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Abstract. In this paper, we proposed a fast image matching algorithm based on 
the normalized cross correlation (NCC) by applying the winner-update strategy 
on the Walsh-Hadamard transform. Walsh-Hadamard transform is an orthogo-
nal transformation that is easy to compute and has nice energy packing capabil-
ity. Based on the Cauchy-Schwarz inequality, we derive a novel upper bound 
for the cross-correlation of image matching in the Walsh-Hadamard domain. 
Applying this upper bound with the winner update search strategy can skip un-
necessary calculation, thus significantly reducing the computational burden of 
NCC-based pattern matching. Experimental results show the proposed algo-
rithm is very efficient for NCC-based image matching under different lighting 
conditions and noise levels.  
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1   Introduction 

Pattern matching is widely used in many applications related to computer vision and 
image processing, such as stereo matching, object tracking, object detection, pattern 
recognition and video compression, etc. The pattern matching problem can be formu-
lated as follows: Given a source image I and a template image T of size N-by-N, find 
the best match of template T from the source image I based on the criterion of mini-
mal distortion or maximal correlation. The most popular similarity measures are the 
sum of absolute differences (SAD), the sum of squared differences (SSD) and the 
normalized cross correlation (NCC). 

For some applications, such as the block motion estimation in video compression, 
the SAD and SSD measures have been widely used. For practical applications, a 
number of approximate block matching methods [1][2][3] and some optimal block 
matching methods [4][5][6] have been proposed. The optimal block matching meth-
ods can provide the same solution as that of full search but with less operation by 
using some early termination schemes in the computation of SAD. 

A coarse-to-fine pruning algorithm with the pruning threshold determined from the 
lower resolution search space was presented in [7]. This search algorithm was proved 
to provide the global solution with considerable reduction in computational cost. Hel-
Or and Hel-Or [8] proposed a fast template matching method based on accumulating 
the distortion on the Walsh-Hadamard domain in the order of the frequency of the 
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Walsh-Hadamard basis. By using a predefined threshold, they can reject early most of 
the impossible candidates very efficient. However, this algorithm can only be applied 
for the SSD measure, and it is not guaranteed to find the globally optimal solution. 
More recently, Pele and Werman [18] proposed a very fast method for pattern match-
ing based on Bayesian sequential hypothesis testing. They used a rank to decide how 
many pixels can be skipped during the sliding window search process. Similarly, this 
method cannot guarantee to find the globally optimal solution. 

Chen et al. [9] proposed a winner-update algorithm for fast block matching based 
on the SAD and SSD measures. This algorithm significantly reduces the computation 
and guarantees to find the globally optimal solution. In their algorithm, only the cur-
rent winner location with the minimal accumulated distortion is considered for updat-
ing the accumulated distortion. This updating process is repeated until the winner has 
gone through all levels in the pyramids that are constructed from the template and the 
candidate windows for the distortion calculation. The winner update algorithm exam-
ines all the candidates in the search image to guarantee the global optimal solution but 
skips the unnecessary calculations of the distortion measures for most candidates. 

The NCC similarity measure is commonly used for pattern matching under differ-
ent lighting conditions. The definition of NCC is given as follows: 
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The NCC measure is more robust than SAD and SSD under uniform illumination 
changes, so the NCC measure has been widely used in object recognition and indus-
trial inspection. The correlation approach is very popular for image registration [15]. 
The traditional NCC needs to compute the numerator and denominator at all locations 
in the image, which is very time-consuming. Lewis [12] employed the sum table 
scheme [13][14] to reduce the computation in the denominator. After building the 
sum table for the source image, the block squared intensity sum for any window in-
side the source image can be calculated very efficiently with 4 simple operations. 
Although the sum table scheme can significantly reduce the computation of the de-
nominator in the NCC-based pattern matching, it is strongly demanded to simplify the 
computation involved in the numerator of the NCC-based pattern matching. The FFT-
based method has been employed to calculate the cross correlation all over the image 
via element-wise multiplication in the frequency domain [16]. It is very effective 
especially when the size of the template is comparable to the size of the search image. 
Stefano and Mattoccia [10][11] derived upper bounds for the cross correlation based 
on Jensen's and Cauchy-Schwarz inequalities to early terminate some search points. 
They partitioned the search window into two blocks and compute the partial cross 
correlation for the first block with the other blocks bounded by the upper bound. 
Then, the successive elimination algorithm (SEA) was applied to reject the impossible 
candidates successively. More recently, Mahmood and Khan [17] proposed new 
tighter bounds on correlation for fast block matching in video compression. They 
derived tighter bounds for the B-frames in video by using the correlation between the 
reference frame and the C-frame.  
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In this paper, we propose an efficient NCC-based pattern search algorithm by apply-
ing the winner update procedure on the Walsh-Hadamard domain. The winner update 
scheme is employed with the upper boundary value for the NCC derived from the 
Cauchy-Schwarz inequality in the Walsh-Hadamard basis to skip unnecessary calcula-
tion. The rest of this paper is organized as follow: we first briefly review the winner 
update scheme and the SEA-based method for optimal pattern matching [4][5] as well 
as the upper bound for the cross correlation derived from the Cauchy-Schwarz inequal-
ity [10][11]. Then, we present the proposed efficient NCC-based image matching algo-
rithm that performs the winner update scheme in the Walsh-Hadamard domain in  
section 3. The implementation details and the experimental results are shown in section 4 
and section 5, respectively. Finally, we conclude this paper in the last section. 

2   Previous Works 

Although the NCC measure is more robust than SAD, the computational cost of NCC 
is very high. The technique of the sum table [12][13][14] can be used to reduce the 
computation involved in the denominator in NCC. Any block sum in the source image 
can be accomplished with 4 simple operations from the pre-computed sum table. To 
reduce the computational cost in the numerator, Stefano and Mattoccia [10][11] de-
rived upper bounds for the cross correlation based on Jensen's and Cauchy-Schwarz 
inequalities to terminate early some impossible search points. Because the bound is 
not very tight, they partitioned the search window into two blocks and compute the 
partial cross correlation for the first block (from row 1 to row k) with the other blocks 
bounded by the upper bound (from row k to row N). Then they used the SEA scheme 
to reject the impossible candidates successively. Based on the Cauchy-Schwarz ine-
quality [11] given below 
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the upper bound (UB) of the numerator, i.e. cross correlation, can be derived as  
follows: 

1 1

2
2

1 1 1 1

1 1

( , ) ( , ) ( , )

( , ) ( , )

( , ) ( , )

M k

i j

M N M N

i j k i j k

M N

i j

UB x y I x i y j T i j

I x i y j T i j

I x i y j T i j

= =

= = + = = +

= =

= + + ⋅

+ + + ⋅

≥ + + ⋅

∑∑

∑ ∑ ∑ ∑

∑∑

 
(3) 

Thus, the boundary value of NCC is given by: 
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where W is the window for the template. Similar to the SEA scheme, the candidate at 
the position (x,y) of image I is rejected if max),( NCCyxBV < , and maxNCC is up-

dated by ),( yxNCC if max),( NCCyxNCC > . 

3   The Proposed Efficient NCC-Based Image Matching Algorithm 

Hel-Or and Hel-Or [1] proposed an efficient algorithm to eliminate the impossible 
candidates for SSD-based pattern search when the accumulated distortions in the 
Walsh-Hadamard domain exceed a predefined threshold. The elimination is efficient 
because the first few lowest-frequency Walsh-Hadamard coefficients usually occupy 
most of the energy in the SSD. With an appropriate threshold, they can reject most of 
the impossible candidates in a very early stage, thus leading to a very efficient algo-
rithm. However, the selection of an appropriate threshold is very critical to the per-
formance of the algorithm. In addition, it is not clear how to extend their algorithm for 
NCC-based image matching. 

In this section, we derive a novel boundary value for NCC in a projection domain 
corresponding to an orthogonal transformation by using the Cauchy-Schwarz inequal-
ity. Because of its nice energy packing property and ease of computation, we select 
the Walsh-Hadamard transform as the projection kernel for efficient pattern matching. 
In addition, we combine the winner update strategy with the hierarchical order of the 
boundary values for the Walsh-Hadamard domain to efficiently find the best match 
with the NCC criterion from the source image. 

3.1   The Novel Boundary Value of Numerator in NCC Using Orthonormal 
Projections and Cauchy-Schwarz Inequality 

The cross correlation values between two vectors (images) is the same as the cross 
correlation between their transformed vectors when an orthogonal transformation is 
employed. This statement can be easily proved in the following. Let u and v be two n-
dimensional column vectors. Consider an orthogonal transformation matrix n nR ×∈P is 
applied to transform u and v, and a and b be the corresponding transformed vectors, 
respectively, i.e. Pua = and Pvb = . Thus, we have 

vuvuPvPuPvPubaba TTTTT ⋅=====⋅ )()(  (5) 

Similarly, we can easily prove that the 2-norms of the original vector and its trans-
formed vector are the same, i.e. =a u  and =b v . It is obvious that the numera-

tor and the denominator in NCC are invariant under an orthogonal transformation. 
For reducing the computation burden of the numerator in NCC, we derive an upper 

bound for the numerator by using the Cauchy-Schwarz inequality on the projection 
domain with an orthnormal basis.  

We can rewrite the cross correlation (CC) in the numerator of NCC by partitioning 
the summation of the components in the vectors a and b into two parts as below: 
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The second term of right hand side in equation (6) can be bounded by Cauchy-
Schwarz inequality as below: 
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Thus, we have an upper bound for the numerator in NCC as follows: 
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The second term of the upper bound in equation (8) is bounded by the Cauchy-
Schwarz inequality, so we have the hierarchical order for the upper bounds of the 
cross correlation in NCC as follows: 
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Then we can define the boundary value (BV) of NCC at the k-th level by 
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From equation (9) and (10), we can obtain the hierarchical order of the boundary 
values for NCC at different levels as follows: 
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can be calculated very efficiently in the original domain by using the integral image. 
Thus, the calculation of BV becomes very efficient, since we only need to update the 
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3.2   The Proposed Method by Combining the Novel Boundary Value with the 
Winner Update Strategy 

With the nice energy-packing property and the ease of computation, we use the 
Walsh-Hadamard transform as our projection kernel in the order of the frequency of 
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the Walsh-Hadamard basis and use the Walsh-Hadamard tree [1] to accelerate the 
computation of WH(Walsh-Hadamard) coefficients. The vectors a and b in equation 
(5) can be the transformed vectors of the candidate and template in the Walsh-
Hadamard domain. We applied the winner update strategy on the novel hierarchical 
order of the boundary values at different levels as described in section 3.1 to find the 
best match in the source image. 

The winner update scheme choose the candidate with the largest boundary value to 
be the best match as the temporary winner from the candidate pool. The temporary 
winner is iteratively selected and updated until one has accumulated the boundary 
value of all WH coefficients. Similar to Chen et al. [9], we also use a hash table to 
find the temporary winner very efficiently. 

In the beginning, we compute the square sum of the template, denoted by Tss, and 
the windowed square sum for all candidates in the search image, denoted by Iss, as 
follows: 
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Note that the windowed square sum Iss can be easily computed with an integral 
square image. We first calculate all the WH coefficients of the template as vector b 
and the first WH coefficient (DC term) of all the candidates in the source image. We 
can calculate BV1 from the first WH coefficient and build the hash table to find tem-
porary winner.  

At each iteration, we find the candidate with the largest BV as the temporary win-
ner from hash table and update the boundary value and the associated level. We com-

pute the next WH coefficient of the temporary winner, denoted by ka , and calculate 

the upper bound UBk with the following equation. 
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Note that the terms Iss, Tss and the projected template, denoted as vector b, in 
equation (14) have been calculated at the first step. At each step, we only need to 

update the accumulated sums ∑∑
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Thus, we can obtain the new BV at the next level from equation (10). After updat-
ing the boundary value and the level, we push the temporary winner into the hash 
table. This winner update procedure is repeated until one candidate has reached the 
final level. 
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Algorithm 2. The proposed fast NCC-based pattern matching algorithm 
1. Initialization 

1.1: Build the integral square image for the source image 
1.2: Calculate the square sum of template Tss. 
1.3: Calculate the window square sum Iss(x,y) of all candidates from the integral 

square image. 
1.4: Calculate the projected vector b of the template. 
1.5: Calculate the BV1 for all candidates and initialize the Hash Table. 

2. Winner Update Scheme 
Repeat 

2.1: Select the candidate I(x,y) with maximal BV in hash table as the temporary winner 
2.2: Update the level l and the BV of the temporary winner 

2.2.1. Compute the next WH coefficient 1+la of the temporary winner. Update its level 

l=l+1; 

2.2.2. Calculate UBl for level l. Compute ),(1 yxIssTssUBBV l ⋅=  

2.2.3. Push the temporary winner into the Hash Table. 
Until the winner reaches the maximal level. 

The proposed fast algorithm can be easily extended to the zero-mean normalized 
cross correlation (ZNCC) by rewriting it in the following form: 
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Note that the summations of the image intensities and the squared intensities in the 
local window at each location in the image can be computed very efficiently by using 
the corresponding integral images. 

4   Experimental Results 

In this section, we demonstrate the efficiency of the proposed NCC-based pattern 
matching algorithm in the Walsh-Hadamard domain. The proposed algorithm incre-
mentally calculates higher level Walsh-Hadamard coefficients of the best candidate to 
obtain successively tighter upper bounds for the normalized cross correlation. To com-
pare the efficiency of the proposed algorithm, we also implemented the BPC [11] 



 Efficient NCC-Based Image Matching in Walsh-Hadamard Domain 475 

method with the correlation ratio Cr=50% and Hel-Or & Hel-Or's method [8] (with 
default parameter RejectThreshold set to 10). The experiments were performed on a 
PC with an Intel Pentium M 1.73GHz CPU and 512MB RAM. In the first experiment, 
we used the sailboat image of size 512-by-512 and its noisy version as the source im-
ages as shown in Figure 1. Six template images of size 64x64 were selected from the 
original sailboat image as depicted in Figure 2. The templates in Figure 2(d), (e), and 
(f) are the brighter version (increased by 30 intensity grayscales for all pixels) of the 
original templates in Figure 2(a), (b), and (c), respectively. To compare the robustness 
and the efficiency of the proposed algorithms, we add random Gaussian noises with 
variance 10 onto the search image as shown in Figure 1(b) and compare the perform-
ance of different pattern matching methods on the noisy image. The full search, BPC 
and the proposed algorithm are guaranteed to find the optimal NCC solution from the 
search image, so we only focus on the comparison of search time required for these 
three algorithms. Note that all the three methods used the sum table to reduce the com-
putation in the denominator of NCC. In addition, the pattern search method by Hel-Or 
and Hel-Or [8] is not guaranteed to find a globally optimal solution. The execution 
time required for the full search, BPC, Hel-Or & Hel-Or's method and the proposed 
algorithm are shown in Table 1 and 2. For a fair comparison, the execution time shown 
here includes the time required for memory allocation for sum table and Walsh-
Hadamard transform. We also conducted the same experiments for the airplane image. 
Table 3 and 4 summarize the experimental results. All of these experimental results 
show the proposed NCC-based pattern matching algorithm in Walsh-Hadamard  
domain significantly outperforms the full search and BPC methods. In addition, the 
computational efficiency of the proposed algorithm is similar to that of Hel-Or and 
Hel-Or's method, but their method failed to find the optimal solution in several pattern 
matching experiments, especially when there is intensity scaling in the template. 

  
(a)                                            (b) 

Fig. 1. (a) The original "sailboat" image and (b) the noisy sailboat image added with zero-mean 
Gaussian noise with variance 10 

      
                   (a)        (b)        (c)        (d)        (e)        (f) 

Fig. 2. (a), (b) & (c) are three template images of size 64-by-64, and (d), (e) & (f) are their 
corresponding brighter versions (increased by 30 intensity grayscales for all pixels) 
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Table 1. The execution time (in milliseconds) of applying the full-search (NCC), BPC, Hel-Or 
and Hel-Or's method and the proposed algorithm to the NCC-based pattern matching with the 
six templates shown in Figure 2(a)~(f) and the source image shown in Figure 1(a) 

ms T(a) T(b) T(c) T(d) T(e) T(f) 

Full-Search 
(NCC) 

3163 3162 3180 3171 3162 3198 

BPC 1590 1812 1784 1597 1811 1752 

Hel-Or & 
Hel-Or [8] 

61 67 70 *74 *52 *54 

Proposed 
Algorithm 

66 68 70 70 72 80 

Table 2. The execution time (in milliseconds) of applying the full-search (NCC), BPC, Hel-Or 
and Hel-Or's method and the proposed algorithm to the NCC-based pattern matching with the 
six templates shown in Figure 2(a)~(f) and the source image shown in Figure 1(b) 

ms T(a) T(b) T(c) T(d) T(e) T(f) 

Full-Search 
(NCC) 

3180 3173 3179 3172 3173 3177 

BPC 1625 1806 1817 1614 1801 1755 

Hel-Or & 
Hel-Or’s [8] 

59 *73 72 *76 *52 *55 

Proposed 
Algorithm 

80 95 99 85 110 117 

   * indicates that method finds an incorrect matching result. 

 
To show the influence of noise corruption on the efficiency of winner update in the 

proposed algorithm, we show in Figure 3(a) and 3(b) the total numbers of winner 
updates at all locations in the search image to find the template shown in Figure 2(a) 
from the original sailboat image and its noisy version shown in Figure 1(a) and Figure 
1(b), respectively. The total number of candidates is 201601 (449x449) and the aver-
age winner update counts are 1.1506 and 1.2775 for the clean and noisy images, re-
spectively. Note that the peaks of winner update counts shown in the figures corre-
spond to the final searched locations. It is evident that the proposed algorithm is very 
efficient since all the locations other than the peak solution have very small numbers 
of winner updates. We can also see that the winner updates in the noisy search image 
as shown in Figure 3(b) are slightly more than those in the clean image as shown in 
Figure 3(a). 

To show the performance of the proposed algorithm for template matching tasks, 
we randomly selected 500 different templates of sizes 64-by-64 from the sailboat and 
airplane images with enough gradient magnitude to avoid selecting homogeneous 
blocks. The histograms of the execution time are depicted in Figure 4(a). From these 
figures, we can see the proposed method takes about 60-90 milliseconds to find most 
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(a)                                                                 (b) 

Fig. 3. The total numbers of winner update at all locations in the search image by applying the 
proposed method to find the template in Figure 2(a) from the source sailboat image with (a) no 
noise (Figure 1(a)) and (b) additive Gaussian noises (Figure 1(b)) 
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(a)                                              (b) 

 
(c) 

Fig. 4. (a) The histograms of the execution time (in milliseconds) required for applying the 
proposed algorithm to find 500 randomly selected templates of size 64-by-64 from the sailboat 
image. (b) The inefficient template matching block randomly selected from the sailboat image, 
and (c) the winner update numbers of applying the proposed algorithm to find this template 
from the original image.  
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of these randomly selected templates. The execution time required for the proposed 
template matching algorithm depends on the image content in the template and the 
search images. The more unique content in the template, the faster the proposed algo-
rithm finds the template from the image. 

In Figure 4(a), there are some special cases with execution time more than 300 mil-
liseconds. For one of these cases, the template in the sailboat image is shown in  
Figure 4(b), and the winner update numbers of applying the proposed algorithm on 
this template are depicted in Figure 4(c). The reason that causes the inefficient match-
ing is the candidates in the neighborhood of best match have similar Walsh-Hadamard 
coefficients. It is clear from Figure 4(c) that there are many updating numbers in the 
neighborhood of the best match.  

  
(a)                                              (b) 

Fig. 5. (a) The original 700x700 "Bears" image and (b) the darker 700x700 "Bears" image 

      
                                      (a)       (b)        (c)       (d)       (e)         (f) 

Fig. 6. Testing 64x64 templates cut from Figure 5(b) 

Table 3. The execution time (in milliseconds) of applying the full-search (NCC), BPC, Hel-Or 
& Hel-Or’s method and the proposed algorithm to the NCC-based pattern matching with the six 
templates shown in Figure 6(a)~(f) and the source image shown in Figure 5(a) 

ms T(a) T(b) T(c) T(d) T(e) T(f) 

Full-Search 
(NCC) 

6514 6520 6511 6525 6531 6522 

BPC 4266 4281 4293 3913 4337 4396 

Hel-Or & 
Hel-Or’s [8] 

*158 *156 *155 *172 *125 *140 

Proposed 
Algorithm 

196 420 228 233 211 292 

* indicates that method finds an incorrect matching result. 
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In addition, we applied the proposed fast NCC-based pattern matching algorithm to 
real source and template images acquired under different illumination conditions.  
Figure 5(a) and Figure 5(b) are two photographs taken from different lighting illumina-
tion conditions. We cut some 64x64 templates from the darker photo, i.e. Figure 5(b), 
as shown in Figure 6, and apply the different pattern matching methods to find these 
templates from the source image shown in Figure 5(a). Table 3 summarizes the  
experiment results.  

5   Conclusion 

In this paper, we proposed a very efficient algorithm for NCC-based pattern search in 
the Walsh-Hadamard domain. We derived a novel upper bound for cross correlation 
in NCC in an orthogonal transform domain. To achieve very efficient computation, 
we used Walsh-Hadamard transformation as the projection kernel. For the NCC pat-
tern search, the winner update scheme is applied in conjunction with the novel incre-
mental upper bound for the cross correlation derived from Cauchy-Schwarz inequal-
ity. The experimental results show the proposed algorithm is very efficient and robust 
for pattern matching under different illumination changes and noisy environments. 
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