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This study presents an automatic matching method for 
generating a dense, accurate, and discontinuity-preserved 
digital surface model (DSM) using multiple images 
acquired by an aerial digital frame camera. The proposed 
method consists of two main procedures: area-based 
multi-image matching (AMIM) and stereo-pair epipolar 
line matching (SELM). AMIM evaluates the sum of the 
normalized cross correlation of corresponding image 
points from multiple images to determine the optimal 
height of an object point. A novel method is introduced for 
determining the search height range and incremental 
height, which are necessary for the vertical line locus used 
in the AMIM. This procedure also includes the means to 
select the best reference and target images for each strip so 
that multi-image matching can resolve the common 
problem over occlusion areas. The SELM extracts densely 
positioned distinct points along epipolar lines from the 
multiple images and generates a discontinuity-preserved 
DSM using geometric and radiometric constraints. The 
matched points derived by the AMIM are used as anchor 
points between overlapped images to find conjugate 
distinct points using epipolar geometry. The performance 
of the proposed method was evaluated for several different 
test areas, including urban areas. 
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I. Introduction 

A wide variety of matching methods for automatic 3D 
surface generation has been developed and presented in the 
literature, but most of these have not provided satisfactory 
results, especially for complex urban areas. The problematic 
areas in urban aerial images are discontinuous regions, hidden 
and occluded areas, homogeneous areas, and repetitive pattern 
areas, which result in very difficult and ambiguous matching. 
As recent airborne digital images, however, have higher 
radiometric resolution and higher overlap, the problems faced 
by automatic matching procedures could be reduced or 
overcome with the development of a novel matching approach. 
The primary goal of the matching method proposed in this 
paper is to generate an accurate and dense regular-grid 3D 
surface model, especially for urban areas, using aerial multi-
images. Before presenting our matching approach, we review 
some of the work published in this field, especially that related 
to multi-image matching. 

Conventionally, to generate a discontinuity-preserved 3D 
surface model, distinct points or edges are first extracted and 
matched to determine the 3D position. Reference [1] performs 
epipolar line matching to find conjugating edge points in a 
stereo model based on feature-based and area-based 
approaches, and dynamic programming (DP). Since this 
method computes a simple similarity measure with left and 
right pixel information of each edge point on an epipolar line 
without geometric constraints, the result of matching can 
strongly be affected by local intensity differences. This method 
also has disadvantages of DP, such as a streaking effect in the 
epipolar direction and a smearing effect [2]. For multi-image 
matching, [3] uses distinct points and matched these using the 
weighted sum of squared-differences (SSDs). Even though this 
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method tries to avoid falsely matched points in occlusion areas 
using the SSD profile, it is not certain that this approach can 
rigorously detect the occlusion areas. Instead of SSDs, [4] uses 
the intersection of epipolar lines from multiple images to find 
the conjugate points among interest points. Since this method 
does not define a search range along the epipolar lines, it can 
produce false conjugate points. Similar to the epipolar line 
intersection, [5] finds a voxel where 3D rays from multiple 
images intersect in 3D space and uses the space-sweep 
approach to match edge points. The matching quality of this 
method can be strongly affected by the size of a voxel in terms 
of accuracy of 3D points. References [6], [7] suggest a feature-
based matching method using linear features. However, this 
approach does not suggest how to deal with the linear features 
in occlusion areas to avoid false matching. References [8], [9] 
develop a method to match corresponding points along the 
edges using epipolar geometry and least median of squares for 
rays. Instead of matching only points or edges, [10] proposes a 
multiple primitive multi-image matching method that matches 
interest points, edges, and grid points using multiple images. 
The sum of normalized cross correlation (SNCC) using 
geometrically constrained cross correlation is applied for 
measuring the similarity of feature points and grid points. For 
application of the SNCC, the search height range for a selected 
point is determined by an approximate digital surface model 
(DSM), and each normalized cross correlation (NCC) is 
computed stepwise within the search height range. Similar to 
[10], [11] classifies matching entities as closed edges, straight 
edges, curved edges, edge points, and grid points. The multi-
patch size matching using NCC and least squares matching are 
applied. References [10], [11] do not take into consideration the 
occluded areas in measuring the similarity, and hence they can 
cause falsely matched points, especially in urban areas. For 
implementing these methods, pre-processing to extract interest 
points or edges should be performed, and thus the 
computational load is increased. 

In the following studies, attempts are made to match all 
image pixels in order to generate a DSM with maximally dense 
image resolution without pre-processing to extract edges. 
Reference [12] presents a hierarchical correlation-based 
matching technique for generating a disparity map using the 
epipolar constraints. This technique uses a support function and 
relaxation algorithm to resolve ambiguities. However, this 
technique does not take into consideration the occluded areas, 
and the search height range along the epipolar line and 
matching candidate pixels may therefore be detected 
incorrectly. For detecting and removing occluded points along 
epipolar lines, [13] proposes semiglobal matching and mutual 
information using a joint probability distribution and smoothed 
cost for generating a disparity map. Since constraints of the 

smoothed cost are empirically determined by the image 
information, the resulting disparity map can strongly be 
affected by local intensity differences. For a video sequence, 
[14] presents methods for recovering a consistent depth map 
using a bundle optimization framework to improve the depth 
estimation around the occlusion boundaries. The depth maps 
generated in [12]-[14] perform well for areas with strong 
texture but have difficulties with weakly textured areas [15]. 
Based on the vertical line locus [16], which is able to partially 
overcome repetitive pattern problems, [17] proposes a multi-
image correlation with radiometric attenuation to measure the 
similarity without taking occlusion into consideration. 
Reference [18] proposes an algorithm for multi-view stereopsis 
that outputs a dense set of small rectangular patches covering 
the surfaces visible in the images. Because of the lack of 
regularization, the patch generation step reconstructs 3D points 
only where there is reliable texture information, and post-
processing is necessary to fill in possible holes and obtain a 
complete mesh model. 

As discussed in previous research, dense and accurate DSM 
generation typically involves three common problems. The 
first issue is how to constrain the search range of an object 
point in order to accelerate the matching process and also 
reduce the number of ill-matched points. The second issue is 
how to exactly match discontinuous regions such as building 
boundaries and homogeneous areas such as ground. The 
occlusion area is the third problem, especially when applying 
area-based multi-image matching (AMIM) over a complex 
urban area. Since multiple images have different views, they 
have different occluded and visible areas. Without a reliable 
method to determine occlusion areas, final products can be 
seriously deteriorated. 

II. Overview of Matching Approach 

The matching approach proposed in this paper takes 
advantage of both area-based and feature-based matching. The 
area-based matching plays a key role in the generation of a 
dense 3D surface model, while feature-based matching copes 
with the inadequate performance in area-based matching over 
problem areas such as homogeneous and discontinuous areas. 
The proposed approach also takes occlusions into account 
through an intermediate DSM. The salient feature of the 
proposed approach is in the use of object-space-guided multi-
image matching. The matching approach consists of successive 
and iterative steps, where each step is appropriate for dense and 
accurate 3D surface generation. The overall procedure of the 
approach is shown in Fig. 1. An image pyramid is first 
prepared using a Gaussian filter with a sub-sampling factor of 2. 
It is well known that a coarse-to-fine approach drastically  
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Fig. 1. Overall procedure of proposed approach. 
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reduces the search space as well as the number of ill-matched 
points. Also, the image pyramid solves the problem of 
determining the approximate heights in the region, starting with 
a horizontal plane as an approximation of the terrain [4]. In the 
proposed approach, the intermediate DSM generated from the 
lower level of the image pyramid is used for matching upper- 
level images. More precisely, the intermediate DSM constrains 
the search space of object points to match. Thus, we are not 
concerned with the case where matched points are missing 
through a consecutive image pyramidal level. 

The first main step in the approach is AMIM based on the 
vertical line locus. This process creates a regular-grid DSM on 
every level of the image pyramid through an analysis of the 
correlation profile constructed from multi-images. Since the 
AMIM entails area-based matching, it runs on the assumption 
that the terrain is a smooth surface, and thus may not perform 
well over breaklines such as building boundaries. To improve 
the performance over discontinuities as much as possible, we 
incorporate the concept of an adaptive window into the AMIM 
in computing correlation coefficients [19]. In addition, the 
intermediate DSM allows detection of the occluded areas 
among multi-images in the upper level of the image pyramid, 
which ultimately improves the quality of the final DSM. 

The second step aims to successfully cope with the 
limitations of the AMIM in matching problematic areas such as 
homogeneous areas and building boundaries. Stereo-pair 
epipolar line matching (SELM), a type of feature-based 
matching, attempts to match distinct points along epipolar lines 
using geometric and radiometric constraints and an 
intermediate DSM. In the SELM, the matched points from the 
AMIM, which lie on epipolar lines, are selected and used as 
anchor points. Only those distinct points detected between 
anchor points on epipolar lines are rigorously matched through 
a predefined cost function. In doing so, the search space for 
distinct points is reduced drastically; therefore, the number of 

false matches and computation time decrease. The heights of 
the remaining unmatched pixels between the anchor point and 
matched distinct points are then linearly interpolated if the 
condition meets the pre-defined requirements. The major role 
of the SELM is to improve the DSM from the AMIM, which 
involves preserving breakline information and filling heights 
on homogeneous areas. 

This hierarchical process is repeated at every level of the 
image pyramid to refine the intermediate DSM. Finally, the 
final DSM is generated from the highest resolution image. 
Thus, the grid size of the final DSM corresponds to the ground 
pixel size of the original image. The following sections 
describe the detailed procedure of the proposed approach. 

III. Area-Based Multi-image Matching 

The goal of AMIM is to determine an optimal height for 
every single grid cell for a raster DSM at each level of the 
image pyramid. The proposed AMIM is an area-based multi-
image matching method with a vertical line locus. Initially, the 
concept of the vertical line locus was introduced to 
automatically generate a DSM using a stereo image pairing. It 
is well known that the vertical line locus is a strong geometric 
constraint reducing the search space to a large extent. However, 
it is not appropriate to use a pre-defined and fixed search range 
for each vertical line locus. In this paper, we propose a novel 
approach to constrain the search range adaptively by using an 
intermediate DSM generated at each level of the image 
pyramid. 

As shown in Fig. 2, the object space is defined as regularly 
spaced grids. On each grid, approximate heights within the 
search range are assigned along the vertical line within the 
object space, and the plausible points are then projected back to 
multiple images. For every assigned height, the similarity 

 
 

Fig. 2. Proposed method estimating optimal height using vertical
line locus and SNCC (adapted from [17]). 
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measure is computed with multiple images. The height 
yielding the highest similarity is then determined as the optimal 
height for that grid point. In contrast to the case of stereo image 
matching, multi-image matching uses the SNCC as a similarity 
measure. However, the difference between our method and 
other methods is that we take occlusion into account in 
computing the SNCC, which will be explained in subsection 2. 
The cross correlation coefficient is quite sensitive to the size of 
the window, and the AMIM uses a 4-directional adaptive 
window in the process to reflect the context of the image. 

1. Height Search Range 

In order to reduce computational complexity and erroneous 
image matching, the height search range (∆Z in Fig. 2) for each 
DSM cell needs to be determined adaptively along the vertical 
line in an object space.  

The proposed method defines the search range by using an 
intermediate DSM, or, more precisely, the triangulated irregular 
network (TIN) model generated from the matched points in the 
lower level of the image pyramid. As the matching process 
moves forward through the image pyramid, the intermediate 
DSM becomes refined, and thus the height search range is also 
refined. 

In Fig. 3, small dots denote matched cells in the lower-level 
DSM generated by the AMIM. TU represents grid cells in the 
upper-level DSM to be constrained by the search range. TL is a 
corresponding grid cell in the lower level, which is not a 
matched cell. To determine the height search range for TU, the 
triangular patch containing TL must first be selected. All 
triangular patches (N1 to N11) sharing any one of the 3 vertices 
(H1, H2, H3) of the triangular patch containing TL are then 
searched and selected. The height search range [Zmin, Zmax] is  

 

 

Fig. 3. Determination of height search interval by TIN model.
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then determined by the lowest and highest heights that are 
drawn from all triangular patches involved. Where TL is a 
matched cell such as H1, all triangular patches sharing H1 as a 
vertex are searched and selected. The remainder of the process 
is the same as that explained for TL. The probability that the 
search height range can include the correct height for TU 
increases using this method. Furthermore, false-matching 
errors will decrease, and this will also decrease the 
computational complexity. It should be noted that, in the lowest 
level of the image pyramid, the search height range is set from 
a priori knowledge of the terrain. 

In addition, the increment in height (δZ) within the search 
range also plays a role in improving the quality of the DSM as 
well as the performance of the matching process. In practice, 
δZ represents the height resolution for an SNCC profile within 
the search range (see δZ in Fig. 2). We develop a simple and 
effective method that makes use of ground pixel resolution (or 
expected height accuracy) for determining δZ adaptively 
through the image pyramid. The expected height accuracy σZ 
for a stereo model is derived by the law of error propagation as 

2 ,
( / )

σσ =Z H
B H f                 

(1) 

where σ denotes the standard errors of an image measurement, 
B is the length of the air base, H is the average flying height 
above the ground level, and f is the principal distance of the 
camera. 

The relief displacement Δr corresponding to the height 
accuracy σZ in the stereo model can be determined by  

1 2 ,
/

σ σ
Δ = =Zr r r

H B H f            
(2) 

where r refers to the distance from the principal point to an 
image point where relief displacement occurs.  

For example, if aerial images having 13,824 pixels by 7,680 
pixels are captured with 80% endlap and 60% sidelap, the 
maximum Δr is about 1.8σ in the case of a 120-mm principal 
distance and 1,000-m flying height. σ can be used as the 
standard error of the image matching point. If σ is about    
1.0 pixel for the AMIM, Δrmax corresponding to σZ is about  
2.0 pixels. If half of σZ is used as δZ, Δrmax corresponding to σZ 
is about 1.0 pixel, and thus all pixels corresponding to relief 
displacement in an image can be computed for SNCC. In this 
way, the image matching process can achieve a height 
accuracy of at least one pixel. Therefore, based on the error 
propagation, δZ using multiple models can be used by  
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where m refers to the number of models. 
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2. Selection of Reference Image 

The method of selecting reference images proposed in the 
paper differs significantly from that of previous research [3], 
[10], [17]. As the AMIM proceeds, the reference image can be 
changed for each grid cell of the DSM. First, the planimetric 
distances between each grid cell and nadir positions of the 
multiple images involved are computed. The image that has the 
shortest distance among them is then selected as the reference 
image for the grid cell to be matched. In this way, it is assured 
that we will have a greater likelihood of selecting the image 
directly down-viewing the grid cell, which eventually improves 
the performance of multi-image matching with the vertical line 
locus. It is obvious that this approach involves significant 
computing time. However, it is implemented for better 
performance in urban areas. 
 

 

Fig. 4. Selection of nadir and strip reference images for
computing SNCC (in image ID, first number refers to
strip ID and second number is photo ID). 
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Fig. 5. Two decision measures for determining optimal height.
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When the reference image, called the nadir reference image, 
is chosen for each grid cell, the similarity measures are 
computed for all overlapped images on which the grid cell of 
interest is shown. One image of each across-strip having the 
highest similarity measure is then selected as the strip reference 
image. In contrast to previous studies, we choose one nadir 
reference image and one strip reference image for each across-
strip in computing the SNCCs for each grid along the vertical 
line. As shown in Fig. 4, the image ID 8-577 is selected as the 
nadir reference image and the images ID 7-450 and ID 9-703 
are chosen as the strip reference images for the 7th and 8th strip, 
respectively.  

In previous research [3], [10], [17], one reference image is 
selected and the NCCs are computed with each target image 
involved, while the proposed approach chooses both one 
reference image and one strip reference image for each strip, 
and the NCCs are computed with each target image strip by 
strip. It should be noted that the nadir reference image is also a 
strip reference image. In addition, the proposed approach takes 
the occlusion into consideration in computing the NCCs. This 
means that target images that are occluded do not contribute to 
the computation of the NCCs. The intermediate DSM 
determines whether or not the target images are occluded. The 
previous approach and our approach are implemented, and it is 
found that our approach outperforms the previous approach in 
computing the NCCs as well as the SNCCs. 

3. Optimal Height Determination  

The AMIM determines the optimal height by evaluating the 
SNCC profile. According to [19], the size of a window should 
be adaptively changed due to local variations of gray values. 
Thus, the 4-directional adaptive window is applied in 
computing the similarity measure among multiple images. In 
addition, the adaptive window has an advantage in improving 
the area-based image matching quality around man-made 
objects.  

The SNCC profile is constructed for determining the optimal 
height of each grid cell of the DSM. Each SNCC for every 
height increment δZ within the height search range [Zmin, Zmax] 
is calculated by  

1

1 ,= ∑
n

i=

SNCC NCC
n

                 (4) 

where n refers to the number of NCCs computed. 
The proposed approach uses two decision rules that 

determine the optimal height for each grid (see Fig. 5). 
• Decision rule 1: the first highest peak ( 1st peakSNCC ) > T1, 
• Decision rule 2: the difference between the first and second 

highest peaks ( 1st peakSNCC – 2nd peakSNCC ) > T2, 
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where 1st peakSNCC  and 2nd peakSNCC are the first and 
second highest peaks, respectively, and SNCCmin is the 
minimum value in the profile. T1 is a threshold value for the 
first highest peak, and T2 is a threshold value computed by 

1st peak min
2 ,

−
=

SNCC SNCC
T

K            
(5) 

where K is an empirically determined constant.  
In order to determine the optimal height, the two decision 

rules should be satisfied simultaneously. If there is one peak in 
the profile, only the first rule is evaluated in the process. In 
most previous research using the SNCC, the first rule is applied 
as presented above; however, the second rule is applied 
differently. To implement the second rule, in the previous 
research, a simple and fixed threshold value is used, such as 0.3 
for T2, while the proposed approach uses a method in which T2 
is computed adaptively reflecting the SNCC profile. 

IV. Stereo-Pair Epipolar Line Matching 

The concept of the AMIM involves determining the correct 
height by evaluating the SNCC profile and enforcing the 
search range along the vertical line locus. Although multiple 
images are used and the search space is reduced, the AMIM 
suffers from similar problems, to other area-based image 
matching techniques such as discontinuous and homogeneous 
areas. Thus, the SELM is proposed to cope with the problems 
that the AMIM cannot completely avoid, especially in urban 
areas.  

The SELM extracts distinct points along epipolar lines and 
runs on each stereo pair configured from multiple images 
involved. The distinct points are defined as inflection points of 
image gray-level profiles, which is similar to the approach of a 
gradient operator detecting edges. The matched image points 
from the AMIM are used as anchor points that define the 
search range along the epipolar lines of each stereo pair. Taking 
such matched image points as anchor points can reduce the 
search space, thereby reducing the computation load and 
increasing the possibility of correct matches for the distinct 
points extracted. In measuring the similarity between distinct 
points in a stereo pair, a new cost function is proposed using 
geometric and radiometric constraints. After matching distinct 
points, unmatched image points between matched distinct 
points can be linearly interpolated for heights.  

1. Search Range for Distinct Points along Epipolar Line Pair 

The SELM selects a nadir image as the reference image with 
respect to the target area of interest since there is less chance of 
an occluded area in the reference image. The epipolar  

 

Fig. 6. Anchor and distinct points along epipolar line pair. 
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geometry between the nadir image and all of the images 
overlapped with the nadir image is established by the 
coplanarity condition. The anchor points that lie on the epipolar 
line pair are searched and selected. Due to occlusion, those 
anchor points that do not belong to the epipolar line pair are 
excluded from each stereo pair. With a radiometric 
transformation such as the min-max linear stretch, the gray- 
value difference between the two epipolar lines of the stereo 
pair is balanced for the similarity measure. The distinct points 
extracted along the epipolar line pair can represent the parts of 
discontinuities, which will be regarded as the matching 
candidate points for the SELM. Since the distinct points are the 
inflection points on a gray-level profile, the characteristics of 
inflections such as peaks and valleys will be used as a cue for 
matching. 

Once the anchor points and distinct points are arranged on 
the epipolar line pair, the SELM divides the epipolar lines into 
sub-parts using anchor points, as shown in Fig. 6. Each sub-
part subtended by two anchor points defines the search range 
where the SELM searches and matches rigorously distinct 
points. The novel approach proposed in this paper can avoid 
the ambiguity problem, especially in epipolar line matching. 

2. Geometric Constraint 

In order to match the distinct points along an epipolar line 
pair, the gray-value distribution on both the left and right sides 
of the distinct points are evaluated for a similarity measure in a 
stereo pair [1]. In the case where distinct points lie on smooth 
terrain, both sides of the distinct points can be evaluated for the 
similarity measure. However, if distinct points lie on breaklines 
such as building boundaries, either the left or right side of these 
points may not represent a similar gray-value distribution in an 
epipolar line pair due to occlusion or foreshortening. For this 
reason, the SELM incorporates a geometric constraint in order 
to cope with problematic areas such as occluded and 
foreshortened areas. More precisely, the SELM makes a 
decision about which side can be occluded with respect to the 
distinct point by comparing the height of the anchor point with 
the approximate height of the distinct point. Once the occluded 
or foreshortened side is determined, that side is excluded from 
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Fig. 7. Geometric constraint for similarity measure for (a) case 1 and (b) case 2. 
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computation of the similarity measure for matching the distinct 
point. In this way, we can match the distinct points lying on 
breaklines more reliably.  

In Fig. 7, case 1 shows that the height of the anchor point is 
lower than that of the distinct points r2 and t2 in the reference 
and target images, respectively. In this case, one can see that the 
distinct points r2 and t2 sit on breaklines. Therefore, the epipolar 
line pair, IL

r2 and IL
t2, on the left side of r2 and t2 should be 

excluded for computing the similarity measure because of the 
possibility that the area OT occluded in the target image is high. 
However, the other side of the epipolar line pair, IR

r2 and IR
t2, 

has less possibility of occlusion; hence, this side contributes 
only to computing the similarity measure. In case 2, the height 
of an anchor point is higher than that of the distinct points r2 
and t2, which shows that the anchor points ar and at lie on the 
breaklines. Therefore, the epipolar line pair, IL

r2 and IL
t2, in the 

left side of r2 and t2 should not be considered in computing the 
similarity measure due to the foreshortening. The other side of 
the epipolar line pair, IL

r2 and IL
t2, for r2 and t2 is selected only 

for a similarity measure. In summary, if the difference between 
the height of the anchor point and the approximate height of the 
distinct points exceeds the predefined threshold, the SELM 
selects the opposite side to the anchor point for computing the 
similarity measure of the distinct point. Otherwise, the SELM 
includes the part between the anchor and the distinct point 
when computing the similarity measure.  

The similarity measure based on the geometric constraint is 
the normalized correlation coefficient, parray. In most cases, the 

number of corresponding pixels along the epipolar line pair 
will differ due to the image scale, terrain undulation, and 
perspective geometry. Simply, the corresponding pixels are 
linearly matched in computing parray. Equation (6) represents 
the cost function, GCdiff , drawn from the similarity measure 
based on the geometric constraint: 

array
diff diff

(1 )
(0 1).

2
−

= ≤ ≤
p

GC GC        (6) 

3. Radiometric Constraint 

The radiometric constraint together with the geometric 
constraint is implemented into the SELM. The major role of 
the geometric constraint proposed in this paper is to determine 
the possible occluded side with respect to the distinct point to 
be matched and to evaluate the similarity of gray-value 
distributions over the selected line segments on the epipolar 
lines. In addition to the geometric constraint, the radiometric 
constraint developed in the paper is to evaluate the similarity of 
relative differences between the gray value of the anchor points 
and the gray value of the distinct points in the reference image 
and the target image, respectively.  

The SELM makes use of two measures derived by the 
radiometric constraint in matching the distinct points. First, the 
gray-value differences (∆pae

R and ∆pae
T) between the anchor 

points and the distinct points (matching candidate points) in the 
reference image and the target image, respectively, are 
computed. Second, the gray-value differences (∆pse

R and 
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∆pse
T) between the two end points of the line segment selected 

by the geometric constraint are computed. These four measures 
are normalized into two cost measures and then converted into 
a single cost measure. The two normalized cost measures (pae

diff 
and pse

diff) derived by the radiometric constraint are shown in 
(7a) and (7b), respectively. The two normalized cost measures 
are combined into one cost measure (RCdiff) as shown in (8). 
The cost, RCdiff, ranges from 0.0 to 1.0. In the case where ∆pae

R 
and ∆pae

T have opposite signs, pae
diff is less than 0.0 or greater 

than 1.0. The two distinct points will therefore not be matched 
since the radiometric constraints are not satisfied. 

R T
diff R Tae ae

ae ae aeR
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T R
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ae ae aeT
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, if ,
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diff diff
ae dd

diff diff(0 1).
2
+

= ≤ ≤
p p

RC RC
      

(8) 

4. Matching Strategies 

After extracting distinct points in a stereo image, the SELM 
approximately selects matching candidate distinct points using 
the valleys and peaks. In order to find a correct corresponding 
distinct point in a target image, the similarity measure is 
computed for the matched valleys or peaks. Once a distinct 
point pair is selected, the SELM also assesses whether the 
height calculated by the point pair is within the height range 
pre-determined by the intermediate DSM from the AMIM. 
The SELM computes the similarity measure only for the 
distinct point pairs that satisfy the above conditions: distinct 
point type (valley or peak) and height range. The matching cost 
Φ of the distinct point pair is calculated by (9), which is a cost 
function used in the SELM. The matching cost consists of the 
geometric constraints (GCdiff) and radiometric constraints 
(RCdiff). In (9), wG and wR represent the weights for the 
geometric and radiometric constraints, respectively, and e is the 
threshold value for the matching cost. 

diff diff , ,
1, 0 1, 0 1, 1.

= ⋅ + ⋅ ≤

+ = ≤ ≤ ≤ ≤ + =
G R

G R G R G R

F w GC w RC F e
w w w w w w

  
(9) 

After completion of distinct point matching, the SELM 
estimates unmatched image points between matched points 

along the epipolar line. To estimate the heights of unmatched 
image points, the following two conditions are checked 
between adjacent matched points. First, the height difference 
between these points along the epipolar line should be less than 
the expected height accuracy, which can be estimated by the 
law of error propagation. Second, the grey-level profiles of the 
ranges defined by adjacent matched points should be 
homogenous, or change smoothly. In addition, two ranges in 
stereo images should be radiometrically similar to be two 
ranges in the same area. If the above two conditions are 
satisfied, the heights of the unmatched points are linearly 
interpolated under the assumption that the surface between the 
matched points is smooth or homogenous. 

The final height of matched points is determined by all 
height values from all considered stereo pairs. Each stereo pair 
provides height values with statistical values such as posteriori 
variances of a space intersection procedure. The final height 
value for a point in question is then determined by a weighted 
average method using the posteriori variances of the estimated 
height as weight values.  

V. Experimental Results 

The test data used in this research were 3-strip digital aerial 
images taken by a DMC aerial frame camera over the city of 
Daejeon in February 2007. The average flying height is about 
1,010 m above ground level and the ground sampling distance 
is about 10 cm, and thus the geometric resolution of the final 
DSM is 10 cm. The endlap and sidelap are about 80% and 
60%, respectively. For evaluating the quality of the DSM 
generated by the proposed method, lidar data acquired by 
Optech ALTM3070 in February 2005 were used as reference 
surface data. The density of lidar data is about 2.5 points per 
square meter, and thus the geometric resolution is about 60 cm. 
To investigate the impact of the developed procedure, three 
experimental cases were configured. In case 1, the AMIM was 
tested without the use of strip reference images and occlusion 
detection. In case 2, strip reference images were also utilized as 
well as nadir reference images. In addition, occluded image 
points were detected in each image to avoid false similarity 
measures. Case 3 added the SELM to the conditions of case 2. 
Table 1 presents a summary of the three experimental cases. 

Figure 8 shows the test areas captured in nine overlapped 
images, which are selected from the test dataset consisting of 
three strips. As can be seen, the test area contains many 
occluded areas caused by high-rise apartments. In addition, the 
tested multiple images have significant radiometric differences 
with respect to contrast and brightness. Furthermore, the right 
image in the 9th strip is radiometrically contaminated, as shown 
in this figure. Therefore, the test images are an ideal test-bed to 
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Table 1. Three experimental cases for evaluating performance of
proposed method. 

Case Strip reference 
image 

Occlusion 
detection AMIM SELM 

1   ●  

2 ● ● ●  

3 ● ● ● ● 

 

 

Fig. 8. Nine multiple images taken from three overlapped strips.

7th strip 

8th strip 

9th strip 

 
 

 

Fig. 9. Result DSMs generated in (a) case 1, (b) case 2, and (c)
case 3, described in Table 1. 

(a) (b) (c) 

 
 
verify the performance and robustness of the proposed method 
regardless of image quality. Figure 9 presents the results of the 
DSMs generated in the three cases. As shown in Figs. 9(a) and 
9(b), the use of strip reference images and the geometric 
occlusion detection procedure significantly improves the 
quality of the DSM, especially around building areas.  

In addition, case 2 has relatively lower chance of unmatched 
DSM cells compared to the result of case 1. The contribution of 
the SELM can be verified by comparing Figs. 9(b) and 9(c). It 
can be seen that the building boundaries in Fig. 9(c) are much 
clearer than those in Fig. 9(b). In addition to the clear 
breaklines, it can be confirmed that the SELM increases the 
number of matched DSM cells even on a homogeneous 
surface. 

 

Fig. 10. Matching rate and height accuracy for each case. 
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Figure 10 presents a quantitative evaluation of the 

experimental results. This figure shows the matching rate and 
height accuracy analysis of the generated DSM for each case. 
The matching rate of case 1 is less than 40%, which is much 
lower than the matching rates of cases 2 and 3. The highest 
matching rate is about 70% in case 3. Case 3 has a significantly 
higher matching rate than that (54%) of case 2 because the 
SELM has functionality to estimate the height of smooth 
surfaces including homogenous areas. Even though the 
matching rates differ significantly, the accuracies of the 
generated DSMs are compatible. The height accuracy is 
calculated by the height differences between the generated 
DSM and the lidar reference surface. The overall height 
accuracy of about 60% of the matched points is less than    
50 cm; about 80% of the estimated heights satisfy 1.0 m 
accuracy in all three cases. This means that the similarity 
measure used in the proposed method efficiently identifies 
matched image points, and consequently the height values of 
DSM are correctly calculated. From these experimental results, 
it can be demonstrated that the use of the strip reference images 
and occlusion detection procedure can considerably improve 
the matching rate. In addition, it can be confirmed that the 
SELM contributes to generating clear breaklines and 
preserving discontinuities. This stems from matching distinct 
points representing edges along the epipolar line. Furthermore, 
the matching rate is increased even on smooth surfaces because 
interpolation of the range between adjacent matched points 
satisfies the smooth surface. Another feasibility test is presented 
below. The performance of the proposed method (same as in 
case 3) will be discussed in relation to three different test areas. 

Figure 11 shows aerial images and lidar data captured in 
three different areas, as well as the final DSMs generated by 
the proposed method over the same areas using multiple 
images. U1 and U2 are areas containing high-rise buildings, 
while relatively low and small buildings are densely distributed 
in U3. As can be seen in Fig. 11, the generated DSMs are quite 



96   Myoung-Jong Noh et al. ETRI Journal, Volume 34, Number 1, February 2012 

 Aerial image Lidar data Generated DSM 3D view 

U1 

 

U2 

U3 

 Fig. 11. Aerial images and lidar data for three test areas, and
generated DSM using proposed method.  

 

 

Fig. 12. Matching rate and accuracy for three urban areas. 
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visually compatible with the reference lidar data. Since the 
ground resolution of the used multiple images is about 10 cm, 
the generated DSMs naturally look denser than the lidar data. It 
should be noted that the proposed method has a weak point in 
radiometrically homogeneous large areas where area-based 
matching could fail, and distinct points and breaklines are not 
observed. The circled area in the U3 shows a failed area on a 
gable roof. As can be confirmed in the aerial image, the gable 
roof is quite large and appears to be radiometrically 
homogeneous. For this reason, the proposed method failed to 
generate matched points along the roof. In the case of a flat 
roof, the SELM can interpolate unmatched points along the 
epipolar line. However, if the heights of both ends of 
unmatched areas differ, such as in the case of a gable roof, the 
proposed method does not run the interpolation because the 
area is defined as a discrete surface. The authors recommend 
using a common DSM interpolation filter to solve this problem 
because this type of failure occurs in local inclined surfaces. 

The accuracy and matching quality of the generated DSM in 
each area are quantitatively analyzed in Fig. 12. As shown in 
this figure, the matching rates for the three urban areas are quite 
compatible, and their average matching rate is about 70%. In 
terms of height accuracy, about 60% of the matched points are 
less than 50 cm, and about 80% of the matched points have 
less than 1.0-m vertical errors in all three urban areas. This is a 
noticeable feature of the proposed method since it indicates that 
the performance of the proposed method is fairly robust. The 
fully automatic method has been implemented on a personal 
computer having 2.4-GHz dual core CPUs and 3.0-Gbyte 
RAM. The test matching area, as shown in Fig. 8, is about  
0.15 km2 and composed of 9 images in 3 strips. This matching 
procedure took around 5 hours. 

VI. Conclusion 

This paper introduced new methods to generate an accurate, 
dense, and discontinuity-preserved DSM using multiple 
images. The proposed method consists of two procedures: the 
AMIM and SELM. The AMIM is an object-space-guided 
area-based matching using the vertical line locus, while the 
SELM is a type of feature-based matching with geometric and 
radiometric constraints using the epipolar geometry. The 
AMIM generates a dense DSM using a novel method to define 
search ranges adaptively while taking occlusion into 
consideration. The major role of the SELM is to cope with 
common problems that the area-based matching cannot avoid 
such as discontinuities and homogeneous areas. The 
experimental results demonstrate the advantages of the 
proposed method in terms of matching quality and accuracy of 
the final DSM. In particular, the DSM generated by the 
proposed method is as dense as the image ground resolution, 
and discontinuities such as building boundaries are preserved. 
In addition, the proposed method is not expected to be 
seriously affected by the radiometric quality of the images, and 
the height accuracy of the generated DSM is also quite reliable. 
The vertical error of 60% of the generated DSM points is less 
than 50 cm, constituting fairly reasonable accuracy, because the 
derived height values based on the error propagation for test 
images can be estimated with about 60-cm standard deviation 
for 80% and 60% overlap ratio. Therefore, the matching 
algorithm presented in this paper can be useful in applications 
for generating a large-scale DSM. 
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