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Abstract

In this project, we tackle the problem of depth estimation
from a single image. We reviewed several different tech-
niques for depth estimation from monocular images.

The first approach builds on top of a fully convolutional
network upsampling part of the network [S]. The second
approach uses encoder-decoder architecture using transfer
learning, the encoder uses RGB images encoded into a fea-
ture vector using ResNet 34 [ [1]]. Both the techniques have
been proven to be better than fully connected convolutional
neural networks which we did not pursue in this project.

1. Introduction

Depth information in computer vision has applications in
various fields, including SLAM, AR and VR applications,
object detection, semantic segmentation, etc. Depth estima-
tion has been a topic of research for over 40 years includ-
ing interpreting depth from geometric properties of image
such as Structure from Motion (SFM) using a series of 2D
Images or Stereo Vision Matching recovers 3D structures
from observing the scene from two viewpoints, simulating
how human eyes have two cameras. Other techniques, such
as Feature-based mapping methods, rely on the assump-
tion that similarities between regions in the RGB images
also imply similar depth cues Sensor-based methods uti-
lize depth sensors, like RGB-D cameras and Lidar. Finally,
Deep Learning, various neural network architectures have
been used to predict depth estimation.

Depth estimation from single or monocular images often
arises in practice, such as better understanding of the many
images distributed on the web and social media outlets, real
estate listing, etc, which include both indoor and outdoor
examples. Depth estimation also improves many other com-
puter vision tasks when compared to RGB only methods
such as in object recognition and semantic segmentation.
In practice it is easier to get more data for monocular im-
ages, as compared to stereo or continuous stream of image
or videos of place.

Our project will evaluate the CNN architectures for
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monocular depth estimation. Future work can be done to
implement State of the art Self Supervised NN models that
are currently being researched for monocular depth percep-
tions

2. Related Work

In the single-view depth estimation problem, most works
rely on camera motion (Structure-from-Motion), variation
in illumination (Shape-from-Shading) or variation in focus.
These methods rely on strong assumptions about the scene
geometry, hand-crafted features and probabilistic graphi-
cal models which exploit horizontal alignment of images
or other geometric information.[ [9], [10]]. Issues such as
lack of scene coverage, scale ambiguities, translucent or re-
flective materials all contribute to ambiguous cases where
geometry cannot be derived from appearance. Another clas-
sical approach is to do feature-based matching between a
given RGB image and the images of a RGB-D repository
in order to find the nearest neighbors; the retrieved depth
counterparts are then warped and combined to produce the
final depth map.

In practice, the more successful approaches for captur-
ing a scene’s depth rely on hardware assistance, e.g. us-
ing laser or IR-based sensors, or require a large number of
views captured using high quality cameras followed by a
long and expensive offline reconstruction process

Recently, methods that rely on CNNs are able to produce
reasonable depth maps from a single or couple of RGB in-
put images at real-time speeds. Some of the recent tech-
niques of using neural networks for depth estimation are
discussed in the following section.

2.1. Monocular depth estimation

Eigen et al., did the first work to use CNN for depth
estimation [2] from monocular images, where the authors
used coarse and fine CNN networks to do depth estimation.
These ideals were extended to Laina et al [7] who proposed
a fully convolutional architecture, encompassing residual
learning, to model the ambiguous mapping between monoc-
ular images and depth maps. Dan et al [13], experimented
with using CNN with Continuous Random Fields (CRF)



as a technique, while Hao et al experimented using atten-
tion guided networks to further preserve the details of depth
maps produced. [4]. While the performance of these meth-
ods have been increasing steadily, but quality and resolu-
tion of the estimated depth maps have been shown to be
improved by other techniques

2.2. Multi-view stereo reconstruction

These CNN algorithms have been recently proposed [6]
to solve the problem with more than one image of a scene
usually using image pairs [ 1], or three consecutive frames
[3]. All of these methods assume access to the same scene
from multiple cameras at the same time.

2.3. Transfer Learning

Transfer learning approaches have been shown to be very
helpful in many different contexts. In recent work, Zamir et
al. investigated the efficiency of transfer learning between
different tasks [14], many of which were related to 3D re-
construction. Ibraheem et. al [ 1] work on Monocular Depth
Estimation via Transfer Learning. The architecture lever-
ages a simple encoder-decoder architecture. The encoder
uses an RGB image encoded into a feature vector using the
DenseNet-169 network pre-trained on ImageNet.

2.4. Encoder Decoder Methods

Encoder-decoder networks have made significant contri-
butions in many vision related problems such as image seg-
mentation [8], optical flow estimation and image restora-
tion. Ibraheem et. al [ 1] leverages a simple encoder-decoder
architecture. The encoder uses an RGB image encoded
into a feature vector using the DenseNet-169 network pre-
trained on ImageNet. In our project we use Resnet for trans-
fer learning.

Ronneberger et al. [8] presented work on a network and
training strategy using data augmentation. Their model ar-
chitecture consists of downsampling to capture the context
and symmetric upsampling for precise localization.

3. Methods
3.1. Network

Our initial baseline model is based on U-Net architec-
ture [8]. Part of the reason for choosing this network as a
baseline was its ability to give good results with fewer im-
ages.

We built up on the baseline model and added more com-
plexity to the model by adding layers of encoders and de-
coders as per work of [8]. This network’s downscaling
block consists of two 3x3 convolutions followed by Leaky
Relu activation and batch normalization layer.

We found out that we got better results by using ‘Leaky
Relu’ instead of Relu non linearity activation. We use four
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Figure 1. Baseline Model Graph

of the downsampling blocks each followed by a 2x2 max-
pooling operation. At the end we use a bottleneck of two
3x3 convolution layers each followed by LeakyRelu. For
the decoder part of the model, the upsampling block has a
2x2 upsampling convolution. It halves the number of fea-
ture channels. It is followed by a concatenation with cor-
responding feature map from downsampling path. Four of
these upsampling blocks complete the encoder. at the end a
single 3x3 convolution is used to map the feature vectors.

After setting up and running the base model we decided
to use the transfer learning method and use a pretrained
ResNet34 model with weights trained on ImageNet based
on the work of Alhashim et al [1]. Transfer learning meth-
ods are proven to be very helpful in many different contexts.
Zamir et al. investigated the efficiency of transfer learning
between different tasks [14] many of which were related to
3D reconstruction. This method is based on idea of transfer
learning where we make use of image encoders originally
designed for the problem of image classification [ [1], [5]].
Authors of this paper found that encoders that do not ag-
gressively downsample the spatial resolution of the input
tend to produce sharper depth estimations especially with
the presence of skip connections. In this model architecture
we employ a single encoder- decoder network which uses
previously mentioned ResNet34 model for downsampling
the images. We got better results with this method which
we will discuss in a later section.
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Figure 2. Network architecture of UNet-CNN model

3.2. Dataset

We used the NYU Depth V2 dataset for training pur-
poses. The NYU-Depth V2 data set is composed of video
sequences from a variety of indoor scenes as recorded
by both the RGB and Depth cameras from the Microsoft
Kinect. This dataset provides images and depth maps for
different indoor scenes captured at a resolution of 640 x
480. Total dataset contains 120K training images. We used
32K images for our training to accommodate our computing
capacity. We split the training data 70% - 30% as training
and validation sets. The NYU dataset has 654 test images.
We resize the training images to half the original resolution
at 320x240. Our network generates predictions at the same
input image resolution at 320x240.

3.3. Loss

A standard loss function for depth regression problems
considers the difference between the ground truth depth
map y and the prediction of the depth regression network
4 [11, [7]. Different loss functions can have a significant
effect on the training speed and the overall depth estima-
tion performance. Different variations of loss functions to
optimize the performance of neural networks. We used the
same loss function as Allhashim et all [1] for this project.
Final loss is defined as weighted sum three loss functions as
expressed below.

L(y7 g) = )\Ldepth (ya :g) + Lgrad(ya ?j) + LS’SIM (y» g)
(1
Let’s discuss the three loss terms. The first loss term
L1-loss, or Point-wise depth is the L1 loss is point wise
difference between pixels of predicted depth and ground
truth depth.

L lC A
Ldepth(yay) = ﬁ Z|yp - yp| (2)
p

L1 grad loss is L1 loss defined over the image gradient g
of the depth image

) 1 n R X
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Structural similarity index(SSIM) loss or Lgsras uses
Structural Similarity [9] term. It is often used on image
reconstruction methods. SSIM is shown to be a good loss
term for depth estimation tasks using CNNs by Godard et
al [1], [12] It is defined as

1— SSIM(y, i
Lssi(y,9) = ﬂ

2

The total loss is defined as addition of the three losses.
Our general understanding is that SSIM loss contributes the
most to improving model performance.

We use value of A = 0.1 based on the work of Allhashim
etal [1].

“)

3.4. Implementation

We used tensorflow libraries and keras api for implemen-
tation of both of our networks. As discussed in the network
section, our first model is our own implementation of Unet
architecture while the second model uses a transfer learn-
ing method. In both models we use Adam optimizer. A
decaying learning rate is used to speed up learning at initial
stages and use a smaller learning rate as we progress. Initial
learning rate of 0.0001 is used. Polynomial decay function



is used to lower the learning rate as epochs increase. We
use a batch size of 16. Total trainable parameters in the
unet model are 8.6M. While total trainable parameters in
the transfer learning model are 24.8M. We trained the UNet
CNN model for 240 iterations. Starting from a learning rate
of 0.0001 we end with a learning rate of 0.00006 at the end
of training.
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Figure 3. Training, validation: losses and accuracies for UNet
based CNN
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Figure 4. Training, validation: losses and accuracies for transfer
learning model

3.5. Results
3.5.1 Quantitative evaluation

We quantitatively compare the results of our models using
five metrics mentioned in [ 1] and based on Eigen et al [2].

Given that y,, is a pixel in depth image ¥, 7, is a pixel in
the predicted depth image y while n is the total number of
pixels in each image. These parameters are :

n |lyp—1pl.

* average relative error (rel): %Ep P

* root mean squared error (rms): \/ i S (Yp — ip)2):;

* threshold accuracy (6;): % of y,, s.t. max(g—z, zz) =
§ < thr for thr = 1.25,1.25%,1.253;

First and second terms are errors while three terms are
accuracies. We want errors to be low and accuracy terms to
be higher. Apart from these five above mentioned terms, we
also used another custom L1 distance based accuracy term
to gauge the learning process.

We can see in Table 1, the performance comparison be-
tween two of our methods as well as other state of the art
models. Our vanilla CNN model did a good job of predict-
ing the depths from given images. Our second model with
transfer learning method does better and is somewhat com-
parable to state of the art networks.

Our models have fewer training parameters and are run
for much less number of iterations compared to the models
mentioned in the Table 1.

We compared two of our methods in terms of depth accu-
racy as well. Depth accuracy compares pixel wise distance
between predicted depth and true depth. Transfer learning
model outperforms the UNet CNN model. A typical source
of error for single image depth estimation networks is the
estimated absolute scale of the scene [15]. Alhashim et
al [1] achieved improvement in their model’s performance
by multiplying the predicted depths by a scalar that matches
the median with the ground truth.

3.5.2 Quantitative evaluation

We had got decent results with the baseline model we used
for milestone review. We notice that in the image below
Figure 5.

We were able to get better depth maps from both of our
models Figure 6 and Figure 7 compared to baseline. Fig-
ures 6 and 7 show results of depth estimation maps that are
predicted using two of our models along with true depths of
the images. Both our approaches produce a good quality of
depth estimates. Depth edges on the transfer learning model
[Figure 7] are visually better than that of UNet CNN model
[Figure 6].

4. Conclusion

In this work we designed and trained network architec-
tures for depth estimation using a single image. We used
recent advances in the depth estimation methods and lever-
aged high performance pretrained models for training pur-
poses. A well constructed model with right weight initial-
ization can give good results. Transfer learning is a very
powerful tool and can be used to achieve good results for
depth estimation. Study of data augmentation and its effect
on the neural network is a major topic for future work. We
think data augmentation techniques can certainly be used to
improve performance of the model. Improving capture of



Method ‘ 01 02 03 ‘ rel rms

Eigen et al. [2] 0.769 0950 0.988 | 0.158 0.641
Laina et al. [7] 0.811 0953 0.988 | 0.127 0.573
Alhasim et al. [1] 0.895 0.980 0.996 | 0.103 0.390
Our UNet based CNN 0.558 0.712 0.836 | 0.384 0.751

Our Transfer Learning based | 0.661 0.784 0.837 | 0.292 0.682

Table 1. Quantitative comparison of different methods on NYU V2 dataset.

Method ‘ Depth Accuracy

Our UNet based CNN 0.7584
Our Transfer Learning based | 0.8212

Table 2. Depth accuracy comparison on two methods.
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Figure 5. Depth maps results of baseline model

object boundaries is another aspect that can be looked into
and improved further.

Figure 6. Depth maps results of UNet based CNN model. Starting
from left column is the predicted depth map, one in center is true
depth and on the right is an original image.
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Figure 7. Depth maps results of transfer learning based model.
Starting from the left column is the predicted depth map, one in
center is true depth and on the right is an original image.
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