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Abstract. In traditional 3D model reconstruction, the texture information is captured in a certain dynamic range, which is usually insuﬃcient
for rendering under new environmental light. This paper proposes a novel
approach for multi-view stereo (MVS) reconstruction of models with high
dynamic range (HDR) texture. In the proposed approach, multi-view
images are ﬁrstly taken with diﬀerent exposure times simultaneously.
Corresponding pixels in adjacent viewpoints are then extracted using a
multi-projection method, to robustly recover the response function of
the camera. With the response function, pixel values in the diﬀerently
exposed images can be converted to the desired relative radiance values.
Subsequently, geometry reconstruction and HDR texture recovering can
be achieved using these values. Experimental results demonstrate that
our method can recover the HDR texture for the 3D model eﬃciently
while keep high geometry precision. With our reconstructed HDR texture model, high-quality scene re-lighting is exemplarily exhibited.
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Introduction

3D model is created as a mathematical representation of any 3D surface of
objects in the scene via specialized methodologies. It can be displayed with adequate appearance information of virtual objects through 3D rendering. Therefore, 3D model is widely used in applications such as industrial design, 3D video
game, digital ﬁlm-making, and advanced education. With the rapid development of computer vision and computer graphics, a lot of novel technologies for
reconstructing 3D models of real-world objects are coming into sight, in which
multi-view stereo (MVS) has drawn more and more attentions from researchers
in recent years [17].
MVS reconstructs watertight 3D model from multiple images captured at
diﬀerent viewpoints. Existing MVS solutions only capture multi-view images in
a ﬁxed low dynamic range (LDR). These images are unable to present complete
information of scene radiance due to limited dynamic range determined by the
exposure settings. Thus, the 3D model recovered from these images only has
LDR texture, which is not applicable in speciﬁed applications, e.g. whose require
rendering with environmental light variation.
High dynamic range (HDR) imaging can be fulﬁlled via cameras with speciﬁed design [16]. However, it is too expensive and cannot be widely used in practice. As a result, most research works focused on fusing temporally captured

multi-exposure images to generate HDR images [5, 7]. In these approaches, pixel
alignment for moving object is a hard work. As a result, it is usually ineﬃcient
for response function recovery and HDR image fusing. Besides, these methods
cannot be directly applied to generate HDR texture in MVS scenario. Multicamera setup throws fresh light on HDR texture recovery based on inter-view
correspondence. However, as for now, no research work in terms of HDR texture
based MVS has been reported.
This paper proposes a novel MVS algorithm allowing HDR texture recovery
from multi-view LDR images. The approach mainly goes through three phases:
multi-view multi-exposure image capture, ﬁlm response recovery and image calibration, and HDR texture 3D model reconstruction, as shown in Fig. 1. As
a result, without any additional hardware cost compared to traditional multicameras based MVS, HDR texture which contains more information of the original scene radiance can be generated.

Fig. 1. Our proposed approach: the three phases to reconstruct 3D model with HDR
texture

The remainder of the paper is organized as follows: Section 2 provides the
background of HDR image recovery. In Section 3, HDR texture 3D model reconstruction approach will be described in detail. Section 4 presents experimental
results and Section 5 concludes the paper.

2

Background

This section overviews the imaging principle of conventional LDR imaging systems. Then several related works on radiance map recovery and HDR images/
videos generation are discussed.
2.1

Scene Radiance and Camera Response Function

The “scene brightness” in a real-world scene refers to the radiance L of the object surface patches in the scene, whereas what a typical imaging system really

measures is the sensor irradiance E, which indicates the “image brightness”, and
is given in [4]:
π d
E = L ( )2 cos4 α
(1)
4 f
where d is the diameter of the aperture, f is the focal length, and α is the angle
that the optical axis makes with the ray from the object patch to the center
of the lens. With the reasonable assumption that the terms of cos4 α and ( fd )2
don’t vary from pixels, the image irradiance E is actually proportional to the
scene radiance L.
During the process of ﬁlming, within a particular time referred as exposure
time Δt, the total energy collected by the sensor for a pixel should be:
π d
X = EΔt = L ( )2 cos4 αΔt = kLΔt
4 f

(2)

Thus X is the exposure amount. Imaging systems record the exposure amount
and convert it into image value Z, as Z = f (X). Here, the function f is called the
response function, and is designed to be non-linear. It is reasonable to assume
that function f is monotonically increasing, so f −1 can be deﬁned. Hereby,
knowing the exposure time Δt, X can be calculated from image value Z by X =
f −1 (Z). And since X/Δt is proportional to the scene radiance L, f −1 (Z)/Δt
can be regarded as relative scene radiance.
2.2

HDR Recovering

The increasing demand for HDR images and videos has inspired many solutions
in the past years. For typical digital system, the available number of values for
a pixel is limited, e.g. 256 levels in 8bit system, and thus the dynamic range
of the captured scene radiance is narrowed. The most straightforward idea is
to develop novel sensors with built-in HDR functions instead of conventional
cameras [14, 15]. However, these special sensors are always expensive and not
widely available. As a result, most research works focus on how to convert pixel
values to relative scene radiance values, by using the camera response function
obtained from multiple images captured with diﬀerent exposures for the same
scene .
Mann and Picard model the response function by Z = α + βX γ [12]. Their solution is simple and feasible, but the recovery precision is unsatisfactory because
of the highly restricted function form. Debevec and Malik propose a method
only requires a smoothness assumption [2]. With the known exposure times for
each image, their method achieves most accurate results. Mitsunaga and Nayar
consider the situation where the exposure times are unobtainable, and model
the response functions with high-order polynomials which can approximate the
response functions accurately enough [13].
These methods require highly accurate pixel alignments across diﬀerent images, which usually cannot be guaranteed in dynamic scene capture because

of object motion. Jacobs et al. proposes a LDR image alignment method to
deal with both object and camera movements [5]. Nevertheless they have to
assume that the movements are small and only introduce Euclidean transformation. Kang et al. recover HDR video by well implemented motion estimation [7].
However, artifacts such as ghost phenomenon still exist in fast moving scenes.
Recently, Lin et al. present a novel method to generate HDR image for stereo
vision [9]. Motion estimation is avoided in this method. However, similar problem of pixel alignment between diﬀerent viewpoint images exists, which makes
it diﬃcult to handle the multi-view images with large disparities.

3

The Approach

This section presents our MVS approach for recovering HDR texture 3D model
from multi-view LDR images. The approach is mainly composed of three stages
(see Fig. 1): multi-view multi-exposure image capture, ﬁlm response recovery
and image calibration, and HDR texture 3D model reconstruction.
3.1

Multi-view Multi-exposure Image Capture

In our approach, multi-camera system is used to capture the multi-view images
for MVS reconstruction. And the exposure times are set to be diﬀerent for adjacent cameras, in order to jointly recover the HDR texture for the scene objects.
Capture system. To support the multi-view stereo approach, we have developed a multi-camera multi-light dome for multi-view capture. Inside the dome,
20 cameras are available which located evenly on a ring as shown in Fig. 2(a).
Multi-view images/videos with spatial resolution of 1024×768 can be captured
simultaneously. What’s more, the exposure time of each camera can be individually conﬁgured, which meets the requirement of HDR texture recovery.

Fig. 2. Multi-view multi-exposure image capture: (a) dome system, cameras in the
near-side are marked with circles; (b) camera setups: “A” and “B” represent cameras
with two diﬀerent exposure times; (c) captured multi-view multi-exposure images

Camera setup. All of the 20 cameras are divided into 2 groups and utilized
for multi-view capture. Cameras in the ﬁrst group have exposure time of Δt1,
while those in the second group have exposure time of Δt2. The values of Δt1
and Δt2 are chosen to capture as large as possible the contiguous dynamic range
of the scene radiance.
Selecting cameras for each group is another key point. As shown in Fig. 2(b),
every 4 neighboring cameras starting from position 2k − 1, k = 1, 2, . . . constitute
a subgroup, which contains three cameras with the same exposure time and
one camera with another exposure time. For instance, the ﬁrst 3 subgroups in
Fig. 2(b) are “AABA”, “BABB” and “BBAB”. Notice that the camera with
unique exposure time in the subgroup never appears at the subgroup border.
And the total camera numbers of the two groups remain the same. Examples
of captured multi-view multi-exposure images are shown. In Fig. 2(c), images
from 4 adjacent viewpoints from image set “plaster ﬁgure” captured under the
introduced camera setup are illustrated.
3.2

Film Response Recovery and Image Calibration

Under our camera setup, multi-view multi-exposure images are captured. In different images, the corresponding pixels which record the same scene point are
very diﬀerent in values and image positions. A multi-projection method is designed to extract corresponding pixels from diﬀerent multi-view multi-exposure
images accurately. And then ﬁlm response recovery and image exposure calibration can be done.
Here we assume a controlled environment in which the cameras can be easily
geometrically calibrated. And in this case the camera response functions may
be recovered by some other pre-calculation methods. However, considering the
uncontrolled environment such as outdoor scene capture, our technique will be
essential together with other techniques such as self-calibration to achieve the
goal.
Pixel correspondences extraction. Response function recovery requires highly
accurate pixel alignment. For single viewpoint HDR imaging, positions of corresponding pixels in diﬀerent images are the same. However, for multi-view imaging, the ﬁlming positions of the same scene point vary through diﬀerent images.
For our captured multi-view multi-exposed images, take one subgroup deﬁned
in Section 3.1 for example. As shown in Fig. 3, images A, B, and D have the
same exposure time which is diﬀerent from that of image C. For any speciﬁed
pixel pb in image B, an optical ray starting from pb and passing through the
camera center can be calculated using the camera parameters. It is obvious that
the real-world scene point x recorded by pb is located on this ray. The only
unknown variable to determine the real-world coordinate of x is the distance d
from the camera center to x along the optical ray. To validate eﬀective search for
the value of d, visual hull [3] of the target object is ﬁrstly computed to restrict
the search range. Since generation of visual hull only requires silhouette information of the object, the multi-exposed images can be directly used before exposure
calibration.

Fig. 3. Correspondence extraction in multi-exposed images

Within the restricted range along the optical ray, possible 3D points are evenly
sampled ﬁrst. Each candidate x is projected back to pixels pa and pd in images
A and D. Since pa , pb and pd are ﬁlmed with the same exposure time, pixel
consistency can be easily evaluated. Here, zero mean normalized cross correlation
(ZN CC) is used as an evaluation metric. For two square windows of N × N
centering on pixels p and q in two images, ZN CC is computed by:
N
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where zp (i) and zq (i) are the values of the i-thpixels inside the N × N regions

N 2
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centering on p and q, while zp = ( j=1 zp (j)) N 2 and zq = ( j=1 zq (j)) N 2
denote the average pixel values in these regions. In our case, with diﬀerent x ,
two ZN CC curves are calculated: one is for areas centering on pb and pa and
the other is for areas centering on pb and pd . According to [19], a local maximum
method is used to ﬁnd the most corresponding solution from the ZN CC curves.
Finally, with the best x , corresponding pixel values of pb and pc are restored as
a corresponding value pair (zb ,zc ).
Note that under our camera setup, three images with the same exposure time
can be used to determine the scene point position, which increases the robustness
of the algorithm. Also to note that only pixel values of pb and pc are ﬁnally kept.
This is because images B and C are most correlated and closed to the optical
ray, and thus they are most eﬃcient for ﬁlm response recovery.
Fig. 4(a) illustrates the corresponding pixels extracted by our method for
multi-view multi-exposure images. Only small portion (1%) of the total pixels
correspondences are drawn to make them easy to be identiﬁed. Fig. 4(b) gives
another result by using SIFT descriptor [8] which is used to match pixels for
gray-scale stereoscopic images in [9]. It is obvious that our method achieves
much higher precision and the number of eﬀective points is more than suﬃcient.
On the other hand, although the incorrect matchings in SIFT-based method can
be partially removed by adding other constraints, it will result in inadequate

Fig. 4. Correspondence matching results: (a) our method and (b) SIFT-based method

number of the corresponding points for ﬁlm response function recovery. This
result proves the eﬀectiveness of our geometry constraint based method.
Film response recovery. To recover the camera response function, we use
the method proposed by Debevec and Malik [2] since the exposure times in
our system are available. The extracted corresponding pixels oﬀer large number
of corresponding value pairs, denoted as Z = {(zΔt1 , zΔt2 )}. It is usually not
necessary to use all the values for recovering response function. On the other
hand, due to noise and mismatch, not all the value pairs are valid. In order to
remove the inaccurate value pairs, for each value pair, outliers are detected by
examining if zΔt1 or zΔt2 has the deviation over certain thresholds. Considering
the ﬁlming characteristics and saturate phenomenon, for exposure times Δt1 >
Δt2, reasonable thresholds may be:

c , f or 0 < zΔt1 < 200
threshold(zΔt1 ) =
c
 + (zΔt1 − 200), f or zΔt1 > 200
(4)
c , f or zΔt2 > 50
threshold(zΔt2 ) =
c + (50 − zΔt2 ), f or 0 < zΔt2 < 50
where c is a small constant to indicate the basic tolerance of the inaccuracy.
After the inaccuracy removal, N value pairs are randomly selected from Z to
∗
∗
form a new set Z ∗ = {(zΔt1
(i), zΔt2
(i))}, i = 1, . . . , N , with the only constraint
that they should be well-distributed. Using the data in Z ∗ , camera response
function g(z) can be computed by solving the problem:
min{
+λ

N 
2


i=1 j=1
254


∗
[w(zΔt
(i)) − ln(Ei ) − ln(Δtj )]2
j

(5)

[w(z)(g(z − 1) − 2g(z) + g(z + 1))]2 }

z=1

where w(z) is the weight function introduced in [2]. Here we have assumed that
all the cameras in our capture system have the same response function g(z).
This assumption is reasonable in our case because all the cameras in our dome
system are with the same type and color calibration is done before capturing.

Image calibration. With the recovered response function g(z), exposure calibration is easy to process. For one image with the exposure time Δt, the relative
radiance E for any pixel value z can be estimated by ln(E) = g(z) − ln(Δt).
Similarly, all the diﬀerently exposed images can be converted to relative radiance maps. In practice, to ensure compatibility with the following steps, we just
convert images from exposure time Δt1 to Δt2 by modifying each pixel value
by: zΔt2 = g −1 (ln(Δt2) + g(zΔt1 ) − ln(Δt1)). It is also feasible to convert all
the images to a new exposure time Δt3. The exposure calibration results will be
included in Section 4.1, which demonstrate that the exposure calibrated multiview images can be satisfactorily obtained. And thus the eﬀectiveness of 3D
model reconstruction via MVS can be guaranteed.
3.3

HDR Texture 3D Model Reconstruction

In this step, the exposure calibrated multi-view multi-exposure images are used
to ﬁnally reconstruct the 3D model of the real-world object by MVS algorithm.
And then, HDR texture of the model is generated by comprehensively utilizing
the reconstructed geometry information, the recovered camera response function
and the color information from the original LDR images.
Geometry reconstruction. We adopt the point cloud based multi-view Stereo
algorithm (PCMVS) [10] to reconstruct the 3D model. The PCMVS algorithm
belongs to the multi-stage local processing MVS and produces outstanding performance among current MVS algorithms under spares viewpoint setups. PCMVS
consists of three main steps: point cloud extraction, merging and meshing. The
decoupled designing of these steps allows modiﬁcation and utilization of any
of the modules independently, which is another advantage for PCMVS being
adopted in our approach.
Exposure calibrated images usually contain “textureless” and noisy areas
which may result in failure in MVS algorithm. It is similar with the problem
caused by shading eﬀects or lack-of-texture which traditional MVS methods are
facing. In PCMVS, robust methods are designed to solve this kind of problems.
Thus, we simply extend the functional range of these methods to cover the new
problem. Results will be shown in Section 4.2 to demonstrate the eﬀectiveness of
the adopted PCMVS algorithm in exposure calibrated images based geometry
reconstruction.
HDR texture recovery. Once the 3D model is reconstructed, it can be used
to generate HDR texture. More precisely, we recover the color information for
each vertex v on the 3D mesh.
Color value for a certain vertex v on the mesh can be calculated by fusing
its corresponding pixel colors in multiple images. Note that it cannot be foreknown which images contain the corresponding pixels of the vertex v, therefore
the visibility of v in each image has to be computed ﬁrst. Then, knowing that v
is visible in images {pj }, and the corresponding pixel values are {zj }, the relative

radiance value of v is computed as the weighted average of the relative radiance
values of each pj :

w(zj )(g(zj ) − ln(Δt(pj )))
j

(6)
ln(Ev ) =
w(zj )
j

where w(zj ) is the same weight function used in ﬁlm response recovery.
In our implementation, two stages of pre-processing are implemented to improve the recovery quality. First, images {pj } in which v is visible are sorted
according to their view angles made by the vertex normal of v and the optical
ray from v to their camera centers. Image with smaller view angle is moved
closer to the top of the queue. This is because small view angle is more likely to
guarantee color consistency. In practice, 2-4 images with least view angles are
used to calculate the relative radiance value.
The second stage is introduced to deal with the ghost phenomenon. Ghost
phenomenon is one of the most common problems in HDR image/video generation and is frequently discussed [5, 6]. It is basically caused by misalignment of
pixels in multiple images with object motion. In our approach all the images are
captured simultaneously, and thus motion is not a problem. Besides, multiple
candidates of corresponding pixels are available to allow robust color recovery
by selecting valid pixel values and discarding the outliers from {zj }. Then the
misaligned pixels are excluded and ghost phenomenon is eﬃciently removed.
Our method computes the relative radiance value for vertex v properly. The
relative radiance map is used as the HDR texture of the 3D model directly or
through certain processes. To further generate LDR textures under desired illuminance, just look up pixel values in the camera response curve with hypothetic
exposure times or refer to existing tone-mapping methods [1, 11].

4

Results

In this section, the performance of our proposed approach for HDR texture
model reconstruction is tested and the results are presented. Experiments use
multi-view multi-exposure images captured for static scenes. Because to carry
out comparative experiments, it is hard to involve dynamic scenes in respect
that they are basically unrepeatable. However, our approach can handle dynamic
scene directly since each temporal model is constructed independently.
4.1

Recovery of Camera Response Curve

Response function is ﬁrstly recovered based on our captured images. 20 images
are divided into 2 groups by their exposure times. Then algorithm introduced in
Section 3.2 is applied to recover the camera response function. The multi-view
multi-exposure image set “plaster ﬁgure” (Fig. 2(c)), which is captured in two

Fig. 5. Camera response curves: (a) our result; (b) average curve of 20 cameras; (c)
curve of view 1; (d) curve of view 2

exposure times of 30ms and 10ms, is used as an example. The recovered average
response curve for each color channel (R, G, and B) of 20 cameras are illustrated
in Fig. 5(a).
To verify the feasibility of the recovered response curve, contrast experimental results are provided as references. Response functions for each camera are
computed separately by taking multiple exposed images with a single camera
and thus precise results can be obtained. Fig. 5(b) shows the average of the 20
referential camera response curves. Although there are slight diﬀerences, curves
in Fig. 5(a) and Fig. 5(b) indicate that our method achieves fairly satisfactory
result in camera response recovery without requiring temporal multi-exposure
capturing.
Furthermore, Fig. 5(c) and (d) show the referential camera response curves of
viewpoint 1 and viewpoint 2. In fact, note that each individual camera response
curve looks similar to others, thus they can be substituted by the average curve.
Therefore a conclusion can be reached that using one recovered curve for all
cameras in our approach is reasonable and feasible.
With the recovered response curve, image exposure calibration can be done
according to Section 3.2. Fig. 6 illustrates the calibration results of “plaster
ﬁgure”. Images (a) is captured in exposure time of 30ms while (b) and (d) are
in 10ms. Images (c) and (e) are the results of exposure calibration, which now
have the same exposure intensity with (a).

Fig. 6. Exposure calibration: (a), (b) and (d): original captured images in two diﬀerent
exposure times; (c) and (e): exposure calibration results of (b) and (d)

Clearly, the exposure calibration can be done accurately enough for 3D reconstruction. However, it should still be pointed out that because of the low
dynamic range, images through exposure calibration cannot recover all the color
information, and texture in some regions especially the saturated areas appears
to be artiﬁcial and noisy. Generating HDR texture for 3D models aims to solve
this problem and is just the motivation of our work.
4.2

Reconstruction of Geometry

Fig. 7 compares the geometry reconstruction results between visual hull [3],
PCMVS [10] and our method. Our method uses the exposure calibrated images
as inputs, while both visual hull and PCMVS use the images captured with
carefully determined single exposure time to ensure the reconstruction quality.
Obviously, visual hull performs the worst among these methods. And for PCMVS
and our results, it is hard to tell the diﬀerence between them even with careful
observation. It proves that our method achieves the same geometry reconstruction accuracy as PCMVS while using multi-exposed images as inputs.

Fig. 7. Geometry reconstruction results. From left to right: original captured images;
visual hull results; PCMVS results; our results.

Note that the geometry reconstruction module in our approach is totally decoupled from other modules, and hereby our approach is ﬂexible to adopting any
better MVS algorithms (e.g. [18]) to improve the reconstruction result.
4.3

Recovery of HDR Texture

The method for generating HDR texture is introduced in Section 3.3 and the
recovered relative radiance map is used as the HDR texture after being taken
the logarithm of is values. Fig. 8 illustrates the models of “plaster ﬁgure” with
HDR texture (remapped to 0-255) generated by our method and LDR texture
generated by the single exposure method. It is obvious that the HDR texture
contains more color information in both bright and dark regions.

Fig. 8. Results of HDR texture recovery and rendering for “plaster ﬁgure”. For the
rendering results, the top and middle re-map the bright region, the bottom re-map the
dark region.

Fig. 9. Another result of HDR texture recovery and rendering for “article objects”.
Ellipse regions in the middle image show the local rendering results from HDRT model.

Luminance rendering results are further compared in Fig. 8. For HDR texture,
diﬀerent value ranges of the logarithmic relative radiance map are remapped to
0-255 to form the new textures; and for LDR texture, same ranges of the original
8bit color values are scaled to 0-255 as well. As shown in Fig. 8, the ﬁrst two
rendering settings aim to extract the details in the bright areas. Clearly, HDR
texture rendered results derive plenty of details while the LDR texture fails. This
is because the color information which LDR texture contains is highly limited
and depends on the exposure setting. Thus bright areas with most pixel values
saturated cannot oﬀer any extra information in re-lighting. The last rendering
results in Fig. 8 represent the textures under relatively strong illuminance. This

time the LDR texture rendered result is pretty good since the original LDR
images are captured in a relatively long exposure time (30ms). On the other
hand, HDR rendered result is still satisfactory.
Fig. 9 shows contrast experimental results with reconstructed models “article
objects”. The models with HDR and LDR texture are shown in the left and
right, and the HDR texture rendered results can be seen in the three ellipses in
the middle image. Notice the regions around the box and the book, most pixel
values there are saturated in the LDR texture, which indicates that no details
can be recovered. If shorter exposure time is used to capture the detail, the bag
at the bottom would be totally invisible. On the contrary, the HDR texture keeps
details both in the bright and dark regions within its high dynamic value range.

5

Conclusion

In this paper, we present a eﬃcient approach for reconstructing 3D model with
high dynamic range texture (HDRT) via multi-view stereo (MVS). Although
both multi-view stereo and high dynamic range imaging attract lots of attentions
from researchers, no joint research has been reported by now. Our approach includes three stages: multi-view multi-exposure image capturing; high-precision
camera response recovery and image calibration; and ﬁnally 3D model reconstruction with HDR texture. Experimental results have demonstrated the eﬀectiveness of our approach, and also the superiority of using these HDR texture
models in illuminance rendering. Future works will include enhancing the geometry reconstruction precision by adopting new MVS algorithms or even utilizing
our multi-exposure images to improve the existing MVS algorithms.
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