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Abstract

The problem of recovering 3D geometry from multiple
viewpoints is not only fundamental to the field of computer
vision, but has also seen recently seen great strides with
the use of deep learning. However, the remote sensing
community has fallen behind the state-of-the-art in lever-
aging these techniques. This project aims to implement a
state-of-the-art multi-view stereo depth estimation network
and investigate the feasibility of using an end-to-end deep
learning pipeline for 3D reconstruction from satellite im-
agery. This report details the implementation of the MVS-
Net framework from literature, qualitative and quantitative
results from a lightly-trained network, and discussion on fu-
ture considerations for extension to experiments on satellite
imagery."

1. Introduction

Recovering a functional model of the 3D geometry using
only satellite or high-altitude imagery is of particular inter-
est to the remote sensing community with regard to both
scientific, emergency response, and national defense mis-
sions. Recently, there has even been commercial interest
in imaging the planet using high-resolution synthetic aper-
ture radar (SAR). Rather than launching a dedicated SAR
satellite fleet in a strict formation to produce high-resolution
models of the Earth with radar, it would be particularly de-
sirable to leverage existing satellite imagery with advanced
computer vision algorithms to reconstruct areas of interest
using the large backlog of extremely high resolution Earth
images.

With recent advances in the application of deep learn-
ing to depth map estimation from unstructured multi-view
stereo (MVS) [16] overtaking traditional methods, this ap-
pears to be a logical time to close the gap between the com-
puter vision and remote sensing fields. However, to the au-
thor’s best knowledge, there is no publicly available infor-
mation on a full end-to-end deep learning approach to 3D
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reconstruction from satellite imagery. This project, there-
fore, is the first step towards novel application of a promis-
ing technology to a significant remote sensing problem.

2. Related Work

The related work on multi-view stereo reconstruction
may be divided into the categories of model-based and
learning-based methods. Learning-based methods lever-
age hand-crafted metrics and traditional feature extraction
and matching methods to stitch multiple views together
while minimizing some cost of reconstruction, whereas the
learning-based methods rely on deep features and learned
representations for estimating the depth of an image and
therefore permitting a reconstruction.

In the realm of model-based methods, a comprehensive
review by Schonberger et. al. of the structure-from-motion
(SfM) problem [14] details how the SfM and subsequent
reconstruction problem can be broken down into an incre-
mental process consisting of feature extraction, image pair-
ing, feature matching, triangulation, and bundle adjustment.
The authors introduce COLMAP, an open-source StM li-
brary that relies on an expensive nonlinear optimization pro-
cess, extensive outlier rejection, and geometry consistency
metrics. Unlike other methods, this SfM pipeline does not
require calibrated cameras — i.e. any unstructured set of
images may be used. Schonberger published another work
[13] that details pixel-wise view selection for unstructured
multi-view stereo. This view selection process enables the
“incremental” technique utilized in their SfM method; how-
ever, it disregards the multi-view nature of the problem by
only considering image pairs.

Similarly, work by Furukawa et. al. [9] use a sparse-to-
dense feature extraction process and constraints of epipo-
lar geometry to generate dense “patches” along the surface
of the target scene. This reconstruction method enforces
local photometric constistency as well as global visibility
constraints to reject occluded or poor feature matches. In
contrast to the SfM approach, this work requires calibrated
cameras, such that the full camera matrix is known a priori.

Another quasi-dense approach to surface reconstruction
was proposed by Lhuiliier et. al. [12] which leverages


https://github.com/bcollico/Deep_Multiview_Depth_Estimation

course-to-fine reconstruction by sampling sub-pixel points
from the initially generated disparity map. This method
does not require calibrated cameras, but still leverages only
pairwise image information, leading to an inefficient use of
the avaiable information. This method, however, is limited
to closed and smooth surfaces, making it unsuitable for out-
door scenes.

In regards to learning-based methods, there have been
multiple attempts at extending neural network approaches
to stereo and multi-view applications. The focus of this
project is on the MVSNet proposed by Yao et. al. [16],
which is largely characterized as the first learning-based
end-to-end multi-view stereo pipeline. Enabling this ad-
vancement was the reduction of the large multi-view recon-
struction problem into per-view depth map estimation. This
in combination with contributions in other domains, such as
successful 2D and 3D encoder-decoder structures and back-
ground segmentation approaches, allowed the MVSNet to
outperform other methods which were restricted to low res-
olution, synthetic data and/or small-scale reconstructions.

Despite these advancements, the remote sensing and
satellite imagery literature does not reflect the demonstrated
success of learning-based multi-view stereo reconstruction.
Even state-of-the-art reconstruction methods from satellite
imagery, such as the winner of the Intelligence Advanced
Research Projects Activity (IARPA) 2016 3D reconstruc-
tion challenge [8], rely on selecting suitable stereo pairs
for epipolar rectification. Further, research has only be-
gun moving in the direction of more sophisticated structure
from motion (SFM) approaches, exemplified by the authors
of [18], who investigate open-source SFM libraries (such as
the previously discussed COLMAP) applied to satellite im-
agery, and the authors of [3], who take a novel approach to
designing a satellite-imagery-specific SFM pipeline.

3. Technical Approach

The proposed approach is to re-produce the MVSNet de-
veloped in [ 16] and investigate it’s applicability to the prob-
lem of 3D reconstruction from satellite imagery. The MVS-
Net is an end-to-end deep learning pipeline that accepts un-
structured multi-view images as an input and outputs the es-
timated depth map in the target image. The general idea of
the MVSNet pipeline is shown in Figure 1. The network
was devised to replace traditional dense matching meth-
ods, including those that require pre-rectified image pairs,
to produce more complete reconstructions while leverag-
ing the the multi-view information present in the problem.
The MVSNet introduced several novel contributions to the
burgeoning field of deep-learning-based multi-view stereo:
(1) A differentiable homography warping that enables the
end-to-end training, (2) a cost volume built upon the cam-
era frustrum rather than Euclidiean space, and (3) a decou-
pling of the reconstruction process into the smaller problem

of per-view depth map estimation.
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Figure 1. MVSNet General Framework

3.1. MVSNet Architecture

The MVSNet neural network architecture is detailed in
the following sections.

3.1.1 Feature Extraction

The MVSNet is comprised of several sub-networks that en-
able the end-to-end learning process. The first of which is a
feature encoder that downsizes the input image while main-
taining global image information in each pixel descriptor.
The feature extraction network is a 2D convolutional neu-
ral network (CNN) with eight layers — the network weights
are shared for each view to expedite training. Specifically,
the MVSNet uses a 2D U-Net to downsample the input im-
ages into 32-channel feature maps. The U-Net encoder is
summarized in Fig. 2.
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Figure 2. U-Net Feature Encoder

3.1.2 Cost Volume

A 3D cost volume is built from the extracted feature maps
upon the camera frustum. The feature maps from each im-
ages are warped into planes parallel to the reference image
using a differentiable homograpy constructed as
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where the homography between the i*" feature map and the
reference feature map at depth d is H ;(d), and the i*" cam-
era extrinsics and intrinsics are {K;, R;, t;}. Care must



be taken to rotate the camera translations to the world refer-
ence frame as was shown in Eq. (1). Points of this warped
feature map are denoted by the set V;(d) = {«/ | z ~
H;(d)x’ ¥ x € F;} where F; is the set of encoded fea-
tures for the i*” image and ~ denotes the projective equality.
This process is what enables depth estimation downstream
in the network - by warping each view to the frustum of
the reference camera at varying depths, the network is es-
sentially sampling a pre-defined depth range over which to
estimate the depth of individual pixels.

The constructed feature volumes are then aggregated into
a global cost volume C' using a variance-based metric M.
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where V, is the average volume among all feature volumes.
All operations are element-wise. The authors note that no
preference is given to the reference image in this operation.
It is also worth noting that this cost volume is based on
the variance of the feature volumes (i.e. the second sta-
tistical moment of the Gaussian distribution). Precaution is
taken, however, to regularize the cost volume to alleviate
noise from occlusions, non-lambertian features, and cam-
era errors. The cost volume is used to generate a probabil-
ity volume P for depth inference. A four-scale 3D CNN,
similar to the 3D U-Net [5] is applied for this step, upsam-
pling and downsampling the 32-channel cost volume before
re-combining and decoding it to the corresponding proba-
bility volume, applying the softmax operation to normalize
the resulting probabilities. The cost regularization network
is visualized in Fig. 3, where each box represents a 3D CNN
followed by batch normalization and an activation layer.
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Figure 3. 3D U-Net-like Cost Volume Regularization CNN

3.1.3 Depth Map Inference

To approximate the argmax operation in a differentiable
manner, the “soft argmin” operation is applied to retrieve

the depth map from the probability volume.

dmax

D= Y dxP(d) (3)
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This operation amounts to computing the expectation along
the depth direction. The resulting depth map is the same
size as the 2D image feature maps. To prevent against the
influence of small probabilities on the computed depth, only
a subset of the depth hypotheses are used to compute the
initial depth map. The subset of selected depth probabilities
must be re-scaled using the softmax operation to ensure that
the probabilities still sum to 1 and the expected depth range
is not affected by this operation.

Finally, the reference image is used as a guide for refin-
ing the depth map, and a residual learning network is ap-
plied. To prevent biasing at a certain depth scale, the initial
depth map is normalized to the range [0, 1] using the range
of depth hypotheses. The normalized initial depth map and
reference image are input to this network, which is a 2D
CNN, shown in Fig. 4 that outputs the normalized resid-
ual depth of the input image. This residual is added to the
normalized initial depth map and re-scaled to produce the
refined depth estimate.
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Figure 4. 2D CNN for Depth Map Refinement

3.1.4 Loss Function

Losses are considered for both the initial and refined depth
maps. A ground truth depth map is used to compute the
mean absolute errors of all pixels with ground truth labels.
The loss is

L= | -aw)| +r)de - 4.0, @

1
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where d(p), d;(p), and d; (p) are the ground truth depth, ini-
tial depth estimate, and refined depth estimate respectively
for each image in the batch. The weight parameters, )\, is
set to 1.0.



3.1.5 3D Reconstruction via Depth Map Fusion

The output depth maps could then be fused using simple
point cloud merging techniques such as a iterative-closest-
point (ICP) search. The technique implemented by the
original MVSNet authors is to first filter the depth maps
and then implement two consistency metrics for fusing the
depth maps. (1) pixels with a depth probability less than 0.8
will be excluded, and (2) multi-view geometric consistency
is enforced by projecting a pixel through it’s depth to an-
other view, and then reprojecting the new pixel back to the
reference image using it’s depth estimate in the new view. If
the pixel reprojected to the reference view is ”close” enough
to the original, it is included in the depth map. Depth map
fusion was not considered in this project.

3.2. Datasets and Evaluation

The neural network was originally planned to be pre-
trained on the pre-prepared DTU dataset, provided by [!]
and prepared for training the MVSNet by [16], and fine-
tuned using portions of the IARPA MVS3DM dataset [2].
Particularly, the modified and reduced dataset introduced
in [18] would have been used due to the provided camera
intrinsic and extrinsic parameter estimates. Satellite images
are generally accompanied by a rational polynomial coeffi-
cient (RPC) camera model which uses a ratio of cubic poly-
nomials, defined by 78 coefficients and 10 normalization
constants. This camera representation was shown, in [18],
to be locally approximatable as a weak perspective pinhole
camera with intrinsics familiar to traditional computer vi-
sion techniques.

This second phase of this approach, however, did not
come to fruition. Due to limitations in the model for learn-
ing large-scale scenes, it is not feasible to train or evaluate
the MVSNet architecture on satellite imagery. This limita-
tion will be discussed further in the discussion and conclu-
sions.

4. Implementation

The original MVSNet implementation was closely fol-
lowed for this project with some exceptions. Notable ex-
ceptions and implementation details will be explored in this
section.

4.1. Neural Network

Some changes were made to the neural network to im-
prove memory efficiency, correct upon inaccuracies, and
tune performance to a resource-limited machine. These
changes include:

1. Bias parameters were excluded from all convolutional
layers. The batch normalization after each layer nulli-
fies any bias effect, and excluding this parameter pro-
vides GPU memory savings.

2. The original homography warping included the term
KT rather than K as was shown above. The inverse
must be used to preserve the generality of the transfor-
mation, i.e. the warping of an image to itself is the
identity matrix. Additionally, the original equation did
not make mention of rotating the translation vectors to
a common reference frame, which is also necessary.

3. It should be noted that the original implementation
used the Tensorflow machine learning framework,
whereas this work makes use of PyTorch.

A summary of the trainable parameters in the neural net-
works is shown in the following table. Notice that the num-
ber of parameters in the 3D Cost Volume Regularization
network is approximately an order of magnitude greater
than the 2D CNNS.

Table 1. Trainable Model Parameters by component

Feature Encoder | 40088
Cost Volume Reg | 321864
Depth Refine 20064
Total 382016

The Adam optimizer with a variable learning rate was
used in training the model. The learning rate scheduler was
set to decrease the learning rate by 20% if the validation loss
did not decrease after 3 epochs, waiting 5 epochs between
successive changes in the learning rate. The learning rate
was assigned an initial value of 0.005 and a minimum value
of 0.0001.

4.2. Training/Validation/Testing

The data splits were selected to be similar to the original
MVSNet convention. The dataset, however, was expansive,
so only one lighting condition was selected for each camera
view for training. A subset of the original validation and
evaluation sets were also selected and used to compute the
accuracy metrics. A summary of the data splits is shown
in the table below. The neural network was trained for 14
epochs on the training split with a batch size of 5 samples
(each containing 3 images), with the learning rate scheduled
according to performance on the validation split. The loss,
initial depth map accuracy, and refined depth map accuracy
across all training samples is plotted in Fig. 5.

Table 2. DTU Dataset Split

Training Samples | 3871
Validation Samples | 196
Evaluation Samples | 1078

| 5145 |

Total Samples
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Figure 5. Training Statistics

5. Results

The network was trained for 14 epochs with a batch size
of 5 samples, resulting in a total training time of approx. 40
hours on an Nvidia K80 GPU with 12GB vRAM hosted
on a Google Cloud virtual machine. The testing results
for mean pixel-wise accuracy compared to the ground truth
depth maps is shown in Tab. 3. The depth accuracy values
here represent the mean difference in the depth estimation
of valid pixels, where the depth of the scene is on the or-
der of 400-900 units. The table, therefore, shows that the
average pixel accuracy of the depth map is approximately
12% of the depth range of the image. This value may have
a skew induced by large outliers in the scene.

Table 3. MVSNet Depth Map Accuracy Results

Initial Depth Map | Refined Depth Map
65.17 59.34

Estimated depth maps are shown for several views. The
original image and ground truth depth maps are shown for
qualitative comparison — note that the depth maps were re-
scaled to the range [0, 255] for visualization.

6. Discussion
This section will discuss the presented results as well as

limitations and extensions of the MVSNet and future direc-
tions for multi-view stereo in satellite imagery.

6.1. Estimated Depth Maps

Despite only being trained for 14 epochs, the estimated
depth maps are produced as expected. The initial depth map
is a rough approximation of the depth in the scene, whereas
the refined depth map uses the original image to capture
edges and features that were not observed in the initial ap-
proximation. Across all depth maps, we see that the net-
work has difficulty in assigning values to the far-field depth
points, i.e. those beyond the scene of interest. This is due to
the training process of only comparing valid” depth points
in the ground truth. This leads one to believe that some seg-
mentation or other attempt at background removal should be
implemented to alleviate the network’s burden of estimating
the depth of background points.

In reference to specific depth images, Fig. 6a showcases
the ability of the depth refinement network to capture edges
and visual features from the image starting with a blurry and
inaccurate initial depth map. In Fig. 6b, we show an exam-
ple where the network successfully estimated the depth of
points that were not fully incorporated in the ground truth
depth map. This generalization capability is a strong indica-
tion that the network has learned the intended depth estima-
tion behavior. Finally in Fig. 6¢c, we see an example where
the network only partially captures the details of the image,
struggling with resolving subtle differences in depth, such
as the difference between the figurine’s feet and the blocks
upon which it stands.

6.2. Limitations

The methods implemented here have several severe limi-
tations that make it difficult to use for general purpose depth
estimation and high resolution or large scenes.

1. The algorithm requires known camera intrinsic and ex-
trinsic parameters. If the intended training dataset does
not contain these truth labels, they will have to be es-
timated a la structure from motion. This estimation
process is prone to error and may introduce untenable
noise into the training process.

2. The algorithm requires an initial estimate of the range
of depths in the scene. For completely new scenes, a
poor estimate of the scene depth will result in nonsen-
sical results from the network. In the training process,
the minimum scene depth was provided for determin-
ing this range.

3. Another imposed constraint on the training dataset
is the existence of reliable, dense ground-truth depth
maps for all scenes. In the context of satellite imagery,
this is particularly difficult to obtain and process con-
sidering the large scale of environment. Several works
in literature have attempted to remedy this issue with
self-supervised or unsupervised training processes that
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Figure 6. Qualitative Comparison of Estimated Depth Maps

learn depth while enforcing consistency between the
views. In [6], the unsupervised process is implemented
with cross-view consistency metrics to produce depths
maps that comply with the underlying geometry. Other
methods such as [4] rebuke the notion of enforcing
photometric consistency, and propose a neural render-
ing technique to handle non-Lambertian surfaces and
object occlusions.

4. Another limiting factor for extending the traditional
MVSNet to large scenes is the high memory consump-
tion of the cost volume regularization network. Us-
ing the MVSNet for large scenes would require pro-
hibitively large amounts of dedicated GPU memory.
To this end, several papers have addressed the issue of
high-resolution and large-scale environments: Yao et.
al. proposed the Recurrent MVSNet (R-MVSNet) [17]
which makes use of a Gated Recurrent Unit (GRU) to
sequentially regularize the 2D depth maps rather than
the entire 3D cost volume, drastically reducing mem-
ory consumption; Weilharter et. al. propose the High-
Res MVSNet [15] and employ a course-to-fine depth
search across images to reduce memory consumption
while still achieving depth quality comparable to other
end-to-end deep MVS methods.

6.3. Future Work

This project serves as a starting point for investigating
learning-based methods for 3D reconstruction from satellite
imagery. There is much left too be discovered in this field
due to the lack of available literature of neural-network-
based approaches in this domain. To this end, the author
has recommendations for future research endeavors on this
topic.

1. Investigation into methods for high-resolution multi-
view reconstruction using self-supervised or unsuper-
vised learning. There is no definitive solution for re-
moving the ground truth depth labels from the MVS

learning process, and much less a solution for doing
so with large-scale scenes. One may draw inspiration
from the methods mentioned above as well as monoc-
ular depth estimation techniques such as [10, [ 1].

2. Methods for directly integrating the RPC camera
model and into an end-to-end deep learning pipeline
for MVS reconstruction. As mention, the camera in-
formation directly available from satellite imagery cur-
rently must be converted to the more familiar pinhole
model for processing. Removing this process would
reduce approximation errors and lessen the computa-
tional and logistical burden associated with undertak-
ing this problem.

3. Leveraging multi-spectral information in the recon-
struction process. As discussed before, interest is
growing in the collection of data using satellite as syn-
thetic apertures, e.g. SAR Radar image collection.
It was demonstrated in [7] that pan-chromatic images
could be enhanced by incorporating multi-spectral in-
formation, so perhaps further gains could be made in
the domain of multi-spectral fusion for 3D reconstruc-
tion.

7. Conclusions

This project implemented the MVSNet multi-view depth
inference network in the PyTorch machine learning frame-
work. The network was shown to qualitatively produce
depth maps that capture the overall shape and depth of the
target image, and to quantitatively differ from the ground
truth on the order of 10-15% of the depth range of the scene.
Despite the large magnitude of this mean error, the results
are promising considering that the network was training for
only 14 epochs and did not include any fine-tuning. The
network was shown to generalize to unseen evaluation data
and perform at the same level as was demonstrated during



training. Future work on this model include further train-
ing on the existing data and extension of the training data to
include the full DTU dataset.

In the context of extending this MVS solution to satel-
lite imagery, discussion was provided on why this MVS-
Net would not be suitable for large-scale or high-resolution
depth estimation. Discussion was presented on possible
extensions to unsupervised training to alleviate the diffi-
culty of collecting ground truth depth information for satel-
lite images. Future directions were proposed to continue
investigating this problem, including unsupervised high-
resolution reconstruction, integration of the complex RPC
camera model into the neural network framework, and us-
age of multi-spectral information to improve depth estima-
tion accuracy and robustness.
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