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Abstract

Our ultimate goal is a system capable of on-line 3D re-
construction from a monocular video and running on com-
modity hardware. One intrinsic module in such a sys-
tem is a fast stereo algorithm, which produces depth maps
from given views with known camera calibration and pose.
Plane-sweep stereo algorithms are well-suited for real-time
GPU implementation and can easily be generalised to true
multi-image matching, which makes them attractive.

This paper presents a simple multiview stereo algorithm
implemented for GPUs: GPU-MVS. The details of realising
the algorithm with standard (and extended) OpenGL with
GL Shading Language (GLSL) are given along with hints
on how to make the implementation co-operate well with
other, CPU-critical, program modules. The stereo imple-
mentation is evaluated on the Middlebury Stereo Evaluation
framework for two-view case. The effects of adding more
views are investigated, and the final experiment shows some
reconstruction results from a complete from-camera-to-3D
reconstruction pipeline. To facilitate fair comparisons we
will publish the GPU-MVS source code in the Web.

1. Introduction

The demand for 3D models in computer graphics,
games, virtual reality, communication and education has
grown rapidly. As creating 3D models is becoming more
useful for the common person, for example scanning real
objects into a virtual on-line world or a game, or record-
ing a car crash site, a cheap 3D scanning device is needed.
The goal of our research is to create an on-line 3D recon-
struction system with a standard monocular (colour) cam-
era as its sole sensor. The system must run on a modern
consumer grade PC providing an interface to a camera (e.g.
USB web camera or a cheap IEEE1394 camera) and a rel-
atively modern Graphics Processing Unit (GPU). As a user
likely already has a suitable PC, the missing parts are the

software and perhaps a camera. The on-line (real-time) per-
formance of the software would allow the user to see the re-
construction in progress, guiding the scanning. This paper
attempts to assist the machine vision community in creating
such software by describing a popular piece of the dense 3D
reconstruction pipeline: a multiview stereo algorithm.

An architecture for such a dense 3D reconstruction
pipeline has been proposed in [15]. Also other systems [8,
16, 17, 18, 22] have been presented, but they either use more
or different sensors, exploit artificial markers, or employ
off-line methods. In [15], visual simultaneous localisation
and mapping [2, 10] (VSLAM) framework estimates cam-
era poses for each video frame, and automatically selected
sets of frames are processed by a multiview stereo (MVS)
algorithm to create 3D point clouds. The 3D point clouds
are then merged into a 3D model. As CPU time is mostly
consumed by the VSLAM (or any other egomotion tracking
system, e.g. [9]), MVS is implemented on the GPU.

The standard stereo reconstruction considers two (recti-
fied) views and produces a dense depth map for one or both
of the views. By definition this is a narrow baseline case.
The views are from the same side of a scene, and a single
depth map d = f(x, y) is sufficient to represent the visible
part of the 3-dimensional scene. In contrast, a wide base-
line reconstruction from several views may produce a fully
3-dimensional surface model which cannot be represented
simply as d = f(x, y) modulo a Euclidean transformation.
Multiview stereo as described here is the narrow baseline
case but with several views and with the goal of computing
a depth map for one of them.

The literature [20, 12, 13] on two-view stereo is vast and
out of the scope of this paper. Benchmarking has been a
problem in the past, but nowadays several multiview data
sets are available, e.g. Seitz et al. [23] for the wide baseline
reconstruction and Strecha et al. [24] for high resolution
depth map evaluation. Probably the most well-known stereo
benchmarking data sets are the Middlebury sets [19, 21, 6].
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The contribution of this paper is the detailed descrip-
tion of a basic multiview stereo algorithm for colour images
(Section 3) and its implementation for a GPU (Section 4).
The implementation is written in OpenGL and GL Shad-
ing Language. Practical notes on achieving real-time per-
formance in a multithreaded 3D reconstruction system are
given in Section 4.1.

2. Related Work

Our multiview stereo approach was inspired by Yang
and Pollefeys [30, 31]. Their approach has several ben-
efits. The images need not be rectified and therefore an
epipole in an image is not a problem. The approach gen-
eralises easily to an arbitrary number of views (multiview).
It can be efficiently implemented on a graphics processing
unit (GPU) offering excellent performance. The approach is
fast enough for on-line systems and a GPU implementation
leaves the CPU for other computations.

The basic idea of plane sweep (space-sweep) was first
introduced by Collins [1]. He defines the term true multi-
image matching, and presents a space-sweep approach ad-
hering to the definition. Another plane sweep approach is
used in [30, 31] as follows. Hypothesise a plane in 3-space.
Images taken by known cameras can be back-projected onto
the plane. If the scene has a surface point on the plane, the
back-projected images should agree at that point. A match-
ing cost measuring the dissimilarity of the back-projected
images is computed for each point (pixel) on the hypothe-
sised plane. The costs are computed for several planes at
different depths, and a depth map is produced by selecting
the best depth hypothesis for each pixel by the cost.

GPU-MVS differs from [31] in matching cost compu-
tation. They used absolute differences where GPU-MVS
computes the total colour variance (as proposed in [31]).
GPU-MVS implements the cost aggregation using a proper
Gaussian window instead of multiresolution approxima-
tions.

3. Multiview Stereo Algorithm

The high level description of multiview stereo is given in
Alg. 1. The relation of the resulting depth map to the scene
geometry is defined by the reference camera. The reference
camera may be chosen freely, provided a depth map can
be reconstructed for that point of view. The depth map is
accumulated while iterating over different plane depths. On
each iteration, a pixel’s depth and cost in the depth map are
updated. The main parts of the proposed multiview stereo
method are presented next.

The planes for the plane sweep approach are orthogonal
to the principal ray of the reference camera. Depth d of a
plane is the orthogonal distance from the reference camera

Algorithm 1 Plane sweep algorithm for depth map from
multiple views.

1: Choose the reference camera.
2: Init the depth map with unknown depths and infinite costs.
3: for all depths d do
4: Project each image onto the plane at depth d.
5: Compute per pixel cost values from the projections into a

cost image.
6: Filter the cost image (blur).
7: for all pixels in the depth map do
8: Update the depth and cost values, if the cost in the cur-

rent cost image is less than the stored in the depth map.
9: end for

10: end for

centre. The depth range from dnear to dfar is discretised to

dm =
(
m

Nd
· 1
dnear

+
Nd −m
Nd

· 1
dfar

)−1

, (1)

where m = 0, . . . , Nd. The division is linear in inverse
depth, which is linear in disparity, and fits well for the pixel
based processing. Precision of a depth estimate is better
near than far, which is natural for stereo.

A simple example of a matching cost between two
grey images Ii(x, y) is the squared difference (I1(x, y) −
I2(x, y))2. Using a larger support than just one pixel helps
to remove false matches (sum of squared differences, SSD)
and it is commonly used with few images. SSD does not
generalise directly to the multiview case. By Yang and
Pollefeys’ [31] suggestion the (colour) variance over im-
ages is used instead. The cost image for depth dm is

ζm(x, y) =
1
NV

(
NV∑
i=1

Ii(ui, vi)TIi(ui, vi)

)
− sTs ,

s ≡ 1
NV

NV∑
i=1

Ii(ui, vi) , (2)

where NV is the number of views. (x, y) are pixel coordi-
nates on the depth map, and are congruent with the pixel
coordinates on the reference view. (x, y) are first back-
projected from the reference camera to the plane at depth
dm and then projected to each of the images Ii produc-
ing image coordinates (ui, vi). The value Ii(ui, vi) for an
RGB-image is a vector in [0, 1]3. The cost ζm(x, y) is the
total variance of the RGB-colours, a scalar.

The cost image ζm(x, y) contains cost values computed
from single pixels. To gain a larger support ζm(x, y) is fil-
tered with a circular Gaussian filter Ψ. The final cost image

ξm = ζm ∗Ψ (3)

for depth dm is effectively computed over a Gaussian win-
dow instead of just one pixel.



The depth map d(x, y) for the reference view is

d(x, y) = dm̂ | m̂ = arg min
m

ξm(x, y) . (4)

Some depth estimates d(x, y) are discarded based on the
following criteria. The cost must be below a constant
threshold to detect clearly erroneous matches, and it must
significantly differ from the average cost over all depth hy-
potheses. The latter is determined as the average cost minus
a constant τuniq times the cost standard deviation,

ξm̂(x, y) < E
m

(ξm(x, y))− τuniq Std
m

(ξm(x, y)) . (5)

4. The GPU Implementation
The GPU implementation of the multiview stereo al-

gorithm sketched above is written in C++ using standard
OpenGL, some OpenGL extensions and GLSL (GL Shad-
ing Language). No proprietary computational frameworks
have been used, e.g. Nvidia’s CUDA. In theory this should
allow portability over to other manufacturers’ GPUs. The
implementation was first written for Nvidia GeForce 6600
and then used and refined with GeForce 8500 GT. The pre-
sented algorithms are mostly realised as shader programs,
partly as fixed function graphics processing (stencil and
depth buffer operations), and some CPU operations (e.g.
forming transformation matrices and updating τstl).

The implementation uses half precision floating point
(16 bits: a sign bit, 10-bit precision and 5-bit exponent) tex-
tures. The conventional 8-bit integer format would have re-
quired careful truncation and scaling of cost values for rea-
sonable accuracy in depth map estimation [4]. The three
half precision 4-channel textures are varTex, depTex
and tmpTex. In addition, an 8-bit stencil buffer stlBuf
and 24-bit depth buffer depBuf are used. In the following,
notice the difference between a pixel’s depth as related to
the sweeping plane (Z-coordinate), and a value in the depth
buffer which will actually be the cost value.

All input images (the views) are uploaded to the graph-
ics card as 8-bit/channel RGB textures. Lens distortions
are corrected at the upload phase by rendering the views
through an undistorting fragment shader, that computes ac-
curate sampling positions on the fly for a distortion model.
Each input image is assigned to a different texturing unit so
that all images can be sampled in a single rendering pass in
the cost image computation step. The number of texturing
units sets the limit on how many views can be handled in
this implementation. With modern consumer hardware the
limit can be as high as 32.

The algorithm for a GPU is described in Alg. 2. For each
plane hypothesis a cost image is computed into varTex,
filtered in two passes using the temporary tmpTex, and
then merged into depTex with stlBuf and depBuf.
Pruning poor depth estimates and repacking the depth im-
age are the last passes before downloading the depth map

Algorithm 2 Multiview stereo on a GPU.
Require: 16-bit floating point 4-channel textures varTex,

depTex and tmpTex. 8-bit stencil buffer stlBuf and 24-
bit depth buffer depBuf. 1D Gaussian filter ψ(δ)N (0, σ2).

Input: Set of NV views {Vi}, Vi =
˘
Ii(u, v), WT Ci

¯
(image,

and camera-to-world Euclidean transformation), camera cali-
bration K, depth range [dnear, dfar] with Nd depth steps.

Output: Depth map D(u, v).
1: Choose ref. view i (define coordinate frame R), WT R ← T i.
2: for all Vi do
3: Upload Ii as an RGB-texture.
4: Undistort, if necessary.
5: CiT R = CiT W

WT R

6: end for
7: depTex(∗, ∗)← (0.0, 0.0, 0.0, 0.0)T,

depBuf(∗, ∗)← 1.0
8: for m = 0 to Nd do
9: d←

“
m
Nd
· 1

dnear
+ Nd−m

Nd
· 1

dfar

”−1

10: call Alg. 3 // Compute a cost image into varTex.
11: Filter varTex with ψ(δ) horizontally and vertically, up-

dating stlBuf and τstl.
12: for all (u, v) ∈ depTex | stlBuf(u, v) ≥ τstl do // up-

date best depth
13: (−, q,−,−)T ← varTex(u, v)
14: if q < depBuf(u, v) then
15: depBuf(u, v)← q
16: depTex(u, v)← (−,−,−, d)T

17: end if
18: end for
19: for all (u, v) ∈ depTex | stlBuf(u, v) ≥ τstl do // ac-

cumulate statistics
20: (−, q,−,−)T ← varTex(u, v)
21: depTex(u, v)← depTex(u, v) + (1.0, q, q2,−)T

22: end for
23: end for
24: call Alg. 4 // Prune the depth map (depTex) into tmpTex.
25: (D(u, v),−,−,−)T ← tmpTex(u, v) ∀u, v

from the graphics card into system memory. In the nota-
tion, on line 13 in Alg. 2 only the second component of the
4-vector varTex(u, v) is read into q, and on line 16 only
the fourth of depTex(u, v) is written.

The computation of a cost image for a given depth d is
described in Alg. 3. The input is the set of views {Vi}NV

1

each containing the (undistorted) image Ii and the transfor-
mation CiT R from the reference to the camera i coordinate
frame. The intrinsic matrix K is assumed common for all
cameras. Each pixel (u, v) in varTex is back-projected to
the point X of depth Z = d. X is projected into every
view. If any of the images of X is not inside the corre-
sponding view (image), the pixel (u, v) is left blank (unde-
termined). Otherwise, the pixel is assigned a cost value q,
see Eq. 2. A blank pixel is indicated by the first component
of varTex not being 1.0, and the stencil value not incre-
mented. In later phases when stencil values are compared



Algorithm 3 Cost image computation.
Require: Texture varTex, stencil buffer stlBuf.
Input: Set of NV views {Vi}, camera calibration K, depth hy-

pothesis d.
Output: Texture varTex, stencil buffer stlBuf, threshold τstl.

1: varTex(∗, ∗)← (0.0, 0.0,−,−)T,
stlBuf(∗, ∗)← 0

2: τstl ← 0
3: for all (u, v) ∈ varTex do
4: x = K−1(u, v, 1)T

5: X = ( d
xw

xT, 1)T

6: for all Vi do
7: x′ = K

h
I
˛̨̨
0
i

CiT RX

8: (u′, v′) = (x′x/x
′
w,x

′
y/x

′
w)

9: if (u′, v′) /∈ Ii then
10: skip to next (u, v)
11: end if
12: ci ← Ii(u

′, v′)
13: end for
14: s = 1

NV

P
i ci, q = 1

NV

`P
i cT

i ci

´
− sTs

15: varTex(u, v)← (1.0, q,−,−)T

16: stlBuf(u, v)← stlBuf(u, v) + 1
17: end for
18: τstl ← τstl + 1

against τstl, the pixel will be automatically skipped. As the
result, Alg. 3 produces a cost image from single pixels, and
a stencil mask in stlBuf that together with τstl offers an
efficient way to ignore blank pixels.

The circular Gaussian filter of Eq. 3 is separable, and
therefore the filtering is done in two one-dimensional passes
(line 11 in Alg. 2). The horizontal filtering step reads from
varTex and writes to tmpTex, the vertical filtering step
does the opposite. The 1D filter is effectively 9-tap, but the
implementation takes advantage of linear texture interpola-
tion, so that the source texture needs to be sampled only five
times per destination pixel. Any blank pixel on the filter’s
total 9 × 9 area causes the current pixel to also turn blank,
since the filter response is undetermined. The stencil buffer
and τstl are updated to account for the new blank pixels.
Filtering provides an enlarged matching window for stereo
correspondence and erosion as a side-effect.

In Alg. 2, depTex starts zeroed and depBuf is ini-
tialised to the maximum (OpenGL depth) value. For each
depth d, the cost image is computed and filtered into
varTex. The last per-depth phase is merging the cost
image into depTex. The merge is done in two passes:
the first pass updates the pixel depth values and costs, and
the second accumulates statistics for later use. The sten-
cil mask (stlBuf and τstl) is used to skip blank pixels in
varTex. The cost value from varTex is routed to the
fragment depth component to be used in depth testing. In
the first pass, if the fragment depth (cost) is less than the
value in depth buffer depBuf, the fragment depth is writ-

ten into depBuf and the depth d is written to the fourth
component in depTex. Over all values of d, this results in
the minimum cost values in depBuf and the correspond-
ing values of d in depTex. The second pass ignores depth
testing and uses blending to accumulate statistics over those
depth hypotheses, where the pixel in varTex is not blank.
The first component in depTex is the number of such hy-
potheses, the second component is the sum of costs, and the
third component is the sum of squared costs. The mean and
variance can be computed from these three numbers.

Although the statistics accumulation into depTex is
correct in theory, one practical issue is worth noting. The
precision of 16-bit floating point values is poor, only 10 bits.
For a large number of depths d, the rounding errors may be-
come significant enough to make the final processing phase
to fail. According to experimentation, a few hundred depths
is supportable, but few thousand is not.

The final GPU processing phase is Alg. 4, discarding
poor depth estimates. The contents of depTex are ren-
dered into tmpTex again through a fragment shader pro-
gram. There are several requirements for depth estimates:
• n ≥ 30, at least 30 non-blank depth hypotheses to al-

low meaningful statistics.
• The depth estimate may not be at the ends of the swept

depth range, otherwise the correct depth is likely to be
outside of the range.
• The average cost µ over the depth hypotheses must be

at least τavg. This discards featureless points.
• The depth estimate cost must be below the hard limit
τcost, or the match is likely incorrect.
• The depth estimate cost must be significantly below

the average cost to discard unstable matches (Eq. 5).
The parameters τavg, τcost and τuniq are user definable. In
the output the blank and discarded pixels are set to depth
zero, which is an invalid value in a depth map. The stencil
mask is not used in this phase, since no stencil mask exists
for depTex. Requirement tests 4 and 5 take advantage of
OpenGL depth testing in line 14 of Alg. 4.

4.1. Implementation Real-time Considerations

The only Nvidia-specific OpenGL extension used in the
implementation is GL NV fence. Fences are markers that
are inserted into the GPU command stream. A fence is sig-
nalled when the GPU execution has passed it. Fences offer
a way to know when the GPU has executed all operations
queued up to that point.

The multiview stereo GPU implementation is used as
a part of a larger soft-real-time system, which has several
threads of execution. Some of the threads are ”more real-
time” than others, and the GPU-MVS thread is more of a
background task. The GPU-MVS thread needs to wait for
the GPU to finish processing before using the results. Set-
ting up a fence and putting the thread to sleep for a short



Algorithm 4 Discarding poor depth estimates.
Require: Texture tmpTex.
Input: Texture depTex, depth buffer depBuf, thresholds τuniq,

τavg and τcost.
Output: Texture tmpTex

1: tmpTex(∗, ∗)← (0.0, 0.0, 0.0, 0.0)T

2: dmin ← dNd−2, dmax ← d2 // See Eq. 1
3: for all (u, v) ∈ tmpTex do
4: (n,Σq,Σq2 , d)T ← depTex(u, v)
5: if n < 29.5 or d < dmin or d > dmax then
6: skip to next (u, v)
7: end if
8: µ← Σq/n
9: if µ < τavg then

10: skip to next (u, v)
11: end if
12: σ ←

p
Σq2/n− µ2

13: r = min
˘
τcost,max{0, µ− τuniqσ}

¯
14: if r > depBuf(u,v) then
15: depBuf(u, v)← r
16: tmpTex(u, v)← (d,−,−,−)T

17: end if
18: end for

time releases the CPU for other threads. The fence is tested
and until it is signalled, the sleep cycle repeats. This method
was chosen, because the Linux kernel scheduler settings ei-
ther were not sufficient, or they required root privileges and
posed the danger of locking up the whole operating system
(true real-time processes).

Another reason to use fences is related to the GPU com-
mand stream. The GPU command buffer has a finite size,
and when it fills, the CPU has to stop feeding commands
and wait for the buffer to drain. Usually OpenGL drivers
aim for maximum performance, so the wait is likely imple-
mented as a busy-wait. Running the CPU in a busy-wait
loop does not give other threads a chance to run, therefore
hurting the system performance as a whole. Fences may in-
troduce waits, but during the wait other threads can execute.

Fences are set and waited for at two points of the GPU-
MVS implementation. The first point is after line 22 of
Alg. 2, where the fence is on every eighth cycle. A fence on
every cycle would incur needless overhead, and on the other
hand the GPU command buffer should not be exhausted.
The second point is just before reading the repacked depth
map data into system memory.

5. Experiments
Three types of test results are reported for GPU-MVS.

First, the canonical Middlebury Stereo Evaluation [19]
compares the accuracy to other real-time methods in the
classic stereo setup. Second, using the Middlebury multi-
view image sets, performance is studied with respect to the
number of views. Last, GPU-MVS is presented as a part of

the real-time monocular 3D-reconstruction system.
All the experiments have been executed in an x86 64

Linux environment, on a machine with AMD Athlon64
3500+ processor and Nvidia GeForce 8500 GT using
the proprietary Nvidia graphics drivers version 185.18.31.
Note, that the graphics card is a low-end one. For com-
parison, a GeForce 9800 GTX+ is 2–6 times as fast in the
multiview tests (Table 2) as the 8500.

5.1. Middlebury Stereo Evaluation

The multiview stereo algorithm was evaluated on the
standard Middlebury Stereo Evaluation image pairs, and the
results from the web service [19] are in Table 1. Fast stereo
methods, where the publication was available, were selected
for comparison. Since the Middlebury evaluation regards a
missing disparity estimate as an error, an ad hoc left–right
consistency check and hole filling were implemented for
these results only.

For the consistency check, depth maps are generated for
both views independently. If the left–right disparity mis-
match is greater than 0.5 pixels, the depth estimate is re-
moved, creating a hole. Holes in the depth maps are filled
by simple linear or constant scanline interpolation. Scan-
line interpolation often produces streaking artifacts. The
consistency check and hole filling are not part of the mul-
tiview stereo implementation, because scanline-based algo-
rithms are not suitable for a general configuration of mul-
tiple views. Hole filling is not needed in our target appli-
cation, where multiple stereo reconstructions are generated
anyway, but is essential for success in [19].

Since the multiview stereo implementation requires full
camera poses and produces depth maps instead of dispar-
ity maps, some impedance matching is required to run
disparity-based tests. Artificial camera poses are manufac-
tured based on the rectified view geometry, and a result-
ing floating point depth map is converted to an 8-bit per
pixel disparity map as required by [19]. The depth range
for the plane sweep was computed from the disparity range
for each pair. The disparity ranges are: Tsukuba 0.01–15.5,
Venus 0.01–19.5, Teddy 0.01–59.5, and Cones 0.01–59.5.
Resolution of the plane sweep is 0.1 pixels of disparity. The
implementation cannot handle a disparity of exactly zero
pixels (infinite depth), so 0.01 is used as the minimum.

Table 1 contains three results for the proposed multiview
stereo implementation denoted as ”Our method”. Method A
is the plain multiview stereo without any post-processing.
Method B contains the hole filling without left–right con-
sistency check, and Method C uses both the consistency
check and hole filling. None of the fast methods rank within
the top 30 methods on average, but this is explained by the
trade-off with speed. Our error scores, however, are com-
parable to other fast methods despite the fact that it is not
specifically dedicated for this benchmark problem.



Table 1. Middlebury Stereo Evaluation, version 2 results. Error threshold 0.5, ordered by average non-occluded region error score. [20, 19]

Avg. Tsukuba Venus Teddy Cones
Algorithm rank n.occ all disc n.occ all disc n.occ all disc n.occ all disc
PlaneFitBP [28] 36.7 12.7 13.6 16.2 8.58 9.12 12.7 18.4 24.3 31.4 15.3 21.9 23.9
SegTreeDP [3] 39.8 25.4 26.0 24.6 6.23 6.59 10.8 19.7 25.9 30.9 10.9 16.5 17.7
RealtimeBP [29] 48.4 19.9 21.6 22.2 8.68 9.93 20.1 19.2 24.8 33.8 14.2 21.2 25.9
RealtimeBFV [32] 45.6 24.5 25.0 21.3 8.64 9.12 13.5 18.1 24.2 32.1 15.0 20.6 22.9
RealTimeGPU [27] 57.3 24.2 26.0 24.9 10.9 12.1 27.6 19.6 27.0 33.0 16.5 23.7 29.5
FastAggreg [25] 53.5 23.1 23.9 19.6 15.8 16.6 19.6 21.1 27.4 34.0 15.5 22.0 23.1
ReliabilityDP [5] 56.1 19.0 20.7 17.5 12.7 14.0 26.1 26.3 32.5 36.8 23.7 29.9 31.5
Our method C 65.6 23.5 25.3 41.0 14.6 15.7 42.6 25.8 32.2 47.0 18.2 24.9 38.3
TreeDP [26] 60.7 22.4 23.1 22.3 12.1 12.9 21.7 32.4 38.9 45.6 23.7 30.8 31.7
Our method B 69.3 25.2 26.9 41.4 20.3 21.6 45.8 27.7 35.2 49.3 18.6 27.9 39.2
Our method A 71.2 32.3 33.9 43.4 32.4 33.5 46.6 28.8 36.2 49.8 19.8 29.1 40.1

5.2. Multiview results

The web service at [19] is strictly for classic two-view
stereo and does not discriminate between missing and er-
roneous estimates. Therefore further tests were run with
the Middlebury 2003 (Teddy, Cones) and 2005 (Art, Books,
Dolls, Laundry, Moebius, Reindeer) sets [21, 6]. The per-
formance numbers are based on classifying a disparity dif-
ference > 0.5 as an error. Pixels without ground truth are
ignored and pixels without a disparity estimate (but with
ground truth) are classified as misses instead of errors.

The results are in Table 2 containing the percentages of
good, bad and missed disparities. Each row is a single exe-
cution. Column # denotes the number of views used and the
views are listed in the first column. Computational speed is
given as millions of disparity evaluations (MDE) and mil-
lions of pixel reads (Mpx) per second. MDE is the depth
map size in pixels × #disparity levels. Mpx is MDE ×
#views, relating to the total number of input pixels pro-
cessed over the disparity range. The Teddy and Cones im-
age sets are quarter-size (450× 375) with ground truth dis-
parities given for views 2 and 6. The other six image sets are
half-size, mostly 695 × 555, with ground truth for views 1
and 5. The depth map is created for the view 2 or 1, respec-
tively. The Teddy and Cones two-view sets are identical to
the stereo case.

Table 2 shows that adding views between the outermost
views increases the good percentage, but adding views for
wider baseline reduces it. The percentage of bad disparities
decreases as more views are added, regardless of the new
views’ position, with Art the only exception.

5.3. Monocular 3D Reconstruction

The target application of our GPU-MVS implementa-
tion is the real-time monocular 3D reconstruction where the
GPU-MVS can replace the classic two-view disparity com-
putation of [11, 14] and moves the computational burden of
stereo from the CPU to the GPU. Being a multiview stereo
algorithm, more views are gathered into a single reconstruc-
tion set, here a maximum of eight.

The reconstruction system contains a post-processing

Table 2. Middlebury multiview results with varying sets of views.
percent MDE Mpx

Set (views) # Good Bad Miss per sec.
Teddy (2,6) 2 63.7 26.8 9.5 27 54
(..2.4.6..) 3 65.2 25.2 9.6 44 131
(..23456..) 5 65.9 24.4 9.8 33 163
(.12.4.67.) 5 61.1 22.8 16.0 33 164
(.1234567.) 7 62.7 21.6 15.7 32 226
(012345678) 9 56.8 19.9 23.4 25 222
Cones (2,6) 2 71.1 20.8 8.1 44 87
(..2.4.6..) 3 71.3 20.2 8.5 44 131
(..23456..) 5 72.5 19.2 8.3 33 164
(.12.4.67.) 5 63.7 19.2 17.1 33 164
(.1234567.) 7 64.5 18.7 16.9 32 225
(012345678) 9 57.7 15.9 26.4 25 223
Art (1,5) 2 43.1 51.0 5.9 45 89
(.1.3.5.) 3 43.8 48.8 7.4 49 146
(.12345.) 5 44.1 47.6 8.3 38 190
(01.3.56) 5 39.0 49.3 11.7 37 185
(0123456) 7 39.6 48.3 12.2 36 249
Books (1,5) 2 52.4 37.1 10.5 55 109
(.1.3.5.) 3 56.0 33.0 10.9 49 146
(.12345.) 5 55.9 33.0 11.2 38 191
(01.3.56) 5 53.2 31.4 15.5 42 211
(0123456) 7 53.6 31.0 15.4 35 248
Dolls (1,5) 2 56.9 36.3 6.9 54 109
(.1.3.5.) 3 57.4 34.9 7.7 49 146
(.12345.) 5 57.6 34.5 8.0 41 204
(01.3.56) 5 54.6 33.7 11.7 42 212
(0123456) 7 54.8 33.5 11.7 36 249
Laundry (1,5) 2 38.8 54.4 6.8 58 117
(.1.3.5.) 3 43.6 49.1 7.3 50 150
(.12345.) 5 44.5 47.7 7.8 42 209
(01.3.56) 5 42.1 48.2 9.7 44 218
(0123456) 7 42.3 48.0 9.7 33 229
Moebius (1,5) 2 58.8 34.0 7.3 54 109
(.1.3.5.) 3 60.9 31.4 7.7 49 146
(.12345.) 5 61.3 29.8 9.0 41 204
(01.3.56) 5 58.4 30.8 10.8 42 211
(0123456) 7 58.7 29.7 11.6 36 249
Reindeer (1,5) 2 52.4 37.5 10.1 58 115
(.1.3.5.) 3 54.9 34.5 10.6 50 150
(.12345.) 5 55.2 33.4 11.4 42 209
(01.3.56) 5 51.6 33.8 14.6 44 219
(0123456) 7 52.4 32.1 15.4 33 229

step for depth maps. A plane is least-squares fitted to the
(regular) 3 × 3 neighbourhood of each point (x, y) in a
depth map d(x, y), and the surface normal is approximated
from the fit corrected by the back-projection partial deriva-
tives. This approximation is used instead of back-projecting
all 9 points into 3D to speed up the plane fit computation.
There are two conditions based on the plane fit. The sample
d(x, y) is discarded if d(x, y) is too far from the point pre-



Figure 1. 320×240 frame from the 3D reconstruction input video.

dicted by the neighbourhood. If the plane normal direction
differs too much from the camera principal ray, the sample
is discarded as being seen from a grazing angle, which in-
dicates a poor match. Particularly, GPU-MVS may produce
points with normals pointing away from the camera, which
is clearly amiss. These conditions compensate for the miss-
ing left–right consistency check.

Without proper ground truth, only qualitative results can
be presented. Fig. 1 shows a frame from the input video for
the monocular 3D reconstruction experiment. The video is
shot of an object made of Legos, 382 frames at 30 frames
per second equals 12.7 seconds in length. The system runs
GPU-MVS seven times on different sets of video frames,
and combines the resulting point clouds without further 3D
registration, similar to [15], except that our underlying data
structure is an octree with limited depth. In this example,
the GPU-MVS runs approximately for one second per an
eight view set, with 300 depth hypotheses.

The reconstruction is seen in Fig. 2 from a novel view-
point. The reconstruction is simply a coloured point cloud,
each point rendered as a circular sprite with the size in-
versely proportional to the eye distance. The two views are
crossed-eye stereo pairs. With some practise, a reader may
experience depth by crossing her eyes and relaxing until the
eyes become focused. The sense of depth is proportional to
the viewing distance.

6. Discussion

This paper presented a simple multiview stereo method
and its implementation for narrow baseline depth inference.
The goal was to develop a reconstruction method that is fast
and accurate, but is not required to produce a fully dense
depth map. For the primary application of incremental 3D
reconstruction, the partial reconstructions are not required
to be complete, but they should not contain false informa-
tion. One of the implementation requirements was very low
CPU load—therefore the GPU was utilised.

The GPU-MVS implementation was tested against the

de facto standard Middlebury Stereo Evaluation [19], where
it performed only moderately when compared to the other
real-time methods. That evaluation framework however has
a different goal compared to our work: it aims for a com-
plete dense depth map from two views. First, GPU-MVS
can use more than two views, and second, most importantly,
we are not interested in guessing depths for pixels where the
depth cannot be reliably determined. The evaluation simply
considers missing depth estimates as errors.

The multiview experiments investigated the effect of the
number of views to depth map accuracy and computational
speed. The interesting result in Table 2 is that adding views
between the two outermost views improved accuracy, but
extending the baseline with new views deteriorated it. The
speed of disparity evaluations per second went down when
views are added, but the GPU architecture made the pro-
cessing speed of input pixels per second go up. Moreover,
preliminary results of the method in a complete incremental
on-line 3D reconstruction were demonstrated and a portable
demo system on a laptop exists.

GPU-MVS does not explicitly take into account occlu-
sions or depth discontinuities, nor does it do any left–right
consistency kind of checking to prune the depth map. Ex-
perience shows that these features would be very useful.
Furthermore, the stereo matching could possibly be im-
proved by adapting the results from [4, 7] to colour and
multiview processing. All source code will be published at
http://www2.it.lut.fi/project/rtmosaic/.
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