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ABSTRACT

An algorithm for automatic image-map alignment problem
using a new similarity measure named Edge-Based Code
Mutual Information (EBCMI) and Hilbert scan is presented
in this study. Because image and map are very different in
their representations, the normal Mutual Information (MI)
using the intensity in traditional alignment method may re-
sult in misalignment. To solve the problem, codes which
are robust to the differences between the image-map pairs
are constructed and Mutual Information of the codes is com-
puted as the similarity measure for the alignment. We con-
vert the 3-D transformation search space in alignment to a
1-D search space sequence by using 3-D Hilbert Scan. A
new search strategy is also proposed on the 1-D search space
sequence. The experimental results show that the proposed
EBCMI outperformed the normal MI and some other simi-
larity measures and the proposed search strategy gives flexi-
bility between efficiency and accuracy for automatic image-
map alignment task.

1. INTRODUCTION

Image-map alignment is a special multimodal image align-
ment problem. It is important for updating Geographic In-
formation System (GIS) via revising the digital map by using
the aerial image. Some similarity measures for multimodal
images such as medical images have been proposed over the
years [1]. Mutual Information (MI) is currently one of the
most popular measures of them because it is based on global
information of images and does not require the landmarks or
features for alignment. It is an automatic and intensity-based
measure. Its flexibility and accuracy have been shown for
aligning multimodal medical images [2]. Gradient informa-
tion has also been combined with MI for medical images in
work [3, 4].

However, because the image and the map are quite dif-
ferent from each other in their representations where both the
intensities and constructions are changed greatly, image-map
alignment is different from the multimodal medical image
alignment. Figure 1 shows an aerial image and a digital map
of the same scene in the urban area. The major differences in
their representations can be concluded as following:
• Modelling the objects such as bridge, railway, and build-

ings in the image to corresponding signs for the map re-
sults in differences in their intensities and constructions;

• Some symbols and characters are added to the map for
noting the names of places such as streets and buildings.
These symbols can be viewed as noise.

• Several objects visible in the image such as moving cars
and trees are not in the map.

Figure 1: The image and the map of the same scene.

• Because the image and the map are usually taken in dif-
ferent time, changes may occur between them.

Therefore, the normal MI based on intensity is not suitable
for this task, and similarity measures which can cope with
the differences in representations for automatic image-map
alignment are highly desired.

Many methods for automatic image-map alignment have
been developed in the recent years. A fully automatic sys-
tem for the alignment of satellite image data with vector
GIS data is presented in [5] where polygonal objects are
extracted from the image and the GIS data set. However,
Ground Control Points (GCPs) are required and extracted
from vector GIS data in this system while it is difficult to
extract GCPs from the digital map data in our case. Two
similarity measures based on the Hausdorff distance are also
proposed in [6, 7] to solve the automatic alignment. In addi-
tion, an algorithm to extract common feature from image and
map using the diffusion process [8] has also been proposed.
These methods are useful in images containing large smooth
regions like in medical images, but often fail in images with-
out them as the image-map pair of urban area shown in Fig-
ure 1.

In this study, we propose a new similarity measure for
automatic image-map alignment named Edge-Based Code
Mutual Information (EBCMI) to solve the difficulties. First,
codes based on the edges of both the image and the map are
constructed by analyzing the differences in their representa-
tion. Then, MI function based on the codes, rather than the
intensity, is computed as the similarity measure for align-
ment. In this study, we use the Shannon measure of en-
tropy [9]. An important property of the proposed codes, as
well as EBCMI, is that it is robust to the differences between
the image and map in representation.

On the other hand, we also propose a new search strategy
based on 3-D Hilbert scan. Hilbert scan is a special scan and
Figure 2 gives an example of a 3-D Hilbert scan. In recent



Figure 2: An example of a 3-D Hilbert scan.

Figure 3: An example of the EBC.

years, it has been widely applied in image processing tasks
such as image compression, clustering an image, pattern
recognition and point pattern matching [12, 13, 14, 15, 16].
More details about 3-D Hilbert Scan for arbitrarily-sized ar-
rays can be found in work [11]. We first convert the multi-
dimensional search space (x,y translation and rotation) into
1-D sequence by using 3-D Hilbert scan, and a search strat-
egy which is similar to gradient descent is proposed. We
use several image-map pairs to evaluate our method in the
experiment, the proposed EBCMI shows its superiorities to
the normal MI and some other similarity measures, and the
search strategy gives flexibility between efficiency and accu-
racy for automatic image-map alignment task.

The rest of this paper is organized as follows. Section 2
is about the proposed EBCMI. In Section 3, we give details
of the search strategy based on 3-D Hilbert Scan. Experi-
ments using the proposed algorithm and comparisons with
other conventional methods for automatic image-map align-
ment are described in Section 4. We conclude this study in
the last section.

2. SIMILARITY MEASURE

In this section, the proposed similarity measure EBCMI was
first introduced in [17]. We will recall its definition at first.
Then, we discuss the reasons why the EBCMI is robust to the
differences between the image and the map in representation.

2.1 EBCMI

Given a discrete image f (x,y) defined in 2D space, the hor-
izontal and vertical gradients of it are presented as f ′h(x,y)
and f ′v(x,y). Then a clipped magnitude m(x,y) of the gradi-

ent vector is calculated as

m(x,y) = ρ(
√

( f ′h(x,y))2 +( f ′v(x,y))2) (1)

where ρ is a clipping function defined as

ρ(x) =
{

x if x ≥ t
0 else (2)

with a predefined threshold t. And an absolute angle θ (x,y)
of the gradient vector can be obtained by

θ (x,y) = tan−1(| f ′v(x,y)
f ′h(x,y)

|) (3)

where | · | is the absolute operation. The range of m(x,y) is
set to be [0,1] for convenience, and θ (x,y) is thus in range
[0,π/2] by using the absolute operation.

The EBC is constructed from the clipped magnitudes and
absolute angles of images obtained above. First, the obtained
clipped magnitudes and absolute angles are divided into nm
and nθ intervals by using two constants Δm and Δθ

nm =
1
Δm

, nθ =
π

2Δθ
. (4)

The EBC is defined as

c(x,y) = �m(x,y)
Δm

�nθ + �θ (x,y)
Δθ

�+1 (5)

where �x� presents the floor integer of x. This coding process
is similar to the one in [4].

The EBC is supposed to be robust to the differences be-
tween the image and the map in representation and we will
discuss it later. Figure 3 gives an example of the EBC when
Δm = 1/4 and Δθ = π/12. For coded image A and coded
map B, the MI of them is

MIEBC(A,B) =∑
a,b

pAB(a,b) log
pAB(a,b)

pA(a)pB(b)
. (6)

It can be written as the following equations

I(A,B) = H(A)+H(B)−H(A,B)
= H(A)−H(A|B)
= H(B)−H(B|A)

(7)

where H(A) and H(B) are the separate entropies of A and
B, respectively. H(A,B) is their joint entropy, and H(A|B)
and H(B|A) are the conditional entropies of A given B and
of B given A, respectively. The above entropies also can be
written as

H(A) = −∑
a

pA(a) log pA(a), (8)

H(B) = −∑
b

pB(b) log pB(b), (9)

H(A|B) = −∑
a,b

pAB(a,b) log pA|B(a|b) (10)

according to the Shannon measure of entropy.



(a)The image. (b)t1 = 0.1. (c)t1 = 0.15. (d)t1 = 0.2.

(e)The map. (f)t2 = 0.2. (g)t2 = 0.3. (h)t2 = 0.4.

Figure 4: Clipped magnitude of images and maps by varying
different t.

Figure 5: Some examples of modelled signs.

2.2 Properties of EBCMI

As mentioned previously, the image and the map are quite
different from each other in their representations where the
intensities and constructions are changed greatly. Here, we
will analyze how do the two factors: the clipped magnitude
and the absolute angle of gradient in EBC overcome the dif-
ferences in their representations in detail.

First, we calculate the clipped magnitude of gradient in-
stead of the normal one as in Eq. (2). This calculation is pro-
posed for ignoring the small gradient in low contrast region.
Since more intensity levels are given in the image than in the
map, the clipping of low contrast region can reduce the differ-
ences in intensity levels between the image and map. How-
ever, too large t may cause the information lost of important
edges with large magnitude of gradient. Figure 4 shows some
illustrations of the clipped magnitude by varying different t
for both the image and the map. Notice that the thresholds
for the image and the map are different, usually, larger for
the map.

Second, absolute angle of the gradient is used in the EBC
as in Eq. (3). Objects such as bridge, railway, and build-
ings in the image are modelled to corresponding signs for
the map. In many cases, objects in the image are modelled
as inverse or near inverse signs for the map. Figure 5 shows
some examples of the modelled signs. We can find that the
signs in the map tend to be inverse in intensity when com-
pared with the objects in the ie. Hence, the absolute angle of
the gradient can reduce the effect of the ‘inverse’ changes.

3. SEARCH STRATEGY

In this section, we will explain how to obtain the opti-
mal transformation parameters by using Hilbert scanning

technique and analyze the computational complexity of the
search strategy.

3.1 Proposed Method

In this study, since scaling transformation can be known as
a prior factor from the scales of the image and the map, we
only consider the translation and rotation including horizon-
tal translation Δx, vertical translation Δy and rotation θ . The
proposed alignment algorithm can be listed as the following:
1. Construct the 3-D parameter space coordinates (Δ x, Δ y,

θ );
2. Sample transformation space to discrete points;
3. Use 3-D Hilbert scan to convert the 3-D parameter space

into 1-D space;
4. Find the optimal parameters using the proposed search

strategy, which will be discussed later, using EBCMI as
the similarity measure.
We use Hilbert scan to convert the 3-D space into 1-D

sequence as H = {H1,H2, ...,HL} where L is the total num-
ber of the points in the 3-D parameter space. Each point in
the 1-D sequence corresponds to a transformation and has an
EBCMI value. We should find a point whose EBCMI value
is the largest. Of course, when the number of the points be-
comes large, it takes much time to do the search. Here we
will show how to search more efficiently.

Some notions used in the search strategy are as follows:
Ci : the ith candidate point in current candidate set;
S = {Ci|i = 1,2,3...,N} : current candidate set including N

candidates;
Mi: the middle point of the left or right adjacent intervals of

Ci;
Cmax: the candidate point with the largest EBCMI value in

current candidate set;
Gmax: the candidate point with the largest EBCMI value in

whole search procedure;
EBCMI(x): the EBCMI value of a candidate point x;
T%: the selection ratio for keeping the candidate to the next

search stage.
The strategy which is similar to gradient descent is as

follows:
Step 1 Initialize Gmax with a small number and equally di-

vide the whole 1-D sequence into k parts using k+1 ini-
tial points with interval Δd = Δd0.

Step 2 Form S with the k+1 initial points.
Step 3 For Ci, compare its two adjacent points Ci +Δd and

Ci −Δd. If EBCMI(Ci +Δd) ≥ EBCMI(Ci −Δd), Mi =
Ci +Δd/2; otherwise, Mi = Ci −Δd/2;

Step 4 Compare Mi to Ci, if EBCMI(Mi) ≥ EBCMI(Ci), re-
place Ci with Mi;

Step 5 Repeat Steps 3 and 4 until all candidates are pro-
cessed.

Step 6 Find Cmax from S, if Cmax ≥ Gmax,Gmax = Cmax;
Step 7 Rank all the candidate and delete duplicate candi-

date, then keep the top T% candidates to the next search
stage;

Step 8 Δd = Δd/2. If Δd ≥ 1, go to step 3); otherwise, stop
and go to next step;

Step 9 Let point with Gmax be the optimal solution.
Here, T% is to control the selection. When T% is smaller,
fewer candidates will be selected. Thus, T% gives flexibility



Pair 1 Pair 2 Pair 3 Pair 4
Optimal (θ ◦, Δ x, Δ y) (-3,-21,-23) (0,-16,-17) (-10,-52,-60) (10,-52,-64)

EBCMI (-1,-20,-22) (2,1,1) (0,-11,-19) (0,5,2) (-10,-50,-62) (0,2,2) (10,-51,-59) (0,1,5)
Normal MI (-1,-20,-22) (2,1,1) (0,-11,-19) (0,5,2) (0,-50,-60) (10,2,0) (0,-51,-61) (10,0,3)

GCMI (-1,-20,-22) (2,1,1) (0,-11,-19) (0,5,2) (-8,-50,-58) (2,2,2) (9,-51,-57) (1,1,7)
VWMHD (0,-21,-22) (3,0,1) (0,-10,-18) (0,6,1) (-9,-50,-50) (1,2,10) (0,-52,-50) (10,0,14)

Table 1: Alignment results by using different measures (translation is in pixels and the numbers in the latter bracket indicate
the errors).

between speed and accuracy in the search.

3.2 Computational Complexity

We can analyze the computational complexity of the pro-
posed search strategy as in [13]. Two extreme cases may
occur in the search process: first, all Cis are replaced by Mis
in each stage and we only need to compute EBCMI value at
Mis. If Cave is the average number of candidates selected for
each stage, the number of total search points in this case is

N1 = k+1+Cave log2(Δd0); (11)

Second, if no Ci is replaced by Mi in each stage and we have
to compute EBCMI value at Ci +Δd and Ci −Δd, which re-
sults in the number of search points becomes

N2 = k+1+2Cave log2(Δd0). (12)

Here, Δd0 can be written as

Δd0 =
L
k
. (13)

Thus, the average number of N1 and N2 is treated as the final
estimation of computational complexity

Nave = k+1+
3
2
Cave log2(

L
k
). (14)

Because the linear item k increases faster than the logarith-
mic item, the computational complexity essentially depends
on the initial candidate number k. Selecting a proper k is
important for the proposed strategy.

4. EXPERIMENTAL RESULTS

In this section, we design three experiments to show the per-
formance of the proposed algorithm: the first one is to com-
pare EBCMI with some other similarity measures in image-
map alignment; the second one for tuning the parameter t in
our algorithm; the last one is to demonstrate the flexibility of
our search strategy.

In the first experiment, we use four image-map pairs as
the test data as shown in Figure 6, where the image which
is smaller than the map in each pair and the size of them is
in range from 256×256 pixels to 325×325 pixels. Without
loss of generality, we fix the image and only allow the map
to transform. We compare the proposed ECBMI with the
normal MI [2], the GCMI [4] and the VWMHD [7]. The op-
timal transformation parameters are obtained manually. The
search range for rotation is [−15◦,15◦] centered at the op-
timal rotation with step 1◦, and is [−15,15] centered at the
optimal translation with step 1 pixel for both the x and y
translations. We use the full search in this experiment. The

(a)Pair 1 (b)Pair 2 (c)Pair 3 (d)Pair 4

Figure 6: Image-map pairs used in the experiment.

(t1,t2) (0.1,0.2) (0.15,0.3) (0.2,0.4)
(θ ◦, Δ x, Δ y) (9,-51,-57) (10,-51,-59) (0,-51,-58)

Table 2: Alignment results varying different t for image-map
pair 4.

alignment results using different measures are shown in Ta-
ble 1. From the table, we can see that all the measures obtain
similar results near the optimal transformation positions in
image-map pair 1 and 2 with large smooth regions. How-
ever, it is easy to see that the proposed EBCMI gets better
results than Normal MI and VWMHD in image-map pair 3
and 4 without large smooth regions. Moreover, EBCMI is
slightly better than GCMI which is also based on edge code.
We believe that the improvement is from the clipped magni-
tude and the absolute angle of gradient.

We also apply an alignment experiment when t changes
in the clipping function using image-map pair 4. Table 2
shows the alignment results when t changes (t1 for the image
and t2 for the map). The results show the effect of the clip-
ping function in our EBCMI and an inappropriate t may de-
grade its performance greatly. From experiment using many
image-map pairs, we find that t1 = 0.15 and t2 = 0.3 are the
best choice in most cases.

Finally, we set up an experiment when T changes in the
selection function using image-map pair 4. The search range
for rotation is [−9◦,10◦] centered at the optimal rotation with
step 1◦ and is [−9,10] centered at the optimal translation with
step 1 pixel for both the x and y translations. Thus, the 3-D
Hilbert used here is 20×20×20. The initial number k here
is 20. Table 3 shows the alignment results when T changes
and the number of searched point #N. We obtain the same re-
sults for three different T s. This phenomenon indicates that
by choosing proper number of initial candidates k and T , the
search strategy can give flexibility between speed and accu-
racy in the search.



T 100 50 10
(θ ◦, Δ x, Δ y) (3,-53,-65) (3,-53,-65) (3,-53,-65)

#N 173 26 12

Table 3: Alignment results and number of searched point #N
by varying different T for image-map pair 4.

5. CONCLUSIONS AND FUTURE WORK

In this study, we propose a new similarity measure named
Edge-Based Code Mutual Information (EBCMI) and a new
search strategy for automatic image-map alignment task.
EBCMI can overcome the differences in presentations be-
tween the image and the map and the new search strategy can
give flexibility between accuracy and speed. The experimen-
tal results using the proposed similarity is better than using
other conventional similarity measures and the new search
strategy can balance the accuracy and efficiency.

The future studies will aim at automatically setting the
parameters and removing the redundant information such as
characters in the map. Some non-rigid deformation between
the image and the map should also be considered.
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