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Abstract : In this work I present a unsupervised 
learning framework for the task of monocular 
depth and camera pose estimation from unlabeled 
video sequences. The task of monocular depth and 
pose estimation are carried out using end to end  
learning method with new view synthesis as the 
supervisory signal. This method is completely 
unsupervised requiring only monocular video 
sequences for training. This approach uses a novel 
single view depth network with a loss function 
based on warping nearby views to the target using 
inferred depth and computed camera pose.  The 
novel single view depth network  is supervised by 
the loss function at training time but can be used 
separately for inference. 
The novel single view depth network is based on a 
lightweight encoder-decoder network architecture 
to  reduce computational complexity and latency.

Introduction: Inferring the 3D structure of a scene
in a expedient manner so as to avoid obstacles 
while navigating an environment is a challenging 
unconstrained problem. We humans can easily 
perform such tasks without any effort. Classical 
methods such as Structure from Motion exist that 
require matching features/edges between the two 
images, then inferring motion and geometry from 
those matches. When images of the environment 
are taken in conditions of constant lighting, that 
have diffuse and rigid surfaces, and non-repeating 
visual texture, the matching process in well posed. 
But these techniques cause problems in areas of 
low texture, complex geometry/photometry, thin 
structures and occlusions. These methods are also 
very compute intensive and not suitable for 
realtime use.  To address these issues one intuition 
we can take from our own ability to perform such 
tasks is of prior learning i.e. developing a structural
understanding of the world through our past visual 
experiences gained by moving around and 
observing many scenes and developing mental 
models through observations. Recently deep 
learning methods have made significant progress in

addressing these issues. Such methods require 
large amounts of data to train models but  once 
trained they can be deployed in the field to infer 
scene geometry and camera motion in an expedient
manner. Also recently methods have been 
developed that do not require the use of large 
corpus of labeled data. Using photometric 
reprojection loss between pairs on images of the 
same scene, one can train these neural networks in 
an unsupervised manner. I plan to use such an end-
to-end deep learning method. Applications of this 
include autonomous driving, augmented/virtual 
reality, and robotics.

In our approach multiple views of a scene 
(multiple unlabeled images) are used as an implicit
source of training data for single-view depth 
prediction, by utilizing view synthesis as a 
supervisory signal. Here the aim is to distill 
geometric reasoning capability from CNNs trained 
to perform warping-based view synthesis. The 
view synthesis pipeline acts as the inference 
procedure of a convolutional neural network, so 
that by training the network on large sequence of 
images taken consecutively or large-scale video 
data for the ‘meta’-task of view synthesis, the 
network is forced to learn about intermediate tasks 
of depth estimation in order to come up with a 
consistent explanation of the visual world. 

The overall approach is to use a deep learning 
framework for training a single-view depth CNN 
from unlabeled video sequences to infer the depth 
(parameterized as per-pixel depth maps under a 
reference view) and pose estimate (parameterized 
as 6-DoF transformation matrices) .

2. Related Work: 
The simultaneous estimation of structure and 
motion is a well studied problem with established 
techniques its reliance on accurate image 
correspondence can cause problems in areas of low
texture, complex geometry/photometry, thin 



structures, and occlusions. Hence learning-based 
techniques are attractive in that they are able to 
leverage external supervision during training, and 
potentially overcome the issues when applied to 
test data.
One important application of geometric scene 
understanding is the task of novel view synthesis, 
where the goal is to synthesize the appearance of 
the scene seen from novel camera viewpoints.
Recently, end-to-end learning has been applied to 
reconstruct novel views by transforming the input 
based on depth or flow, e.g., DeepStereo [11], 
Deep3D [20] and Appearance Flows [21]. In these 
methods, the underlying geometry is represented 
by quantized depth planes (DeepStereo), 
probabilistic disparity maps (Deep3D) and view-
dependent flow fields (Appearance Flows), 
respectively. Unlike methods that directly map 
from input views to the target view (e.g., [22]), 
warping-based methods are forced to learn 
intermediate predictions of geometry and/or 
correspondence. In this work, we aim use the 
geometric reasoning capability from CNNs trained 
to perform warping-based view synthesis.
 
Our work is closely related to a line of research on 
learning single-view 3D inference from registered 
2D observations, Garg et al. [6] propose to learn a 
single-view depth estimation CNN using projection
errors to a calibrated stereo twin for supervision. 
Instead of using depth supervision, they leverage 
the established epipolar geometry. The color 
inconsistency between a left image and a 
synthesized left image warped from the right image
is used as the supervision signal. Following this 
idea, Godard et al. [1] propose to constrain the left-
right consistency for regularization. 
In their work SfMLearner[4] ,  Tinghui Zhou et al.,
popularized the ability of deep networks for the 
task at hand. Their method also deals with non-
rigid objects (cars, pedestrians etc.). They use an 
"explainability mask" in order to discount regions 
that violate the static scene assumption. 

3. Method:

In order to infer the depth (parameterized as per-
pixel depth maps under a reference view) , we first 
compute camera pose.

Given a pixel in an image p we can represent it by 
its normalized coordinates as :

where K is the intrinsic calibration matrix of the 
camera. A corresponding pixel in a second view of 
the same scene, should lie on the corresponding 
epipolar line. This constraint on the pixels can be 
expressed using the Essential Matrix E for 
calibrated cameras. The Essential Matrix contains 
information about the relative poses between the 
views. Given a pixel’s normalized coordinates and 
and that of its corresponding pixel in a second 
view, this relationship can be expressed as:

Here, E p̃   is the epipolar line in the second view 
corresponding to a pixel p in the first view. There 
could be errors in computing the pixel p, finding 
the corresponding pixel p̂ or in estimating the 
Essential Matrix E. Therefore we minimized the 



left hand side of the above equation by using 
RANSAC[27] . This is denoted as epipolar loss.
By finding the Essential matrix we can then
recover the pose estimate (parameterized as 6-
DoF transformation matrices) that our system
requires that we first train a network.

We use Nister’s 5-point algorithm for estimating
the Essential Matrix between two views.  The
solution to this gives rise to the relative poses
between the cameras and the points. Absolute 
scale, however, cannot be recovered from just 
images. Nistér proposes a solution by solving a 
tenth degree polynomial in order to extract the 
Essential Matrix E which can then be decomposed 
into the rotation R and translation t between the 
two views.

We estimate dense matching points between two 
frames using Brute-Force Matching with SIFT 
Descriptors and Ratio Test or FLANN based 
Matcher.

3.1. Training :
Training involves a depth CNN using monocular 
videos, and then constraining them to predict scale-
consistent results. Given two consecutive frames 
(Ia, Ib) sampled from an unlabeled video, we  
estimate their depth maps (Da, Db) using the depth 
CNN and using the relative 6D camera pose Pab  
between them from the previous step.

With the predicted depth and relative camera pose, 
we can synthesize the reference image I’

a   by 
interpolating the source image Ib. (bilinear sampling
mechanism proposed in the spatial transformer 
networks [5]). 

The planar transformation that reconstructs the 
target view It by sampling pixels from a source 
view Is based on the predicted depth map and the 
relative pose.

Image Warping:
Given a pixel p in normalized coordinates, and its 
depth D(p), we transform it into the source frame 
using the relative pose and project it onto the 
source image’s plane are given by :

The depth image is generated using novel view 
synthesis using based warping as the main 
supervisory signal. Given the per-pixel depth and 
the relative pose between images, we synthesize 
the image of the scene from a novel viewpoint. We 
minimize the photometric error between the 
warped image and the image at the given 
viewpoint.

where N is the total number of pixels.

Loss Functions:
The network can be supervised by the photometric 
loss between the real image Ia and the synthesized
one I’

a . However, due to dynamic scenes that 
violate the geometric assumption in image 
reconstruction (as stated in the section 3.2 below), 
the performance of this basic framework is limited.

Photometric Loss:
With the predicted depth map Da and the relative 
camera pose Pab , that we obtained from training 
the  Depth CNN  in the step above,  we synthesize 
I’

a
  by warping Ib , where differentiable bilinear 



interpolation is used  (inverse_warp in the 
algorithm detailed below). The Photometric Loss is
given as : 

Here V stands for valid points that are successfully 
projected from Ia to the image plane of Ib , and
|V | defines the number of points in V.
SSIMaa’

 stands for the element-wise similarity 
between Ia and Ia’ by the SSIM function [14].
We use λi = 0.15 and λs = 0.85.

Smoothness Loss:
Issues regarding learning wrong depth values for
texture-less regions, are handled by trying to 
ensure that the depth prediction is derived from 
spatially similar areas. Depth discontinuities  
usually occur at object boundaries hence we
minimize L1 norm of the 2nd order spatial 
gradients of the inverse depth of a pixel weighted 
by the image laplacian at that pixel. This is to 
account for sudden changes in depth due to
crossing of object boundaries and ensure a smooth 
change in the depth values.

Structural Similarity Loss:
A robust metric for measuring perceptual 
differences between two images is the Structural 
Similarity Index (SSIM) [42]. This is widely 
applied in tasks when comparing 2 images of the 
same scene.
 SSIM considers three main factors, namely 
lunimance, constrast and structure, which provide a
more robust measure for image similarity. Since 
SSIM needs to be maximized
(with 1 as the maximum value), we minimize the 
below loss

Geometry consistency loss :
We enforce geometric consistency by requiring that
Da and Db (related by Pab ) conform the same 3D 
scene structure, and minimize their differences. 
This optimization not only encourages the 
geometry consistency between samples in a batch 
but also transfers the consistency to the entire 
sequence eg depths of I1 agree with depths of I2 in 
a batch; depths of I2 agree with depths of I3 in 
another training batch. This ensures scale-
consistent predictions over the entire sequence.
Hence the depth inconsistency map Ddif 

where Db
a is the computed depth map of Ib by 

warping Da using Pab , and Db
‘ is the interpolated 

depth map from the estimated depth map Db .

The   geometric consistency loss is defined as :

which minimizes the geometric distance of 
predicted depths between each consecutive pair 
and enforces their scale-consistency.
The basic algorithm:
Train phase:
Let us denote < I1 , . . . , IN > as a training image 
sequence with one of the frames It being the target 
view(tgt_img)  and the rest being the source views 
Is (ref_imgs):

0. Pre-compute for  
 poses,pose_inv = 
compute_pose_from_image_correspondances(left_img,right_
img, K0, K1)

for all epochs: 
for all target_view, source_view, camera_intrinsics in the 
dataset do :



1. tgt_depth, ref_depths = compute_depth(tgt_img, ref_imgs)
– by forward pass through depth
CNN.

2. loss1, loss3 = compute_photo_and_geometry_loss :
     inverse_warp - Compute the loss based on warping nearby
views to the target using the computed depth and pose.
3. loss2 = compute_smooth_loss
4. loss = w1*loss_1 + w2*loss_2 + w3*loss_3 ( where w1 , 
w2, and w3 are hyperparameters)
5. Compute backward pass of both networks supervised by 
the above loss function.
6. Validate with ground truth.
7. Save the best weights.
Once the model is trained we can perform the 
validation and test. With the model having 
achieved good accuracy we proceed to inference 
stage.
Inference phase :
 Use the saved weights to compute the depth map of a test 
image.
4. Dataset and Features:
4.1.1. The KITTI dataset [7] has been recorded 
from a moving platform while driving in and 
around Karlsruhe, Germany. It includes camera 
images, laser scans, high-precision GPS 
measurements and IMU accelerations from a 
combined GPS/IMU system. The main purpose of 
this dataset is to push forward the development of 
computer vision and robotic algorithms targeted to 
autonomous driving . This dataset can be used for 
evaluating state-of-the-art computer vision 
methods. The raw data set is divided into the 
categories ’Road’, ’City’, ’Residential’, ’Campus’ 
and ’Person’.
In the KITTI dataset most of the scenes are static 
without significant scene motions, and the oc-
clusion/visibility effects only occur in small 
regions in sequences across a short time span (3-
frames).

4.1.2. Cityscapes Dataset [8]: Large-scale dataset 
that contains a diverse set of stereo video 
sequences recorded in street scenes from 50 
different cities, with high quality pixel-level 
annotations of 5 000 frames in addition to a larger 
set of 20 000 weakly annotated frames. The dataset
is thus an order of magnitude larger than similar 
previous attempts. 
The Cityscapes Dataset is intended for

4.1.2.1. Assessing the performance of vision 
algorithms for major tasks of semantic urban 
scene understanding: pixel-level, instance-
level, and panoptic semantic labeling;

4.1.2.2. Supporting research that aims to 
exploit large volumes of (weakly) annotated 
data, e.g. for training deep neural networks.

5. Experiments/Results/Discussion:

We conducted training on a small dataset 
comprising of images from a subset of the KITTI 
dataset. We trained on 392 samples  in 4 train 
scenes and the validation set consisted of 308 
samples in 2 valid scenes. The training data 
consisted of a snippet of three sequential video 
frames as a training sample, where we set the 
second image as reference frame to compute loss 
with other two images and then inverse their roles 
to compute loss again for maximizing the data 
usage. 

Used the ADAM [15] optimizer, and set the 

batch size = 4 and the 

learning rate = 10 −4 . 

During training, used α = 1.0, β = 0.1, and γ = 0.5 . 

Trained the network in 200 epochs with 1000 
randomly sampled batches in one epoch, and 
validated the model at per epoch.

Quantitative Loss:

Training loss 

Some Defined Error Metrics:



Established error metrics consider global statistics 
between a predicted depth map Y and its ground 
truth depth image Y∗ with T depth pixels. 

Error Metrics:Results of the Baseline 
implementation as detailed in [12] :

Our Error Metrics:

Avg abs_diff : 3.375, 

abs_rel : 0.214, 

sq_rel : 1.681, 

a1 : 0.694, 

a2 : 0.887, 

a3 : 0.955

Qualitative Results:

Network Architecture:

Our network architecture comprises of 
Encoder Network:

The encoder extracts high level and low-resolution 
features from the input image. These  are then fed 
to the decoder, where they are gradually up-
sampled, refined, and merged to form the final
high-resolution output depth map. Our design 
choice for the encoder was guided by the fact that 
we would like this to run on mobile devices for 
inference – hence we opted for low latency 
designs.

Encoders used in depth estimation networks are 
commonly those that are used for image 
classification. Popular choices include VGG-16 
[17] and ResNet-50 [18] because of their strong 
expressive power and high accuracy. However, 
such networks are have high complexity and 
latency, making them unsuitable for applications 
running mobile devices[16].

We based our encoder on MobileNet [19]. The 
encoder makes use of depth-wise decomposition, 
factorizing an m×m×n standard convolutional layer
into n m×m depth-wise layers and a 1×1 pointwise 
layer. 
Since each filter in a depth-wise layer only 
convolves with a single input channel, the 
complexity of a depth-wise layer is much lower 
than that of a standard convolutional layer, where 
each filter convolves with all input channels. Also 
each pointwise filter is just a 1×1 kernel, so the 
number of multiply-accumulate operations 
performed by a point-wise layer is much  smaller 
than that of the original standard convolution. 
Hence, depth-wise decomposition significantly 
reduces the complexity of a convolutional layer, 
making MobileNet more efficient than networks 
with standard convolution like ResNet and VGG 
and this translates to reduced latency. 

Decoder Network: The decoder merges and up-
samples the output of the encoder to form a dense 
prediction. The key design aspect here is the up-
sample operation used (e.g., unpooling, transpose



convolution, interpolation combined with 
convolution).

The decoder that we used consists of five up-
sample layers and a single pointwise layer at
the end.  Each up-sample layer performs 
convolution and reduces the number of output 
channels by 1/2 relative to the number of input 
channels. This is followed by nearest-neighbor 
interpolation that doubles the spatial resolution of 
intermediate feature maps. Depth-wise 
decomposition to further lower the complexity of 
all convolutional layers, resulting in slim and fast 
decoder. The network complexity can be measured 
by indirect metrics such as  multiply-accumulate 
operations and latency on a target hardware 
platform.

6. Conclusion:
In this work I have  presented an end-to-end 
learning pipeline that utilizes the task of view 
synthesis for supervision of single-view depth
estimation. While the supervisory task of training 
the network to estimate depth show satisfactory 
results – future enhancements could involve using 
a method  where disparity values could be 
regressed from  a cost volume. Also the network 
architecture could be enhanced using skip 
connections. Encoder networks typically contain 
many layers to gradually reduce the spatial 
resolution and extract higher-level features from 
the input. The output of the encoder into the 
decoder becomes a set of low resolution features in
which many image details can be lost, making it 
more difficult for the decoder to recover pixel-wise
(dense) data. Skip connections allow image details 
from high resolution feature maps in the encoder to
be merged into features within the decoder; this 
helps the decoding layers reconstruct a more 
detailed dense output. 
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