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Abstract-This paper introduces a new enhancement 
algorithm for prostate MR images using a new nonlinear filtering 

operation and an alpha-trimmed Mean Separation. A new 
enhancement measure is also introduced to measure and assess 
the enhanced results. Experimental results show that the 
presented algorithm can significantly improve the contrast of 

prostate MR images. It has a potential application in prostate 
cancer detection. 
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I. INTRODUCTION 

Prostate cancer is the single most common cancer in men in 
the United States. The latest American Cancer Society 
estimates that about 192, 280 new cases of prostate cancer will 
be diagnosed and 27,360 men will die of prostate cancer in the 
United States in 2009 [1]. Treatment of prostate cancer is most 
successful in its early stage [2]. Magnetic resonance imaging 
(MRI) is a common technique and plays an important role for 
pretreatment evaluation of prostate cancer [3]. However, there 
are some limitations of the MRI evaluation for prostate cancer 
such as the lack of infonnation on tumor grade or vascularity to 
predict patient diseases [4]. Image enhancement is a useful tool 
to improve the visual quality of prostate MR images, making 
easier for radiologists to detect and diagnose prostate cancer. 
Several algorithms have been developed for MRI image 
enhancement in computer-aided prostate cancer detection 
systems. Examples include multi-wavelet grading [5] and 
dynamic contrast enhancement [6]. 

Traditionally, the alpha-trimmed mean is used as a 
nonlinear filtering operation to reduce noise in image 
processing [7]. In this paper, we introduce a new enhancement 
algorithm for prostate MR images by combining image 
decomposition and nonlinear filtering. The new algorithm uses 
the alpha-trimmed mean as a threshold for image 
decomposition and a new nonlinear filtering operator for image 
enhancement. To evaluate the perfonnance of the enhancement 
algorithm, a new enhancement measure called the second­
derivative-like measure of enhancement (SDME) is also 
proposed. 

The rest of this paper is organized as followed. Section II 
introduces the new enhancement algorithm for prostate MR 
images. Section III introduces the new SDME measure for 
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quantitative evaluation of the image enhancement. Section IV 
presents several computer simulation results and compares the 
enhancement perfonnance of the new algorithm with other 
existing enhancement methods. Section V draws a conclusion. 

II. NEW ENHANCEMENT ALGORITHM 

In this section, we introduce a new enhancement algorithm 
for prostate MR images by integrating the nonlinear filtering 
operation with the image decomposition which uses the alpha­
trimmed mean as the threshold. 

A. Alpha-Trimmed Mean 
The alpha-trimmed mean filter is widely used for image 

processing. Here, we use the alpha-trimmed mean for image 
decomposition. 

For an image with size of M x N , let K = M x N and a single 
index XI,X2, •• .xK indicate the sorted values of all pixels of the 

image such that XI =::; X2 =::; ••• =::; XK • Let Ta = I aKl (the nearest 

integer greater than or equal to aK) is the number of the 
smallest and largest pixel values to be trimmed or discarded 
from the sorted sequence, XI,X2, •• .xK, The alpha-trimmed mean 

of the image is defined by, 

(1) 

where 0:0;; a < 0.5 is the percentage of the trimmed samples. 

The alpha-trimmed mean will be different when the 
parameter a changes. For example, it will be the mean value of 
the image for a = 0 and the median value of the image if a is 
close to 0.5. Taking this advantage, we use the alpha-trimmed 
mean as the threshold for image decomposition. 

B. New Enhancement Algorithm 
To improve the visual quality of the prostate MR images, 

we integrate nonlinear filtering with the image decomposition 
technique described above and introduce a new algorithm for 
enhancing prostate MR images for prostate cancer detection. 
The algorithm is shown in Fig. 1. 

The algorithm frrst separates the original MR image 
/(m,n) into two sub-images. The threshold value of the image 
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decomposition is the alpha-trimmed mean of the input MR 
image defmed in equation (1). 

Figure l. Block diagram of the MSNLF scheme 

The two sub images are then filtered by a nonlinear filtering 
operation individually to obtain the filtered images 
F; (m, n) and F2 (m, n). The filtering operation is defmed by, 

(2) 

where 

Yo = ['a'(m,n) 

Y, = ['a'(m -I,n) + ['a, (m + I,n)+ ['a, (m,n -I) + ['a, (m,n + I) 

Y, = ['a'(m -I,n -I) + ['a, (m + I,n -1)+ ['a,(m + I,n-\)+ ['a'(m + I, n+ \) 

and constants Wi' ai are weight coefficients, i = 0,1,2 . 
Finally, the output enhanced image is defmed by, 

E(m,n) = C.F;(m,n) + CzF2(m,n) 

where constants CI, C2 are the scaling factors. 

(3) 

Since the alpha-trimmed mean value is dependent on alpha, 
the decomposed sub-images contain different background 
intensities when the alpha value changes. The nonlinear filter 
then enhances sub-images with different intensity values. 
Therefore, the presented algorithm enhances images while 
preserving the background intensity at different levels. 

The nonlinear filter is embedded in two filters specified by 
wo, W.' W2 and aO,a.,a2 separately. These two filters can be 

designed as two different types of linear or nonlinear filters. 
For example, the coefficients Wo, WI' W2 can be designed as a 

highpass filter and aO,a.,a2 can be chosen as a weighted mean 

filter. The nonlinear filtering process can suppress noise and 
keep sharp details unchanged while enhancing the contrast of 
fme details in prostate MR images. All these make the 
presented new algorithm more robust for different applications. 

III. NEW ENHANCEMENT MEASURE 

Since image enhancement is intended to improve image 
contrast, the enhancement measure is usually based on a 
contrast measure. To quantitatively assess the enhancement 
performance of the presented algorithm, we introduce a new 
enhancement measure using an image contrast measure based 
on the concept of the second derivative. It is called the second­
derivative-like measure of enhancement (SDME) which is 
defmed by, 

SDME = __ I_tI20 In l lmax;k,l - 2Icen,er;k,1 + Imin;k,l l (4) 
k.k2 1=. k=. Imax;k,1 + 2Icenter;k,1 + Imin;k,1 

where an image is divided into k. x k2 blocks. [maxJ<./,lrrUn-/<.1 are the 

maximum and minimum values of the pixels in each block 
separately, and Icent<r-/<.1 is the center pixel value in each block. 

Thus, the size of blocks should be odd number such as 3x3. 
Each block contains an odd number of pixels. 

IV. ENHANCEMENT RESULTS AND ANALYSIS 

The original prostate MR images are obtained from 
Department of Radiology at Memorial Sloan-Kettering Cancer 
Center in New York, NY. These images are cropped into 
images with smaller sizes in order to minimize the dark 
background and also remove the text records of patient's 
information. Our algorithm is then used to enhance these 
images. 

The presented algorithm has been successfully applied to 
more than 30 different MR images with prostate cancer. In this 
section, we provide several enhanced results to show its 
performance. We also compare the presented algorithm with 
some existing enhancement methods. 

A. Parameter Selection 
To fmd the best parameters of the coefficients in the 

nonlinear filtering operator for achieving the better enhanced 
results, we set: a. = a2 = h , W. = W2 = -w, ao = 4h, Wo = 4w , 

cl = C, = I and 0 < h, w!> l. The prostate MR image in Fig. 3(a) 

is enhanced by the presented algorithm when these coefficients 
changes as different h, w values within (0,1] . The enhanced 

images are then measured by the SDME respectively. The 
measure results are plotted in Fig. 2. The parameter to achieve 
the best enhanced image is located at the local extremum in the 
SDME curve. 
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Figure 2. SDME results of the enhanced MR images for parameter 
optimization. 

B. Enhancement Analysis 
Fig. 3 shows the enhanced images by using this parameter. 

The contrast of the original MR image and the visual quality of 
the fme details are significantly improved. 

More enhanced examples are shown in Fig. 
4 

and Fig, 5. 
The first row shows the original prostate MR images. The 
second and third rows show the enhanced MR images by the 
presented algorithm respectively. The SDME is used to 
measure all the enhanced images. The measure results are 
plotted in Fig. 6. The larger SDME values indicate better 
enhancement performance. These SDME results quantitatively 
demonstrate that the presented algorithm shows excellent 
enhancement performance in prostate MR images. 
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Figure 3. Prostate MR image Enhancement. (a) The original prostate MR 
image; (b) The image enhanced by the presented algorithm, alpha=O; (c) The 

image enhanced by the presented algorithm, alpha=O.5. 

(a) (b) (c) (d) 

Figure 4. Prostate MR images enhanced by the presented algorithm. (a)-(d) 
The top row shows the original prostate MR images; the bottom row shows 

the enhanced prostate MR images, alpha=O. 

(a) (b) (c) (d) 

Figure 5. Prostate MR images enhanced by the presented algorithm. (a)-(d) 
The top row shows the original prostate MR images; the bottom row shows 

the enhanced prostate MR images, alpha=O.49. 

Figure 6. SOME plot of the prostate MR image enhancement in Fig. 4-5. 

Fig. 7 shows some examples for region enhancement. The 
regions shown in the top row in Fig. 7 are cropped from the 
original prostate MR images. They are enhanced by the 

presented algorithm individually. The enhanced results are 
shown in the bottom row in Fig. 7. The region contrast is 
greatly improved. This shows that the presented algorithm has 
potential applications for enhancing the fme details or specific 
regions in images. 

Figure 7. Regions enhanced by the presented algorithm. Top row: The 
regions cropped from the original prostate MR images; Bottom row: The 

corresponding enhanced regions. 

C. Performance Comparison 
The presented algorithm is compared with the rational 

unsharp masking method [8] for several prostate MR images. 
The presented algorithm shows better enhancement 
performance. One example is shown in Fig. 8. The algorithm 
not only enhances the contrast of prostate cancer regions but 
also improve the visual quality of the images. 

(a) (b) (c) 

Figure 8. Comparison of prostate MR image enhancement. (a) The original 
prostate MR image; (b) The image enhanced by the presented algorithm; (d) 

The image enhanced by the rational unsharp masking. 

D. Visualization 
Fig. 9 shows an example of the negative representation of 

the prostate MR images. This provides an alternative method 
for radiologists to diagnose and determine the prostate cancer . 

.. 

(a) (b) (c) 

Figure 9. Negative representation of prostate MR image Enhancement. (a) 
The negative photo of the original prostate MR image; (b) The negative photo 
of the image enhanced by the presented algorithm, alpha=O; (c) The negative 

photo of the image enhanced by the presented algorithm, alpha=O.49. 

The human visual system (HVS) based image 
?ecomposition has been employed for edge detection [9] and 
unage enhancement [10]. Since the HVS-based image 
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decomposition separates images based on the background 
intensity and the rate of information change, we extend its 
application for image visualization. Fig. 10 shows the HVS­
based decomposition results of a prostate MR image. The 
observation shows that some specific regions in the prostate 
MR image are contained within a decomposed sub-image. This 
feature is useful for prostate cancer detection because we can 
use the HVS-based image decomposition to automatically 
separate the cancer regions from the prostate MR images. 

(d) (e) 

Figure 10. HVS-based decomposition of the enhanced prostate MR image. (a) 
The prostate MR image enhanced by the presented algorithm, alpha=O; (b) 

The first sub-image; (c) The second sub-image; (d) The third sub-image; (e) 
The fourth sub-image. 

V. CONCLUSION 

We have introduced a new enhancement algorithm to improve 
the visual quality of prostate MR images in this paper. A new 
contrast measure has also been introduced to measure and 
evaluate the enhancement performance of the presented new 
algorithm. 

The new algorithm uses the alpha-trimmed mean as a 
threshold to decompose images into sub-images. Different 
decomposition results can be obtained by changing the value 
of alpha. The new nonlinear filter can be designed as a 
combination of two different types of linear or nonlinear filters. 
This offers the user design flexibility for meeting more 
complex and specific requirements in practical applications. 

Simulation results and comparisons have demonstrated 
that the presented algorithm can significantly improve visual 
quality of images and show better enhancement performance 
in prostate MR images. The presented algorithm has the 
potential application for prostate cancer detection. 
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