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Abstract. This paper addresses the problem of feature-based 3D reconstruction
model for close-range objects. Since it is almost impossible to find pixel-to-pixel
correspondences from 2D images by algorithms when the object is imaged on a
close range, the selection of feature correspondences, as well as the number and
distribution of them, play important roles in the reconstruction accuracy. Then,
features on representative objects are analyzed and discussed. The impact of the
number and distribution of feature correspondences is analyzed by reconstructing
an object with standard cylinder shape by following the reconstruction model
introduced in the paper. After that, three criteria are set to guide the selection of
feature correspondences for more accurate 3D reconstruction. These criteria are
finally applied to the human finger since it is a typical close-range object and
different number and distribution of feature correspondences can be established
automatically from its 2D fingerprints. The effectiveness of the setting criteria is
demonstrated by comparing the accuracy of reconstructed finger shape based on
different fingerprint feature correspondences with the corresponding 3D point
cloud data obtained by structured light illumination (SLI) technique which is
taken as a ground truth in the paper.

1 Introduction

The 3D geometric shape and appearance of objects offer attributes that are invariant to
the changes introduced by the imaging process. These attributes can facilitate recog-
nition and assist in various applications, including graphical animation, medical ap-
plications, and so forth. Thus, how to obtain the 3D geometric models of real objects
has attracted more and more attentions from researchers and companies [1-18]. In
computer vision and computer graphics, the process of capturing the shape and ap-
pearance of real objects refers to 3D reconstruction. Currently, the existing 3D recon-
struction techniques are divided into two categories: active and passive modeling.
Active modeling creates the 3D point cloud data of geometric surface by interfering
with the reconstructed objects, either mechanically or radiometrically [1-6], while the
passive modeling uses only the information contained in the images of the scene to
generate the 3D information, namely image-based reconstruction [7-17]. Each of these
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two kinds of modeling has its own advantages and disadvantages. The active modeling
reconstructs the 3D model of objects by devices directly with high accuracy but the
used devices are costly and cumbersome [18]. The image-based reconstruction gene-
rates the 3D model of objects based on their 2D plain images captured by cameras
which are challenged to achieve high reconstruction accuracy but the adopted capturing
devices (cameras) are usually cheap and light weight [19]. Considering the cost and
portability, as well as aiming to make breakthroughs to the reconstruction accuracy,
image-based reconstruction is deeply investigated, as summarized in [20, 21].

As summarized in [20], there are mainly five kinds of image-based reconstruction
methods: shape from shading [7-9], photometric stereo [14-16], stereopsis [10,11],
photogrammetry [22-24], and shape from video [12,13]. The shape-from-shading
approaches recover the shape of an object from a gradual variation of shading in the
image and only one 2D image is needed for depth calculation. Thus, they are the least
on equipment requirements but at the price of accuracy and computational complexity
[25]. Photometric stereo methods measure 3D coordinates based on different images of
the object’s surface taken under multiple non-collinear light sources. This kind of
methods is an improved version of the shape from shading ones. Higher reconstruction
accuracy is achieved due to the usage of more light sources and images [20]. The
stereopsis approaches calculate the 3D depth by binocular disparity and two different
images captured at the same time are necessary for 3D depth computation. This kind of
methods provides better accuracy with less mathematical complexity but difficulty lies
in establishing of feature correspondences in two different images automatically and
making essential equipment calibrations [26]. Photogrammetry approaches use the
same methods to compute the 3D coordinates as the stereopsis ones. Thus, they have
similar merits and drawbacks. But, photogrammetry approaches usually use more than
two images and produces good results in some types of applications. Typically, they
have been successfully applied for modeling archaeological and architectural objects
[20]. The shape-from-video approaches render the assumptions in all previous methods
since a series of images can be parted from a video. But the problem still lies in the
establishment of correspondences from 2D plain images. This kind of methods is
usually used in reconstructing terrain, natural targets and buildings [21]. Among all of
those methods, photogrammetry approaches are classical and well established ones.
They have been around since nearly the same time as the discovery of photography
itself [27]. Whereas, photogrammetrists are usually interested in building detailed and
accurate 3D models from images. However, in the field of computer vision, work is
being done on automating the reconstruction problem and implementing an intelligent
human-like system that is capable of extracting relevant information from image data
[28]. Thus, algorithms are usually specifically designed for different applications.
Currently, the applications of 3D reconstruction approaches are mainly focus on the
modeling of terrain, natural targets, as well as archaeological and architectural objects.
The characteristics of those kinds of objects are imaged at a long distance and have
contour points, as the examples shown in Fig. 1. The reconstruction of these kinds of
objects made researchers ignored two important problems met by the reconstruction of
close-range objects: one is that it is hard to find contour points or corner points for
correspondences establishment on their 2D plain images of the close-range objects, the
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influence of the selection of feature correspondences, as well as the number of cor-
respondences is increased for the reconstruction of close-range objects. The other one is
minor depth difference corresponds to a significant rise of pixel difference on 2D plain
images for the reconstruction of close-range objects. The effect of the distribution of
correspondences is enlarged in this situation.

Currently, there are no proven results for close-range objects and irregular surfaces
like human biometrics (see Fig. 2). Motivated by designing an effective method to
model the shape of close-range objects without contour correspondences, a fea-
ture-based 3D reconstruction model is investigated in this paper. This 3D modeling
was on the base of traditional binocular stereo vision theory. The methodology of the
used reconstruction method is first introduced in this paper. Then, for the first time we
analyzed the selection of feature points for correspondence establishment for
close-range objects, as well as the impact of the number and distribution of feature
correspondences on reconstruction accuracy by reconstructing an object with standard
cylinder shape and of radius 10mm. The number and distribution of correspondences
from two pictures of the cylinder were labeled and selected manually. After that, three
criteria were set to guide the selection of feature correspondences on close-range ob-
jects for more accurate 3D reconstruction. These criteria were finally applied to the
human finger since it is a typical close-range object and different number and distri-
bution of feature correspondences can be established automatically from its 2D fin-
gerprints. The effectiveness of the setting criteria was demonstrated by comparing the
accuracy of reconstructed finger shape based on different fingerprint feature corres-
pondences with the corresponding 3D point cloud data obtained by structured light
illumination (SLI) technique which was taken as a ground truth in the paper.

(a) (b)

Fig. 1. Example images of archaeological and architectural objects labeled with contour points,
(a) dinosaur, (b) buildings.

©

Fig. 2. Example images of close-range small objects, (a) finger, (b) palm, (¢) ear, (d) iris.
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2 Feature-Based 3D Reconstruction Model

Based on the theory of binocular stereo vision [29], the 3D information of an object can
be obtained from its two different plane pictures captured at one time. As shown in
Fig. 3, given two images C; and C, simultaneously captured from two viewpoints,
the 3D coordinate of 7 can be calculated if some camera parameters (e.g., focal
length of the left camera f;, focal length of the right camera f;, principal point of the
left camera O, principal point of the right camera O,) and the matched pair

((vl (x, 3 )) YRS (v,, (x..», )) , where v, (*) represents a 2D point in the given images C;
or C, ; x, is the column-axis of the 2D image, and y, is the row-axis of the 2D

image) are provided. Thus, there are mainly three steps to obtain the 3D space coor-
dinate of points from 2D images, namely camera calculation, correspondence estab-
lishment, and 3D coordinates calculation.

Fig. 3. 3D coordinates calculation on 3D space using binocular stereo vision theory.

Camera calibration refers to the calculation of camera parameters. It is the first step
of reconstruction and provides the intrinsic parameters (focal length, principal point,
skew, and distortion) of each camera and extrinsic parameters (rotation, translation)
between cameras necessary for reconstruction. It usually implements off-line and the
commonly used methods and codes are available [30, 31].

Correspondence establishment is of great importance and also a huge challenging
problem to 3D modeling. The methods for correspondence establishment are categorized
into two classes: feature-based approach and correlation technique [32-34]. Feature-based
approach usually produces sparse depth maps by matching feature correspondences while
correlation technique yields to dense depth maps by matching all pixels in the entire
images. Each has merits and drawbacks. Feature-based approach is suitable when good
features can be extracted from 2D images, relatively insensitive to illumination changes
and faster than correlation technique. But it usually just provides sparse depth maps.
While correlation technique is easier to implement than feature-based method and can
provide a dense depth map. It does not work well when viewpoints are very different.
Generally, feature-based approach is preferable than correlation technique by taking
both accuracy and time complexity into account.
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The 3D coordinate of each correspondence can be calculated by using the stereo
triangulation method when given camera parameters and matched pairs between
images of different views [31].

However, to obtain the 3D surface of an object, it is necessary to produce dense
depth maps. They are two ways to realize 3D surface reconstruction by feature-based
approach. One is to establish pixel-to-pixel correspondence by estimating the
transformation model between 2D images based on feature correspondences (labeled
by Framework I). The other one is to find representative feature correspondences from
2D images and given a prior shape model then reconstructing the 3D surface by
interpolation (labeled by Framework II). The first framework of reconstruction
technique is similar to the correlation-based one due to the establishment of
pixel-to-pixel correspondence which has drawbacks of low accuracy and high time
complexity. This paper thus studied reconstruction technique by following Framework
II. Based on Framework II, this paper focused on investigating the influence of feature
correspondences establishment to 3D reconstruction accuracy for close-range objects.
The model of the proposed 3D reconstruction model is shown in Fig. 4.

3 Criteria for Close-Image Objects Reconstruction

Fig. 5 shows an example of the reconstruction result based on the model given in
Fig. 4. It can be seen that the correspondences established on the objects are almost
contour or corner points labeled manually. It is invalid for close-range objects without
contour or corner points on them, which raises problems of the selection of represent-
ative features for correspondence establishment. Meanwhile, the number and distribu-
tion of feature correspondences also plays an important role in the 3D
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Fig. 4. The proposed 3D reconstruction model in this paper.
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(@) (b)

Fig. 5. Building reconstruction results by following the model shown in Fig. 4. (a) contour or
corner correspondences establishment result, (b) 3D reconstruction result wrapped with texture
image.

reconstruction accuracy. These two problems are studied in-depth in the following
subsections. Finally, three criteria are set based on the previous analysis so as to guide
feature correspondences establishment for 3D modeling of close-range objects.

3.1  Selection of Representative Features for Correspondence Establishment

Generally speaking, it is intuitive that corner points which refers to the intersection of
two lines or point which located in two adjacent objects with different principle lines
will be selected as representative features for correspondence establishment, as the
points manually labeled in Fig. 5. However, there are no corner points in some objects,
as the example images shown in Fig. 2. It is necessary to find representative feature
points or corner-like points to instead corner points for correspondence establishment.
By observing the images of objects in Fig. 2, we can see that lines or regions of varia-
tion are widespread in them. In this paper, we assume the points located in the position
with changes as representative feature points. There are three typical situations (e.g. on
line, between lines, between regions) we summarized as follows.

The first two situations are relative to lines, which are for a single line and between
lines. These two situations are analyzed based on fingerprint images since they consist
of lines. As the solid line labeled in the example fingerprint image shown in Fig. 6, for
a single line, it can be seen that changes occur in the end of the line or the point where
its direction changes largely. Generally, the end of a line is defined as termination point
(triangle labeled in Fig. 6) and the point where lines’ direction largely changed refers to
local extreme point (circle labeled in Fig. 6). Thus, such two kinds of points are selected
as representative feature points for a single line in this paper. In the situation of between
lines (see dashed lines labeled in Fig. 6), change just exist in the intersection point of
lines, the representative feature point is then defined as the intersection point between
lines (rectangle labeled in Fig. 6).

The third situation is between regions. Besides lines, some objects consist of dif-
ferent regions, as the iris image shown in Fig. 7. It can be seen that it contains regions
with different textures and colors. Similar to the situation between lines, changes
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occurs in the boundary between adjacent regions, as circles labeled in Fig. 7. Thus, in
the third case, representative feature points are defined as the points in the boundary
between adjacent regions.

Finally, we summarize the first criterion for feature correspondences establishment to
the 3D reconstruction of close-range objects as: Criterion 1: selecting representative
feature points or corner-like points for correspondence establishment.

R

Fig. 7. lllustration of representative feature points between regions in an example iris image.

3.2  Influence Analysis of Correspondences to Reconstruction Accuracy

As known to everyone, it is extremely difficult to establish pixel-to-pixel feature cor-
respondences manually or automatically, especially for close-range objects due to
their small size and the unknown number and irregular distribution of feature points
on them. To the best of our knowledge, there are no literatures available about the
influence analysis of number and distribution of feature correspondences to 3D re-
construction accuracy. This subsection thus studied this problem by reconstructing a
small object with standard cylinder shape and of radius 10mm. To facilitate the labe-
ling of feature correspondences, we wrapped the cylinder with a grid paper, as shown
in Fig. 8(a). As the representative feature points defined in the previous subsection,
those feature points which are located in the boundary between adjacent regions are
manually labeled for correspondence establishment. By following the method intro-
duced in Section 2, the shape of the cylinder can be reconstructed. Here, a 3D soft-
ware was used for the display and analysis of reconstruction results. This software is
popularly used for 3D point cloud data display and analysis.
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First, experiments were organized to analyze the effect of the number of corres-
pondences on 3D reconstruction accuracy. Thus, the distributions of selected feature
correspondences were all even. The largest number of correspondences between two
2D images shown in Fig. 8(b) is set to 40 for the reason that this is the largest area
those points covered in the experiments. The number of feature correspondences both
along horizontal axis and vertical axis was gradually reduced to get different recon-
struction results. Table 1 lists the setting of parameters in the experiments, such as the
number of feature correspondences, the distribution of correspondences, and the sam-
pling interval and direction along decreasing number. The reconstruction results were
also summarized in Table 1. Details of the corresponding feature correspondences
establishment and reconstruction results were given in Fig. 9. From the results, we
can see that the reconstruction accuracy dropped with the decreasing of correspon-
dence number. From Tabel 1, we can see that there is a little influence of number
decreasing on reconstruction accuracy for a line shape (vertical axis). For a curved
shape (horizontal axis), the accuracy decreased when correspondence number de-
creasing and sampling interval increasing. For the same number of feature correspon-
dences, the closer between correspondences, the larger the error may be due to the
effect of errors resulted in 3D coordinate calculation for each correspondence.

Therefore, we set the second criterion for feature correspondences establishment to
the 3D reconstruction of close-range objects as: Criterion 2: Densely sampling of
feature correspondences along the direction where depth changed quickly and
sparsely sampling of feature correspondences along the direction where depth
smoothly changed.

We also conducted an experiment of 3D reconstruction by randomly selecting fea-
ture correspondences with irregular distributions. The selected feature correspon-
dences and its reconstruction result are shown in Fig. 10, where the number of
correspondences is around 20. By comparing the result with Enum-2, Enum-3 and
Enum-4 shown in Fig. 8 (they have similar number of correspondences), we can see
that better results were achieved with large sampling interval no matter the distribu-
tion of feature correspondences is even or not. Thus, the third criterion for feature
correspondences establishment to the 3D reconstruction of close-range objects in this
paper is: Criterion 3: Establishing feature correspondences to cover the surface of
object as large as possible.

(b)

Fig. 8. (a) Original cylinder shape object wrapped with grid paper, (b) 2D images of (a) captured
by the left and right cameras in the experiments.
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Table 1. Setting of experimental parameters and the corresponding reconstruction results.

(a) (b) (c)

(d) (e)

(® (h) (M)

Fig. 9. Established feature correspondences and the reconstruction result for (a) Enum-1, (b)
Enum-2, (¢) Enum-3, (d) Enum-4, (¢) Enum-5, (f) Enum-6, (g) Enum-7, (h) Enum-8, (i) Enum-9,
listed in Table 1.

Oloud [ List {cylindreml

[~ Fit With Riadius
I~ Automatic Paint Fejection

Hesult

enter.
(24452, 1.2935, 100.71122)
Radius = 3.8670,
Height = 13.0693

Fig. 10. Established feature correspondences with irregular distribution and the reconstruction
result.
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4 Case Study: Application to Human Finger

As we can see that human fingers are typical close-range objects. To verify the effec-
tiveness of the proposed reconstruction model and the criteria to the reconstruction
accuracy for close-range objects, this paper took the reconstruction of finger shape as
a case study. The device used to capture 2D fingerprint images was the same as the
one introduced in Ref. [35].

4.1 Effectiveness Validation of the Proposed Reconstruction Model

As mentioned in Section 2, there are two frameworks to realize 3D results by using
feature-based reconstruction technique. The paper selected Framework II in the pro-
posed reconstruction model. This subsection tries to demonstrate the effectiveness of
the proposed model by reconstructing a human finger with two frameworks mentioned
in Section 2. First, we manually labeled 50 representative feature correspondences on
example fingerprint images by following the criteria set in Section 3, as shown in Fig.
11(a). Then, pixel-to-pixel correspondences were established by estimating the trans-
formation model between images based on previously labeled feature correspondences.
The result is shown in Fig. 11(b). Here, the rigid transform was selected as the model
between images. After that, 3D reconstruction results can be achieved by following the
procedures given in Section 2, as shown in Fig. 12. For better comparison, the depth of
the reconstruction result is normalized to [0, 1] by MIN-MAX rule. From Fig. 12, we
can see that the result obtained by the proposed model is closer to the appearance of
human finger than the one generated by following the procedure of framework I.

Furthermore, we compared the reconstruction results with the 3D point cloud data of
the same finger to verify the effectiveness of the model. The 3D point cloud data are
defined as the depth information of each point on the finger. They are collected by a
camera together with a projector using the Structured Light Illumination (SLI) method
[36, 37]. Since this technique is well studied and proved to acquire 3D depth informa-
tion of each point on the finger with high accuracy [36, 37], 3D point cloud data ob-
tained using this technique are taken as the ground truth of the human finger in this
paper. Compared our results in Fig. 12 with the ground truth shown in Fig. 13, it can be
seen that the profile of the human finger shape reconstructed based on the proposed
model is similar to the 3D point cloud data even though it is not that accurate. Mean-
while, the reconstruction result based on framework I shown in Fig. 12(a) is quite
different from the 3D point cloud data. The real distances between the upper left core
point and the lower left delta point of the reconstruction results in Fig. 12(a) and Fig
12(b), as well as of the ground truth in Fig. 13(a) were also calculated. The corres-
ponding values are 0.431, 0.353 and 0.386, respectively. As a result, it is concluded that
the proposed model is effective even though there is an error between the reconstruc-
tion result and the 3D point cloud data.
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(b)

Fig. 11. Correspondences establishment results. (a) manually labeled 50 presentative feature
correspondences, (b) pixel-to-pixel correspondences (gray part in the center) after rigid trans-
formation between fingerprint images.

(@) (b)

Fig. 12. 3D reconstruction results. (a) reconstruction result based on the model of Framework I,
(b) reconstruction result based on our proposed reconstruction model.

@

Fig. 13. Ground truth of the same finger of Fig. 11 captured by structured light illumination
(SLI) technique. Comparison of 3D fingerprint images from the same finger but different ac-
quisition technique: (a). original fingerprint image captured by the camera when collecting 3D
point cloud, (b). 3D point cloud collected by one camera and a projector using the SLI method.
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Table 2. Reconstruction results from different fingerprint feature correspondences of Fig. 11.

Result:
esuits Established cor- Reconstructed 3D

Used feature respondences fingerprint image

Minutiae

Ridge fea-
ture

4.2 Criteria Verification

This paper proposed three criteria to guide feature correspondences establishment for
the 3D reconstruction of close-range objects. The effectiveness of such criteria was
verified by analyzing the reconstruction accuracy based on different fingerprint fea-
ture correspondences. As studies in [38], there are two classical fingerprint features
for low resolution fingerprint images, namely ridge feature and minutiae. Feature
correspondences were first established automatically from the images shown in
Fig. 11 by using the algorithms introduced in [35, 38, 39], and then the reconstruction
results were generated based on those three different fingerprint feature correspondences,
as illustrated in Table 2. It can be seen that the results are different corresponding to dif-
ferent feature matched pairs due to different numbers and distribution of established
fingerprint feature correspondences and also the existence of false correspondences.

From the results shown in Table 2, it can be seen that the reconstruction result
based on minutiae correspondences is better than the one based on ridge feature. The
histograms of error maps between the results in Table 2 and the ground truth in Fig.
13(b) are shown in Fig. 14. Smaller errors were achieved between the minutiae-based
reconstruction result and the ground truth. These results fully demonstrated the pro-
posed criteria in this paper that: (1) minutiae, which refer to the ends or bifurcations
of ridges, are satisfied the definition of representative feature points or corner-like
points in the paper. However, ridge feature, which is the sampling of lines, provides
too much insignificant information. Thus, it is better to select representative feature
points or corner-like points for correspondence establishment; (2) poor result will be
achieved if densely establishing correspondences along the direction with smoothly
changed depth, like ridge feature correspondences. Therefore, we recommended to
sparsely sampling of feature correspondences along the direction where depth
smoothly changed; (3) the region covered by minutiae correspondences is larger than
the one covered by ridge correspondences, better reconstruction result is achieved
correspondingly. Hence, this paper set the third criterion for feature correspondences
establishment to cover the surface of object as large as possible.
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(@ (b)

Fig. 14. Histogram of error maps between reconstructed results in Table 2 and Fig. 13(b). (a)
histogram of err map between Fig. 13(b) and reconstruction result by using minutiae, (c) histo-
gram of err map between Fig. 13(b) and reconstruction result by using ridge feature.

5 Conclusion

The issue of feature-based 3D reconstruction method for close-range objects was
investigated in this paper. For close-range objects, it is very hard to found pixel-to-pixel
correspondence from their 2D images. Thus, our study mainly focused on 3D modeling
with limited feature correspondences. In this situation, the selection of representative
feature correspondences, the number and distribution of the feature correspondences
play an important role in the 3D reconstruction accuracy. Then, features on represent-
ative close-range objects were analyzed and the suitable features for correspondence
establishment were indicated. Subsequently, the impact of the number and distribution
of feature correspondences was analyzed by reconstructing an object with standard
cylinder shape and of radius 10mm. Three criteria were set to guide the selection of
features on close-range objects for more accurate 3D reconstruction. We finally took
the reconstruction of human finger as a case study by applying our setting criteria. The
effectiveness of the setting criteria was demonstrated by comparing the accuracy of
reconstructed finger shape based on different fingerprint feature correspondences with
the corresponding 3D point cloud data obtained by structured light illumination (SLI)
technique which was taken as a ground truth in the paper.
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