-
forms well on real-world data. We did find the objective to
be somewhat unstable, but this was greatly helped by the ad-
dition of a relatively small fraction of labeled examples and
a corresponding supervised objective term. We found this
to work well in the setting where ground-truth depth labels
were sparse, so it should be flexible enough to help indus-
trial practitioners enhance their unsupervised depth models
with however much supervision data they can manage to
add.

It would be interesting to vary the fraction of data that
a supervision objective is applied for to analyze the effects
on performance and convergence speed of the models. It
could also be quite interesting to use sparse depth predic-
tion heuristics to enhance the objective by nudging it toward
depth values the practitioner is confident enough to provide.

Ultimately, we believe the unsupervised objective in
[2] has great practical potential and there is opportu-
nity to combine it with other depth prediction strate-
gies.
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https://github.com/danny-schwartz7/monodepth2


https://github.com/danny-schwartz7/monodepth2

Index | Layer Type Filter Size | Stride | # Output Channels | Dimensions After Upsampling | Skip Conn Index | Nonlinearity
0 Conv2D 5,5) 2,2) | 4 N/A N/A ELU
1 Conv2D 5,5) 2,2) | 4 N/A N/A ELU
2 Conv2D 5.5) 2,2) | 8 N/A N/A ELU
3 Conv2D 3,7 2,3) | 16 N/A N/A ELU
4 Conv2D 3,7 2,2) | 32 N/A N/A ELU
5 Conv2D 3,7 1,1) | 4 N/A N/A ELU
6 Flatten N/A N/A 512 N/A N/A None
7 Linear N/A N/A 128 N/A N/A None
8 BatchNorm N/A N/A 128 N/A N/A ELU
9 Linear N/A N/A 128 N/A N/A None
10 BatchNorm N/A N/A 128 N/A N/A ELU
11 Reshape to (8, 16) | N/A N/A 1 N/A N/A None
12 ConvTranspose2D | (1, 1) (L1 | 4 N/A N/A ELU
13 BilinearUpsample | N/A N/A 4 (10, 22) N/A None
14 Conv2D 3,3) 1,1) | 32 N/A N/A ELU
15 BilinearUpsample | N/A N/A 32 (21, 49) N/A None
16 Conv2D 3,3) (1, 1) | 16 N/A N/A ELU
17 BilinearUpsample | N/A N/A 32 (21, 49) N/A None
18 Conv2D 3,3) 1,1) | 16 N/A N/A ELU
19 BilinearUpsample | N/A N/A 16 (44, 152) N/A None
20 Conv2D 5,5) 1,1 | 8 N/A N/A ELU
21 BilinearUpsample | N/A N/A 8 (91, 308) 3 None
22 Conv2D ,5) 1,1 | 4 N/A N/A ELU
23 BilinearUpsample | N/A N/A 4 (186, 619) 2 None
24 Conv2D 5,5) 1,1) | 4 N/A N/A ELU
25 BilinearUpsample | N/A N/A 4 (375, 1242) 1 None
26 Conv2D 5,5) (1,1) | 4 N/A N/A ELU
27 Conv2D @,7) 1,1 | 4 N/A N/A ELU
28 Conv2D @,7) 1,1) | 4 N/A N/A ELU
29 Conv2D @,7) 1,1 |2 N/A 26 0.3 * sigmoid

Table 2. Encoder-Decoder architecture used for unsupervised monocular depth model. Skip connections are specified such that the output
of the specified output layer is added to the input of the specified input layer before the layer operation is conducted. The first two channels
of the output of layers 0, 1, and 2 are taken before applying the ELU nonlinearity and 0.3 * sigmoid is applied instead to obtain left and right
depth maps at the corresponding lower resolutions. Lower-resolution disparity map predictions are extracted from the first two channels of
the outputs just before the activations of layers 24, 22, and 20. The activation function 0.3 * sigmoid is applied to obtain disparity maps.



