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サブクローラを有する
クローラロボット

3次元レーザー
スキャナ

3次元地図と
操縦インターフェース 位置推定モデル

学部・修士の研究
レスキューロボット
• 研究：レーザーSLAM，遠隔操縦支援 [IROS2010, SII2010]

• 開発：3次元レーザースキャナ，操縦インターフェース

実績
• NEDO 閉鎖空間内高速走行探査群
• ロボカップ2009世界大会 （チーム名：Pelican United）

– レスキューロボットリーグ 世界優勝 ２部門, 世界準優勝 ２部門



博士の研究
車載画像を用いた市街地の時空間モデリング
• 市街地がどう変わってゆくかをモデル化

数カ月後

シーンの変化 復旧・復興の過程
１年目 ２年目 Y年目
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3.11被災地の映像記録 (1/2)
• システム

– 車の屋根に取り付けた全方位カメラ
• Ladybug 3/5， Point Grey Research inc.

– GPSセンサーあり・デプスセンサーなし
– 路上約2m間隔で画像を撮影



画像例
• 岩手県大槌町，地震後約１ヶ月

https://www.youtube.com/watch?v=iBV0-DgkHiI



3.11被災地の映像記録 (２/2)
• プロジェクトの概要

– 沿岸部被災地のほぼ全体 ~ 長さ500km
– 地震発生後約１ヶ月から定期的に撮影; 初年度は３ヶ月に一度，
以降６ヶ月

– 現在のデータ：40テラバイト＝数千万枚の画像



プロジェクトの目的
• 被害の記録

– 教育，土木・建築，都市計画，防災等
• 復興の記録

– 3-6ヶ月ごとの定期的撮影

2011/4

2011/7

2012/1



3次元復元（SfM+MVS）の研究状況
• 研究から応用の段階へ

PTAM [Klein+07]Autodesk 123D Catch

未整列画像からの大規模復元 [Snavely+04, Agarwal+10]



次の課題：３Dから４Dへ

視点数

時間
(シーン変動)

1 2 10 10000

1

∞
(連続)

SLAM

監視カメラ
応用

ステレオ
カメラ

多視点モデリング

多視点・多時刻画像
から

空間の変化を推定



戦略

２次元ベース
高速なシーン変化検出

３次元ベース
正確な３次元構造の変化検出

物体認識ベース
市街地全体の瓦礫や植物の分布推定

• 様々な技術を用いた変化検出手法を提案



CNN特徴を用いた高速な変化検出
[BMVC2015]

スーパーピクセル
セグメンテーション

CNN特徴の抽出

Geometric Context

T1

T2

シーン変化の検出

“ImageNet Classification with Deep Convolutional Neural Networks”, Alex Krizhevsky, Ilya Sutskever, 
Geoffrey Hinton, NIPS 2012



CNN特徴を用いた高速な変化検出

時刻１

時刻２
検出結果

人による
判定結果

画像の
直接比較

[BMVC2015]



確率的デプス推定に基づくシーン変化検出
[CVPR2013]



確率的デプス推定に基づくシーン変化検出
20

11
/4

20
11

/7

[CVPR2013]

https://www.youtube.com/watch?v=u3kXJQuy7Io



市街地の状態推定
[ACCV2014]



市街地の状態推定
• 地上＋上空視点画像の融合

[ACCV2014]

https://www.youtube.com/watch?v=6WFP0dtHZHw



将来像

環境情報の
リアルタイムビッグデータ

道路状況の更新

リアルタイムストリートマップ

植生モニタリング

犯罪の監視

• 移動体センサーネットワークを利用したダイナミックな
環境のモデリング
– 地上での出来事をリアルタイムで学習
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３次元モデリングの基礎

エピポーラ幾何
（参照：Multiple View Geometry）

• 推定した対応点から三角測量の原理により３次元点（デ
プス）を推定



Structure-from-Motion

多視点画像

３次元形状（点群）とカメラ軌跡

• 多視点画像からカメラ姿勢と３次元形状を同時に推定
– 特徴点の対応付け
– 対応点から３次元点を復元
– 再投影誤差の最小化



多視点ステレオ（MVS）

reconstruct a crowded scene despite the presence of
occluders, but their approach is limited to a small number
of images (typically three) as the complexity of their model
is exponential in the number of input images. Goesele et al.
[21] have also proposed an algorithm to handle Internet
photo collections containing obstacles and produce im-
pressive results with a clever view selection scheme.

In this paper, we take a hybrid approach that is applicable
to all three types of input data. More concretely, we first
propose a flexible patch-based MVS algorithm that outputs a
dense collection of small oriented rectangular patches,
obtained from pixel-level correspondences and tightly cover-
ing the observed surfaces except in small textureless or
occluded regions. The proposed algorithm consists of a
simple match, expand, and filter procedure (Fig. 1): 1) Matching:
Features found by Harris and difference-of-Gaussians
operators are first matched across multiple pictures, yielding
a sparse set of patches associated with salient image regions.
Given these initial matches, the following two steps are
repeated n times (n ¼ 3 in all our experiments). 2) Expansion:
A technique similar to [17], [18], [22], [23], [24] is used to
spread the initial matches to nearby pixels and obtain a dense
set of patches. 3) Filtering: Visibility (and a weak form of
regularization) constraints are then used to eliminate in-
correct matches. Although our patch-based algorithm is
similar to the method proposed by Lhuillier and Quan [17], it
replaces their greedy expansion procedure by iteration
between expansion and filtering steps, which allows us to
process complicated surfaces and reject outliers more
effectively. Optionally, the resulting patch model can be
turned into a triangulated mesh by simple but efficient
techniques, and this mesh can be further refined by a mesh-
based MVS algorithm that enforces the photometric consis-
tency with regularization constraints. The additional com-
putational cost of the optional step is balanced by the even
higher accuracy it affords. Our algorithm does not require
any initialization in the form of a visual hull model, a
bounding box, or valid depth ranges. In addition, unlike
many other methods that basically assume fronto-parallel
surfaces and only estimate the depth of recovered points, it
actually estimates the surface orientation while enforcing the
local photometric consistency, which is important in practice
to obtain accurate models for data sets with sparse input
images or without salient textures. As shown by our
experiments, the proposed algorithm effectively handles
the three types of data mentioned above, and, in particular, it

outputs accurate object and scene models with fine surface
detail despite low-texture regions, large concavities, and/or
thin, high-curvature parts. A quantitative evaluation on the
Middlebury benchmark [1] shows that the proposed method
outperforms all others submitted so far in terms of both
accuracy and completeness for four out of the six data sets.

The rest of this paper is organized as follows: Section 2
presents the key building blocks of the proposed approach.
Section 3 presents our patch-based MVS algorithm, and
Section 4 describes how to convert a patch model into a
mesh and our polygonal mesh-based refinement algorithm.
Experimental results and discussion are given in Section 5,
and Section 6 concludes the paper with some future work.
The implementation of the patch-based MVS algorithm
(PMVS) is publicly available at [25]. A preliminary version
of this paper appeared in [26].

2 KEY ELEMENTS OF THE PROPOSED APPROACH

The proposed approach can be decomposed into three
steps: a patch-based MVS algorithm that is the core
reconstruction step in our approach and reconstructs a set
of oriented points (or patches) covering the surface of an
object or a scene of interests; the conversion of the patches
into a polygonal mesh model; and finally a polygonal-mesh
based MVS algorithm that refines the mesh. In this section,
we introduce a couple of fundamental building blocks of
the patch-based MVS algorithm, some of which are also
used in our mesh refinement algorithm.

2.1 Patch Model
A patch p is essentially a local tangent plane approximation
of a surface. Its geometry is fully determined by its center
cðpÞ, unit normal vector nðpÞ oriented toward the cameras
observing it, and a reference image RðpÞ in which p is visible
(see Fig. 2). More concretely, a patch is a (3D) rectangle,
which is oriented so that one of its edges is parallel to the
x-axis of the reference camera (the camera associated with
RðpÞ). The extent of the rectangle is chosen so that the
smallest axis-aligned square in RðpÞ containing its image
projection is of size !$ ! pixels in size (! is either 5 or 7 in
all of our experiments).

2.2 Photometric Discrepancy Function

Let V ðpÞ denote a set of images in which p is visible (see
Section 3 on how to estimate V ðpÞ and choose the reference

FURUKAWA AND PONCE: ACCURATE, DENSE, AND ROBUST MULTIVIEW STEREOPSIS 1363

Fig. 1. Overall approach. From left to right: A sample input image, detected features, reconstructed patches after the initial matching, final patches
after expansion and filtering, and the mesh model.

image RðpÞ 2 V ðpÞ). The photometric discrepancy function
gðpÞ for p is defined as

gðpÞ ¼ 1

jV ðpÞ nRðpÞj
X

I2V ðpÞnRðpÞ
hðp; I; RðpÞÞ; ð1Þ

where hðp; I1; I2Þ is, in turn, defined to be a pairwise
photometric discrepancy function between images I1 and
I2. More concretely (see Fig. 2), given a pair of visible images
I1 and I2, hðp; I1; I2Þ is computed by 1) overlaying a !$ !
grid on p; 2) sampling pixel colors qðp; IiÞ through bilinear
interpolation at image projections of all the grid points in
each image Ii

2; and 3) computing one minus the normalized
cross correlation score between qðp; I1Þ and qðp; I2Þ.3

We have so far assumed that the surface of an object or a
scene is Lambertian, and the photometric discrepancy
function gðpÞ defined above may not work well in the
presence of specular highlights or obstacles (e.g., pedes-
trians in front of buildings, as shown in Fig. 10). In the
proposed approach, we handle non-Lambertian effects by
simply ignoring images with bad photometric discrepancy
scores. Concretely, only images whose pairwise photo-
metric discrepancy score with the reference image RðpÞ is
below a certain threshold " are used for the evaluation (see
Section 3 for the choice of this threshold):

V %ðpÞ ¼ fIjI 2 V ðpÞ; hðp; I; RðpÞÞ & "g; ð2Þ

g%ðpÞ ¼ 1

jV %ðpÞ nRðpÞj
X

I2V %ðpÞnRðpÞ
hðp; I; RðpÞÞ: ð3Þ

We simply replaced V ðpÞ in (1) with the filtered one V %ðpÞ to
obtain the new formula (3). Note that V %ðpÞ contains the
reference image RðpÞ by definition. Also note that the new
discrepancy function g%ðpÞ still does not work if RðpÞ
contains specular highlights or obstacles, but our patch
generation algorithm guarantees that this does not occur, as
will be detailed in Section 3.1.2.

2.3 Patch Optimization

Having defined the photometric discrepancy function g%ðpÞ,
our goal is to recover patches whose discrepancy scores are

small. Each patch p is reconstructed separately in two steps:
1) initialization of the corresponding parameters, namely,
its center cðpÞ, normal nðpÞ, visible images V %ðpÞ, and the
reference image RðpÞ; and 2) optimization of its geometric
component, cðpÞ and nðpÞ. Simple but effective initialization
methods for the first step are detailed in Sections 3 and 4,
and we focus here on the second optimization step. The
geometric parameters, cðpÞ and nðpÞ, are optimized by
simply minimizing the photometric discrepancy score g%ðpÞ
with respect to these unknowns. To simplify computations,
we constrain cðpÞ to lie on a ray such that its image
projection in one of the visible images does not change (see
Section 3 for the choice of the image), reducing its number
of degrees of freedom to one and solving only for a depth.
nðpÞ is, in turn, parameterized by Euler angles (yaw and
pitch), yielding an optimization problem within three
parameters only, which is solved by a conjugate gradient
method [28].

2.4 Image Model

The biggest advantage of the patch-based surface repre-
sentation is its flexibility. However, due to the lack of
connectivity information, it is not easy to just search or
access neighboring patches, enforce regularization, etc. In
our approach, we keep track of the image projections of
reconstructed patches in their visible images to help
performing these tasks. Concretely, we associate with each
image Ii a regular grid of #1 $ #1 pixels cells Ciðx; yÞ as in
Fig. 3 (#1 ¼ 2 in our experiments). Given a patch p and its
visible images V ðpÞ, we simply project p into each image in
V ðpÞ to identify the corresponding cell. Then, each cell
Ciðx; yÞ remembers the set of patches Qiðx; yÞ that project
into it. Similarly, we use Q%i ðx; yÞ to denote the patches that
are obtained by the same procedure but with V %ðpÞ instead
of V ðpÞ. Please see the next section for how we make use of
Qiðx; yÞ and Q%i ðx; yÞ to effectively reconstruct patches.

3 PATCH RECONSTRUCTION

Our patch-based MVS algorithm attempts to reconstruct at
least one patch in every image cell Ciðx; yÞ. It is divided into
three steps: 1) initial feature matching, 2) patch expansion,
and 3) patch filtering. The purpose of the initial feature
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Fig. 2. (a) A patch p is a (3D) rectangle with its center and normal
denoted as cðpÞ and nðpÞ, respectively. (b) The photometric discrepancy
fðp; I1; I2Þ of a patch is given by one minus the normalized cross
correlation score between sets qðp; IiÞ of sampled pixel colors. See text
for details.

2. We have also tried bicubic interpolation but have not observed
noticeable differences.

3. See [27] for an example of other photometric discrepancy functions.

Fig. 3. We keep track of image projections of reconstructed patches in
their visible images to perform fundamental tasks such as accessing
neighboring patches, enforcing regularization, etc. See text for more
details.

• 姿勢が既知の多視点画像からシーンを密に復元
– “Accurate, Dense, and Robust Multi-View Stereopsis”, Yasutaka Furukawa and Jean 

Ponce, TPAMI, 2010



３次元形状の高精度化
• 単眼RGB-D画像 + フォトメトリ

– “Intrinsic scene properties from a single rgb-d image”, J. T. Barron and J. 
Malik, CVPR, 2013

– “High quality shape from a single rgb-d image under uncalibrated natural 
illumination”, Y. Han, J.-Y. Lee, and I. S. Kweon, ICCV, 2013

• 多視点RGB-D画像 + フォトメトリ
– “Shading-based refinement on volumetric signed distance functions”, M. 

Zollhofer, A. Dai, M. Innman, C. Wu, M. Stamminger, ̈C. Theobalt, and M. 
Nießner, ACM Trans. Graphics, 2015
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Shading-based Refinement on Volumetric Signed Distance Functions

Michael Zollhöfer1,4 Angela Dai2 Matthias Innmann1 Chenglei Wu3
Marc Stamminger1 Christian Theobalt4 Matthias Nießner2

1University of Erlangen-Nuremberg 2Stanford University 3ETH Zurich 4MPI Informatics

Figure 1: Our method obtains fine-scale detail through volumetric shading-based refinement (VSBR) of a distance field. We scan an object
using a commodity sensor – here, a PrimeSense – to generate an implicit representation. Unfortunately, this leads to over-smoothing. Exploiting
the shading cues from the RGB data allows us to obtain reconstructions at previously unseen resolutions within only a few seconds.

Abstract

We present a novel method to obtain fine-scale detail in 3D re-
constructions generated with low-budget RGB-D cameras or other
commodity scanning devices. As the depth data of these sensors is
noisy, truncated signed distance fields are typically used to regularize
out the noise, which unfortunately leads to over-smoothed results. In
our approach, we leverage RGB data to refine these reconstructions
through shading cues, as color input is typically of much higher
resolution than the depth data. As a result, we obtain reconstructions
with high geometric detail, far beyond the depth resolution of the
camera itself. Our core contribution is shading-based refinement
directly on the implicit surface representation, which is generated
from globally-aligned RGB-D images. We formulate the inverse
shading problem on the volumetric distance field, and present a
novel objective function which jointly optimizes for fine-scale sur-
face geometry and spatially-varying surface reflectance. In order to
enable the efficient reconstruction of sub-millimeter detail, we store
and process our surface using a sparse voxel hashing scheme which
we augment by introducing a grid hierarchy. A tailored GPU-based
Gauss-Newton solver enables us to refine large shape models to
previously unseen resolution within only a few seconds.

CR Categories: I.4.1 [Image Processing and Computer Vision]:
Digitization and Image Capture—Scanning;

Keywords: shading-based refinement, 3D reconstruction

1 Introduction

The advent of low-cost RGB-D cameras, such as the Microsoft
Kinect, triggered the development of new algorithms that allow con-
sumers to densely scan objects at real-time frame rates. A prominent
example of this line of research is Kinect Fusion [Newcombe et al.
2011; Izadi et al. 2011] and its extensions [Roth and Vona 2012;
Whelan et al. 2012; Chen et al. 2013; Nießner et al. 2013], which
led to significant impact in the computer graphics, vision, and HCI
communities. Their efficient reconstruction of 3D environments is
beneficial to a large variety of applications, ranging from content
creation to augmented reality scenarios.

Core to these approaches is the underlying surface representation of
a truncated signed distance field (TSDF) [Curless and Levoy 1996].
This representation stores the distance values to the closest surface
point in 3D in a voxel grid, and has several advantages compared
to alternative models, such as point-based or mesh-based represen-
tations, in particular if efficiency is the goal. It enables efficient
alignment and fusion of scans, while systematically considering the
drastic noise and distortions in depth data of many RGB-D cameras.
Further, it allows scan integration without complex connectivity
and topology handling, and is the basis of many surface extraction
algorithms. Unfortunately, despite these benefits, aligning and inte-
grating depth scans on a TSDF leads to strong over-smoothing of the
surfaces, as the depth data is fused projectively using a weighted av-
erage from different viewing directions. This is further compounded
by drift due to alignment errors of input depth frames. Thus, while
TSDFs efficiently regularize noise, resulting reconstructions lack
fine-scale geometric detail. Additionally, scanning quality is limited
by the limits of the depth cameras themselves. Most of them deliver
images of much lower depth resolution than RGB resolution; depth
is also very noisy, and may contain systematic distortions. Overall,
the benefits of implicit surface representations have brought them to
be prevalent in online and offline 3D reconstruction approaches, but
they fail to capture fine-scale detail for noisy depth input. Note that
this extends beyond TSDFs, as other implicit functions have been
used as representations for 3D reconstruction; e.g., [Carr et al. 2001;
Kazhdan et al. 2006; Fuhrmann and Goesele 2014].

In this paper, we address the problem of over-smoothed TSDFs, and
propose a new approach to efficiently reconstruct fine-scale detail
on them. To this end, we leverage RGB data to refine the implicit

ACM Transactions on Graphics, Vol. 34, No. 4, Article 96, Publication Date: August 2015



３次元形状の高精度化
• 多視点ステレオ（MVS）+ フォトメトリ

– 法線ベクトルをリファイン

Google Earth Building Rome in a Day [4] PMVS Our reconstruction

Reference photo Rendered view Relit at sunset Sunset reference photo
Figure 1. Comparison with state of the art (top row) and results for rendering and relighting of one viewpoint (bottom row)

in each photo. Indeed, the only previous work to attempt
relighting for Internet photo collections is [8] and they pro-
vided results for only one dataset (Statue of Liberty) con-
sisting of six photos. While their lighting and reflectance
model is more sophisticated than ours, it is not scalable–it
took three hours to process the six image dataset. By us-
ing a more streamlined illumination and reflectance model,
we are able to process tens of thousands of images, while
achieving high quality visual results.

Also related is work on multi-view intrinsic image de-
composition [10]. They recover a PMVS point cloud, which
is then used to estimate per-point, per-view illumination (a
single color value to represent the combined illumination
and shading) which can be spread smoothly across each
view; they leverage multi-view constraints on the (Lamber-
tian) reflectance during estimation. This approach enables
transferring illumination from one image to another that
has many PMVS points in common, again after smoothly
spreading the illumination across the second image. How-
ever, their datasets are fairly small, typically tens of images.
Further, the method does not support general relighting, in-
stead copying sparse illumination (a per-point color) from
one image to another image, and both images must cover
roughly the same portion of the scene.

3. Preprocessing
Our pre-process consists of collecting images, recover-

ing camera poses with structure-from-motion (SfM), recov-
ering a point cloud with multi-view stereo (MVS), and re-
covering a mesh with per-vertex visibility to sets of images.

Given a landmark (e.g., the Colosseum), we download
ground-level images from Flickr [1] and obtain aerial im-
ages from Google. We augment this set with Google
Streetview images in regions that are poorly covered by
Flickr photos; these images are capture from the in-browser
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Figure 3. Ensuring a uniform SfM reconstruction. (a) SfM model
from a randomly subsampled image set. (b) The final SfM model
after augmenting the image set.

typically applied to photographic imagery to put the pixel
values in a linear space.

We then recover a triangle mesh for the landmark using
freely available software. In particular, we employ Visu-
alSFM [13] to estimate camera poses, PMVS/CMVS [6, 7]
to recover a dense, oriented point cloud, and Poisson Sur-
face Reconstruction [9] to reconstruct a triangle mesh.
We remove large (typically inaccurate) “hole-fill” triangles
from the Poisson reconstruction; specifically, we filter out

26

Google Earth Building Rome in a Day [4] PMVS Our reconstruction

Reference photo Rendered view Relit at sunset Sunset reference photo
Figure 1. Comparison with state of the art (top row) and results for rendering and relighting of one viewpoint (bottom row)

in each photo. Indeed, the only previous work to attempt
relighting for Internet photo collections is [8] and they pro-
vided results for only one dataset (Statue of Liberty) con-
sisting of six photos. While their lighting and reflectance
model is more sophisticated than ours, it is not scalable–it
took three hours to process the six image dataset. By us-
ing a more streamlined illumination and reflectance model,
we are able to process tens of thousands of images, while
achieving high quality visual results.

Also related is work on multi-view intrinsic image de-
composition [10]. They recover a PMVS point cloud, which
is then used to estimate per-point, per-view illumination (a
single color value to represent the combined illumination
and shading) which can be spread smoothly across each
view; they leverage multi-view constraints on the (Lamber-
tian) reflectance during estimation. This approach enables
transferring illumination from one image to another that
has many PMVS points in common, again after smoothly
spreading the illumination across the second image. How-
ever, their datasets are fairly small, typically tens of images.
Further, the method does not support general relighting, in-
stead copying sparse illumination (a per-point color) from
one image to another image, and both images must cover
roughly the same portion of the scene.

3. Preprocessing
Our pre-process consists of collecting images, recover-

ing camera poses with structure-from-motion (SfM), recov-
ering a point cloud with multi-view stereo (MVS), and re-
covering a mesh with per-vertex visibility to sets of images.

Given a landmark (e.g., the Colosseum), we download
ground-level images from Flickr [1] and obtain aerial im-
ages from Google. We augment this set with Google
Streetview images in regions that are poorly covered by
Flickr photos; these images are capture from the in-browser
Streetview rendering. We also invert the sRGB function

++
Aerial images

SfM, MVS and
Surface reconstruction

Visibility estimation

Flickr images

Cloudy image detection
Albedo and skylight estimation 
from cloudy images

Lighting estimation

Per-point albedo and normal estimation

Rendering

Street-view images

+

Figure 2. Workflow overview. We highlight the key technical con-
tributions of the proposed system.

(a) (b)
Figure 3. Ensuring a uniform SfM reconstruction. (a) SfM model
from a randomly subsampled image set. (b) The final SfM model
after augmenting the image set.

typically applied to photographic imagery to put the pixel
values in a linear space.

We then recover a triangle mesh for the landmark using
freely available software. In particular, we employ Visu-
alSFM [13] to estimate camera poses, PMVS/CMVS [6, 7]
to recover a dense, oriented point cloud, and Poisson Sur-
face Reconstruction [9] to reconstruct a triangle mesh.
We remove large (typically inaccurate) “hole-fill” triangles
from the Poisson reconstruction; specifically, we filter out

26

“The visual turing test for scene reconstruction”, Q. Shan, R. Adams, B. Curless, Y. 
Furukawa, and S. M. Seitz, 3DV, 2013



３次元再構成の例



密な３次元復元の例
• 岩手県釡石市，地震後約１ヶ月



３次元形状の差分による変化検出
• 岩手県陸前高田市，３ヶ月後の変化（黄：変化なし 赤：消失 青：出現）



• 復元できない部分が多数存在

既存手法の限界



問題点
• 情報の不足

– 画像のテクスチャや視点数が不十分な場合シーンを密に復
元できない

• 既存の機械学習手法(カテゴリーベース)
– “Dense Object Reconstruction with Semantic Priors”, Sid Yingze Bao, Manmohan

Chandraker, Yuanqing Lin, Silvio Savarese, CVPR, 2013
– “Dense Reconstruction Using 3D Object Shape Priors”, Amaury Dame, Victor A. 

Prisacariu, Carl Y. Ren, Ian Reid, CVPR, 2013 

Figure 1. Coarse object pose initialization: (a) Result of the part based detector and related part priors, (b) supporting plane estimation, (c)
set of principal angles resulting from the detections (yellow: from detection in first reference, green: second reference) and principal angle
interpolation in red, (d) pose from detection, (e) pixel foreground posteriors with which the pose is refined.

set of pixels that, in instances of this part, are always fore-
ground, or always background, or vary1. Colour histograms
of both foreground P (y|Cf ) and background P (y|Cb) are
then easily created (here y represents the image pixel colour
at location u). Since the parts are not always well located,
the histograms can be affected by outliers, so to mitigate this
effect, we use only coarse bins (6 × 6 × 6). For each pixel
u, from these histograms can be defined the foreground and
background posterior probabilities:

Pf (u) =
P (Cf |y)

ηf
=

P (y|Cf )
ηfP (y|Cf ) + ηbP (y|Cb)

Pb(u) =
P (Cb|y)

ηb
=

P (y|Cb)
ηfP (y|Cf ) + ηbP (y|Cb)

(4)

with ηf and ηb being the number of pixels in the foreground
and background regions respectively.

The process is illustrated in Fig.1(a) where each part of
the detected object is represented with its relative segmenta-
tion (black region represents the background, white is fore-
ground and gray is unknown) and the foreground per-pixel
posterior probability shown in Fig.1(e) where white repre-
sents high probabilities and black low ones.

3.3. Prior based shape and pose estimation
To segment the object in 3D (and subsequently fuse

this information back into the volumetric model), we use
a method similar to [19]. 3D shapes are represented vol-
umetrically as Signed Distance Functions (SDFs), with the
object surface implicitly defined by the zero-level set – mak-
ing this a natural candidate for use with the volumetric mod-
els produced using the methods in Section 2. Within-class
shape variation is represented via a low-dimensional em-
bedding of the otherwise very high-dimensional 3D shape-
space. The SDFs are first compressed using the Discrete
Cosine Transform, retaining the n lowest frequencies in the
DCT. The resulting space of DCT coefficients is then used
to train a GP-LVM with a low-dimensional latent space.
[18, 19] showed that this representation could more effec-
tively capture useful within-class shape variation, and ex-
clude out-of-class variation, than other competing methods

1Though the trimaps could be learned from good segmentations of
training data, in practice we crafted these trimaps manually

such as PCA [24] or kPCA [6]. Unlike [19] however, in our
current context, we have camera pose and depth informa-
tion available from the SLAM system, which we aim to use
to improve the object pose and shape recovery results. This
implies, on the one hand, the need for a modified energy
function (i.e. one that also takes depth into consideration),
and, on the other hand, the need to match the scale between
the SLAM system and the learned object coordinate system.

Our aim therefore becomes, for objects detected
within the scene, the simultaneous recovery of 3D shape
(parametrised by the latent space), 6D pose and scale. We
do this by defining an image and depth based energy func-
tion, finding its derivatives w.r.t. pose, scale and shape and
using standard nonlinear minimisation techniques. Next we
detail our energy function and its optimisation.

3.3.1 Energy Function

Our dense SLAM system provides pose and depth informa-
tion over multiple frames coming from a single monocular
source. We use the nv key-frames from this data stream as
multiple views in our joint 3D shape / 3D pose optimisa-
tion. Considering an image-depth domain Ωv consisting of
the image-depth points x (i.e. image coordinates and depth)
from a key frame v, and the corresponding points X0 in the
object coordinate frame, we write our energy function as:

E(Φ) =
1
nv

!

v

"
Ev

i (Φ) + αEv
d(Φ)

#
(5)

Ev
i (Φ) =

!

x∈Ωv

log(πv(Φ)P v
f (x) + (1 − πv(Φ))P v

b (x))

(6)

Ev
d(Φ) =

!

x∈Ωv

$ Φ(X0)2

Φ(X0)2 + σ

%
(7)

where Φ is a 3D SDF. This energy function combines an
image based error Ev

i (Φ) and a depth based one Ev
d(Φ),

with α representing the balance between the two. Note that
there is a principled, probabilistic explanation behind this
coupling, as each part of the energy function can be written
as the log of a per pixel joint probability. Furthermore, since
the two parts of the energy function are sums of per-pixel
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Figure 2. Outline of our semantic dense reconstruction framework. Please see Section 1 for an overview.

achieve the balance between capturing semantic similarities
and shape variation across instances.

In the learning phase (Section 4), the anchor points encode
attributes such as frequency, appearance and location similar-
ity of features across instances. The associated weights aid
in discarding spurious texture matches, while determining a
weighted regularization for both mean shape learning and re-
construction. Based on matched anchor points, the shape prior
for a category is determined by a series of weighted thin-plate
spline (TPS) warps over the scans of training objects.

Our reconstruction phase (Section 5) starts with a point
cloud obtained by applying a structure-from-motion (SFM) or
MVS system to images of an unseen instance (with a shape
different from training objects). Bounding boxes from object
detection in individual images are collated using the SFM
camera poses and used to localize and orient the object in the
point cloud. This guides the process of matching anchor points
– shown by green stars in right panel in Figure 2 – between the
learned prior and the test object’s SFM point cloud, followed
by a warping of the prior shape in order to closely resemble the
true shape. Finer details not captured by the shape prior may
be recovered by a refinement step, using guidance from SFM
or MVS output. The refinement combines confidence scores
from anchor points and photoconsistency in order to produce
a regularized, high quality output shape. Not only are our
reconstructions visually pleasant, they are also quantitatively
closer to the ground truth than other baselines (Section 6).

2. Relation to Prior Work
Our comprehensive reconstruction pipeline relates to several

areas of computer vision, as briefly explored in this section.
Multiview Stereo. This paper provides a framework to aug-
ment traditional multiview stereo (MVS) reconstruction meth-
ods with semantic information. Broadly, MVS approaches in
computer vision may be categorized as patch-growing, depth-
map based and volumetric methods. The former uses a locally
planar patch model to perform a succession of expansion steps
to maximize photoconsistency and filtering steps to remove
inaccurate patches [15]. Depth map-based methods seek a la-
beling from the space of pixels to a set of discrete depth labels
[21]. Volumetric methods, on the other hand, seek a binary
partitioning of 3D space into object and non-object [18, 30].
We choose the patch-based system [15] for demonstration, but

our framework can be generalized to other approaches too.
Example-Based Reconstruction. A set of example shapes
is used by active shape models (ASM) to encode patterns of
variability, thereby ensuring a fitted shape consistent with de-
formations observed in training [8]. However, it requires heavy
manual annotation and only models linear variations. While
reasonable in 2D, it is arguably not well-suited for the far
higher shape and appearance variations in general 3D scenes.
Subsequent works on statistical shape analysis [10] allow non-
rigid TPS warps between shapes [5], but often require landmark
identification and initial rigid alignment based on point dis-
tributions, which is not feasible for general scenes [24]. We
use semantic information, namely object detection for localiza-
tion and anchor point matching, to overcome those drawbacks.
Learned anchor points yield confidence scores, which guide
our deformation process through a weighted TPS [26].

Morphable models in 3D demonstrate realistic shape re-
covery, but are limited to categories like faces with low shape
variation that can be accurately modeled with a linear PCA
basis [4]. Pauly et al. propose a framework for example-based
3D scan completion, but require dense 3D scans [25]. By ex-
ploiting semantics in the form of object detection and anchor
point matching, we handle both greater shape variation and
noisy, incomplete, image-based MVS inputs.
Shape Matching. Determining correspondence across in-
stances with varying shape is a key step in shape matching.
Belongie et al. pose correspondence search as a bipartite match-
ing problem with shape context descriptors [2], Berg at al. find
points with similar geometric blur descriptors by solving an
integer quadratic program[3], while Chui and Rangarajan’s
TPS-RPM determines matches with a soft assign [6]. A 3D
CAD model is aligned to images in [23], but the model and fea-
tures are manually defined. The demands on correspondences
for 3D reconstruction are far higher than 2D shape matching
– competing factors like high localization accuracy, stringent
outlier rejection and good density are all crucial to obtaining
a high quality dense reconstruction. Algorithms 1 and 2 are
designed to robustly meet these challenges.
Object Detection and 3D Information. The mutual benefit
of combining object detection and SFM is demonstrated in [1].
The flexibility of implicit shape-based detection frameworks
[22] is used to transfer depth annotations from training images
to test objects in [29, 28]. TPS-RPM is combined with Hough



ディープネットワークへの期待
• 幾何学的に十分な情報が得られない場合にも学習
データから推定
– 幾何学的な情報をどのようにネットワークの入力・出力と
して設定するか

– 従来の解析的手法と学習手法の組み合わせ方法
– データセットの作成

• 学習結果を解析的手法にフィードバック
– 特徴量の抽出

• e.g. SIFT, SURF
– パッチの類似度計算

• e.g. SSD, NCC
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CNNを用いたパッチの類似度推定
• パッチの類似度推定を様々なネットワーク構造で比較

– 入力： 2ch > 1ch（siamese)
– スケール： マルチ > シングル
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Figure 2. Three basic network architectures: 2-channel on the left,
siamese and pseudo-siamese on the right (the difference between
siamese and pseudo-siamese is that the latter does not have shared
branches). Color code used: cyan = Conv+ReLU, purple = max
pooling, yellow = fully connected layer (ReLU exists between
fully connected layers as well).

ture can be considered as being in-between the siamese
and the 2-channel networks. More specifically, it has the
structure of the siamese net described above except that
the weights of the two branches are uncoupled, i.e., not
shared. This increases the number of parameters that can
be adjusted during training and provides more flexibility
than a restricted siamese network, but not as much as the
2-channel network described next. On the other hand, it
maintains the efficiency of siamese network at test time.

2-channel: unlike the previous models, here there is no
direct notion of descriptor in the architecture. We simply
consider the two patches of an input pair as a 2-channel
image, which is directly fed to the first convolutional layer
of the network. In this case, the bottom part of the net-
work consists of a series of convolutional, ReLU and max-
pooling layers. The output of this part is then given as input
to a top module that consists simply of a fully connected
linear decision layer with 1 output. This network provides
greater flexibility compared to the above models as it starts
by processing the two patches jointly. Furthermore, it is
fast to train, but in general at test time it is more expensive
as it requires all combinations of patches to be tested against
each other in a brute-force manner.

3.2. Additional models

Deep network. We apply the technique proposed by Si-
monyan and Zisserman in [20] advising to break up bigger
convolutional layers into smaller 3x3 kernels, separated by
ReLU activations, which is supposed to increase the non-
linearities inside the network and make the decision func-
tion more discriminative. They also report that it might be
difficult to initialise such a network, we, however, do not
observe this behavior and train the network from scratch
as usual. In our case, when applying this technique to our
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Figure 3. A central-surround two-stream network that uses a
siamese-type architecture to process each stream. This results in
4 branches in total that are given as input to the top decision layer
(the two branches in each stream are shared in this case).

model, the convolutional part of the final architecture turns
out to consist of one convolutional 4x4 layer and 6 convo-
lutional layers with 3x3 layers, separated by ReLU activa-
tions. As we shall also see later in the experimental results,
such a change in the network architecture can contribute in
further improving performance, which is in accordance with
analogous observations made in [20].

Central-surround two-stream network. As its name
suggests, the proposed architecture consists of two separate
streams, central and surround, which enable a processing in
the spatial domain that takes place over two different resolu-
tions. More specifically, the central high-resolution stream
receives as input two 32 ⇥ 32 patches that are generetad
by cropping (at the original resolution) the central 32 ⇥ 32

part of each input 64⇥ 64 patch. Furthermore, the surround
low-resolution stream receives as input two 32⇥32 patches,
which are generated by downsampling at half the original
pair of input patches. The resulting two streams can then be
processed by using any of the basic architectures described
in section 3.1 (see Fig. 3 for an example that uses a siamese
architecture for each stream).

One reason to make use of such a two-stream architec-
ture is because multi-resolution information is known to be
important in improving the performance of image match-
ing. Furthermore, by considering the central part of a patch
twice (i.e., in both the high-resolution and low-resolution
streams) we implicitly put more focus on the pixels closer
to the center of a patch and less focus on the pixels in the pe-
riphery, which can also help for improving the precision of
matching (essentially, since pooling is applied to the down-
sampled image, pixels in the periphery are allowed to have
more variance during matching). Note that the total input
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ture can be considered as being in-between the siamese
and the 2-channel networks. More specifically, it has the
structure of the siamese net described above except that
the weights of the two branches are uncoupled, i.e., not
shared. This increases the number of parameters that can
be adjusted during training and provides more flexibility
than a restricted siamese network, but not as much as the
2-channel network described next. On the other hand, it
maintains the efficiency of siamese network at test time.

2-channel: unlike the previous models, here there is no
direct notion of descriptor in the architecture. We simply
consider the two patches of an input pair as a 2-channel
image, which is directly fed to the first convolutional layer
of the network. In this case, the bottom part of the net-
work consists of a series of convolutional, ReLU and max-
pooling layers. The output of this part is then given as input
to a top module that consists simply of a fully connected
linear decision layer with 1 output. This network provides
greater flexibility compared to the above models as it starts
by processing the two patches jointly. Furthermore, it is
fast to train, but in general at test time it is more expensive
as it requires all combinations of patches to be tested against
each other in a brute-force manner.
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Deep network. We apply the technique proposed by Si-
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convolutional layers into smaller 3x3 kernels, separated by
ReLU activations, which is supposed to increase the non-
linearities inside the network and make the decision func-
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4 branches in total that are given as input to the top decision layer
(the two branches in each stream are shared in this case).

model, the convolutional part of the final architecture turns
out to consist of one convolutional 4x4 layer and 6 convo-
lutional layers with 3x3 layers, separated by ReLU activa-
tions. As we shall also see later in the experimental results,
such a change in the network architecture can contribute in
further improving performance, which is in accordance with
analogous observations made in [20].

Central-surround two-stream network. As its name
suggests, the proposed architecture consists of two separate
streams, central and surround, which enable a processing in
the spatial domain that takes place over two different resolu-
tions. More specifically, the central high-resolution stream
receives as input two 32 ⇥ 32 patches that are generetad
by cropping (at the original resolution) the central 32 ⇥ 32

part of each input 64⇥ 64 patch. Furthermore, the surround
low-resolution stream receives as input two 32⇥32 patches,
which are generated by downsampling at half the original
pair of input patches. The resulting two streams can then be
processed by using any of the basic architectures described
in section 3.1 (see Fig. 3 for an example that uses a siamese
architecture for each stream).

One reason to make use of such a two-stream architec-
ture is because multi-resolution information is known to be
important in improving the performance of image match-
ing. Furthermore, by considering the central part of a patch
twice (i.e., in both the high-resolution and low-resolution
streams) we implicitly put more focus on the pixels closer
to the center of a patch and less focus on the pixels in the pe-
riphery, which can also help for improving the precision of
matching (essentially, since pooling is applied to the down-
sampled image, pixels in the periphery are allowed to have
more variance during matching). Note that the total input

Train Test 2ch-2stream 2ch-deep 2ch siam siam-l2 pseudo-siam pseudo-siam-l2 siam-2stream siam-2stream-l2 [19]
Yos ND 2.11 2.52 3.05 5.75 8.38 5.44 8.95 5.29 5.58 6.82
Yos Lib 7.2 7.4 8.59 13.48 17.25 10.35 18.37 11.51 12.84 14.58
ND Yos 4.1 4.38 6.04 13.23 15.89 12.64 15.62 10.44 13.02 10.08
ND Lib 4.85 4.55 6.05 8.77 13.24 12.87 16.58 6.45 8.79 12.42
Lib Yos 5 4.75 7 14.89 19.91 12.5 17.83 9.02 13.24 11.18
Lib ND 1.9 2.01 3.03 4.33 6.01 3.93 6.58 3.05 4.54 7.22

mean 4.19 4.27 5.63 10.07 13.45 9.62 13.99 7.63 9.67 10.38
mean(1,4) 4.56 4.71 5.93 10.31 13.69 10.33 14.88 8.42 10.06 10.98

Table 1. Performance of several models on the “local image patches” benchmark. The models architecture is as follows: (i) 2ch-2stream
consists of two branches C(95, 5, 1)-ReLU-P(2, 2)-C(96, 3, 1)-ReLU-P(2, 2)-C(192, 3, 1)-ReLU-C(192, 3, 1)-ReLU, one for cen-
tral and one for surround parts, followed by F(768)-ReLU-F(1) (ii) 2ch-deep = C(96, 4, 3)-Stack(96)-P(2, 2)-Stack(192)-F(1),
where Stack(n) = C(n, 3, 1)-ReLU-C(n, 3, 1)-ReLU-C(n, 3, 1)-ReLU. (iii) 2ch = C(96, 7, 3)-ReLU-P(2, 2)-C(192, 5, 1)-ReLU-
P(2, 2)-C(256, 3, 1)-ReLU-F(256)-ReLU-F(1) (iv) siam has two branches C(96, 7, 3)-ReLU-P(2, 2)-C(192, 5, 1)-ReLU-P(2, 2)-
C(256, 3, 1)-ReLU and decision layer F(512)-ReLU-F(1) (v) siam-l2 reduces to a single branch of siam (vi) pseudo-siam is uncoupled
version of siam (vii) pseudo-siam-l2 reduces to a single branch of pseudo-siam (viii) siam-2stream has 4 branches C(96, 4, 2)-ReLU-
P(2, 2)-C(192, 3, 1)-ReLU-C(256, 3, 1)-ReLU-C(256, 3, 1)-ReLU (coupled in pairs for central and surround streams), and decision
layer F(512)-ReLU-F(1) (ix) siam-2stream-l2 consists of one central and one surround branch of siam-2stream. The shorthand no-
tation used was the following: C(n, k, s) is a convolutional layer with n filters of spatial size k ⇥ k applied with stride s, P(k, s) is a
max-pooling layer of size k ⇥ k applied with stride s, and F(n) denotes a fully connected linear layer with n output units.
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Figure 5. ROC curves for various models (including the state-of-the-art descriptor [19]) on the local image patches benchmark. Numbers
in the legends are corresponding FPR95 values

“fountain” and “herzjesu” sequences to produce 6 and 5 rec-
tified stereo pairs respectively. Baselines in both sequences
we chose are increasing with each image making matching
more difficult. Our goal was to show that a photometric cost

computed with neural network competes favorably against
costs produced by a state-ot-the-art hand-crafted feature de-
scriptor, so we chose to compare with DAISY [26].

Since our focus was not on efficiency, we used an un-

“Learning to Compare Image Patches via Convolutional Neural Networks”, Sergey 
Zagoruyko, Nikos Komodakis, CVPR, 2015
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ステレオマッチング
• 多視点画像から各ピクセルのデプスを推定

– エピポーラ線上のパッチの類似度を計算



平行ステレオ
• 同一水平線上を探査してデプスを推定

– 連続的にメモリへアクセスするため計算が高速



KITTIのベンチマークデータセット
• カメラ, レーザー, GPS, IMUの搭載車両で一般道を走行

– ステレオ，オプティカルフロー，ビジュアルオドメトリ，３次
元物体検出・追跡

“Are we ready for Autonomous Driving? The KITTI Vision Benchmark Suite”, Andreas Geiger, 
Philip Lenz, Raquel Urtasun, CVPR, 2012



KITTIのベンチマークデータセット
• ステレオマッチングの場合

– ３次元点群データを視差マップに変換

左画像 右画像

レーザーセンサの３次元点群を左画像に投影



KITTIのステレオベンチマーク

参照：KITTI Stereo Evaluation 2012



関連研究
• テクスチャレスや透明な領域を物体形状の事前知識から
推定
– “Displets: Resolving Stereo Ambiguities using Object Knowledge”, Fatma

Guney, Andreas Geiger, CVPR, 2015

• 局所平面の遮蔽関係とデプスをMRFで同時推定
– “Continuous markov random fields for robust stereo estimation”, K. 

Yamaguchi, T. Hazan, D. A. McAllester, and R. Urtasun. ECCV2012 48 K. Yamaguchi et al.

Superpixel p Superpixel q

Superpixel rSuperpixel s

(a) (b) (c) (d) (e) (f) (g)

Fig. 2. Valid 4-way junctions. (a) 4 coplanar boundaries, (b)-(d) 2 coplanar vertical
boundaries and 2 occlusion/hinge horizontal boundaries, (e)-(g) 2 coplanar horizontal
boundaries and 2 vertical occlusion/hinge boundariese. A 4-way junction only appears
in a region of uniform color.

whether they are co-planar, they form a hinge or there is a depth discontinuity
(indicating which plane is in front of which).

More formally, let yi = (αi,βi, γi) ∈ ℜ3 be a random variable representing the
i−th slanted 3D plane. We can compute the disparities of pixel p ∈ Si, where
Si is the set of pixels belonging to the i−th segment, as follows

d̂i(p,yi) = αi(u − cix) + βi(v − ciy) + γi (1)

with p = (u, v), and ci = (cix, ciy) the center of the i-th segment. We have
defined γi to be the disparity in the segment center as it improves the efficiency
of PCBP inference. Let oi,j ∈ {co, hi, lo, ro} be a discrete random variable repre-
senting whether two neighboring planes are coplanar, form a hinge or an occlu-
sion boundary. Here, lo implies that plane i occludes plane j, and ro represents
that plane j occludes plane i.

We define our hybrid conditional random field as follows

p(y,o) =
1

Z

!

ϑ

ψϑ(yϑ)
!

ζ

ψζ(oζ)
!

τ

ψτ (yτ ,oτ ) (2)

where y represents the set of all 3D slanted planes, o the set of all discrete ran-
dom variables, and ψϑ,ψζ ,ψτ encode potential functions over sets of continuos,
discrete or mixture of both types of variables. Note that y contains three random
variables for every segment in the image, and there is a random variable oi,j for
each pair of neighboring segments.

In the following, we describe the different potentials we employed for our joint
occlusion boundary and depth reasoning. For clarity, we describe the potentials
in the log domain. Each type of potential will have a weight associated. All the
weights w will be learned using structure prediction methods [20].

3.1 Occlusion Boundary and Segmentation Potentials

Our approach takes as input a disparity image computed by any matching algo-
rithm. In this paper we employ semi-global block matching [25]. Most matching
methods return estimated disparity values on a subset of pixels. Let F be the
set of all pixels whose initial disparity has been estimated, and let D(p) be the
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Superpixel

SuperpixelSuperpixel

i

j k

front

back
Occlusion

Hinge

Coplanar

(a) (b) (c) (d) (e) (f) (g)

Fig. 1. Impossible cases of 3-way junctions. (a) 3 cyclic occlusions, (b) hinge and 2 oc-
clusion with opposite directions, (c) coplanar and 2 occlusion with opposite directions,
(d) 2 hinge and occlusion, (e) 2 coplanar and occlusion, (f) 2 coplanar and hinge, (g)
hinge, coplanar, and occlusion (superpixel with coplanar boundary is in front).

traditional methods. In this paper we employ this technique to compute a dis-
parity map from which we build our potentials. In [26, 27] disparities are ‘grown’
from a small set of initial correspondence seeds. Though these methods produce
accurate results and can be faster than global approaches, they do not pro-
vide dense matching and struggle with textureless and distorted image areas.
Approaches to reduce the search space have been investigated for global stereo
methods [28, 29] as well as local methods [30].

Dense and accurate matching can be obtained by global methods, which en-
force smoothness explicitly by minimizing an MRF-based energy function. These
MRFs can be formulated at the pixel level [31], however, the smoothness is then
defined very locally. Slatend-plane MRF models for stereo vision were introduced
in [4] and have been since very widely used [5–7, 9, 10, 13]. In the context of this
literature, our work has several distinctive features. First, we use a novel model
involving “boundary labels”, “junction potentials”, and “edge ownership”. Sec-
ond, for inference we employ the convex form of the particle norm-product belief
propagation [32], which we refer to as particle convex belief propagation (PCBP)
[19]. In contrast, some previous works used particle belief propagation (PBP)
[33, 34, 10] which correspond to non-convex norm-product with the Bethe en-
tropy approximation. The efficiency and convexity of PCBP makes it possible to
evaluate our approach on hundreds of high-resolution images [2], whereas previ-
ous empirical evaluations of slanted-plane models have largely been restricted to
the low-resolution versions of the small number of highly controlled Middlebury
images. Third, we use a training algorithm based on primal-dual approximate
inference [35] which allow us to effectively learn the importance of each potential.

3 Continuous MRFs for Stereo

In this section we describe our approach to joint reasoning of boundary labels and
depth. We reason at the segment level, employing a richer representation than a
discrete disparity label. In particular, we formulate the problem as inference in a
hybrid conditional random field, which contains continuous and discrete random
variables. The continuous random variables represent, for each segment, the dis-
parities of all pixels contained in that segment in the form of a 3D slanted plane.
The discrete random variables indicate for each pair of neighboring segments,



CNNを用いたステレオマッチング（例１）
• 基本は従来の枠組みと同じ

– （例）Semi-Global Matching, Cost Aggregation
• パッチの類似度をCNNで推定

ŽBONTAR AND LECUN

Concatenate

Fully-connected, ReLU

Fully-connected, ReLU

Fully-connected, ReLU

Fully-connected, Sigmoid

Righ input patch

Convolution, ReLU

Convolution, ReLU

Convolution, ReLU

Left input patch

Convolution, ReLU

Convolution, ReLU

Convolution, ReLU

Similarity score

Figure 3: The accurate architecture begins with two convolutional feature extractors. The extracted
feature vectors are then concatenated and compared by a number of fully-connected lay-
ers. The inputs are two image patches and the output is a single real number between 0
and 1, which we interpret as a measure of similarity between the input images.

fully-connected layer produces a single number which, after being transformed with the sigmoid
function, is interpreted as the similarity score between the input patches.

We use the binary cross-entropy loss for training. We would have preferred to use the same loss
for both architectures, but decided against it. We could have used either loss for the accurate archi-
tecture, but chose the binary cross-entropy loss as it performed slightly better than the hinge loss.
On the other hand, since the last step of the fast architecture is the cosine similarity computation,
only the hinge loss seemed appropriate.

The hyperparameters for the accurate architecture are the number of convolutional layers in each
sub-network (num conv layers), the size of the convolution kernels (conv kernel size),
the number of feature maps in each layer (num conv feature maps), the size of the input patch
(input patch size), the number of fully-connected layers (num fc layers), and the number
of units in each fully-connected layer (num fc units).

3.3 Computing the Matching Cost

The output of the network is used to initialize the matching cost:

CCNN(p, d) = �s(< PL(p),PR(pd) >),

where s(< PL(p),PR(pd) >) is the output of the network when run on input patches PL(p) and
PR(pd). The minus sign converts the similarity score to a matching cost. To compute the entire
matching cost tensor CCNN(p, d) we would, naively, have to perform the forward pass for each
image location and each disparity under consideration. The following three implementation details
kept the running time manageable:

6

“Stereo Matching by Training a Convolutional Neural Network to Compare Image Patches”, 
Zbontar, Jure, and Yann LeCun, arXiv preprint arXiv:1510.05970, 2015

デプスの推定結果

ŽBONTAR AND LECUN

Left input image Rigth input image Ground truth

Census Error: 4.58 %

Fast architecture Error: 2.79 %

Accurate architecture Error: 2.36 %

Left input image Rigth input image Ground truth

Census Error: 5.25 %

Fast architecture Error: 3.91 %

Accurate architecture Error: 3.73 %

Figure 6: Examples of predictions on the KITTI 2015 data set. Observe that vehicles in motion are
labeled densely in the KITTI 2015 data set.
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推定誤差（赤：誤差大）



CNNを用いたステレオマッチング（例２）
• 基本は従来の枠組みと同じ
• 異なるスケールでパッチの類似度を学習

– ダウンサンプルしたパッチで広域の情報を考慮

“A Deep Visual Correspondence Embedding Model for Stereo Matching Costs”, Zhuoyuan
Chen, Xun Sun, Liang Wang, Yinan Yu, Chang Huang, ICCV, 2015
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Figure 2. The network architecture of our training model for deep embedding. Features are extracted in a pair of patches at different scales,

followed by an inner product to obtain the matching scores. The scores from different scales are then merged for an ensemble.

2. Deep Embedding for Stereo Estimation

Given a pair of rectified left/right images {IL, IR}, a
typical stereo algorithm begins by computing the matching
quality: denoting patches IL(p) and IR(p − d) centered
at pL = (x, y) and pR

d = (x − d, y), we generate match-
ing score S(p,d) = f(IL(p), IR(p− d)) for each p with
different disparity d = (d, 0). The score serves as an im-
portant initialization, generally followed by a non-local re-
finement such as cost aggregation or filtering [24, 42]. In
this section, we focus on our data-driven model to learn a
good matching quality measure.

2.1. Multi-scale Deep Embedding Model

Consider a pair of patches IL(p), IR(p − d) of size
13 × 13, we propose to learn an embedding model to
extract features f(I), such that the inner-product S =<
f(IL(p)), f(IR(p−d)) > tends to be large in case of posi-
tive matching and small for negative ones. This differs from
the binary classification model in [35].

Multi-Scale Embedding: we apply an ensemble model
[11, 5, 8] in our deep embedding, which largely improves
the matching quality. Denoting IL↓ (p), I

R
↓ (p−d) as patches

at the coarse scale, we have:

S(p,d) = w1 < f(IL(p), f(IR(p− d)) > +

w2 < f(IL↓ (p), f(I
R
↓ (p− d) >

As we know, the choice of patch scale and size is very
tricky: large patches with richer information are less am-
biguous, but more risky of containing multiple objects and

producing blurred boundaries; small patches have merits in
motion details, but are very noisy. Accordingly, we propose
a weighted ensemble of two scales to combine the best of
two worlds.

Our embedding framework is shown in Figure 2. The
inputs are two pairs of 13 × 13 × 1 image patches, cen-
tered at p = (x, y), p − d = (x − d, y) with two differ-
ent scales. The blue-colored dash box indicates the orig-
inal resolution while the red is a ×2 down-sampling. We
apply a 4-layer CNN model to extract features f(I), fol-
lowed by an inner-product layer to calculate the matching
score < f(IL), f(IR) > and an ensemble voting. Layer
L1 and L2 contain c1 = c2 = 32 kernels of size 3 × 3;
Layer L3 and L4 contain kernels c3 = c4 = 200 of size
5 × 5. At both scales, the weights in all layers L1...L4 for
left and right patches are tied. Then, features f4(I) ∈ R200

undergo inner-product operations, outputting two scalars
S1 =< f4(IL), f4(IR) > and S2 =< f4(IL↓ ), f4(I

R
↓ ) >

as matching scores. Finally, S1 and S2 are merged by a
1× 1× 2 convolutional layer for a weighted ensemble.

In our training process, we apply a deep regression
model and minimize the Euclidean cost:

E(w) = ||S(p,d)− label(p,d)||2 (1)

where label(p,d) = {0, 1} indicates whether pL = (x, y)
corresponds to p− d = (x− d, y) in the right image. Rec-
tified linear units [23] follow each layer, but we do not use
pooling to preserve spatial-variance.
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CNNを用いた特徴点マッチング
• 識別が難しい対応点を用いてパッチの類似度を学習

– 距離が最も遠いポジティブサンプルと近いネガティブサンプルを利用

x2

x1

D(x1)

D(x2)

Patches Siamese network

W

CNN

CNN

L2 l(x1,x2)

Figure 2: Schematic of a Siamese network, where pairs of
input patches are processed by two copies of the same CNN.

same point should be similar, and dissimilar otherwise.
We propose to learn such descriptors with a Siamese net-

work [2], where a nonlinear mapping is represented by a
CNN that is optimized for pairs of corresponding or non-
corresponding patches, as shown in Fig. 2. We propagate
the patches through the model to extract the descriptors and
then compute their L2 norm, which is a standard similarity
measure for image descriptors. The objective is to learn a
descriptor that places non-corresponding patches far apart
and corresponding patches close together.

In the context of multiple-view geometry, descriptors are
typically computed for salient points where scale and orien-
tation can be reliably estimated, for invariance. Patches then
capture local projections of 3D scenes. Let us consider that
each image patch xi has an index pi that uniquely identi-
fies the 3D point which roughly projects onto the 2D patch,
from a specific viewpoint. Using the L2 norm as a similarity
metric between descriptors we write our objective in terms
of the hinge embedding loss [18]:

l(x1,x2)=

!

∥D(x1)−D(x2)∥2, p1=p2
max(0, C − ∥D(x1)−D(x2)∥2), p1 ̸=p2

where p1, p2 are the indices of the 3D points projecting to
x1,x2 respectively. This loss penalizes corresponding pairs
that are placed far apart, and non-corresponding pairs that
are less than C units apart—in particular, when ∥D(x1) −
D(x2)∥2 = 0 we pay the maximal cost, C, and as their
distance increases the loss eventually reaches zero.

3.1. CNN-based Descriptors

When designing the structure of the CNN we are limited
by the size of the input data: in our case 64×64 patches,
from the MVS dataset [3], while we extract descriptors of
the same size as SIFT [16], i.e. 128 dimensions. Note that
larger patches and/or output spaces would allow us to con-
sider possibly more informative descriptors, but at the same
time they would be also more susceptible to occlusions and
slower to train and compute.

We explored many configurations regarding the number
of filters, hidden units, mapping, normalization, and pool-
ing. Such architectures are detailed in the supplemental ma-
terial, but due to space constraints we use only our top per-
forming model, i.e. ‘CNN3’, for the following experiments.

The architecture of this three-layer network is detailed
in Table 1. Each convolutional layer consists of four sub-
layers: filter layer, non-linearity layer, pooling layer and
normalization layer. Since sparser connectivity has been
shown to improve performance while lowering parameters
and increasing speed [6], except for the first layer, the fil-
ters are not densely connected to the previous layers. In-
stead, they are sparsely connected at random, so that the
mean number of connections each input layer has is con-
stant. Each filter of the second and third layer are also con-
nected randomly to 8 feature maps of the previous layer so
that the mean number of connections stays roughly equal to
16 connections per filter output.

Layer 1 2 3

Input size 64 × 64 29 × 29 8 × 8

Filter size 7 × 7 6 × 6 5 × 5

Output channels 32 64 128

Pooling & Norm.tion 2 × 2 3 × 3 4 × 4

Nonlinearity Tanh Tanh Tanh

Stride 2 3 4

Table 1: Architecture of the proposed three-layer network:
a 64 × 64 input yields a 128-dimensional output in layer 3.

Regarding the non-linear layer, we use hyperbolic tan-
gent units (Tanh), as we found it to perform better than Rec-
tified Linear Units (ReLU). We use L2 pooling for the pool-
ing sublayers, which has been shown to outperfom the more
standard max pooling [21]. Normalization is also important
for deep networks [12] and paramount for descriptors [17].
We use subtractive normalization, i.e. subtract the weighted
average over a 5×5 neighbourhood with a Gaussian kernel
after the first and second layers.

3.2. Stochastic Sampling Strategy and Mining

Our goal is to optimize the network parameters from an
arbitrarily large set of training patches. Let us consider a
dataset with k patches and m ≤ k unique 3D patch indices,
each with ci corresponding image patches. Then, the num-
ber of matching image patches, P (positives) and the num-
ber of non-matching images patches, N (negatives) is:

P =
m
"

i=1

ci(ci − 1)

2
and N =

m
"

i=1

ci (k − ci) . (1)

Since both P and N are intractably large, we resort to
Stochastic Gradient Descent, using random subsets of our
training set to estimate the gradient of our loss function. For
positives we can randomly sample a set of sp 3D point in-
dices from the set {p1, . . . , pm}, and for each chosen 3D in-
dex pi we randomly pick two 2D patches with correspond-
ing 3D point indices.

For negatives one simple idea would be to randomly
choose sn random pairs with non-matching indices; but

120

“Discriminative Learning of Deep Convolutional Feature Point Descriptors”, Edgar Simo-
Serra, Eduard Trulls, Luis Ferraz, Iasonas Kokkinos, Pascal Fua, Francesc Moreno-Noguer, 
ICCV2015
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シーン変化の検出
• 3次元構造の変化

– “Image Based Detection of Geometric Changes in Urban Environments”, Aparna Taneja, 
Luca Ballan, Marc Pollefeys, ICCV, 2011

– “City-Scale Change Detection in Cadastral 3D Models using Images”, Aparna Taneja, Luca 
Ballan, Marc Pollefeys, CVPR, 2013

– “Detecting Changes in 3D Structure of a Scene from Multi-view Images Captured by a 
Vehicle-mounted Camera”, Ken Sakurada, Takayuki Okatani, Koichiro Deguchi., CVPR, 2013

• テクスチャの変化
– “Scene Chronology”, Kevin Matzen and Noah Snavely, ECCV, 2014

10 Kevin Matzen and Noah Snavely

Dataset Photos Retrieved Photos Registered Patches Positive Obs. Negative Obs.
Times Square 1,222,792 246,218 13,590,341 5,274,437,797 12,347,622,570

5 Pointz 48,375 12,777 12,263,640 635,602,574 821,189,516
Akihabara 171,469 13,946 1,732,784 132,520,809 254,624,878

Table 1. Dataset statistics.

5.1 Viewing and Rendering

Our plane-time cuboid representation provides a simple yet effective way to explore the
evolution of a scene through space and time. We have created an interface where a user
can explore the scene using standard 3D navigation controls, but can also move back and
forth in time using a slider control.1 At any selected time, we can render a snapshot of the
scene as a point cloud using the patches that existed during that time, or can additionally
render each cuboid as a texture mapped “quad.” To do so, for each plane-time cuboid
proxy, we generate a bounding 3D rectangle with one axis perpendicular to the scene’s
estimated up vector. For each camera that observes at least six patches associated with
the cuboid, we apply the homography mapping image space to the quad’s texture space.
To enable clean blending between multiple cameras despite transient occlusions and
geometric misregistration, we generate an alpha matte using Gaussian splats of uniform
size centered at the projections of the positive patch observations. Examples of these
quads are shown in Figures 2, 4, and 7.

Our plane-time cuboids qualitatively represent meaningful semantic units. Figure 4
shows a birds-eye view of 5Pointz at two distant, visually distinct points in time.
Throughout time, segments come in and out of existence, sometimes in synchrony,
sometimes independently. It is not until the whole collection is analyzed that the behavior
of the scene becomes clear. For these sorts of scenes, it would be difficult for an expert to
manually analyze each photo to determine the scene’s temporal structure over the span of
several years. However, we can achieve our results fully automatically. Please refer to the
video on our project webpage for a rich visualization of the evolution of all three scenes.
Figure 7 shows a number of interesting examples of automatically recovered space-time
cuboids. Of particular interest are examples with temporal cues contained within the

1 Please visit http://www.cs.cornell.edu/projects/chronology/ for videos and other visualizations.

14 November 20134 June 2011

Fig. 4. A texture mapped rendering of 5Pointz at two different points in time. Please refer to
the project webpage for a video exploring all three datasets.

(inconsistency map)

変化検出の例 2D inconsistency mapの生成過程
確率的なシーン変化の検出結果
（シーンの３Dモデルが不要）



CNNを用いたシーン変化の検出
• 物体レベルの変化

– “Change Detection from a Street Image Pair using CNN Features and Superpixel 
Segmentation”, Ken Sakurada, Takayuki Okatani, BMVC, 2015

• クラックなどの微細な変化
– “Detecting Change for Multi-View, Long-Term Surface Inspection”, Simon Stent, Riccardo 

Gherardi, Bjorn Stenger and Roberto Cipolla, BMCV, 2015
2 STENT et al.: DETECTING CHANGE FOR MULTI-VIEW SURFACE INSPECTION

Figure 1: Overview of our machine vision system. The main focus of this paper is stage 4,
in which changes are detected between registered sets of image mosaics captured at different
times. We propose and evaluate a new approach to change detection using a two-channel
convolutional neural network. The network learns a model for normal modes of image vari-
ation, so as to detect abnormal changes with fewer false positives. Sections 3 and 5 outline
the system and proposed change detection method in more detail.

growth or concrete spalling. This property emerges from the nature of the change de-
tection problem: as the period over which change is measured decreases, any algorithm
is pushed against the intrinsic limits set by image resolution and sensor noise. In the
datasets examined here, fewer than 0.07% of the pixels were labelled as changes of in-
terest, and in a different scenario the ratio could be several orders of magnitude lower.
Furthermore, while certain changes such as cracks are known in advance and can be
explicitly detected (e.g. [20]), others may be too infrequent for explicit modelling and
only detectable as anomalous to natural modes of image variation.

ii) Nuisance factors. A sizeable proportion of the observed change over time is caused by
nuisance factors, either internal to the acquisition system (such as different image sen-
sors, capture settings or lighting setup) or due to external causes (for example, seasonal
changes of temperature and humidity). While tunnels are relatively static in comparison
to other environments such as outdoor scenes, external conditions such as humidity and
dust levels can cause sufficient variation in visual appearance to shroud more impor-
tant structural changes of interest. Fig. 2(b) illustrates the variation in appearance from
a random set of corresponding unchanged image patches taken at different times and
conditions.

iii) Registration error. Achieving the pixel-accurate registration required for change de-
tection is challenging because neither the sensor position nor the tunnel geometry can be
reliably determined. Inaccurate or un-modelled geometry causes parallax errors when
images are re-projected; in addition, a blanket change across the scene – caused for ex-
ample by a change in tunnel humidity level – can make feature-based registration of any
single image impossible.

Our system circumvents the need for improving both the registration and insensitivity
to nuisance sources through machine learning. We train a two-channel convolutional neural
network (CNN) which takes as input a pair of image patches and returns a measure of dissim-
ilarity or change. CNNs have recently been shown to be very effective at learning invariance
to certain modes of image variability. They require however large amounts of labelled image
data. We have unlimited access to negative pairs (i.e. patches where no abnormal change

tt '
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• 物体レベルの変化

– “Change Detection from a Street Image Pair using CNN Features and Superpixel 
Segmentation”, Ken Sakurada, Takayuki Okatani, BMVC, 2015

• クラックなどの微細な変化
– “Detecting Change for Multi-View, Long-Term Surface Inspection”, Simon Stent, Riccardo 
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Figure 1: Overview of our machine vision system. The main focus of this paper is stage 4,
in which changes are detected between registered sets of image mosaics captured at different
times. We propose and evaluate a new approach to change detection using a two-channel
convolutional neural network. The network learns a model for normal modes of image vari-
ation, so as to detect abnormal changes with fewer false positives. Sections 3 and 5 outline
the system and proposed change detection method in more detail.

growth or concrete spalling. This property emerges from the nature of the change de-
tection problem: as the period over which change is measured decreases, any algorithm
is pushed against the intrinsic limits set by image resolution and sensor noise. In the
datasets examined here, fewer than 0.07% of the pixels were labelled as changes of in-
terest, and in a different scenario the ratio could be several orders of magnitude lower.
Furthermore, while certain changes such as cracks are known in advance and can be
explicitly detected (e.g. [20]), others may be too infrequent for explicit modelling and
only detectable as anomalous to natural modes of image variation.

ii) Nuisance factors. A sizeable proportion of the observed change over time is caused by
nuisance factors, either internal to the acquisition system (such as different image sen-
sors, capture settings or lighting setup) or due to external causes (for example, seasonal
changes of temperature and humidity). While tunnels are relatively static in comparison
to other environments such as outdoor scenes, external conditions such as humidity and
dust levels can cause sufficient variation in visual appearance to shroud more impor-
tant structural changes of interest. Fig. 2(b) illustrates the variation in appearance from
a random set of corresponding unchanged image patches taken at different times and
conditions.

iii) Registration error. Achieving the pixel-accurate registration required for change de-
tection is challenging because neither the sensor position nor the tunnel geometry can be
reliably determined. Inaccurate or un-modelled geometry causes parallax errors when
images are re-projected; in addition, a blanket change across the scene – caused for ex-
ample by a change in tunnel humidity level – can make feature-based registration of any
single image impossible.

Our system circumvents the need for improving both the registration and insensitivity
to nuisance sources through machine learning. We train a two-channel convolutional neural
network (CNN) which takes as input a pair of image patches and returns a measure of dissim-
ilarity or change. CNNs have recently been shown to be very effective at learning invariance
to certain modes of image variability. They require however large amounts of labelled image
data. We have unlimited access to negative pairs (i.e. patches where no abnormal change
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CNNを用いたシーン変化の検出
• 一般物体認識用にトレーニングしたネットワークを転用

– 上位レイヤーの特徴マップで大まかに変化を検出
– スーパーピクセルセグメンテーションで正確な境界を推定K. SAKURADA, T. OKATANI: SCENE CHANGE DETECTION USING CNN FEATURES 3
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Figure 2: Flowchart of the proposed change detection method.

2 Related Work

There are a large amount of studies on the problem of detection of scene changes [1, 4, 5, 9,
10, 17, 18, 22, 28, 29]. They can be classified into several categories depending on type of
scene changes to detect, methods, available information etc.

A standard approach is to detect changes in the 2D (image) domain [17, 19]. A typical
method is to create an appearance model of a scene from a set of its images captured at
different times, against which it compares a newly captured query image to detect changes.
The major concern in this type of studies is with how to deal with irrelevant appearance
changes such as difference in illumination. It usually requires the images to be captured
from the same viewpoint, and thus cannot deal with query images captured from different
viewpoints.

There are studies that formulate the problem in the 3D domain [5, 8, 9, 17, 23]. They
build a model of the target scene in a “steady state,” and compare a query image against it
to detect changes. A 3D model of the scene is often created by using a 3D sensor other than
cameras. In [8], to estimate the existence of a building, the edges extracted from its aerial
images are matched with the projection of its 3D model to detect changes. The studies of
Taneja et al. [23, 24] are classified into the same category. Their method is designed for
maintenance/updating of an existing 3D model of a city. The scenario is that the method is
used to detect scene changes in a low-cost manner, narrowing down the part to be remeasured
by a 3D sensor to update the model.

There is another type of studies, where a large number of multi-view images of a scene
are used to create its spatio-temporal model by leveraging the method of structure from
motion. Schindler et al. proposed a method that uses a large number of images of a city that
were taken over several decades [20]. Their method can perform several types of temporal
inferences, such as estimating the time when each building was constructed. The recent
work of Matzen and Snavely [14] is similar to that of Shindler et al. in the spirit. Their
method uses internet photo collections to detect 2D changes of a scene, such as changes
of advertisements and painting on a building wall. Assuming that a sufficient number of
multi-view images of a scene are available, both methods use SfM to reconstruct 3D models
of a scene [1, 4, 18, 22, 28, 29].

The method proposed in this paper falls in the class of 2D methods. It compares a pair
of (omnidirectional) images to detect scene changes. As these images are captured at every

“Change Detection from a Street Image Pair using CNN Features and Superpixel 
Segmentation”, Ken Sakurada, Takayuki Okatani, BMVC, 2015



CNNを用いたシーン変化の検出

“Change Detection from a Street Image Pair using CNN Features and Superpixel Segmentation”, 
Ken Sakurada, Takayuki Okatani, BMVC, 2015

pool-5

pool-3

pool-2

pool-4

pool-1Local-patch

Dense-SIFT

Hand-labeled ground-truth

Input (database)

Baseline

Change

Not
Change



目次
• 自己紹介
• 研究背景

– 画像を用いた市街地の時空間モデリング

• 解析的手法の現状と課題
• CNNのシーンモデリングへの応用

– パッチの類似度計算
• ステレマッチング
• 特徴点マッチング
• 変化検出

– 単一視点画像のデプス推定
– 視点補間

• まとめ



目次
• 自己紹介
• 研究背景

– 画像を用いた市街地の時空間モデリング

• 解析的手法の現状と課題
• CNNのシーンモデリングへの応用

– パッチの類似度計算
• ステレマッチング
• 特徴点マッチング
• 変化検出

– 単一視点画像のデプス推定
– 視点補間

• まとめ



単一視点画像のデプス推定

• MRFで各パッチの平面パラメーターを推定
– “Learning 3-D Scene Structure from a Single Still Image”, Ashutosh Saxena, 

Min Sun and Andrew Y. Ng, TPAMI2009

• 大まかなカテゴリーに分類（地面，空，垂直平面）
– “Automatic photo, pop-up”, D. Hoiem, A. A. Efros, and M. Hebert,  SIGGRAPH, 

2005

rect and visually pleasing 3-d models automatically for
64.9% of the 588 images downloaded from the internet, as
compared to HEH performance of 33.1%. “Qualitatively
correct” is according to a metric that we will define later.
We further show that our algorithm predicts quantitatively
more accurate depths than both HEH and SCN.

2. Visual Cues for Scene Understanding
Images are the projection of the 3-d world to two

dimensions—hence the problem of inferring 3-d structure
from an image is degenerate. An image might represent an
infinite number of 3-d models. However, not all the possi-
ble 3-d structures that an image might represent are valid;
and only a few are likely. The environment that we live in is
reasonably structured, and hence allows humans to infer 3-d
structure based on prior experience.

Humans use various monocular cues to infer the 3-d
structure of the scene. Some of the cues are local proper-
ties of the image, such as texture variations and gradients,
color, haze, defocus, etc. [13, 17]. Local image cues alone
are usually insufficient to infer the 3-d structure. The ability
of humans to “integrate information” over space, i.e., under-
standing the relation between different parts of the image, is
crucial to understanding the 3-d structure. [17, chap. 11]

Both the relation of monocular cues to the 3-d structure,
as well as relation between various parts of the image is
learned from prior experience. Humans remember that a
structure of a particular shape is a building, sky is blue, grass
is green, trees grow above the ground and have leaves on top
of them, and so on.

3. Image Representation
We first find small homogeneous regions in the image,

called “Superpixels,” and use them as our basic unit of rep-
resentation. (Fig. 6b) Such regions can be reliably found us-
ing over-segmentation [5], and represent a coherent region
in the image with all the pixels having similar properties. In
most images, a superpixel is a small part of a structure, such
as part of a wall, and therefore represents a plane.

In our experiments, we use algorithm by [5] to obtain the
superpixels. Typically, we over-segment an image into about
2000 superpixels, representing regions which have similar
color and texture. Our goal is to infer the location and orien-
tation of each of these superpixels.

4. Probabilistic Model
It is difficult to infer 3-d information of a region from

local cues alone, (see Section 2) and one needs to infer the
3-d information of a region in relation to the 3-d information
of other region.

In our MRF model, we try to capture the following prop-
erties of the images:

• Image Features and depth: The image features of a

Figure 2. An illustration of the Markov Random Field (MRF) for
inferring 3-d structure. (Only a subset of edges and scales shown.)

superpixel bear some relation to the depth (and orienta-
tion) of the superpixel.

• Connected structure: Except in case of occlusion,
neighboring superpixels are more likely to be con-
nected to each other.

• Co-planar structure: Neighboring superpixels are
more likely to belong to the same plane, if they have
similar features and if there are no edges between them.

• Co-linearity: Long straight lines in the image represent
straight lines in the 3-d model. For example, edges of
buildings, sidewalk, windows.

Note that no single one of these four properties is enough,
by itself, to predict the 3-d structure. For example, in some
cases, local image features are not strong indicators of the
depth (and orientation). Thus, our approach will combine
these properties in an MRF, in a way that depends on our
“confidence” in each of these properties. Here, the “confi-
dence” is itself estimated from local image cues, and will
vary from region to region in the image.

Concretely, we begin by determining the places where
there is no connected or co-planar structure, by inferring
variables yij that indicate the presence or absence of oc-
clusion boundaries and folds in the image (Section 4.1).
We then infer the 3-d structure using our “Plane Parameter
MRF,” which uses the variables yij to selectively enforce
coplanar and connected structure property (Section 4.2).
This MRF models the 3-d location and orientation of the
superpixels as a function of image features.

For comparison, we also present an MRF that only mod-
els the 3-d location of the points in the image (“Point-wise
MRF,” Section 4.3) We found that our Plane Parameter MRF
outperforms our Point-wise MRF (both in quantitative and
visually pleasing aspects); therefore we will discuss Point-
wise MRF only briefly.

4.1. Occlusion Boundaries and Folds
We will infer the location of occlusion boundaries and

folds (places where two planes are connected but not co-
planar). We use the variables yij ∈ {0, 1} to indicate

whether an “edgel” (the edge between two neighboring su-
perpixels) is an occlusion boundary/fold or not. The infer-
ence of these boundaries is typically not completely accu-
rate; therefore we will infer soft values for yij . More for-
mally, for an edgel between two superpixels i and j, yij = 0
indicates an occlusion boundary/fold, and yij = 1 indicates
none (i.e., a planar surface). We model yij using a logis-
tic response as P (yij = 1|xij ;ψ) = 1/(1 + exp(−ψT xij).
where, xij are features of the superpixels i and j (Sec-
tion 5.2), and ψ are the parameters of the model. During
inference (Section 4.2), we will use a mean field-like ap-
proximation, where we replace yij with its mean value under
the logistic model.

4.2. Plane Parameter MRF
In this MRF, each node represents a superpixel in the im-

age. We assume that the superpixel lies on a plane, and we
will infer the location and orientation of that plane.
Representation: We parameterize both the location and ori-
entation of the infinite plane on which the superpixel lies

Figure 3. A 2-d illustration to ex-
plain the plane parameter α and
rays R from the camera.

by using plane parame-
ters α ∈ R3. (Fig. 3)
(Any point q ∈ R3 lying
on the plane with param-
eters α satisfies αT q =
1.) The value 1/|α| is the
distance from the cam-
era center to the closest
point on the plane, and
the normal vector α̂ = α

|α| gives the orientation of the plane.
If Ri is the unit vector from the camera center to a point i
lying on a plane with parameters α, then di = 1/RT

i α is the
distance of point i from the camera center.

Fractional depth error: For 3-d reconstruction, the frac-
tional (or relative) error in depths is most meaningful;
and is used in structure for motion, stereo reconstruction,
etc. [10, 16] For ground-truth depth d, and estimated depth
d̂, fractional error is defined as (d̂−d)/d = d̂/d− 1. There-
fore, we would be penalizing fractional errors in our MRF.

Model: To capture the relation between the plane param-
eters and the image features, and other properties such as
co-planarity, connectedness and co-linearity, we formulate
our MRF as

P (α|X,Y,R; θ) =
1
Z

!

i

fθ(αi,Xi, yi, Ri)

!

i,j

g(αi,αj , yij , Ri, Rj) (1)

where, αi is the plane parameter of the superpixel i. For
a total of Si points in the superpixel i, we use xi,si to denote
the features for point si in the superpixel i. Xi = {xi,si ∈
R524 : si = 1, ..., Si} are the features for the superpixel i.
(Section 5.1) Similarly, Ri = {Ri,si : si = 1, ..., Si} is the
set of rays for superpixel i.

Figure 4. An illustration to explain effect of the choice of si and sj

on enforcing the following properties: (a) Partially connected, (b)
Fully connected, and (c) Co-planar.

The first term f(.) models the plane parameters as a func-
tion of the image features xi,si . We have RT

i,si
αi = 1/di,si

(where Ri,si is the ray that connects the camera to the 3-d lo-
cation of point si), and if the estimated depth d̂i,si = xT

i,si
θr,

then the fractional error would be (RT
i,si
αi(xT

i,si
θr) − 1).

Therefore, to minimize the aggregate fractional error over
all the points in the superpixel, we model the relation be-
tween the plane parameters and the image features as

fθ(αi,Xi, yi, Ri) = exp
"
−

#Si

si=1 νi,si

$$RT
i,si
αi(xT

i,si
θr) − 1

$$
%

The parameters of this model are θr ∈ R524. We use
different parameters (θr) for each row r in the image, be-
cause the images we consider are taken from a horizontally
mounted camera, and thus different rows of the image have
different statistical properties. E.g., a blue superpixel might
be more likely to be sky if it is in the upper part of im-
age, or water if it is in the lower part of the image. Here,
yi = {νi,si : si = 1, ..., Si} and the variable νi,si indicates
the confidence of the features in predicting the depth d̂i,si at
point si.1 If the local image features were not strong enough
to predict depth for point si, then νi,si = 0 turns off the
effect of the term

$$RT
i,si
αi(xT

i,si
θr) − 1

$$.
The second term g(.) models the relation between the

plane parameters of two superpixels i and j. It uses pairs
of points si and sj to do so:

g(.) =
&

{si,sj}∈N hsi,sj (.) (2)

We will capture co-planarity, connectedness and co-
linearity, by different choices of h(.) and {si, sj}.

Connected structure: We enforce this constraint by
choosing si and sj to be on the boundary of the superpix-
els i and j. As shown in Fig. 4b, penalizing the distance
between two such points ensures that they remain fully con-
nected. Note that in case of occlusion, the variables yij = 0,
and hence the two superpixels will not be forced to be con-
nected. The relative (fractional) distance between points si

and sj is penalized by

hsi,sj (αi,αj , yij , Ri, Rj) = exp
"
−yij |(RT

i,si
αi − RT

j,sj
αj)d̂|

%

1The variable νi,si is an indicator of how good the image features
are in predicting depth for point si in superpixel i. We learn νi,si

from the monocular image features, by estimating the expected value of
|di − xT

i θr|/di as φT
r xi with logistic response, with φr as the parameters

of the model, features xi and di as ground-truth depths.

Figure 7. (a) Original Image, (b) Ground truth depthmap, (c) Depth from image features only, (d) Point-wise MRF, (e) Plane parameter
MRF. (Best viewed in Color)
Table 1. Results: Quantitative comparison of various methods.

METHOD CORRECT % PLANES log10 REL

(%) CORRECT

SCN NA NA 0.198 0.530
HEH 33.1% 50.3% 0.320 1.423
BASELINE-1 0% NA 0.300 0.698
NO PRIORS 0% NA 0.170 0.447
POINT-WISE MRF 23% NA 0.149 0.458
BASELINE-2 0% 0% 0.334 0.516
NO PRIORS 0% 0% 0.205 0.392
CO-PLANAR 45.7% 57.1% 0.191 0.373
PP-MRF 64.9% 71.2% 0.187 0.370

without any image features, and thus reflects a “prior”
depthmap of sorts.
(b) Our Point-wise MRF: with and without constraints (con-
nectivity, co-planar and co-linearity).
(c) Our Plane Parameter MRF (PP-MRF): without any con-
straint, with co-planar constraint only, and the full model.
(d) Saxena et al. (SCN), applicable for quantitative errors.
(e) Hoiem et al. (HEH). For fairness, we scale and shift their
depthmaps before computing the errors to match the global
scale of our test images. Without the scaling and shifting,
their error is much higher (7.533 for relative depth error).

We compare the algorithms on the following metrics: (a)
Average depth error on a log-10 scale, (b) Average relative
depth error, (We give these numerical errors on only the 134
test images that we collected, because ground-truth depths
are not available for internet images.) (c) % of models qual-
itatively correct, (d) % of major planes correctly identified.3

Table 1 shows that both of our models (Point-wise MRF
and Plane Parameter MRF) outperform both SCN and HEH
in quantitative accuracy in depth prediction. Plane Parame-
ter MRF gives better relative depth accuracy, and produces
sharper depthmaps. (Fig. 7) Table 1 also shows that by cap-
turing the image properties of connected structure, copla-
narity and colinearity, the models produced by the algorithm
become significantly better. In addition to reducing quan-
titative errors, PP-MRF does indeed produce significantly
better 3-d models. When producing 3-d flythroughs, even a
small number of erroneous planes make the 3-d model vi-
sually unacceptable, even though the quantitative numbers

3We define a model as correct when for 70% of the major planes in the
image (major planes occupy more than 15% of the area), the plane is in
correct relationship with its nearest neighbors (i.e., the relative orientation
of the planes is within 30 degrees). Note that changing the numbers, such
as 70% to 50% or 90%, 15% to 10% or 30%, and 30 degrees to 20 or 45
degrees, gave similar trends in the results.

Table 2. Percentage of images for which HEH is better, our PP-
MRF is better, or it is a tie.

ALGORITHM %BETTER

TIE 15.8%
HEH 22.1%
PP-MRF 62.1%

may still show small errors.
Our algorithm gives qualitatively correct models for

64.9% of images as compared to 33.1% by HEH. The qual-
itative evaluation was performed by a person not associ-
ated with the project following the guidelines in Footnote 3.
HEH generate a “photo-popup” effect by folding the im-
ages at “ground-vertical” boundaries—an assumption which
is not true for a significant number of images; therefore, their
method fails in those images. Some typical examples of the
3-d models are shown in Fig. 8. (Note that all the test cases
shown in Fig. 1, 8 and 9 are from the dataset downloaded
from the internet, except Fig. 9a which is from the laser-test
dataset.) These examples also show that our models are of-
ten more detailed than HEH, in that they are often able to
model the scene with a multitude (over a hundred) of planes.

We performed a further comparison to HEH. Even when
both HEH and our algorithm is evaluated as qualitatively
correct on an image, one result could still be superior. There-
fore, we asked the person to compare the two methods, and
decide which one is better, or is a tie.4 Table 2 shows that our
algorithm performs better than HEH in 62.1% of the cases.
Full documentation describing the details of the unbiased
human judgment process, along with the 3-d flythroughs
produced by our algorithm and HEH, is available online at:

http://ai.stanford.edu/∼asaxena/reconstruction3d
Some of our models, e.g. in Fig. 9j, have cosmetic

defects—e.g. stretched texture; better texture rendering tech-
niques would make the models more visually pleasing. In
some cases, a small mistake (i.e., one person being detected
as far-away in Fig. 9h) makes the model look bad; and hence
be evaluated as “incorrect.”

Our algorithm, trained on images taken in a small
geographical area in our university, was able to predict

4To compare the algorithms, the person was asked to count the number
of errors made by each algorithm. We define an error when a major plane in
the image (occupying more than 15% area in the image) is in wrong location
with respect to its neighbors, or if the orientation of the plane is more than
30 degrees wrong. For example, if HEH fold the image at incorrect place
(see Fig. 8, image 2), then it is counted as an error. Similarly, if we predict
top of a building as far and the bottom part of building near, making the
building tilted—it would count as an error.

Figure 7. (a) Original Image, (b) Ground truth depthmap, (c) Depth from image features only, (d) Point-wise MRF, (e) Plane parameter
MRF. (Best viewed in Color)
Table 1. Results: Quantitative comparison of various methods.

METHOD CORRECT % PLANES log10 REL

(%) CORRECT

SCN NA NA 0.198 0.530
HEH 33.1% 50.3% 0.320 1.423
BASELINE-1 0% NA 0.300 0.698
NO PRIORS 0% NA 0.170 0.447
POINT-WISE MRF 23% NA 0.149 0.458
BASELINE-2 0% 0% 0.334 0.516
NO PRIORS 0% 0% 0.205 0.392
CO-PLANAR 45.7% 57.1% 0.191 0.373
PP-MRF 64.9% 71.2% 0.187 0.370

without any image features, and thus reflects a “prior”
depthmap of sorts.
(b) Our Point-wise MRF: with and without constraints (con-
nectivity, co-planar and co-linearity).
(c) Our Plane Parameter MRF (PP-MRF): without any con-
straint, with co-planar constraint only, and the full model.
(d) Saxena et al. (SCN), applicable for quantitative errors.
(e) Hoiem et al. (HEH). For fairness, we scale and shift their
depthmaps before computing the errors to match the global
scale of our test images. Without the scaling and shifting,
their error is much higher (7.533 for relative depth error).

We compare the algorithms on the following metrics: (a)
Average depth error on a log-10 scale, (b) Average relative
depth error, (We give these numerical errors on only the 134
test images that we collected, because ground-truth depths
are not available for internet images.) (c) % of models qual-
itatively correct, (d) % of major planes correctly identified.3

Table 1 shows that both of our models (Point-wise MRF
and Plane Parameter MRF) outperform both SCN and HEH
in quantitative accuracy in depth prediction. Plane Parame-
ter MRF gives better relative depth accuracy, and produces
sharper depthmaps. (Fig. 7) Table 1 also shows that by cap-
turing the image properties of connected structure, copla-
narity and colinearity, the models produced by the algorithm
become significantly better. In addition to reducing quan-
titative errors, PP-MRF does indeed produce significantly
better 3-d models. When producing 3-d flythroughs, even a
small number of erroneous planes make the 3-d model vi-
sually unacceptable, even though the quantitative numbers

3We define a model as correct when for 70% of the major planes in the
image (major planes occupy more than 15% of the area), the plane is in
correct relationship with its nearest neighbors (i.e., the relative orientation
of the planes is within 30 degrees). Note that changing the numbers, such
as 70% to 50% or 90%, 15% to 10% or 30%, and 30 degrees to 20 or 45
degrees, gave similar trends in the results.

Table 2. Percentage of images for which HEH is better, our PP-
MRF is better, or it is a tie.

ALGORITHM %BETTER

TIE 15.8%
HEH 22.1%
PP-MRF 62.1%

may still show small errors.
Our algorithm gives qualitatively correct models for

64.9% of images as compared to 33.1% by HEH. The qual-
itative evaluation was performed by a person not associ-
ated with the project following the guidelines in Footnote 3.
HEH generate a “photo-popup” effect by folding the im-
ages at “ground-vertical” boundaries—an assumption which
is not true for a significant number of images; therefore, their
method fails in those images. Some typical examples of the
3-d models are shown in Fig. 8. (Note that all the test cases
shown in Fig. 1, 8 and 9 are from the dataset downloaded
from the internet, except Fig. 9a which is from the laser-test
dataset.) These examples also show that our models are of-
ten more detailed than HEH, in that they are often able to
model the scene with a multitude (over a hundred) of planes.

We performed a further comparison to HEH. Even when
both HEH and our algorithm is evaluated as qualitatively
correct on an image, one result could still be superior. There-
fore, we asked the person to compare the two methods, and
decide which one is better, or is a tie.4 Table 2 shows that our
algorithm performs better than HEH in 62.1% of the cases.
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top of a building as far and the bottom part of building near, making the
building tilted—it would count as an error.
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(a) input image (b) superpixels (c) constellations (d) labeling (e) novel view
Figure 2: 3D Model Estimation Algorithm. To obtain useful statistics for modeling geometric classes, we must first find uniformly-labeled
regions in the image by computing superpixels (b) and grouping them into multiple constellations (c). We can then generate a powerful set
of statistics and label the image based on models learned from training images. From these labels, we can construct a simple 3D model (e) of
the scene. In (b) and (c), colors distinguish between separate regions; in (d) colors indicate the geometric labels: ground, vertical, and sky.

single image. [Liebowitz et al. 1999; Criminisi et al. 2000] offer
the most accurate (but also the most labor-intensive) approach, re-
covering a metric reconstruction of an architectural scene by using
projective geometry constraints [Hartley and Zisserman 2004] to
compute 3D locations of user-specified points given their projected
distances from the ground plane. The user is also required to spec-
ify other constraints such as a square on the ground plane, a set of
parallel “up” lines and orthogonality relationships. Most other ap-
proaches forgo the goal of a metric reconstruction, focusing instead
on producing perceptually pleasing approximations. [Zhang et al.
2001] models free-form scenes by letting the user place constraints,
such as normal directions, anywhere on the image plane and then
optimizing for the best 3D model to fit these constraints. [Ziegler
et al. 2003] finds the maximum-volume 3D model consistent with
multiple manually-labeled images. Tour into the Picture [Horry
et al. 1997], the main inspiration for this work, models a scene
as an axis-aligned box, a sort of theater stage, with floor, ceiling,
backdrop, and two side planes. An intuitive “spidery mesh” inter-
face allows the user to specify the coordinates of this box and its
vanishing point. Foreground objects are manually labeled by the
user and assigned to their own planes. This method produces im-
pressive results but works only on scenes that can be approximated
by a one-point perspective, since the front and back of the box are
assumed to be parallel to the image plane. This is a severe limita-
tion (that would affect most of the images in this paper, including
Figure 1(left)) which has been partially addressed by [Kang et al.
2001] and [Oh et al. 2001], but at the cost of a less intuitive inter-
face.

Automatic methods exist to reconstruct certain types of scenes from
multiple images or video sequences (e.g. [Nistér 2001; Pollefeys
et al. 2004]), but, to the best of our knowledge, no one has yet
attempted automatic single-view modeling.

1.2 Intuition

Consider the photograph in Figure 1(left). Humans can easily grasp
the overall structure of the scene – sky, ground, relative positions of
major landmarks. Moreover, we can imagine reasonably well what
this scene would look like from a somewhat different viewpoint,
even if we have never been there. This is truly an amazing ability
considering that, geometrically speaking, a single 2D image gives
rise to an infinite number of possible 3D interpretations! How do
we do it?

The answer is that our natural world, despite its incredible richness
and complexity, is actually a reasonably structured place. Pieces of
solid matter do not usually hang in mid-air but are part of surfaces
that are usually smoothly varying. There is a well-defined notion
of orientation (provided by gravity). Many structures exhibit high
degree of similarity (e.g. texture), and objects of the same class
tend to have many similar characteristics (e.g. grass is usually green
and can most often be found on the ground). So, while an image

offers infinitely many geometrical interpretations, most of them can
be discarded because they are extremely unlikely given what we
know about our world. This knowledge, it is currently believed, is
acquired through life-long learning, so, in a sense, a lot of what we
consider human vision is based on statistics rather than geometry.

One of the main contributions of this paper lies in posing the classic
problem of geometric reconstruction in terms of statistical learning.
Instead of trying to explicitly extract all the required geometric pa-
rameters from a single image (a daunting task!), our approach is to
rely on other images (the training set) to furnish this information in
an implicit way, through recognition. However, unlike most scene
recognition approaches which aim to model semantic classes, such
as cars, vegetation, roads, or buildings [Everingham et al. 1999;
Konishi and Yuille 2000; Singhal et al. 2003], our goal is to model
geometric classes that depend on the orientation of a physical ob-
ject with relation to the scene. For instance, a piece of plywood
lying on the ground and the same piece of plywood propped up by
a board have two different geometric classes but the same semantic
class. We produce a statistical model of geometric classes from a
set of labeled training images and use that model to synthesize a 3D
scene given a new photograph.

2 Overview

We limit our scope to dealing with outdoor scenes (both natural and
man-made) and assume that a scene is composed of a single ground
plane, piece-wise planar objects sticking out of the ground at right
angles, and the sky. Under this assumption, we can construct a
coarse, scaled 3D model from a single image by classifying each
pixel as ground, vertical or sky and estimating the horizon position.
Color, texture, image location, and geometric features are all useful
cues for determining these labels. We generate as many potentially
useful cues as possible and allow our machine learning algorithm
(decision trees) to figure out which to use and how to use them.
Some of these cues (e.g., RGB values) are quite simple and can
be computed directly from pixels, but others, such as geometric
features require more spatial support to be useful. Our approach
is to gradually build our knowledge of scene structure while being
careful not to commit to assumptions that could prevent the true
solution from emerging. Figure 2 illustrates our approach.

Image to Superpixels
Without knowledge of the scene’s structure, we can only compute
simple features such as pixel colors and filter responses. The first
step is to find nearly uniform regions, called “superpixels” (Figure
2(b)), in the image. The use of superpixels improves the efficiency
and accuracy of finding large single-label regions in the image. See
Section 4.1 for details.

Superpixels to Multiple Constellations
An image typically contains hundreds of superpixels over which we
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estimation technique as it applies to single images below,
and in Section 4 we discuss novel additions that allow for
improved depth estimation in videos.

Our depth transfer approach, outlined in Fig. 2, has three
stages. First, given a database RGBD images, we find candi-
date images in the database that are “similar” to the input
image in RGB space. Then, a warping procedure (SIFT Flow
[24]) is applied to the candidate images and depths to align
them with the input. Finally, an optimization procedure is
used to interpolate and smooth the warped candidate depth
values; this results in the inferred depth.

Our core idea is that scenes with similar semantics
should have roughly similar depth distributions when
densely aligned. In other words, images of semantically
alike scenes are expected to have similar depth values in
regions with similar appearance. Of course, not all of these
estimates will be correct, which is why we find several can-
didate images and refine and interpolate these estimates
using a global optimization technique that considers factors
other than just absolute depth values.

3.1 RGBD Database
Our system requires a database of RGBD images and/or
videos. We have collected our own RGBD video data set, as
described in Section 5; a few already exist online, though
they are for single images only.2

3.2 Candidate Matching and Warping
Given a database and an input image, we compute high-
level image features (we use GIST [30] and optical flow fea-
tures) for each image or frame of video in the database as
well as the input image. We then select the top K (¼ 7 in
our work, unless explicitly stated) matching frames from
the database, but ensure that each video in the database con-
tributes no more than one matching frame. This forces
matching images to be from differing viewpoints, allowing

for greater variety among matches. We call these matching
images candidate images, and their corresponding depths
candidate depths.

Because the candidate images match the input closely in
feature space, it is expected that the overall semantics of
the scene are roughly similar. We also make the critical
assumption that the distribution of depth is comparable
among the input and candidates. However, we want pixel-
to-pixel correspondences between the input and all candi-
dates, as to limit the search space when inferring depth
from the candidates.

We achieve this pixel-to-pixel correspondence through
SIFT flow [24], which matches per-pixel SIFT features to
estimate dense scene alignment. Using SIFT flow, we esti-
mate warping functions ci; i 2 f1; . . . ; Kg for each candi-
date image; this process is illustrated in Fig. 3. These
warping functions map pixel locations from a given can-
didate’s domain to pixel locations in the input’s domain.
The warping functions can be one-to-many.

3.3 Features for Candidate Image Matching
In order to find candidate images which match the input
image/sequence semantically and in terms of depth distri-
bution, we use a combination of GIST features [30] and fea-
tures derived from optical flow (used only in the case of
videos, as in Section 4). To create flow features for a video,
we first compute optical flow (using Liu’s implementation
[31]) for each pair of consecutive frames, which defines a
warping from frame i to frame iþ 1. If the input is a single
image, or the last image in a video sequence, we consider
this warping to be the identity warp. Then, we segment the
image into b# b uniform blocks, and compute the mean and
standard deviation over the flow field in each block, for

Fig. 3. SIFT flow warping. (a) SIFT features are calculated and matched
in a one-to-many fashion, which defines c. (b) c is applied to achieve
dense scene alignment.

Fig. 2. Our pipeline for estimating depth. Given an input image, we find matching candidates in our database, and warp the candidates to match the
structure of the input image. We then use a global optimization procedure to interpolate the warped candidates (Eq. (2)), producing per-pixel depth
estimates for the input image. With temporal information (e.g., extracted from a video), our algorithm can achieve more accurate, temporally coherent
depth.

2. Examples: Make3D range image data set (http://make3d.cs.
cornell.edu/data.html), B3DO data set (http://kinectdata.com/),
NYU depth data sets (http://cs.nyu.edu/ silberman/datasets/),
RGB-D data set (http://www.cs.washington.edu/rgbd-dataset/),
and our own (http://kevinkarsch.com/depthtransfer).
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learning strategies have since been proposed [9]. Better
depth estimates have been achieved by incorporating
semantic labels [10], or more sophisticated models [11].

Apart from learning-based techniques for extracting
depths, more conventional techniques have been used
based on image content. For example, repetitive structures
have been used for stereo reconstruction from a single
image [12]. The dark channel prior has also proven effective
for estimating depth from images containing haze [13]. In
addition, single-image shape from shading is also possible
for known (a priori) object classes [14], [15].

Compared to techniques here, we not only focus on
depth from a single image, but also present a framework for
using temporal information for enhanced and time-coherent
depth when multiple frames are available.

The approach closest to ours is the contemporaneous
work of Konrad et al. [16], [17], which also uses some form
of non-parametric depth sampling to automatically convert
monocular images into stereoscopic images. They make
similar assumptions to ours (e.g., appearance and depth are
correlated), but use a simpler optimization scheme, and
argue that the use SIFT flow only provides marginal
improvements (opposed to not warping candidates via SIFT
flow). Our improvements are two-fold: their depth maps
are computed using the median of the candidate disparity
fields and smoothed with a cross bilateral filter, while we
consider the candidate depths (and depth gradients) on a
per-pixel basis. Furthermore, we propose novel solutions to
incorporate temporal information from videos, whereas the
method of Konrad et al. works on single images. We also
show a favorable comparison in Table 2.

2.2 Video Depth Estimation and 2D-to-3D
A number of video 2D-to-3D techniques exist, but many of
them are interactive. Examples of interactive system include
those of Guttman et al. [18] (scribbles with depth properties
are added to frames for video cube propagation), Ward
et al. [19] (“depth templates” for primitive shapes are speci-
fied by the user, which the system propagates over the
video), and Liao et al. [20] (user interaction to propagate
structure-from-motion information with aid of optical flow).

There are a few commercial solutions that are automatic,
e.g., Tri-Def DDD, but anecdotal tests using the demo ver-
sion revealed room for improvement. There is even hard-
ware available for real-time 2D-to-3D video conversion,
such as the DA8223 chip by Dialog Semiconductor. It is not
clear, however, how well the conversion works, since

typically simple assumptions are made on what constitute
foreground and background areas based on motion estima-
tion. There are also a number of production houses special-
izing in 2D-to-3D conversions (e.g., In-Three [21] and
Identity FX, Inc.), but their solutions are customized and
likely to be manual-intensive. Furthermore, their tools are
not publicly available.

If the video is mostly amenable to structure-from-motion
and motion stereo, such technologies can be used to com-
pute dense depth maps at every frame of the video. One
system that does this is that of Zhang et al. [22], which also
showed how depth-dependent effects such as synthetic fog
and depth-of-focus can be achieved. While this system (and
others [1], [23]) can handle some moving objects, there is
significant reliance on camera motion that induces parallax.

2.3 Non-Parametric Learning
As the conventional notion of image correspondences was
extended from different views of the same 3D scene to
semantically similar, but different, 3D scenes [24], the infor-
mation such as labels and motion can be transferred from a
large database to parse an input image [25]. Given an unla-
beled input image and a database with known per-pixel
labels (e.g., sky, car, tree, window), their method works by
transferring the labels from the database to the input image
based on SIFT flow, which is estimated by matching pixel-
wise, dense SIFT features. This simple methodology has
been widely used in many computer vision applications
such as image super resolution [26], image tagging [27] and
object discovery [28].

We build on this work by transferring depth instead of
semantic labels. Furthermore, we show that this “transfer”
approach can be applied in a continuous optimization
framework (Section 3), whereas their method used a dis-
crete MRFs.

3 NON-PARAMETRIC DEPTH ESTIMATION BY

CONTINUOUS LABEL TRANSFER

We leverage recent work on non-parametric learning [29],
which avoids explicitly defining a parametric model and
requires fewer assumptions as in past methods (e.g., [7], [8],
[10]). This approach also scales better with respect to the
training data size, requiring virtually no training time. Our
technique imposes no requirements on the video, such as
motion parallax or sequence length, and can even be
applied to a single image. We first describe our depth

Fig. 1. Our technique takes a video sequence (top row) and automatically estimates per-pixel depth (bottom row). Our method does not require any
cues from motion parallax or static scene elements; these videos were captured using a stationary camera with multiple moving objects.
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Figure 2: An overview of our approach to predicting surface normals of a scene from a single image. We separately learn
global and local processes and use a fusion network to fuse the contradictory beliefs into a final interpretation. Global
processes: our network predicts a coarse 20 ⇥ 20 structure and a vanishing-point-aligned box layout from a set of discrete
classes. Local processes: our network predicts a structured local patch from a part of the image and line-labeling classes:
convex-blue, concave-green, and occlusion-red. Fusion process: our network fuses the outputs of the two input networks,
the rectified coarse normals with vanishing points (VP) and images to produce substantially better results.

are two related questions: (1) What are the right primitives
for understanding? and (2) Given the local evidence, how
can one obtain a global 3D scene understanding?

The problem of discovering primitives goes back to the
early days of computer vision. The first primitives proposed
took the form of lines [27, 36] and volumetric primitives
such as geons [1], but these turned out to be too difficult to
detect in natural images. Recent work has focused on using
edges [25], super pixels [28] or segments [15] as primitives
for reasoning. Most recently, [9] instead argued that data
should determine the primitive instead of human intuition,
and introduced a structured patch-based primitive; similarly
[22] formulated the problem as per-pixel, using segments
only as the data dictated. Unfortunately, while all of these
local primitives work well on things like blinds, cabinets,
and tile floors, they tend to be stymied by local ambiguities
at less-textured regions.

In order to resolve ambiguities, most work turns to some
form of reasoning to do top-down prediction. Most re-
cent work is based on higher-order volumetric representa-
tions [14, 24, 30, 30] (e.g., the room should be an inside out
box) or reasoning over volumes [24, 29] (e.g., two volumes
should not intersect with each other) or edges [10] (e.g.,
via detected convex edges or occlusion boundaries) Typi-
cally, this representation is obtained via optimization over
a domain-specific model and helps smooth predictions and
resolve ambiguous areas, such as blank walls.

In this work, we address both threads. Instead of using
primitives on manually designed features such as HoG [4],
we use the data to derive a representation right from the pix-
els: inspired by the recent success of CNNs [23, 21] on the
tasks of object detection [11, 31], segmentation [38], depth

estimation [8], pose estimation [34], etc., we propose to
adapt CNNs to learn representations and primitives for 3D
scene understanding. Similarly, instead of hand-designing
an optimizable model to reason about ambiguities, we learn
a CNN to arbitrate between conflicting evidence. However,
rather than abandon the insights learned in past work, we
incorporate them into our design. In particular, we take into
account the importance of:
Fusing global and local. We build local and global net-
works that handle these two forms of evidence. We com-
bine their predictions with a fusion network that greatly
outperforms either alone. Our fusion network can be
viewed as a form of learned reasoning that replaces pre-
vious optimization-based attempts to reconcile evidence
[12, 24, 29, 10] from conflicting sources.
Human-centric constraints. Past work has shown that the
man-made nature of indoor scenes provides powerful con-
straints. For instance, it is common for there to be assumed
three orthogonal directions in the scene (the Manhattan-
world assumption [3]), as used in [14, 25, 24, 30, 29, 10,
39]. Similarly, it is common to assume that the scene is
an inside-out box [14, 24, 30, 29]. Inspired by these ap-
proaches, our global network predicts a box layout in ad-
dition to coarse geometry, and we provide the vanishing-
points to our fusion network. This enables the fusion net-
work to softly apply the Manhattan or box constraint as the
data dictates (e.g., on walls and floors but not chairs), and
our results show that this leads to improved predictions.
Local structure. Another theme that has emerged both in
the past [33, 17, 2, 19] and recently [16, 20, 10] is the rea-
soning between surface normals and the edges in the im-
ages. Inspired by these local constraints, we incorporate

Input Output Ground Truth 
Figure 6: Qualitative results of surface normal estimation using our complete architecture. Input images are shown on the
left, ground truth surface normals from Kinect are shown in middle and the predicted surface normals are shown on right.
Our network not only captures the coarse layout of the room but also preserves the fine details. Notice that fine details like
the top of couches and the legs of table are captured by our algorithm.

fully connected to 4096 neurons, which in turn lead to the
13 ⇥ 13 ⇥ 40 outputs representing the surface normals. At
testing time, we apply the fusion network on the feature
maps with the stride of Mb.
Loss Function: At training time, we fix the parameters of
the global and local networks and obtain the feature maps
of the training data though them. The loss function is de-
fined as Eq.1 by setting M = Mb and K = Kb. To train
the network, we apply the stochastic gradient descent with
learning rate �.

5. Experiments
We now describe our experiments. We adopt the proto-

cols introduced in [9] and used by state-of-the-art methods
on this task [9, 10, 22].
Dataset and Settings: We evaluate our method on the NYU
Depth v2 dataset [32]. However, to train our models we use
the corresponding raw video data for the training images.
We process the video data using the provided development
kit, but improve the normals with TV-denoising similar to
[22]. We use the official split with 249 scenes for training
and 215 scenes for testing. We extract 200K frames from
the 249 scenes for training and test on the 654 images from
the standard test set. We extract the room layout by fitting
an inside-out box from [14] to the estimated surface nor-
mals. The edge labels are estimated using the ground-truth
depth data in a procedure like [13].

During training, we fine-tune the network with stochastic
gradient descent with learning rate � = 1.0 ⇥ 10

�6. Note
that during joint tuning with the layouts and edges we set
the learning rate as 50� for these losses. For training our
coarse networks, we augment our data by flipping, color
changes and random crops. For training the local and fusion
network, we rescale the training images to 195 ⇥ 260 and
randomly sample 400K patches with size 55⇥55 from them.

Evaluation Criteria: Following [9], we evaluate a per-
pixel error over the whole dataset, ignoring values that are
unknown due to missing depth data. We summarize this
population of per-pixel errors with statistics: the mean and
median, as well as percent-good-pixel (PGP) metrics, or
what fraction of the pixels are correct within a threshold
t (for t = 11.25, 22.5, 30). In the interest of easy compari-
son, we report results on the ground-truth provided by [22];
relative performance is similar on the ground-truth of [9]
and our denoised normals.
Baselines: Our primary baselines are the published state-
of-the-art in surface normal prediction [9, 10, 22]. Each is
state-of-the-art in at least one metric that we evaluate on.
Additionally, since there have been no published CNN re-
sults, we adapt the coarse network of the Eigen et al. [8] to
surface normals by using the negative dot-product as loss.
This coarse network nearly matches the full system’s per-
formance on depth, and as a single feed-forward CNN with
no intermediate representations or designed structures, it is
a good baseline.

5.1. Experimental Results
Qualitative: First, we demonstrate our qualitative results.
Figures 6 and 7 show the results of our complete architec-
ture. Notice how our results capture the fine details of the
input image. Unlike many past approaches, our algorithm
is able to estimate even the legs of the tables etc. Our al-
gorithm is able to even estimate how the surface normal
changes across the couch (last column, figure 6).
Quantitative: Table 1 compares the performance of our al-
gorithm against several baselines. As the results indicate,
our approach is significantly better than all the baselines in
all metrics. For many cases, our results show as much as
15% improvement over previously state of the art results.

For the sake of completeness, we also report results from
a contemporary Arxiv paper [7] which uses stacked CNNs.

Figure 9: Results on B3DO dataset[18]. We obtain state of the art performance by applying our model trained on the NYU
dataset without further fine-tuning on the B3DO dataset.

Table 2: Ablative Analysis

Mean Median 11.25� 22.5� 30

�

Full 26.9 14.8 42.0 61.2 68.2
Full w/o Global 28.8 17.7 34.6 57.8 66.0
Fusion (+VP) 27.3 15.6 40.2 60.1 67.5
Fusion (+Edge) 27.8 16.4 37.5 59.4 67.4
Fusion (+Layout) 27.7 16.0 38.8 59.9 67.4
Fusion 27.9 16.6 37.4 59.2 67.1
Local 34.0 25.1 25.6 46.4 56.2
Global 30.9 20.8 31.4 52.3 60.5

Coarse CNN [8] 30.1 24.7 24.1 46.4 57.9

classifies a big patch on the wall near the picture frame.
However, once the network uses the edge labels (e.g., the
convex edge of the shelf and the missing edge on the wall)
to improve the boundaries.

Quantitatively, we compare all the components one by
one in Table 2. The fusion network, which combines
the raw images, surface normal predictions from the local
and global networks provides a significant boost in per-
formance. Furthermore, adding layout (+Layout), edges
(+Edge) and vanishing points (+VP) independently improve
the performance of the network. By combining all of them
together in the full fusion network, we obtain better results
in all metrics, and a 4.6% gain in the most strict metric.

We note that adding components accounts only for the
marginal gain of each component over the base system.
While it is easy to improve bad systems, it is difficult to
improve on a strong system like the fusion network: by it-
self, it would be state-of-the-art in most metrics. We there-
fore report fusing our constraints with just the local network
(Full w/o Global), which leads to a 9% gain across all PGP
metrics. This underscores the effectiveness and value of our
constraints. Finally, we note that our performance is signifi-
cantly better than our implementation of the coarse network
of Eigen et al. [8], a single feed-forward CNN.

Table 3: B3DO

Mean Median 11.25� 22.5� 30

�

Full 34.5 20.1 36.7 52.4 59.2
3DP(MW) [9] 38.0 24.5 33.6 48.5 54.5
Hedau et al. [14] 43.5 30.0 32.8 45.0 50.0
Lee et al. [25] 41.9 28.4 32.7 45.7 50.8

5.2. Berkeley B3DO Dataset
To show our model can generalize well, we apply it di-

rectly on the B3DO [18] dataset. There is significant mis-
match in dataset bias between the two: NYU contains al-
most exclusively full scenes while the B3DO contains many
close-ups. Also, since B3DO contains many scenes with
down-facing views, unlike NYU, we rectify our results to
detected vanishing points to compensate. We report our re-
sults of our full fusion network in Table 3 and some some
qualitative results in Figure 9. Our method outperforms the
baselines from [9] by a substantial margin in all metrics.

6. Conclusion
We have presented a novel CNN-based approach for sur-

face normal estimation. By injecting insights into 3D repre-
sentation, our model achieves state of the art performance.
Qualitatively, our model works well and not only captures
the coarse scene structure but even captures fine details such
as table legs and curved surfaces of couches.

Acknowledgments: This work was partially supported by NSF IIS-
1320083, ONR MURI N000141010934, Bosch Young Faculty Fellowship
to AG and NDSEG fellowship to DF. This material is also based on re-
search partially sponsored by DARPA under agreement number FA8750-
14-2-0244. The U.S. Government is authorized to reproduce and distribute
reprints for Governmental purposes notwithstanding any copyright nota-
tion thereon. The views and conclusions contained herein are those of the
authors and should not be interpreted as necessarily representing the offi-
cial policies or endorsements, either expressed or implied, of DARPA or
the U.S. Government. The authors thank NVIDIA for GPU donations.



CNNを用いた単一視点画像のデプス推定（例２）

• デプス，法線ベクトル，カテゴリーラベルを同時推定

“Predicting Depth, Surface Normals and Semantic Labels with a Common Multi-Scale 
Convolutional Architecture ”, David Eigen, Rob Fergus, ICCV2015

timization on a grid drawn from vanishing point rays [11],
while Ladicky et al. learn a regression from over-segmented
regions to a discrete set of normals and mixture coefficients.
Barron and Malik [3, 2] infer normals from RGB-D inputs
using a set of handcrafted priors, along with illumination
and reflectance. From RGB inputs, Wang et al. [37] use
convolutional networks to combine normals estimates from
local and global scales, while also employing cues from
room layout, edge labels and vanishing points. Importantly,
we achieve as good or superior results with a more general
multiscale architecture that can naturally be used to perform
many different tasks.

Prior work on semantic segmentation includes many dif-
ferent approaches, both using RGB-only data [35, 4, 9] as
well as RGB-D [31, 29, 26, 6, 15, 17, 13]. Most of these
use local features to classify over-segmented regions, fol-
lowed by a global consistency optimization such as a CRF.
By comparison, our method takes an essentially inverted ap-
proach: We make a consistent global prediction first, then
follow it with iterative local refinements. In so doing, the lo-
cal networks are made aware of their place within the global
scene, and can can use this information in their refined pre-
dictions.

Gupta et al. [13, 14] create semantic segmentations first
by generating contours, then classifying regions using either
hand-generated features and SVM [13], or a convolutional
network for object detection [14]. Notably, [13] also per-
forms amodal completion, which transfers labels between
disparate regions of the image by comparing planes from
the depth.

Most related to our method in semantic segmentation
are other approaches using convolutional networks. Farabet
et al. [9] and Couprie et al. [6] each use a convolutional net-
work applied to multiple scales in parallel generate features,
then aggregate predictions using superpixels. Our method
differs in several important ways. First, our model has a
large, full-image field of view at the coarsest scale; as we
demonstrate, this is of critical importance, particularly for
depth and normals tasks. In addition, we do not use super-
pixels or post-process smoothing — instead, our network
produces fairly smooth outputs on its own, allowing us to
take a simple pixel-wise maximum.

Pinheiro et al. [28] use a recurrent convolutional network
in which each iteration incorporates progressively more
context, by combining a more coarsely-sampled image in-
put along with the local prediction from the previous itera-
tion. This direction is precisely the reverse of our approach,
which makes a global prediction first, then iteratively re-
fines it. In addition, whereas they apply the same network
parameters at all scales, we learn distinct networks that can
specialize in the edits appropriate to their stage.

Most recently, in concurrent work, Long et al. [24] adapt
the recent VGG ImageNet model [32] to semantic segmen-
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(AlexNet)
#convs 1 1 1 1 1 – – –
#chan 96 256 384 384 256 4096 64 64
ker. sz 11x11 5x5 3x3 3x3 3x3 – – –
Ratio /8 /16 /16 /16 /32 – /16 /4
l.rate 0.001 0.001 0.001 0.001 0.001 see text
Layer 1.1 1.2 1.3 1.4 1.5 1.6 1.7 upsamp
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(VGG)
#convs 2 2 3 3 3 – – –
#chan 64 128 256 512 512 4096 64 64
ker. sz 3x3 3x3 3x3 3x3 3x3 – – –
Ratio /2 /4 /8 /16 /32 – /16 /4
l.rate 0.001 0.001 0.001 0.001 0.001 see text
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Layer 2.1 2.2 2.3 2.4 2.5 upsamp
Size 74x55 74x55 74x55 74x55 74x55 147x109
#chan 96+64 64 64 64 C C
ker. sz 9x9 5x5 5x5 5x5 5x5 –
Ratio /4 /4 /4 /4 /4 /2
l.rate 0.001 0.01 0.01 0.01 0.001

Scale 3

Layer 3.1 3.2 3.3 3.4 final
Size 147x109 147x109 147x109 147x109 147x109
#chan 96+C 64 64 C C
ker. sz 9x9 5x5 5x5 5x5 –
Ratio /2 /2 /2 /2 /2
l.rate 0.001 0.01 0.01 0.001

Figure 1. Model architecture. C is the number of output channels
in the final prediction, which depends on the task. The input to the
network is 320x240.

tation by applying 1x1 convolutional label classifiers at fea-
ture maps from different layers, corresponding to different
scales, and averaging the outputs. By contrast, we apply
networks for different scales in series, which allows them to
make more complex edits and refinements, starting from the
full image field of view. Thus our architecture easily adapts
to many tasks, whereas by considering relatively smaller
context and summing predictions, theirs is specific to se-
mantic labeling.
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(a) (b) (c) (d)

Figure 2. Example depth results. (a) RGB input; (b) result of [8];
(c) our result; (d) ground truth. Note the color range of each image
is individually scaled.

Depth Prediction
Ladicky[20]Karsch[18] Baig [1] Liu [23] Eigen[8] Ours(A) Ours(VGG)

δ < 1.25 0.542 – 0.597 0.614 0.614 0.697 0.769
δ < 1.252 0.829 – – 0.883 0.888 0.912 0.950
δ < 1.253 0.940 – – 0.971 0.972 0.977 0.988
abs rel – 0.350 0.259 0.230 0.214 0.198 0.158
sqr rel – – – – 0.204 0.180 0.121
RMS(lin) – 1.2 0.839 0.824 0.877 0.753 0.641
RMS(log) – – – – 0.283 0.255 0.214
sc-inv. – – 0.242 – 0.219 0.202 0.171

Table 1. Depth estimation measurements. Note higher is better for
top rows of the table, while lower is better for the bottom section.

Karsh et al. [18], Baig et al. [1], Liu et al. [23] and Eigen
et al. [8].

The results are shown in Table 1. Our model obtains best
performance in all metrics, due to our larger architecture
and improved training. In addition, the VGG version of our
model significantly outperforms the smaller AlexNet ver-
sion, reenforcing the importance of model size; this is the
case even though the depth task is seemingly far removed
from the classification task with which the initial coarse
weights were first trained. Qualitative results in Fig. 2 show
substantial improvement in detail sharpness over [8].

6.2. Surface Normals
Next we apply our method to surface normals predic-

tion. We compare against the 3D Primitives (3DP) and “In-
door Origami” works of Fouhey et al. [10, 11], Ladicky
et al. [21], and Wang et al. [37]. As with the depth network,
we used the full raw dataset for training, since ground-truth
normal maps can be generated for all images. Since differ-
ent systems have different ways of calculating ground truth
normal maps, we compare using both the ground truth as
constructed in [21] as well as the method used in [31]. The
differences between ground truths are due primarily to the
fact that [21] uses more aggressive smoothing; thus [21]
tends to present flatter areas, while [31] is noisier but keeps

Surface Normal Estimation (GT [21])
Angle Distance Within t◦ Deg.

Mean Median 11.25◦ 22.5◦ 30◦

3DP [10] 35.3 31.2 16.4 36.6 48.2
Ladicky &al. [21] 33.5 23.1 27.5 49.0 58.7
Fouhey &al. [11] 35.2 17.9 40.5 54.1 58.9
Wang &al. [37] 26.9 14.8 42.0 61.2 68.2
Ours (AlexNet) 23.7 15.5 39.2 62.0 71.1
Ours (VGG) 20.9 13.2 44.4 67.2 75.9

Surface Normal Estimation (GT [31])
Angle Distance Within t◦ Deg.

Mean Median 11.25◦ 22.5◦ 30◦

3DP [10] 37.7 34.1 14.0 32.7 44.1
Ladicky &al. [21] 35.5 25.5 24.0 45.6 55.9
Wang &al. [37] 28.8 17.9 35.2 57.1 65.5
Ours (AlexNet) 25.9 18.2 33.2 57.5 67.7
Ours (VGG) 22.2 15.3 38.6 64.0 73.9

Table 2. Surface normals prediction measured against the ground
truth constructed by [21] (top) and [31] (bottom).

more details present. We measure performance with the
same metrics as in [10]: The mean and median angle from
the ground truth across all unmasked pixels, as well as the
percent of vectors whose angle falls within three thresholds.

Results are shown in Table 2. The smaller version of
our model performs similarly or slightly better than Wang
et al., while the larger version substantially outperforms all
comparison methods. Figure 3 shows example predictions.
Note the details captured by our method, such as the curva-
ture of the blanket on the bed in the first row, sofas in the
second row, and objects in the last row.

6.3. Semantic Labels
6.3.1 NYU Depth

We finally apply our method to semantic segmentation, first
also on NYUDepth. Because this data provides a depth
channel, we use the ground-truth depth and normals as in-
put into the semantic segmentation network, as described
in Section 4.3. We evaluate our method on semantic class
sets with 4, 13 and 40 labels, described in [31], [6] and
[13], respectively. The 4-class segmentation task uses high-
level category labels “floor”, “structure”, “furniture” and
“props”, while the 13- and 40-class tasks use different sets
of more fine-grained categories. We compare with several
recent methods, using the metrics commonly used to eval-
uate each task: For the 4- and 13-class tasks we use pixel-
wise and per-class accuracy; for the 40-class task, we also
compare using the mean pixel-frequency weighted Jaccard
index of each class, and the flat mean Jaccard index.

Results are shown in Table 3. We decisively outperform
the comparison methods on the 4- and 14-class tasks. In
the 40-class task, our model outperforms Gupta et al. ’14
with both model sizes, and Long et al. with the larger size.
Qualitative results are shown in Fig. 4. Even though our
method does not use superpixels or any piecewise constant
assumptions, it nevertheless tends to produce large constant
regions most of the time.
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視点補間

ing methods with a new architecture to achieve this goal.
Szeliski [30] suggests using image prediction error as a met-
ric for stereo algorithms; our method directly minimizes this
prediction error.

Finally, a few recent papers have applied deep learning
to synthesizing imagery. Dosovitskiy et al. train a network
on synthetic images of rendered 3D chairs that can gener-
ate new chair images given parameters such as pose [7].
Kulkarni et al. propose a “deep convolutional inverse graph-
ics network” that can parse and rerender imagery such as
faces [22]. However, we believe ours is the first method to
apply deep learning to synthesizing novel natural imagery
from posed real-world input images.

3. Approach

C

V1 V2

Figure 2: The goal of image-based rendering is to render a
new view at C from existing images at V1 and V2.

Given a set of posed input images I1, I2, . . . , In, with
poses V1, V2, . . . , Vn, the view synthesis problem is to ren-
der a new image from the viewpoint of a new target camera
C (Fig. 2). Despite the representative power of deep net-
works, naively training a deep network to synthesize new
views by supplying the input images Ik as inputs directly is
unlikely to work well, for two key reasons.

First, the pose parameters of C and of the views
V1, V2, . . . , Vn would need to be supplied as inputs to the
network in order to produce the desired view. The rela-
tionship between the pose parameters, the input pixels and
the output pixels is complex and non-linear—the network
would effectively need to learn how to interpret rotation
angles and to perform image reprojection. Requiring the
network to learn projection is inefficient—it is a straightfor-
ward operation that we can represent outside of the network.

Second, in order to synthesize a new view, the network
would need to compare and combine potentially distant pix-
els in the original source images, necessitating very dense,

long-range connections. Such a network would have many
parameters and would be slow to train, prone to overfitting,
and slow to run inference on. It is possible that a network
structure could be designed to use the epipolar constraint
internally in order to limit connections to those on corre-
sponding epipolar lines. However, the epipolar lines, and
thus the network connections, would be pose-dependent,
making this very difficult and likely computationally ineffi-
cient in practice.

Using plane-sweep volumes. Instead, we address these
problems by using ideas from traditional plane sweep stereo
[3, 31]. We provide our network with a set of 3D plane
sweep volumes as input. A plane sweep volume consists of
a stack of images reprojected to the target camera C (Fig. 3).
Each image Ik in the stack is reprojected into the target
camera C at a set of varying depths d 2 {d1, d2, . . . dD} to
form a plane sweep volume V k

C = {P k
1 , P

k
2 , . . . P

k
D}, where

P k
i refers to the reprojected image Ik at depth di. Repro-

jecting an input image into the target camera only requires
basic texture mapping capabilities and can be performed on
a GPU. A separate plane sweep volume V k

C is created for
each input image Ik. Each voxel vki,j,z in each plane sweep
volume V k

C has R, G, B and A (alpha) components. The
alpha channel indicates the availability of source pixels for
that voxel (e.g., alpha is zero for pixels outside the field of
view of a source image).

Figure 3: Plane sweep stereo reprojects images I1 and I2
from viewpoints V1 and V2 to the target camera C at a range
of depths d 2 d1 . . . dD. The dotted rays indicate the pixels
from the input images reprojected to a particular output im-
age pixel, and the images above each input view show the
corresponding reprojected images at different depths.

Using plane sweep volumes as input to the network re-
moves the need to supply the pose parameters since they
are now implicit inputs used in the construction of the plane

• 既存の視点𝑉#，𝑉$の画像から新しい視点𝐶の画像を生成



Google Earth Building Rome in a Day [4] PMVS Our reconstruction

Reference photo Rendered view Relit at sunset Sunset reference photo
Figure 1. Comparison with state of the art (top row) and results for rendering and relighting of one viewpoint (bottom row)

in each photo. Indeed, the only previous work to attempt
relighting for Internet photo collections is [8] and they pro-
vided results for only one dataset (Statue of Liberty) con-
sisting of six photos. While their lighting and reflectance
model is more sophisticated than ours, it is not scalable–it
took three hours to process the six image dataset. By us-
ing a more streamlined illumination and reflectance model,
we are able to process tens of thousands of images, while
achieving high quality visual results.

Also related is work on multi-view intrinsic image de-
composition [10]. They recover a PMVS point cloud, which
is then used to estimate per-point, per-view illumination (a
single color value to represent the combined illumination
and shading) which can be spread smoothly across each
view; they leverage multi-view constraints on the (Lamber-
tian) reflectance during estimation. This approach enables
transferring illumination from one image to another that
has many PMVS points in common, again after smoothly
spreading the illumination across the second image. How-
ever, their datasets are fairly small, typically tens of images.
Further, the method does not support general relighting, in-
stead copying sparse illumination (a per-point color) from
one image to another image, and both images must cover
roughly the same portion of the scene.

3. Preprocessing
Our pre-process consists of collecting images, recover-

ing camera poses with structure-from-motion (SfM), recov-
ering a point cloud with multi-view stereo (MVS), and re-
covering a mesh with per-vertex visibility to sets of images.

Given a landmark (e.g., the Colosseum), we download
ground-level images from Flickr [1] and obtain aerial im-
ages from Google. We augment this set with Google
Streetview images in regions that are poorly covered by
Flickr photos; these images are capture from the in-browser
Streetview rendering. We also invert the sRGB function

++
Aerial images

SfM, MVS and
Surface reconstruction

Visibility estimation

Flickr images

Cloudy image detection
Albedo and skylight estimation 
from cloudy images

Lighting estimation

Per-point albedo and normal estimation

Rendering

Street-view images

+

Figure 2. Workflow overview. We highlight the key technical con-
tributions of the proposed system.

(a) (b)
Figure 3. Ensuring a uniform SfM reconstruction. (a) SfM model
from a randomly subsampled image set. (b) The final SfM model
after augmenting the image set.

typically applied to photographic imagery to put the pixel
values in a linear space.

We then recover a triangle mesh for the landmark using
freely available software. In particular, we employ Visu-
alSFM [13] to estimate camera poses, PMVS/CMVS [6, 7]
to recover a dense, oriented point cloud, and Poisson Sur-
face Reconstruction [9] to reconstruct a triangle mesh.
We remove large (typically inaccurate) “hole-fill” triangles
from the Poisson reconstruction; specifically, we filter out
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– “View morphing”, S. M. Seitz and C. R. Dyer, SIGGRAPH1996 

• 陽な形状復元とアピアランスの推定
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line between the two optical centers and zooming continu-
ously. Because the image interpolation produces new views of the
same object, it is shape-preserving.
In fact, the above derivation relies only on the equality of the

third rows of and . Views satisfying this more general cri-
terion represent a broader class of parallel views for which linear
image interpolation is shape preserving. An interesting special case
is the class of orthographic projections, i.e., projections and
whose last row is . Linear interpolation of any two or-
thographic views of a scene therefore produces a new orthographic
view of the same scene.

3.2 Non-Parallel Views
In this sectionwe describe how to generate a sequence of in-between
views from two non-parallel perspective images of the same 3D ob-
ject or scene. For convenience, we choose to model the transforma-
tion as a change in viewpoint, as opposed to a rotation and transla-
tion of the object or scene. The only tools used are image reprojec-
tion and linear interpolation, both of which may be performed using
efficient scanline methods.

3.2.1 Image Reprojection

Any two views that share the same optical center are related by a
planar projective transformation. Let and be two images with
projection matrices and .
The projections and of any scene point are related
by the following transformation:

The matrix is a projective transformation that repro-
jects the image plane of onto that of . More generally, any in-
vertible matrix represents a planar projective transformation,
a one-to-one map of the plane that transforms points to points and
lines to lines. The operation of reprojection is very powerful be-
cause it allows the gaze direction to be modified after a photograph
is taken, or a scene rendered. Our use of projective transforms to
compute reprojections takes advantage of an efficient scanline al-
gorithm [15]. Reprojection can also be performed through texture-
mapping and can therefore exploit current graphics hardware.
Image reprojection has been used previously in a number of ap-

plications [15]. Our use of reprojection is most closely related to the
techniques used for rectifying stereo views to simplify 3D shape re-
construction [4]. Image mosaic techniques [10, 2, 14, 6] also rely
heavily on reprojection methods to project images onto a planar,
cylindrical, or spherical manifold. In the next section we describe
how reprojection may be used to improve image morphs.

3.2.2 A Three Step Algorithm

Using reprojection, the problem of computing a shape-preserving
morph from two non-parallel perspective views can be reduced to
the case treated in Section 3.1. To this end, let and be two
perspective views with projection matrices
and . It is convenient to choose the world
coordinate system so that both and lie on the world -axis,
i.e., and . The two remaining
axes should be chosen in a way that reduces the distortion incurred
by image reprojection. A simple choice that works well in practice
is to choose the axis in the direction of the cross product of the
two image plane normals.
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Figure 4: View Morphing in Three Steps. (1) Original images
and are prewarped to form parallel views and . (2) is
produced by morphing (interpolating) the prewarped images. (3)
is postwarped to form .

In between perspective views on the line may be synthe-
sized by a combination of image reprojections and interpolations,
depicted in Fig. 4. Given a projection matrix ,
with fixed by Eq. (6), the following sequence of operations pro-
duces an image corresponding to a view with projection matrix
:

1. Prewarp: apply projective transforms to and to
, producing prewarped images and

2. Morph: form by linearly interpolating positions and col-
ors of corresponding points in and , using Eq. (4) or any
image morphing technique that approximates it

3. Postwarp: apply to , yielding image

Prewarping brings the image planes into alignment without chang-
ing the optical centers of the two cameras. Morphing the prewarped
images moves the optical center to . Postwarping transforms the
image plane of the new view to its desired position and orientation.
Notice that the prewarped images and represent views with

projection matrices and ,
where is the identity matrix. Due to the special form of these
projection matrices, and have the property that corresponding
points in the two images appear in the same scanline. Therefore, the
interpolation may be computed one scanline at a time using only
1D warping and resampling operations.
The prewarping and postwarping operations, combined with the

intermediate morph, require multiple image resampling operations
that may contribute to a noticeable blurring in the in-between im-
ages. Resampling effects can be reduced by supersampling the input
images [15] or by composing the image transformations into one ag-
gregate warp for each image. The latter approach is especially com-
patible with image morphing techniques that employ inverse map-
ping, such as the Beier and Neely method [1], since the inverse post-
warp, morph, and prewarp can be directly concatenated into a sin-
gle inverse map. Composing the warps has disadvantages however,

View Morphing
Steven M. Seitz Charles R. Dyer

Department of Computer Sciences
University of Wisconsin—Madison

ABSTRACT
Image morphing techniques can generate compelling 2D transitions
between images. However, differences in object pose or viewpoint
often cause unnatural distortions in image morphs that are difficult
to correct manually. Using basic principles of projective geometry,
this paper introduces a simple extension to image morphing that cor-
rectly handles 3D projective camera and scene transformations. The
technique, called view morphing, works by prewarping two images
prior to computing a morph and then postwarping the interpolated
images. Because no knowledge of 3D shape is required, the tech-
nique may be applied to photographs and drawings, as well as ren-
dered scenes. The ability to synthesize changes both in viewpoint
and image structure affords a wide variety of interesting 3D effects
via simple image transformations.

CR Categories and Subject Descriptors: I.3.3 [Computer Graph-
ics]: Picture/Image Generation– viewing algorithms; I.3.7 [Com-
puter Graphics]: Three-Dimensional Graphics and Realism– ani-
mation; I.4.3 [Image Processing]: Enhancement– geometric correc-
tion, registration.

Additional Keywords: Morphing, image metamorphosis, view in-
terpolation, view synthesis, image warping.

1 INTRODUCTION
Recently there has been a great deal of interest in morphing tech-
niques for producing smooth transitions between images. These
techniques combine 2D interpolations of shape and color to create
dramatic special effects. Part of the appeal of morphing is that the
images produced can appear strikingly lifelike and visually convinc-
ing. Despite being computed by 2D image transformations, effec-
tive morphs can suggest a natural transformation between objects
in the 3D world. The fact that realistic 3D shape transformations
can arise from 2D image morphs is rather surprising, but extremely
useful, in that 3D shape modeling can be avoided.

Although current techniques enable the creation of effective im-
age transitions, they do not ensure that the resulting transitions ap-
pear natural. It is entirely up to the user to evaluate a morph transi-
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Email: seitz dyer @cs.wisc.edu
Web: http://www.cs.wisc.edu/ dyer/vision.html

Virtual Cameras

Morphed View

Figure 1: View morphing between two images of an object taken
from two different viewpoints produces the illusion of physically
moving a virtual camera.

tion and to design the interpolation to achieve the best results. Part
of the problem is that existing image morphing methods do not ac-
count for changes in viewpoint or object pose. As a result, sim-
ple 3D transformations (e.g., translations, rotations) become sur-
prisingly difficult to convey convincingly using existing methods.

In this paper, we describe a simple extension called view morph-
ing that allows current image morphing methods to easily synthe-
size changes in viewpoint and other 3D effects. When morphing be-
tween different views of an object or scene, the technique produces
new views of the same scene, ensuring a realistic image transition.
The effect can be described by what you would see if you physically
moved the object (or the camera) between its configurations in the
two images and filmed the transition, as shown in Fig. 1. More gen-
erally, the approach can synthesize 3D projective transformations of
objects, a class including 3D rotations, translations, shears, and ta-
pering deformations, by operating entirely on images (no 3D shape
information is required). Because view morphing employs existing
image morphing techniques as an intermediate step, it may also be
used to interpolate between different views of different 3D objects,
combining image morphing’s capacity for dramatic shape transfor-
mations with view morphing’s ability to achieve changes in view-
point. The result is a simultaneous interpolation of shape, color, and
pose, giving rise to image transitions that appear strikingly 3D.

View morphing works by prewarping two images, computing a
morph (image warp and cross-dissolve) between the prewarped im-
ages, and then postwarping each in-between image produced by the
morph. The prewarping step is performed automatically, while the
postwarping procedure may be interactively controlled by means of
a small number of user-specified control points. Any of several im-
age morphing techniques, for instance [15, 1, 8], may be used to
compute the intermediate image interpolation. View morphing does



CNNを用いた視点補間（例１）
• 一般物体認識のネットワークを逆さにして利用

– クラス，視点，画像変形のパラメータを入力しその画像を生成
– セグメンテーションマスクのコスト関数を導入し精度向上
– unpooling+ convでアップサンプリング

“Learning to Generate Chairs With Convolutional Neural Networks”, Alexey 
Dosovitskiy, Jost Tobias Springenberg, Thomas Brox, CVPR, 2015



CNNを用いた視点補間（例１）
• 学習時のモデル数

– 多いと生成された形状は不鮮明
– データ拡張するとモデル間のモーフィングがスムーズ（一般化）

“Learning to Generate Chairs With Convolutional Neural Networks”, Alexey 
Dosovitskiy, Jost Tobias Springenberg, Thomas Brox, CVPR, 2015
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Fig. 5. Qualitative results for different numbers of car models in the
training set.

Num models 500 1000 3000 7124 1000aug
MSE (·10�3) 0.48 0.66 0.84 0.97 1.18

TABLE 2
Per-pixel mean squared error of image generation with varying number

of car models in the training set.

and quantitatively. For this reason we used this network in
most experiments.

4.3 Training set size and data augmentation

We experimented with the training set size and analyzed
what is the effect of data augmentation. We used cars for
these experiments, since we have most car models available.
While keeping the network architecture fixed, we varied the
training set size. Example generated images are shown in
Figure 5. Each column corresponds to a different number of
models in the training set, and all networks except the one
in the rightmost column were trained without data augmen-
tation. While for a standard car model (top row) there is not
much difference, for difficult models (other rows) smaller
training set leads to better reconstruction of fine details. The
effect of data augmentation is qualitatively very similar to
increasing the training set size. Reconstruction errors shown
in Table 2 support these observations.

Data augmentation leads to worse reconstruction of fine
details, but it is expected to lead to better generalization.
To check this, we tried to morph one model into another
by linearly interpolating between their one-hot input style
vectors. The result is shown in Figure 6. Note how the net-
work trained without augmentation (top row) better models
the images from the training set, but fails to interpolate
smoothly.

5 EXPERIMENTS

We show how the networks successfully model the com-
plex data and demonstrate their generalization abilities by
generating images unseen during training: new viewpoints
and object styles. We also show an application of generative
networks to finding correspondences between objects from
the training set.

Fig. 6. Interpolation between two car models. Top: without data aug-
mentation, bottom: with data augmentation.

5.1 Modeling transformations
Figure 7 shows how a network is able to generate chairs
that are significantly transformed relative to the original
images. Each row shows a different type of transforma-
tion. Images in the central column are non-transformed.
Even in the presence of large transformations, the quality
of the generated images is basically as good as without
transformation. The image quality typically degrades a little
in case of unusual chair shapes (such as rotating office
chairs) and chairs including fine details such as armrests
(see e.g. one of the armrests in the second to last row in
Figure 7). Interestingly, the network successfully models
zoom-out (row 3 of Figure 7), even though it has never been
presented any zoomed-out images during training.

The network easily deals with extreme color-related
transformations, but has some problems representing large
spatial changes, especially translations. The generation qual-
ity in such cases could likely be improved with a more
complex architecture, which would allow transformation
parameters to explicitly affect the feature maps of convolu-
tional layers (by translating, rotating, zooming them), per-
haps in the fashion similar to Karol et al. [32] or Jaderberg
et al. [33].

5.2 Interpolation between viewpoints
In this section we show that the generative network is able
to generate previously unseen views by interpolating be-
tween views present in the training data. This demonstrates
that the network internally learns a representation of chairs
which enables it to judge about chair similarity and use the
known examples to generate previously unseen views.

In this experiment we used a 64⇥ 64 network to reduce
computational costs. We randomly separated the chair styles
into two subsets: the ’source set’ with 90 % styles and the
’target set’ with the remaining 10 % chairs. We then varied
the number of viewpoints per style either in both these
datasets together (’no transfer’) or just in the target set (’with
transfer’) and then trained a generative network as before.
In the second setup the idea is that the network may use the
knowledge about chairs learned from the source set (which
includes all viewpoints) to generate the missing viewpoints
of the chairs from the target set.

Figure 8 shows some representative examples of angle
interpolation. For 15 views in the target set (first pair of
rows) the effect of the knowledge transfer is already visible:
interpolation is smoother and fine details are preserved
better, for example a leg in the middle column. Starting
from 8 views (second pair of rows and below) the network
without knowledge transfer fails to produce satisfactory
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and quantitatively. For this reason we used this network in
most experiments.
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We experimented with the training set size and analyzed
what is the effect of data augmentation. We used cars for
these experiments, since we have most car models available.
While keeping the network architecture fixed, we varied the
training set size. Example generated images are shown in
Figure 5. Each column corresponds to a different number of
models in the training set, and all networks except the one
in the rightmost column were trained without data augmen-
tation. While for a standard car model (top row) there is not
much difference, for difficult models (other rows) smaller
training set leads to better reconstruction of fine details. The
effect of data augmentation is qualitatively very similar to
increasing the training set size. Reconstruction errors shown
in Table 2 support these observations.

Data augmentation leads to worse reconstruction of fine
details, but it is expected to lead to better generalization.
To check this, we tried to morph one model into another
by linearly interpolating between their one-hot input style
vectors. The result is shown in Figure 6. Note how the net-
work trained without augmentation (top row) better models
the images from the training set, but fails to interpolate
smoothly.
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We show how the networks successfully model the com-
plex data and demonstrate their generalization abilities by
generating images unseen during training: new viewpoints
and object styles. We also show an application of generative
networks to finding correspondences between objects from
the training set.
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5.1 Modeling transformations
Figure 7 shows how a network is able to generate chairs
that are significantly transformed relative to the original
images. Each row shows a different type of transforma-
tion. Images in the central column are non-transformed.
Even in the presence of large transformations, the quality
of the generated images is basically as good as without
transformation. The image quality typically degrades a little
in case of unusual chair shapes (such as rotating office
chairs) and chairs including fine details such as armrests
(see e.g. one of the armrests in the second to last row in
Figure 7). Interestingly, the network successfully models
zoom-out (row 3 of Figure 7), even though it has never been
presented any zoomed-out images during training.

The network easily deals with extreme color-related
transformations, but has some problems representing large
spatial changes, especially translations. The generation qual-
ity in such cases could likely be improved with a more
complex architecture, which would allow transformation
parameters to explicitly affect the feature maps of convolu-
tional layers (by translating, rotating, zooming them), per-
haps in the fashion similar to Karol et al. [32] or Jaderberg
et al. [33].

5.2 Interpolation between viewpoints
In this section we show that the generative network is able
to generate previously unseen views by interpolating be-
tween views present in the training data. This demonstrates
that the network internally learns a representation of chairs
which enables it to judge about chair similarity and use the
known examples to generate previously unseen views.

In this experiment we used a 64⇥ 64 network to reduce
computational costs. We randomly separated the chair styles
into two subsets: the ’source set’ with 90 % styles and the
’target set’ with the remaining 10 % chairs. We then varied
the number of viewpoints per style either in both these
datasets together (’no transfer’) or just in the target set (’with
transfer’) and then trained a generative network as before.
In the second setup the idea is that the network may use the
knowledge about chairs learned from the source set (which
includes all viewpoints) to generate the missing viewpoints
of the chairs from the target set.

Figure 8 shows some representative examples of angle
interpolation. For 15 views in the target set (first pair of
rows) the effect of the knowledge transfer is already visible:
interpolation is smoother and fine details are preserved
better, for example a leg in the middle column. Starting
from 8 views (second pair of rows and below) the network
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Abstract

Deep networks have recently enjoyed enormous success
when applied to recognition and classification problems in
computer vision [20, 29], but their use in graphics problems
has been limited ([21, 7] are notable recent exceptions). In
this work, we present a novel deep architecture that per-
forms new view synthesis directly from pixels, trained from
a large number of posed image sets. In contrast to tradi-
tional approaches which consist of multiple complex stages
of processing, each of which require careful tuning and can
fail in unexpected ways, our system is trained end-to-end.
The pixels from neighboring views of a scene are presented
to the network which then directly produces the pixels of the
unseen view. The benefits of our approach include general-
ity (we only require posed image sets and can easily apply
our method to different domains), and high quality results
on traditionally difficult scenes. We believe this is due to the
end-to-end nature of our system which is able to plausibly
generate pixels according to color, depth, and texture priors
learnt automatically from the training data. To verify our
method we show that it can convincingly reproduce known
test views from nearby imagery. Additionally we show im-
ages rendered from novel viewpoints. To our knowledge,
our work is the first to apply deep learning to the problem
of new view synthesis from sets of real-world, natural im-
agery.

1. Introduction
Estimating 3D shape from multiple posed images is a

fundamental task in computer vision and graphics, both as
an aid to image understanding and as a way to generate 3D
representations of scenes that can be rendered and edited. In
this work, we aim to solve the related problem of new view
synthesis, a form of image-based rendering (IBR) where
the goal is to synthesize a new view of a scene by warp-
ing and combining images from nearby posed images. This
can be used for applications such as cinematography, vir-
tual reality, teleconferencing [4], image stabilization [19],
or 3-dimensionalizing monocular film footage.

Figure 1: The top image was synthesized from several input
panoramas. A portion of two of the inputs is shown on the
bottom row.
More results at: http://youtu.be/cizgVZ8rjKA

New view synthesis is an extremely challenging, under-
constrained problem. An exact solution would require full
3D knowledge of all visible geometry in the unseen view
which is in general not available due to occluders. Addition-
ally, visible surfaces may have ambiguous geometry due to
a lack of texture. Therefore, good approaches to IBR typi-
cally require the use of strong priors to fill in pixels where
the geometry is uncertain, or when the target color is un-
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tual reality, teleconferencing [4], image stabilization [19],
or 3-dimensionalizing monocular film footage.
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panoramas. A portion of two of the inputs is shown on the
bottom row.
More results at: http://youtu.be/cizgVZ8rjKA
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3D knowledge of all visible geometry in the unseen view
which is in general not available due to occluders. Addition-
ally, visible surfaces may have ambiguous geometry due to
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computer vision [20, 29], but their use in graphics problems
has been limited ([21, 7] are notable recent exceptions). In
this work, we present a novel deep architecture that per-
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tional approaches which consist of multiple complex stages
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生成された新しい視点の画像 入力画像の一部

“DeepStereo: Learning to Predict New Views from the World’s Imagery”, John Flynn, 
Ivan Neulander, James Philbin, Noah Snavely, arXiv:1506.06825, 2015

• 姿勢が既知の大量の画像からシステム全体を学習
– カメラの幾何学的関係を陰に含むようにプレーンスイープを利用



DeepStereo

“DeepStereo: Learning to Predict New Views from the World’s Imagery”, John Flynn, 
Ivan Neulander, James Philbin, Noah Snavely, arXiv:1506.06825, 2015



プレーンスイープステレオ
• 各奥行きに対してキーフレームに平行な面を仮定してペ
ア画像を投影
– エピポーラ線上の探索 →画像ボリュームの奥行き方向の探索



プレーンスイープステレオ

ing methods with a new architecture to achieve this goal.
Szeliski [30] suggests using image prediction error as a met-
ric for stereo algorithms; our method directly minimizes this
prediction error.

Finally, a few recent papers have applied deep learning
to synthesizing imagery. Dosovitskiy et al. train a network
on synthetic images of rendered 3D chairs that can gener-
ate new chair images given parameters such as pose [7].
Kulkarni et al. propose a “deep convolutional inverse graph-
ics network” that can parse and rerender imagery such as
faces [22]. However, we believe ours is the first method to
apply deep learning to synthesizing novel natural imagery
from posed real-world input images.

3. Approach

C

V1 V2

Figure 2: The goal of image-based rendering is to render a
new view at C from existing images at V1 and V2.

Given a set of posed input images I1, I2, . . . , In, with
poses V1, V2, . . . , Vn, the view synthesis problem is to ren-
der a new image from the viewpoint of a new target camera
C (Fig. 2). Despite the representative power of deep net-
works, naively training a deep network to synthesize new
views by supplying the input images Ik as inputs directly is
unlikely to work well, for two key reasons.

First, the pose parameters of C and of the views
V1, V2, . . . , Vn would need to be supplied as inputs to the
network in order to produce the desired view. The rela-
tionship between the pose parameters, the input pixels and
the output pixels is complex and non-linear—the network
would effectively need to learn how to interpret rotation
angles and to perform image reprojection. Requiring the
network to learn projection is inefficient—it is a straightfor-
ward operation that we can represent outside of the network.

Second, in order to synthesize a new view, the network
would need to compare and combine potentially distant pix-
els in the original source images, necessitating very dense,

long-range connections. Such a network would have many
parameters and would be slow to train, prone to overfitting,
and slow to run inference on. It is possible that a network
structure could be designed to use the epipolar constraint
internally in order to limit connections to those on corre-
sponding epipolar lines. However, the epipolar lines, and
thus the network connections, would be pose-dependent,
making this very difficult and likely computationally ineffi-
cient in practice.

Using plane-sweep volumes. Instead, we address these
problems by using ideas from traditional plane sweep stereo
[3, 31]. We provide our network with a set of 3D plane
sweep volumes as input. A plane sweep volume consists of
a stack of images reprojected to the target camera C (Fig. 3).
Each image Ik in the stack is reprojected into the target
camera C at a set of varying depths d 2 {d1, d2, . . . dD} to
form a plane sweep volume V k

C = {P k
1 , P

k
2 , . . . P

k
D}, where

P k
i refers to the reprojected image Ik at depth di. Repro-

jecting an input image into the target camera only requires
basic texture mapping capabilities and can be performed on
a GPU. A separate plane sweep volume V k

C is created for
each input image Ik. Each voxel vki,j,z in each plane sweep
volume V k

C has R, G, B and A (alpha) components. The
alpha channel indicates the availability of source pixels for
that voxel (e.g., alpha is zero for pixels outside the field of
view of a source image).

Figure 3: Plane sweep stereo reprojects images I1 and I2
from viewpoints V1 and V2 to the target camera C at a range
of depths d 2 d1 . . . dD. The dotted rays indicate the pixels
from the input images reprojected to a particular output im-
age pixel, and the images above each input view show the
corresponding reprojected images at different depths.

Using plane sweep volumes as input to the network re-
moves the need to supply the pose parameters since they
are now implicit inputs used in the construction of the plane

• 既存の視点𝑉#，𝑉$の画像 𝐼#， 𝐼$を新しい視点𝐶の画像に
投影
– 各デプス𝑑 ∈ 𝑑#… 𝑑*ごとに投影
– 各視点の画像ボリュームをデプス方向に連結して入力
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基本的なネットワーク構造

sweep volume. Additionally, the epipolar constraint is triv-
ially enforced within a plane sweep volume: correspond-
ing pixels are now in corresponding i, j columns of the
plane sweep volumes. Thus, long range connections be-
tween pixels are no longer needed, so a given output pixel
depends only on a small column of voxels from each of the
per-source plane sweep volumes. Similarly, the computa-
tion performed to produce an output pixel p at location i, j
should be largely independent of the pixel location. This al-
lows us to use more efficient convolutional neural networks.
Our model applies 2D convolutional layers to each plane
within the input plane sweep volume. In addition to shar-
ing weights within convolutional layers we make extensive
use of weight sharing across planes in the plane sweep vol-
ume. Intuitively, weight sharing across planes make sense
since the computation to be performed on each plane will
be largely independent of the plane’s depth.

Our model. Our network architecture (Fig. 4) consists of
two towers of layers, a selection tower and a color tower.
The intuition behind this dual network architecture is that
there are there are really two related tasks that we are trying
to accomplish:

• Depth prediction. First, we want to know the approx-
imate depth for each pixel in the output image. This
enables us to determine the source image pixels we
should use to generate that output pixel. In prior work,
this kind of probability over depth might be computed
via SSD, NCC, or variance; we learn how to compute
these probabilities using training data.

• Color prediction. Second, we want to produce a color
for that output pixel, given all of the relevant source
image pixels. Again, the network does not just per-
form, e.g., a simple average, but learns how to opti-
mally combine the source image pixels from training
data.

The two towers in our network correspond to these two
tasks: the selection tower produces a probability map (or
“selection map”) for each depth indicating the likelihood of
each pixel having a given depth. The color tower produces a
full color output image for each depth; one can think of this
tower as producing the best color it can for each depth, as-
suming that the depth is the correct one. These D color im-
ages are then combined by computing a per-pixel weighted
sum with weights drawn from the selection maps—the se-
lection maps decide on the best color layers to use for each
output pixel. This simple new approach to view synthe-
sis has several attractive properties. For instance, we can
learn all of the parameters of both towers simultaneously,
end-to-end using deep learning methods. The weighted av-
eraging across color layers also yields some resilience to
uncertainty—regions where the algorithm is not confident

tend to be blurred out, rather than being filled with warped
or distorted input pixels.

D Selection 
masks

Selection Tow
er

C
olor Tow

er

∑
⊗

⊗

D combined 
color images⊗

Network Output

Figure 4: The basic architecture of our network, with selec-
tion and color towers. The final output image is produced
by element-wise multiplication of the selection and color
tower outputs and then computing the sum over the depth
planes. Fig. 7 shows the full complete network details.

More formally, the selection tower computes, for each
pixel pi,j , in each plane Pz , the selection probability si,j,z
for the pixel being at that depth. The color tower computes
for each pixel pi,j in each plane Pz the color ci,j,z for the
pixel at that plane. The final output color for each pixel is
computed as a weighted summation over the output color
planes, weighted by the selection probability (Fig. 4):

cfi,j =
X

si,j,z ⇥ ci,j,z. (1)

The input to each tower is the set of plane sweep vol-
umes V k

C . The first layer of both towers concatenates the
input plane sweep volumes over the source. This allows
the networks to compare and combine reprojected pixel val-
ues across sources. We now describe the computation per-
formed in each tower in more detail.

The selection tower. The selection tower consists of two
main stages. The first stage is a number of 2D convolu-
tional rectified linear layers that share weights across all
planes. Intuitively the early layers will compute features
that are independent of depth, such as pixel differences, so
their weights can be shared. The second stage of layers are
connected across depth planes, in order to model interac-
tions between depth planes such as those caused by occlu-
sion (e.g., the network might learn to prefer closer planes
that have high scores in case of ambiguities in depth). The
final layer of the network is a per-pixel softmax normaliza-
tion transformer over depth. The softmax transformer en-
courages the model to pick a single depth plane per pixel,

• セレクションタワーとカラータワー
– 各タワーの出力の要素積
– デプス方向に和を計算
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• 各デプス平面𝑃,上の各ピクセル𝑝.,0を選択する確率 𝑠.,0,,
を生成
– 陰にデプスを推定

セレクションタワー
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Figure 5: The selection tower learns to produce a selection
probability si,j,z for each pixel pi,j in each depth plane Pz .

whilst ensuring that the sum over all depth planes is 1. We
found that using a tanh activation for the penultimate layer
gives more stable training than the more natural choice of
a linear layer. In our experiments the linear layer would
often “shut down” certain depth planes1 and never recover,
presumably, due to large gradients from the softmax layer.
The output of the selection tower is a 3D volume of single-
channel nodes si,j,z where

DX

z=1

si,j,z = 1.

The color tower. The color tower (Fig. 6) is simpler and
consists of only 2D convolutional rectified linear layers that
share weights across all planes, followed by a linear recon-
struction layer. Occlusion effects are not relevant for the
color layer so no across-depth interaction is needed. The
output of the color tower is again a 3D volume of nodes
ci,j,z . Each node in the output has 3 channels, correspond-
ing to R, G and B.

The output of the color tower and the selection tower are
multiplied together per node to produce the output image
cf (Eq. 1). During training the resulting image is compared
with the known target image It using a per-pixel L1 loss.
The total loss is thus:

L =
X

i,j

|cti,j � cfi,j |

where cti,j is the target color at pixel i, j.

Multi-resolution patches. Rather than predict a full im-
age at a time, we predict the output image patch-by-patch.

1The depth planes would receive zero weight for all inputs and all pix-
els.
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Figure 6: The color tower learns to combine and warp pixels
across sources to produce a color ci,j,z for each pixel pi,j in
each depth plane Pz .

We found that passing in a set of lower resolution versions
of successively larger areas around the input patches helped
improve results by providing the network with more con-
text. We pass in four different resolutions. Each resolution
is first processed independently by several layers and then
upsampled and concatenated before entering the final lay-
ers. The upsampling is performed using nearest neighbor
interpolation.

The full details of the complete network are shown in
Fig. 7.

3.1. Training

To train our network, we used images of street scenes
captured by a moving vehicle. The images were posed using
a combination of odometry and traditional structure-from-
motion techniques [16]. The vehicle captures a set of im-
ages, known as a rosette, from different directions for each
exposure. The capturing camera uses a rolling shutter sen-
sor, which is taken into account by our camera model. We
used approximately 100K of such image sets during train-
ing.

We used a continuously running online sample genera-
tion pipeline that selected and reprojected random patches
from the training imagery. The network was trained to pro-
duce 8 ⇥ 8 patches from overlapping input patches of size
26 ⇥ 26. We used 96 depth planes in all results shown.
Since the network is fully convolutional there are no border
effects as we transition between patches in the output im-
age. In order to increase the variability of the patches that
the network sees during training patches from many images
are mixed together to create mini-batches of size 400. We
trained our network with Adagrad [8] with an initial learn-
ing rate of 0.0005 using the system described by Dean, et
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カラータワー
• 各デプス平面𝑃,の各ピクセル𝑝.,0の色𝑐.,0,,を生成
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Figure 5: The selection tower learns to produce a selection
probability si,j,z for each pixel pi,j in each depth plane Pz .

whilst ensuring that the sum over all depth planes is 1. We
found that using a tanh activation for the penultimate layer
gives more stable training than the more natural choice of
a linear layer. In our experiments the linear layer would
often “shut down” certain depth planes1 and never recover,
presumably, due to large gradients from the softmax layer.
The output of the selection tower is a 3D volume of single-
channel nodes si,j,z where

DX

z=1

si,j,z = 1.

The color tower. The color tower (Fig. 6) is simpler and
consists of only 2D convolutional rectified linear layers that
share weights across all planes, followed by a linear recon-
struction layer. Occlusion effects are not relevant for the
color layer so no across-depth interaction is needed. The
output of the color tower is again a 3D volume of nodes
ci,j,z . Each node in the output has 3 channels, correspond-
ing to R, G and B.

The output of the color tower and the selection tower are
multiplied together per node to produce the output image
cf (Eq. 1). During training the resulting image is compared
with the known target image It using a per-pixel L1 loss.
The total loss is thus:

L =
X

i,j

|cti,j � cfi,j |

where cti,j is the target color at pixel i, j.

Multi-resolution patches. Rather than predict a full im-
age at a time, we predict the output image patch-by-patch.

1The depth planes would receive zero weight for all inputs and all pix-
els.
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Figure 6: The color tower learns to combine and warp pixels
across sources to produce a color ci,j,z for each pixel pi,j in
each depth plane Pz .

We found that passing in a set of lower resolution versions
of successively larger areas around the input patches helped
improve results by providing the network with more con-
text. We pass in four different resolutions. Each resolution
is first processed independently by several layers and then
upsampled and concatenated before entering the final lay-
ers. The upsampling is performed using nearest neighbor
interpolation.

The full details of the complete network are shown in
Fig. 7.

3.1. Training

To train our network, we used images of street scenes
captured by a moving vehicle. The images were posed using
a combination of odometry and traditional structure-from-
motion techniques [16]. The vehicle captures a set of im-
ages, known as a rosette, from different directions for each
exposure. The capturing camera uses a rolling shutter sen-
sor, which is taken into account by our camera model. We
used approximately 100K of such image sets during train-
ing.

We used a continuously running online sample genera-
tion pipeline that selected and reprojected random patches
from the training imagery. The network was trained to pro-
duce 8 ⇥ 8 patches from overlapping input patches of size
26 ⇥ 26. We used 96 depth planes in all results shown.
Since the network is fully convolutional there are no border
effects as we transition between patches in the output im-
age. In order to increase the variability of the patches that
the network sees during training patches from many images
are mixed together to create mini-batches of size 400. We
trained our network with Adagrad [8] with an initial learn-
ing rate of 0.0005 using the system described by Dean, et



複数解像度のパッチ
• ４つの異なる解像度を入力

– 各解像度ごとに独立に計算
– 各解像度の畳み込み結果をアップサンプリングして統合し最終
段に入力
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Figure 7: The full network diagram. The initial stages of both the color and select towers are the same structure, but do not
share parameters.

al. [5]. In our experiments, training converged after approx-
imately 1M steps. Due to sample randomization, it is un-
likely that any patch was used more than once in training.
Thanks to our large volume of training data, training data
augmentation was not required. We selected our training
data by first randomly selecting two rosettes that were cap-
tured relatively close together, within 30cm, we then found
other nearby rosettes that were spaced up to 3m away. We
select one of the images in the center rosette as the target
and train to produce it from the others.

4. Results

To evaluate our model on view interpolation, we gener-
ated a novel image from the same viewpoint as a known (but
withheld) image captured by the Street View camera. Rep-
resentative results for an outdoor scene are shown in Fig-
ure 8, and for an indoor scene in Figure 9. We also used our

model to interpolate from image data featured in the work
of Chaurasia, et al. [2, 1], as shown in Figure 10. The im-
agery from this prior work is quite different from our train-
ing images, as these prior images were taken with a hand-
held DSLR camera. Despite the fact that our model was
not trained directly for this task, it did a reasonable job at
reproducing the input imagery and at interpolating between
them.

These images were rendered in small patches, as ren-
dering an entire image would be prohibitively expensive in
RAM. It takes about 12 minutes on a multi-core workstation
to render a 512⇥512 pixel image. However, our current im-
plementation does not fully exploit the convolutional nature
of our model, so these times could likely be reduced to min-
utes or even seconds by a GPU implementation in the spirit
of Krizhevsky, et al. [20].

Overall, our model produces plausible outputs that are
difficult to immediately distinguish from the original im-
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ネットワークの全体構造
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al. [5]. In our experiments, training converged after approx-
imately 1M steps. Due to sample randomization, it is un-
likely that any patch was used more than once in training.
Thanks to our large volume of training data, training data
augmentation was not required. We selected our training
data by first randomly selecting two rosettes that were cap-
tured relatively close together, within 30cm, we then found
other nearby rosettes that were spaced up to 3m away. We
select one of the images in the center rosette as the target
and train to produce it from the others.

4. Results

To evaluate our model on view interpolation, we gener-
ated a novel image from the same viewpoint as a known (but
withheld) image captured by the Street View camera. Rep-
resentative results for an outdoor scene are shown in Fig-
ure 8, and for an indoor scene in Figure 9. We also used our

model to interpolate from image data featured in the work
of Chaurasia, et al. [2, 1], as shown in Figure 10. The im-
agery from this prior work is quite different from our train-
ing images, as these prior images were taken with a hand-
held DSLR camera. Despite the fact that our model was
not trained directly for this task, it did a reasonable job at
reproducing the input imagery and at interpolating between
them.

These images were rendered in small patches, as ren-
dering an entire image would be prohibitively expensive in
RAM. It takes about 12 minutes on a multi-core workstation
to render a 512⇥512 pixel image. However, our current im-
plementation does not fully exploit the convolutional nature
of our model, so these times could likely be reduced to min-
utes or even seconds by a GPU implementation in the spirit
of Krizhevsky, et al. [20].

Overall, our model produces plausible outputs that are
difficult to immediately distinguish from the original im-
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推定結果の一例

(a) Our result. (b) Reference image.

(c) Crops of the five input panoramas.
Figure 8: San Francisco park.

agery. The model can handle a variety of traditionally dif-
ficult surfaces, including trees and glass as shown in Fig-
ure 1. Although the network does not attempt to model
specular surfaces, the results show graceful degradation in
their presence, as shown in Figure 9 as well as the supple-
mental video.

As the above figures demonstrate, our model does well
at interpolating Street View data and is competitive on the
dataset from [1], even though our method was trained on
data which has different /characteristics from the imagery
and cameras in this prior dataset. Noticeable artifacts in our
results include a slight loss of resolution and the disappear-
ance of thin foreground structures. Additionally, partially
occluded objects tend to appear overblurred in the output
image. Finally, our model is unable to render surfaces that
appear in none of the inputs.

Moving objects, which occur often in the training data,
are handled gracefully by our model: They appear blurred
in a manner that evokes motion blur (e.g. see pedestrians in
Figure 8). On the other hand, violating the maximum cam-
era motion assumption significantly degrades the quality of
the interpolated results.

5. Discussion
We have shown that it is possible to train a deep network

end-to-end to perform novel view synthesis. Our method
is general and requires only sets of posed imagery. Re-
sults comparing real views with synthesized views show the

(a) Our result. (b) Reference image.

(c) Crops of the five input panoramas.
Figure 9: Acropolis Museum.

(a) Our result. (b) Reference image.
Figure 10: Our method applied to images from [1].

generality of our method. Our results are competitive with
existing image-based rendering methods, even though our
training data is considerably different than the test sets.

The two main drawbacks of our method are speed and
inflexibility in the number of input images. We have not
optimized our network for execution time but even with op-
timizations it is likely that the current network is far from
real time. Our method currently requires reprojecting each
input image to a set of depth planes; we currently use 96
depth planes, which limits the resolution of the output im-
ages that we can produce. Increasing the resolution would
require a larger number of depth planes, which would mean
that the network takes longer to train, uses more RAM and
takes longer to run. This is a drawback shared with other



課題
• 処理時間が長い

– 12分 （512×512，マルチコアワークステーション）

• 入力画像の枚数とデプス解像度が固定
– デプス解像度を96に設定

• デプスの推定精度を制限

– デプス解像度を上げるためにはより多くのデプスプ
レーンが必要
• 予測と学習に要する時間が肥大化
• 大きなRAM容量が必要
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まとめ
• CNNをシーンモデリングへ適用し大幅な精度向上

– マルチスケールの画像を入力

– 解析的なモデルの一部にCNNを利用
• （例）ステレオマッチング

– 解析的なモデルでネットワークに拘束条件を付与
• （例）視点補間

– 相関のある全プロパティを入力
• （例）単一視点のデプス推定

– デプス，法線ベクトル，物体カテゴリー

• 今後の課題
– 学習結果を解析的手法にフィードバック

– 3Dモデリング用大規模データセットの構築


