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Abstract— We present a novel approach for unsupervised
learning of depth and ego-motion from monocular video. The
idea is to explicitly consider the inferred 3D geometry of the
scene, enforcing consistency of the estimated 3D point clouds
and ego-motion across consecutive frames. This is a challenging
task and is solved by a novel (approximate) backpropagation
algorithm for aligning 3D structures. Because we only require a
simple video, learning depth and ego-motion on large and varied
datasets becomes possible. We demonstrate this by training on
the low quality uncalibrated video dataset and evaluating on
KITTI, ranking among top performing prior methods which are
trained on KITTI itself. A detailed version of this abstract will
appear in [5]. See also http://sites.google.com/view/vid2depth.

Introduction. This paper considers unsupervised learning of depth and ego-motion from monocular RGB-only
videos [6]. The only form of supervision that we use comes
from assumptions about consistency and temporal coherence
between consecutive frames in a monocular video. While,
most supervised methods for learning depth and ego-motion
require carefully calibrated setups [4], here the only required
input is video and the camera focal length.
Method. In order to learn depth in a completely unsupervised fashion, we rely on existence of ego-motion in
the video. Given two consecutive frames from the video, a
neural network produces single-view depth estimates from
each frame, and an ego-motion estimate from the frame
pair. Requiring that the depth and ego-motion estimates
from adjacent frames are consistent serves as supervision
for training the model. We propose a loss which directly
penalizes inconsistencies in the estimated depth by directly
comparing 3D point clouds in a common reference frame.
Intuitively, assuming there is no significant object motion
in the scene, one can transform the estimated point cloud
for each frame into the predicted point cloud for the other
frame by applying ego-motion or its inverse (Fig. 1). Unlike
2D losses that enforce local photometric consistency, the 3D
loss considers the entire scene and its geometry. We show
how to efficiently backpropagate through this loss [5].
Problem setup. At training time, the goal is to learn depth
and ego-motion from a single monocular video stream. This
problem can be formalized as follows: Given a pair of consecutive frames Xt−1 and Xt , estimate depth Dt−1 at time
t−1, depth Dt at time t, and the ego-motion Tt representing
the camera’s movement (position and orientation) from time
t − 1 to t. Once a depth estimate Dt is available, it can be
projected into a point cloud Qt (using the camera intrinsic
matrix K).
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Fig. 1. The 3D loss: ICP is applied symmetrically in forward and backward
directions to bring the depth and ego-motion estimates from two consecutive
frames into agreement. The products of ICP generate gradients which are
used to improve the depth and ego-motion estimates.

Given an estimate for Tt , the camera’s movement from
t − 1 to t, Qt can be transformed to get an estimate for
the previous frame’s point cloud: Q̂t−1 = Tt Qt . Note that
the transformation applied to the point cloud is the inverse
of the camera movement from t to t − 1. Q̂t−1 can then
be projected onto the camera at frame t − 1 as K Q̂t−1 .
Combining this transformation and the projection onto the
image, establishes a mapping from image coordinates at
time t to image coordinates at time t − 1. This mapping
allows us to reconstruct frame X̂t by warping Xt−1 based
on Dt , Tt . Comparing the reconstructed images X̂t , X̂t−1 to
the input frames Xt , Xt−1 respectively produces a differentiable image reconstruction loss that is based
P on photometric
consistency per pixel i, j [6], [2] Lrec = ij k(Xtij − X̂tij )k.
3D Point Cloud Alignment Loss. Instead of using the
projections of Q̂t−1 or Q̂t just to establish a mapping
between coordinates of adjacent frames, we construct a
loss function that directly compares point clouds Q̂t−1 to
Qt−1 , or Q̂t to Qt . This 3D loss uses a well-known rigid
registration method, Iterative Closest Point (ICP) [1], which
computes a transformation that minimizes point-to-point distances between corresponding points in the two point clouds.
Because of the combinatorial nature of the correspondence
computation, ICP is not differentiable. We can, however, approximate its gradients using the products of the alignment,
allowing us to backpropagate errors for both the ego-motion
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and depth estimates. ICP takes as input two point clouds A
and B (e. g. Q̂t−1 and Qt−1 ). Its main output is a best-fit
transformation T 0 which minimizes the distance between the
transformed points
in A and their corresponding points in B:
P
arg minT 0 12 ij kT 0 · Aij − B c(ij) k2 , where c(·) denotes the
point to point correspondence found by ICP. The secondary
output of ICP is the residual rij = Aij −T 0−1 ·B c(ij) , which
reflects the residual distances between corresponding points
after ICP’s distance minimizing transform has been applied.
The negative residuals are used as (approximate) gradients
to improve depth per step, and T 0 as potential improvement
on ego-motion estimation.
Overall, the full training loss is defined as:
X
L=
αLsrec + βLs3D + γLssm + ωLsSSIM
(1)
s

Lsrec

where
is the standard photometric reconstruction
loss [6], Ls3D is the ICP-based loss, Lssm and LsSSIM are
the smoothness and the structural similarity (SSIM) losses,
respectively, combined with hyper-parameters. The loss is
applied at four scales s.
Experiments. We first test our algorithm on the popular
KITTI dataset [3]. Our proposed approach consistently improves depth estimates, and outperforms the state-of-the-art
for both depth (Table I, Fig. 2) and ego-motion. Our model
lowers the mean absolute relative depth prediction error (in
meters) from 0.208 [6] to 0.163, which is a significant improvement. Our method obtains ego-motion trajectory error
of 0.013 ± 0.010 and significantly outperforms the method
of [6] 0.021±0.017, as well as other state-of-the-art methods.

Evaluation of the 3D
Loss. Fig. 3 plots the
evaluation error from
each model over time as
training progresses. The
points show the depth
error at different training
Fig. 3. Depth eval. error over time.
epochs on the evaluation
set. Using the 3D loss improves performance across all
stages of training and has a regularizing effect, by reducing
overfitting. In contrast, just pre-training on the larger
Cityscapes dataset is not sufficient to reduce overfitting or
improve depth quality.
Learning from an uncalibrated video stream. We
demonstrate that our proposed approach can consume and
learn from any monocular video source with camera motion.
We record a new dataset, the Bike Video Dataset, containing
monocular video captured using a hand-held commercial
phone camera while riding a bicycle. We train our depth
and ego-motion model only on these videos, then evaluate
the quality of its predictions by testing the trained model
on the KITTI dataset. The results in Table I show that our
model trained on the Bike videos is close in quality to the
best unsupervised model of [6], which is trained on KITTI
itself.
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