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一、中文摘要 

本計畫之執行重點內容將目前現有或經改善

之邊緣偵測演算法 IP 化。藉由列舉及對目前現有

邊緣偵測演算法之探討，提出可參數化、適合 IP
化之邊緣偵測演算法，以增加邊緣偵測演算法之

成功率。實現方法先期使用 FPGA 平台作為初期

設計及驗證平台，待驗證完成後進而進行 IP 設計

及驗證。 

 
二、英文摘要 

The main target of this project is to realize existing or 
modified edge detection algorithms into real chips. By 
surveying and discussing existing edge detection 
algorithms, we propose a parameterizable, easy-to- 
hardwarize edge detection solution to increase the rate of 
successful detection. The proposed algorithms have been 
designed and verified first on the FPGA development 
platform, and further taped-out for the IP design and 
verification. 
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三、報告內容 
 

Non-Gradient Based Modified LGT 
Algorithm 

LGT algorithm is a threshold-based algorithm. It 
locates edge points in images using statistical local and 
global threshold values. In local flow, the local threshold 
value TL is first obtained by the local mean value of the 
current 3×3 mask subtracted by a user inputted constant C, 
and used to help generate another 3×3 data mask WL by 
comparing TL with the current mask. The WL mask is 
then compared with 16 pre-defined templates and decides 
whether the center pixel is an edge pixel. On the other 

hand, the global flow determines the center pixel to be a 
global edge point if the absolute average deviation (AAD) 
of the current 3×3 mask is larger than the global threshold 
value Tg. We use AAD to approximate the variance σ2 
used in the original algorithm to simplify the calculation. 
The final edge out is obtained by ANDing the result of 
local and global edge decision. Fig. 1(a) shows the flow 
diagram of the LGT algorithm. 

 
Gradient-Based ADM Algorithm 

The ADM algorithm is a noise-immune three-stage 
algorithm. The inputted image I is first passed through the 
semi-Gaussian smoothing unit to generate a blurrier but 
cleaner image I’. Image I’ is then used to detect the edge 
strength and edge detection, and finally, the edge points 
of the original image is obtained using those edge 
strength and direction information. Fig. 1(b) shows the 
processing flow of the ADM algorithm. 

 

 

               (a)                       (b) 
Fig. 1. (a) flow diagram of the LGT algorithm, and (b) flow of 
the ADM algorithm 

 



Parameter-Adaptive Edge Detection 
The proposed parameterized dual edge detection 

system contains three main parts: (1) LGT edge detection 
unit (LGTEDU), (2) ADM edge detection unit 
(ADMEDU), and (3) parameter controller (PA 
Controller). With different input parameters the system is 
able to output LGT/ADM edge detection result, or 
Gaussian/average filtered image. The block diagram of 
the parameterized dual edge-detection system is shown in 
Fig. 2, and is described in detail in the following 
subsections. 

 

 
LGTEDU is composed of the mean unit and the LGT 

processing unit. The mean unit calculates the mean of a 
current data window, and the result mean value is used in 
both local and global flow of the LGT algorithm. Here we 
approximate the divide-by-9 operation with a shift-based 
operation to simplify the hardware. The maximum error 
caused by this simplification is 1.6%, which is minor and 
acceptable for the overall operation. The LGT processing 
unit is a 3-stage pipelined processing unit which contains 
a local operation unit (LOU), a global operation unit 
(GOU) and an AND unit. The number of pipeline stages 
in the LOU and GOU units is the same so as to maintain 
the data dependency constraint. 

ADMEDU is comprised of a smoothing unit, an edge 
strength unit and an edge localization unit [3]. Each unit 
corresponds to the three main blocks of the original 
algorithm. The smoothing unit is basically a convolution 
operation. It can be easily achieved by incorporating a 
5×5 systolic array. The edge strength unit and edge 
localization unit can be implemented using simple 
operations, and is properly pipelined to shorten the 
latency of each stage. The systolic-array architecture of 

the ADMEDU [5] is shown in Fig. 3. 
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Fig. 3. Systolic architecture of the smoothing unit of ADMEDU.

 

To achieve the goal of designing a complete control 
flow for our image processing system, a controller which 
connects all parts together is needed. The PA controller 
has the following basic operations: (1) control of the 
processing flow, (2) parameter setting, and (3) result 
output selection. To handle all input data and control 
signals, direct signals to the correct processing block and 
accomplish the basic operations, we designed an 8-state 
state transition diagram for the controller, and defined the 
code values for parameter and result selection in Table 1. 

 

 

Table 1. Code definition of P_mode (PM) and 
Outcome_selection (OS). 

PM/OS Parameter State Output 

000 No change LGT and Gaussian 

001 Outcome setting LGT and Mean 

010 FIFO size setting ADM and Gaussian 

011 C setting ADM and Mean 

100 Tg setting LGT 

101 Th setting ADM 

110 Not defined Gaussian 

111 Test mode Mean 

 

 
 
Fig. 2. Architectural block diagram of the proposed dual edge  
detection system. 

 

5×5 Window-Based 2D Gaussian Filter 
Gaussian filter is one of the specialized weighted 

averaging filters. It has been widely adopted in the field 
of image processing and computer vision for years, and is 
known for its image smoothing and noise reduction 
capability. The Gaussian filter plays an important role in 
digital image processing tasks such as image 
segmentation, image blurring, and edge detection. Such 
filter is especially the filter-of-the-choice in the field of 
edge detection [1]. The two most well-known examples 
are the Marr-Hildreth [9] and the Canny [2] edge 
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detectors. As a matter of fact, Marr and Hildreth 
demonstrated that the performances of Gaussian filter 
along with the Laplacian filter are similar in processing 
the shape of a human visual system [9], which again 
enhances the importance of the Gaussian filter. 

The values derived from the 2D Gaussian 
distribution are mostly complex floating point values, 
which are very difficult to implement in hardware and 
would perform slowly even if that certain hardware is 
implemented. As a matter of fact, we are not seeking for a 
completely accurate approximation; in contrast we only 
intend to create several bell-like digital masks similar to 
the Gaussian distribution. The following shows how we 
derive the original Gaussian smoothing mask. Define the 
index (x, y) of the center element of a 5×5 mask to be (0, 
0), and the whole mask to span from (-2, -2) to (2, 2). The 
value of each element in the 5×5 Gaussian mask is 
defined as 

 
2 2 2( ) 2( , ) x yG x y e σ

σ

− +=  (1) 

where x, y = {-2, -1, 0, 1, 2} and σ = [0.1, 5.0]. By the 
definition of Gaussian distribution, the summation of the 
whole mask should be equal to 1. Therefore, we need to 
sum the whole 25 elements and normalize each element 
with this sum. 
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To derive the digital approximated 2D Gaussian 
mask for hardware implementation, we approximate each 
element using the combination of power-of-two terms, 
such that it can be implemented by simple shift operations 
in hardware. Here we define one more variable λ as the 
number of terms used to approximate the original 
coefficients, and let λ be either two or three such that at 
most two power-of-two terms will be used if λ = 2 and at 
most three terms used if λ = 3. Then the intuitive 
power-of-two approximation algorithm of each of the 25 
elements may be written as shown in Fig. 4. After each 
element is determined, we still need to take care of the 
normalization term of our approximated Gaussian mask 
so that the sum would still close to 1. Let the value of 
each approximated term be denoted as Ασ (x, y), and 
again the sum of 25 current approximated terms would be 

  (4) 
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The power-of-two approximation for 1/SAσ is also 
determined using the algorithm shown in Fig. 1, except 
for that the range of i is extended from 7 to 15. An 
example of our digital-approximated Gaussian mask is 
shown in Fig. 5. 
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←

←
←

(-i)

(-i)

Approx(val)
1   term  0
2   rtterm[term]  {0}
3   for i  0 to 7
4       if term < 
5           then if val >= 2
6                then rtterm[term]  i
7                     val  val - 2
8        ←            term  term + 1
9   return rtterm

Fig. 4. Intuitive power-of-two approximation algorithm. 
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Fig. 5. Digial-approximated Gaussian mask for σ = 1.1 and 
λ = 2. 

We propose a generic hardware which is able to 
support change of these parameters online so as to 
provide a wider range of noise reduction and different 
levels of smoothing capability in a single hardware 
without the need of hardware redesign. Consider the 
general architecture as shown in Fig. 6. For a 5×5 
Gaussian smoothing mask, there are 25 input pixels and 
one smoothed output pixel. The shifting coefficients are 
transferred in sequence and stored in the Coefficient 
Sequence Register Array. 

 

 
Fig. 6. Top view of the digital-approximated Gaussian 

Smoothing Unit. 
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Fig. 7 shows an edge detection flow which is used as 
a performance indicator of our proposed smoothing filter. 
The edge detection algorithm we adopted here is the LGT 
[4] algorithm. The computation in the original algorithm 
is mostly hardware oriented, which is very suitable for 
hardware implementation. But the original algorithm fails 
to detect edges when high percentage of additive noise is 
present, and noise dots appear in edge image even when 
the percentage of the additive noise is small. We make 
some modifications here such that it is 100% 
hardware-friendly, and incorporate it with the proposed 
filter. Fig. 7(b) shows the modified version of the 
algorithm, and Fig. 8 shows the edge detection result 
performed on a heavily polluted input image source 
utilizing the proposed smoothing mechanism. 
 

 
Fig. 7. LGT algorithm: (a) Original algorithm, and (b) Modified 
algorithm incorporated with the proposed digital-approximated 
2D Gaussian Filter. 

 

  
(a)                             (b) 

Fig. 8.(a) Synthetic image with 20% additive Gaussian noise, 
and (b) output image performed by the proposed smoothing 
filter + LGT. 
 
四、計畫成果自評 

This year we have proposed two improvements to the 
existing edge detection algorithms. By integrating two 
different edge detection algorithms into a single chip 

solution, we gained the background knowledge of 
important edge detection algorithms, and IP integration 
techniques. The parameterizable smoothing filter provides 
a flexible and powerful denoising and detail filtering 
solution. It is a pity that we do not have enough time to 
complete our original ultimate goal – IP generator, that 
the results fit 80% into the overall project goal. 
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