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ABSTRACT 

 

An electronic display is typically the last stage of an imaging chain before the human 

observer. Some of its physical properties can make it a bottleneck in the chain. This 

dissertation is an attempt to study and cope with certain critical properties of electronic 

displays, specifically spatial resolution, noise and contrast. The focus of this study lies in 

two parts. One is the measurement and estimation of display properties, including the 

spatial resolution and the spatial noise. The other is on the development of display-based 

image processing algorithms, which can compensate for the degradations from the 

specific display. The basic idea is to perform operations on the digital image before it is 

displayed, which will counteract the degradations that come from the action of the 

display systems. The properties of the display will be derived mainly from the digital 

images taken by a high quality CCD camera on the display. Based on the display 

properties estimated, several image processing techniques have been developed in this 

project to optimize the spatial resolution, noise and contrast resolution of the specific 

display under consideration. We have also developed a novel error-diffusion-based 

algorithm for adaptive image contrast enhancement which incorporates the properties of 

the display as well as the properties of the image. 
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CHAPTER 1   

INTRODUCTION 

 

A display is “an electronic device that temporarily presents information in visual 

form” [1]. Because of their unique functionality, displays have been used in diverse 

applications, including entertainment, military, health care, education, industry, etc. This 

work focuses on the evaluation and optimization of displays. An important feature of this 

work is the systematic development of display-specific image processing algorithms. For 

quantitative evaluation of results and design of specific algorithms, we have selected 

displays commonly used in medical imaging applications as test objects. However, the 

evaluation and optimization schemes we have developed here are generally valid for all 

kinds of electronic displays.  

Let us begin our discussion with a brief look at the displays popularly used in the 

medical arena.   

   

1.1 Medical imaging and the importance of the medical imaging displays  

Images are widely used and are great information carriers. For typical medical 

applications, images are generated by different imaging modalities and are viewed by 

doctors for diagnosis. The adoption of digital detector technology and Picture Archiving 

and Communication Systems (PACSs) [2] have pushed the radiology departments to 

become totally digital.  
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A medical imaging display (also called softcopy display) is an important part of 

PACS. In a medical imaging chain, display is usually the last component before the 

human eyes. It conveys the information to the human observer (a doctor or an analyst). 

Figure 1.1 shows a simple example of an imaging chain. Images taken from a patient by 

digital detectors (CT in this example) are post processed and shown on a display for 

diagnosis. How well the display performs determines how much and how accurate the 

information generated, processed and transmitted through the early components of an 

imaging chain is presented to the human eyes. Thus it is critical to understand the 

properties of displays and how they may compromise the image quality being transferred 

to a human observer.   

 

Fig. 1.1 An example of a medical imaging chain. 
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1.2 The need for display evaluation and optimization  

Currently, the Cathode Ray Tube (CRT) and Liquid Crystal Display (LCD) are the 

most widely used and the most mature softcopy image display devices. Images vary 

widely in their characteristics such as size, spatial resolution, and data depth. Data from 

different modalities also vary in the way that they are meant to be viewed and 

comprehended. And often, before the display, images are processed for some specific 

purposes, such as to enhance contrast, reduce degradation generated by the detectors, etc. 

However, the display, which presents the image to the human observer, is not ideal. And 

we often ignore the fact that the image we see from the display is not its true face. 

Besides being a non-linear device, an electronic display also possesses limited spatial 

resolution and contrast resolution, relatively small dynamic range and complex system 

noise, which can largely degrade the quality of the presented image. Thus, using a display 

is quite challenging, which in turn demonstrates the great importance to evaluate and 

optimize the displays in an imaging chain.  

Display technology has advanced rapidly in the last few years. A considerable 

amount of research has been done to evaluate different display properties and many 

image processing algorithms have been developed to enhance the image quality displayed 

[3, 4, 5]. However, there seems to be a lack of systematic study on the evaluation of 

different display properties and in turn optimize these properties using image processing 

techniques. In this dissertation, we present some work along this line. Three most 

important display parameters: spatial resolution, spatial noise and contrast are chosen, 

and a comprehensive study to evaluate and optimize them has been conducted.  
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1.3 Contributions of the dissertation 

The major contributions of this dissertation are summarized in the following five 

parts. 

1. Many image processing techniques have been developed for a variety of purposes. 

The ultimate goal of these techniques is to present the images to human observers with 

certain features and fidelity. One factor people often ignore is that images usually have to 

be shown through a display to a human observer. There is not much work being done in 

the field of display-based image processing to compensate for the various limitations and 

deficiencies of the display itself. This dissertation focuses on this topic and applies image 

processing techniques to optimize the spatial resolution, spatial noise and contrast 

resolution of displays. We have demonstrated the usefulness and the significance of 

display-based image processing.   

2.  Displays are not ideal. There is certainly a need to understand how they are 

functioning and what limitations they possess. This dissertation has setup ways to 

physically evaluate and mathematically estimate different display parameters, including 

spatial resolution and spatial noise. A quantitative knowledge of these parameters serves 

as the basis for display-based image processing.  

3. This dissertation presents a novel error-diffusion-based algorithm for reduction of 

spatial noise caused by the display. The basic idea of this algorithm is to treat part of the 

noise which cannot be corrected by adjusting the pixel value as an error and apply error 

diffusion to compensate for it. This method is especially useful when the display’s 

contrast resolution is not very high.  
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4. This dissertation also develops a novel error-diffusion-based algorithm for 

adaptive image contrast enhancement which incorporates the display’s properties and the 

image’s properties. The amount of enhancement for each pixel is determined adaptively. 

For high contrast regions, there is no contrast enhancement. For low contrast areas, where 

usually noise is dominant, only compensation for display contrast loss is done. More 

enhancement is applied in a busy region when compared to a smooth region. And more 

enhancement is done for a display with a smaller dynamic range when compared to a 

display with a larger dynamic range. The amount of enhancement is considered as noise 

and is further diffused along the direction where it was generated.  

5. This dissertation studies the displays popularly used in the medical arena. 

However, the evaluation and optimization methods developed in this work are valid for 

displays in other fields, such as the ones used in aircraft cockpit and in entertainment 

industry. This suggests a broader set of applications and adds to the importance of this 

work.  

 

1.4 Organization of the dissertation 

Chapter 2 briefly introduces two of the most popular displays currently used in 

medical arena: Cathode Ray Tube (CRT) and Liquid Crystal Display (LCD). The need 

for display calibration and the calibration standard used in medical imaging are addressed.  

Chapter 3 focuses on the issue of display spatial resolution. We have designed and 

implemented an approach to process images before displaying them in order to 

compensate for the Optical Transfer Function (OTF) of the monitor. A subsequent 
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Receiver Operating Characteristics (ROC) study has demonstrated that the display-

specific processing can lead to an increase in the efficiency of the softcopy diagnosis in 

the clinical environment. Details of these studies are outlined in this Chapter.  

Chapter 4 discusses the algorithm to evaluate, estimate and compensate for display’s 

spatial noise. By using a high quality CCD camera for physical evaluation, spatial noise 

properties are analyzed and estimated from the camera images via signal modeling and 

processing. A new algorithm based on error diffusion for spatial noise compensation is 

developed to process images before they are displayed. The experimental results suggest 

that display spatial noise can be eliminated via appropriate processing. 

Chapter 5 develops an error diffusion method to compensate for the display’s limited 

contrast resolution. In general, a display uses 8 bits and when the input image employs 

more than 8 bits, quantization errors will be generated. This chapter presents an 

interesting method to reduce the effect of quantization error.  

A novel error-diffusion-based adaptive image contrast enhancement scheme is 

presented in Chapter 6. The algorithm incorporates the display properties, the image 

properties and the error diffusion operation. We have imbedded display-based adaptive 

image contrast enhancement into the error diffusion kernel. Two different diffusion filters 

are used for a combined contrast enhancement and contrast resolution compensation. A 

theoretical derivation of the approach used is given in detail and several experimental 

results are presented. These indicate that the approach used here is a very promising one. 

Finally, Chapter 7 gives a brief summary of the major contributions resulting from 

this study and lists some directions for future research.  
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CHAPTER 2   

MEDICAL IMAGING DISPLAYS AND CALIBRATION 

 

Medical Imaging is a visual science. It is the task of the doctor to make diagnosis 

with the aid of images of the organs, tissues, bones, etc of the patient. These images are 

created by a variety of physical processes that include attenuation of x-rays in Projection 

Radiography, magnetic resonance and decay times t1 and t2 in Magnetic Resonance 

Imaging, reflection and transmission in Diagnostic Ultrasound, etc. [6] 

The correct diagnosis depends critically on several factors: 

• Knowledge of the anatomy of the human body; 

• Experience in the form of a multitude of earlier encountered images and stored in 

the radiologist’s brain; 

• The understanding of the image formation and display processes; 

• The perception of the displayed image, which is critically dependent on the 

impression with respect to contrast, signal, noise and resolution. 

It is clear, with respect to the perception of the radiologist, that the display is the most 

important; it is the component, where …. the bits meet the brain! 

Calibration procedures and their value are well understood with regard to many 

radiology tools. Radiation sources, film processors, and laser film printers all have a long 

history of calibration, which simply consists of the process of measuring the response of 

a component or system and, if necessary, correcting it to that expected. For some time, 

hospital accreditation organizations have required that a log of this monitoring and 
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correction be kept. It is only natural that calibration procedures have been extended to 

include imaging workstations. Here it is the display function of the display which has 

been the objective of the calibration [7, 8].  

The DICOM standard organization (Digital Imaging and Communication in 

Medicine) has recognized the importance of standardizing the display function for the 

medical imaging community. An accepted standard will allow devices from multiple 

manufacturers to exchange data and present images consistently. Otherwise, if a system 

presents different images to different users or displays images that change with time, such 

a system will not be an effective and productive clinical tool. This is true for images 

within the radiology department as well as for those distributed to referring physicians or 

specialists. The DICOM committee created a group to tackle this issue, and this group 

has been working to develop the grayscale display function standard, which all medical 

imaging devices would convert to. 

The specific display function selected by DICOM is based on perceptual linearization 

[7, 8]. The specific function to be adopted, however, is not as critical as reaching 

agreement on an industry-wide approach, and therefore other functions have been 

proposed.  

This chapter discusses details of the most common soft-copy displays, CRT (Cathode 

Ray Tube) and AM-LCD (Active Matrix Liquid Crystal Display) and the need for 

calibrating them. Also, the most frequently used option for display function in the US, 

which is the DICOM standard, will be discussed. 
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2.1 Cathode Ray Tube (CRT) displays  

Digital procedures became available after the successful development of DSA 

(Digital Subtraction Angiography) and CT (Computerized Tomography) [6] and they 

required electronic displays albeit not necessarily for diagnosis. But ever since, in fact for 

more than two decades, physicians, scientists and engineers have had a dream: Picture 

Archiving and Communication Systems (PACS) [2] will replace the conventional film-

based systems for Radiology, because in digital systems the detector and the display are 

independent and can be optimized separately. Then images can be presented to the human 

observer at optimum information transfer. Now, the “Totally Digital and Filmless 

Radiology Department” has arrived. Digital imaging sensors and soft-copy displays are 

replacing the film-screen sensor and the film light-box display. It is anticipated that the 

improved presentation will result in early detection of abnormalities. An early candidate 

for softcopy displays was the CRT. More recently, LCDs have become widespread as the 

primary diagnostic display. 

Figure 2.1, which was taken from [9], shows the schematic of a CRT. Details of the 

construction are found in the literature [10]. Since Ferdinand Braun invented the CRT in 

1896, many types have been developed, but today's CRTs are remarkably similar in 

design to Braun's invention. Despite all the digital controls of modern CRTs, the CRT is 

still an analog device needing analog video signals as the input. CRT operates by 

producing light energy from electrically stimulated luminescent phosphor. Depending on 

the settings of brightness control and contrast control, a CRT is capable of generating a 

multitude of display functions.  
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The video signals for a CRT are generated by the display controller, the CRT’s 

interface to the computer. Figure 2.2 shows the architecture of a display board for a high 

performance CRT [10]. The conversion from digital signals to analog signals is done with 

the aid of Digital-to-Analog-Converters or DACs. In addition to generating the video 

signal, the display controller coordinates the display of the data on the CRT with the aid 

of synchronization pulses. 

 

 
Fig. 2.1 Schematic of a typical CRT display with electrostatic focus and 
magnetic deflection.  
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The typical precision of the selected luminance of the CRT using this display 

controller is 10-bit, determined by the DAC on this board. Figure 2.3 is an example 

where a 5M-pixel Barco CRT is used to display one chest image. 

 

 

Fig. 2.2 Architecture of the BARCO-Metheus display controller P1540. Note the 
output stage containing (1) the 10 bit DAC, and (2) the gamma correction, 
interacting with the calibrator. 

Fig. 2.3 Display of a chest image on a CRT, which can present images with 
2048 × 2560 pixels. 
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2.2 Liquid Crystal Displays (LCD) 

Liquid Crystal Displays are based on two properties of liquid crystals: (1) they have a 

specific plane of polarization, and (2) they align themselves with an applied electrical 

field [11]. Consequently, liquid crystals permit the plane of polarization to be rotated with 

the aid of an electrical field. Figures 2.4.a and 2.4.b illustrate how the transmission of 

light through a cell filled with liquid crystal can be controlled by an electrical field when 

the cell with the liquid crystal and the electric field is placed in between two polarizers, 

the polarization planes of which are oriented 90 degrees with respect to each other. Figure 

2.4.a is for a “twisted nematic” liquid crystal, while Figure 2.4.b is for a super-twist 

nematic (STN) liquid crystal. Most of the LCDs use the STN type of liquid crystal [11]. 

 

 

 

 

 

 

 

 

 

Figure 2.5 shows schematically a single Active Matrix LCD (AM-LCD) pixel, as it 

would be in a complete display with the plane where the backlight is and the front plane 

  

Fig. 2.4 Illustration of control of light transmission through cells with liquid 
crystal in between crossed polarizers. (a) Left: a “twisted nematic LC”; (b) 
Right: a “super twisted nematic LC”. 
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where the image appears. This figure also identifies the Thin-Film-Transistor (TFT) 

switch, which is why this type of LCD is called an Active Matrix LCD or AM-LCD [12]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2.5 (a) Top: Single AM-LCD pixel as it would be in a complete liquid 
crystal display. (b) Bottom: Microscopic view of a single LCD pixel with 3 
sub-pixels (Dual-domain in-plane switching). 
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More information on the properties of AM-LCDs can be found [11, 12, 13, 14, 15]. In 

general it appears that in many respects AM-LCDs have image quality superior to that of 

CRTs. LCDs can be controlled digitally or in analog form, whereas pixel addressing is 

done digitally. 

Since the operation of the LCD is based on the transmission of the light from the 

backlight, maximum and minimum luminance generally are not controlled separately. 

There is usually only one control. The minimum luminance or black level of the LCD is 

then defined by the maximum optical density of the crossed polarizers and the perfection 

of the alignment of the liquid crystals in the black-state.  

The inherent display function is related to the sensitivity of the rotation of the plane 

of polarization with the applied electrical field. Unfortunately this curve is very steep as 

shown schematically in Figure 2.6 and cannot be used for display of a grayscale image. 

Reference voltages are applied to reduce the inherent steepness, and generate a desired 

display function but at the cost of producing edges and kinks. 

LCDs with a pixel matrix of 2048 × 2560 and 1536 × 2048 pixels are fairly popular 

nowadays in the radiology reading room. Figure 2.7 shows an example. 

Two major problems of LCDs are the dependence of both contrast and luminance for 

viewing off-axis and the temporal response is not as good as that of CRTs.  
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Fig. 2.6 Simulated intrinsic display function of AM-LCD. Note, the function is 
not monotonically rising; rather it has some sharp edges and kinks. 

Fig. 2.7 Display of a chest image on a Barco LCD, which can present images 
with 2048 × 2560 pixels. 
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2.3 Need for calibration in medical imaging and the standard used 

2.3.1 The need for display calibration  

The quality of diagnostic information provided by a display is very much affected by 

the software tools used to present the data [16]. When medical images are displayed, the 

image values are modified by display processing to produce presentation values that are 

converted into voltage driving levels to establish the luminance for each pixel. Normal 

and abnormal structures in a medical image are shown as contrast differences from the 

background. Hence, the degree of contrast displayed plays a vital role in the correct 

diagnosis.  

However, the use of electronic displays with the capability of practically unlimited 

number of display functions demonstrated quickly a major dilemma. As a consequence, 

each of the possible display functions will provide an image with different characteristics, 

in particular with different contrast. Furthermore, it is extremely hard to select a display 

function with specific gray scale properties. Secondly, when transferring an image whose 

gray scale is satisfactorily presented on the display of a workstation to another soft-copy 

display, the rendition of gray scale on the second monitor is again not automatically 

identical to the first one. It is therefore extremely difficult to discuss and compare 

specifics of the respective images with colleagues at different locations and also with 

those using different display modalities. Also, the option of choosing display functions 

simply by selecting specific control settings for brightness and contrast on displays was 

rejected because the precision to select the respective settings was not sufficiently high. 
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Due to the electronic properties and constraints of display, the maximum luminance 

and the black levels, which affect the display’s dynamic range, fluctuate with time so 

much that relevant clinical details may no longer be perceptible.  

For LCDs, as shown in Figure 2.6, the inherent display functions obtained by 

applying different reference voltages do not increase monotonically. This can also be 

seen in Figure 2.8 which depicts the derivatives of the display function of an LCD before 

and after calibration. The kinks or the discontinuities correspond to values where 

reference voltages are applied to get the desired γ of about 2.2. The luminance values 

corresponding to these digital values will be uncharacteristically higher than what is 

desired thereby severely affecting the contrast of the displayed image. As seen, the 

derivative after calibration is significantly smoother. It may be noted that the derivative is 

still not a strictly increasing monotonic function. However, for the particular standard to 

which this LCD was calibrated, namely DICOM, these excursions fall much below the 

recommendations prescribed by the American Association of Physics in Medicine Task 

Group 18 (AAPM TG18) [9].  

Hence, an intermediate method such as a specially designed software to calibrate 

displays such that a specific digital input to the system is always converted to the same 

presentation value (and hence always the same luminance) becomes imperative. A 

calibration software may also be used for image quality control (IQC) which keeps a 

check on any unwanted deviations of the display’s luminance function. Figure 2.9 shows 

an example of the effect of a good calibration. The pair of CRTs on the left are not 
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Fig. 2.8 Display Functions of an LCD and their differential 

Fig. 2.9 Similarity of grayscale rendition on two different 
displays before and after they are calibrated 
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2.3.2 DICOM standard  

A display function that adjusts the brightness such that equal changes in the digital 

values will result in the same level of perceptibility at all driving levels is called 

perceptually linearized [17]. This option might be preferred from a purely scientific point 

of view because the display would be based on the human sensitivity. It provides 

perceptional linearization for a certain standardized spatial frequency range and field size. 

The ACR-NEMA developed this standard for Digital Imaging and Communications in 

Medicine (DICOM). The DICOM Gray Scale Standard Display Function (GSDF) (Figure 

2.10) is recommended by TG18 as the standard display function for softcopy rendition. 

The GSDF is defined by a mathematical interpolation of the 1023 luminance levels 

derived from Barten’s eye model [18, 19]. It allows one to calculate luminance L in 

candelas per square meter (cd/m2) as a function of the Just-Noticeable Difference (JND) 

index, j, as shown in the following equation: 

)(ln)(ln)(ln)(ln)ln(1
)(ln)(ln)(ln)ln(

)(log 5432

432

10 jkjhjfjdjb
jmjgjejca

jL
+++++

++++
=

, 

 (2.1) 

where j is the index (that ranges from 1 to 1023) of the luminance levels L(j) of the JNDs. 

The parameter values in the above expression are specified as a = -1.3011877, b = -

2.5840191E-2, c = 8.0242636E-2, d = -1.0320229E-1, e = 1.3646699E-1, f = 

2.8745620E-2, g = -2.5468404E-2, h = -3.1978977E-3, k = 1.2992634E-4, m = 

1.3635334E-3.   
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The GSDF is defined for the luminance range from 0.05 to 4000 cd/m2. The 

minimum luminance corresponds to the lowest practically useful luminance of cathode-

ray-tube (CRT) monitors and the maximum exceeds the unattenuated luminance of very 

bright light-boxes used for interpreting X-ray mammography. 

 

 Fig. 2.10 DICOM Standard Display Function. The function is 
defined for the luminance range from 0.05 to 4000 cd/m2. The 
just-noticeable difference applies to 2-degree targets with 
sinusoidal modulation of 4 cycles/degree calculated with the 
Barten model of human contrast sensitivity. 
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CHAPTER 3   

EVALUATION AND OPTIMIZATION OF DISPLAY SPATIAL RESOLUTION 

 

3.1 Introduction  

 For an imaging system, spatial resolution is usually one of the most important 

performance figures of merit. Spatial resolution does not have a universal definition. It 

has been used in the object space as well as in the image space. It usually refers to the 

spatial distance where two distinct points can be discerned. For our application on 

electrical displays, the display pixel matrix size and the pixel pitch are usually known 

from the specifications of the monitor. What is not clear is the response of the monitor to 

different stimuli of different frequencies. In other words, we need to investigate how well 

the display behaves in terms of the frequency response before the display’s Nyquist 

frequency.   

 It is very common that a display device does not possess perfect spatial response 

because of its various electrical and optical components. CRT is an example. Its spatial 

resolution is largely affected by its video amplifier. Before a medical display is put into a 

reading room for diagnosis, it is critical to understand its spatial response property and 

see if this property will affect the specific clinical application. Currently the CRT is still 

the most widely used and the most mature softcopy display device in a Full Field Digital 

Mammography (FFDM) system. CRT systems with pixel matrices of up to 2048 × 2560 

pixels are commonly used for soft copy diagnosis. CRTs suffer from loss of information 

due to non-isotropic spatial response, which may affect the performance of an FFDM. 
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This chapter uses CRT for the display of mammograms as a study case, explore ways to 

characterize the display’s spatial resolution, compensate for it by pre-processing and 

evaluate the performance of this compensation scheme.   

 Digital mammographic imaging systems are reaching maturity. One of their most 

important advantages is that radiograms like mammograms can be displayed after 

processing to optimally present the information to the human observer. Using a CRT as 

softcopy display is challenging for mammography because of its internal properties, such 

as limited spatial resolution, relatively small dynamic range and complex system noises. 

 Breast cancer is one of the most frequent cancers in women. Early detection can lead 

to a high probability for a cure. Nowadays, screening mammography, in combination 

with physical examinations, is the most effective means for identifying the early signs of 

breast cancer. One common early sign is micro-calcifications. These micro-calcifications 

generally appear in clusters, and even those as small as 50μm are of concern. Their 

relatively small size, as well as the CRT’s limited resolution abilities, reduces the 

visualization of digital mammograms on the CRT softcopy display system. 

It has been shown for chest radiography that when the images are display-specifically 

processed to compensate for the degradation generated by the CRT, current high-

resolution monochrome CRT display systems will be able to present most of the 

information in the chest films without interaction by the reader [20, 21]. In view of this, 

we have designed and implemented an approach to display-specifically process digital 

mammograms. The basic idea is to perform operations on the image before it is displayed 

that will counteract the degradations that come from the action of the display system. The 
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purpose of this work is to demonstrate that compensation for the spatial resolution of the 

CRT by processing can indeed lead to a high increase in the efficiency of the softcopy 

diagnosis in the clinical environment.  

 

3.2 OTF and MTF  

 For a Linear Shift Invariant (LSIV) imaging system, Point Spread Function (PSF) is 

usually used to quantify the spatial response of the system [22]. As the name implies, PSF 

is the system output when the input is a ‘point’ source. Mathematically, this point source 

is modeled as a delta function. The Fourier transform of the PSF is the transfer function, 

H(ξ, η), given by, 

)),((),( yxPSFFTH =ηξ .    (3.1) 

For an LSIV system with real PSF, it is common to define the Optical Transfer 

Function (OTF) by normalizing the transfer function H(ξ, η) as follows,  

)0,0(
),(),(

H
HOTF ηξηξ = .    (3.2) 

Note that for a real PSF, H(0, 0) is a real quantity. OTF is usually a complex function, 

which has magnitude and phase. Modulation Transfer Function (MTF), the most 

commonly used figure of merit for describing a LSIV system’s spatial response at 

different frequencies, is defined by,  

),(
)0,0(
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),( ηξ
ηξ

ηξ OTF
H
H

MTF == .   (3.3) 

Note that MTF is a real function, which describes the system’s magnitude response. In 

general, MTF is not larger than 1 as most imaging systems have a low-pass behavior and 
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MTF(0, 0) = 1. Detailed discussion of MTF can be found in [23]. 

 

3.3 The approach for evaluation and optimization of display spatial resolution 

Several researchers have studied the properties of the softcopy CRT display systems 

and have developed display-specific processing algorithms based on the correction for 

the Modulation Transfer Function (MTF) of the system [20, 21]. The MTF is an 

important and popular measurement for a system. However, it is not as complete a 

description of a system as the Optical Transfer Function (OTF), simply because the OTF 

provides the phase information but the MTF discards it. As the PSF of a CRT display 

system is real only, both the MTF and the OTF are even functions. If the PSF is circularly 

symmetric, the OTF will be real and even, and it is equal to the MTF. But generally the 

PSF of a CRT display system is anisotropic, as shown in Figure 3.1. Figure 3.1.a shows 

the 3D plot of a PSF of a 2048 × 2560 monochrome CRT system. Figure 3.1.b shows the 

contours of the PSF. It is clear that the PSF is anisotropic, and hence the OTF is not real. 

As a result, the phase transfer information needs to be included to improve efficiency of 

display-specific processing. This means that the OTF needs to serve as the basis for 

developing the processing algorithm rather than the MTF.  
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Fig. 3.1 The PSF of a CRT display system: (a) 3D plot, (b) Contours 

3.1.b 

3.1.a 
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The method we used to display-specifically process the mammograms is called 

Wiener-Helstrom filtering, often also called inverse filtering [24, 25, 26]. Here the filter 

consists essentially of the inverse of the CRT’s OTF. Hence, we need to calculate the 

OTF as well as find an estimate of the CRT’s noise. As the human observer only views 

images in the luminance domain at the CRT’s output rather than the Digital Driving 

Level (DDL) domain at the CRT’s input, processing was done in the luminance domain. 

Since the display was calibrated to the standard DICOM curve, this luminance domain is 

in the perceptually linear domain [17]. The properties of the CRT were derived from the 

images taken by a CCD camera from the CRT display [15]. In the following sections of 

this chapter, we will discuss the entire process in detail.  

 

3.4 Method to evaluate the display spatial resolution  

If we treat the display and the display video driving board as one system, the input to 

this system is a digital image from the supporting computer and the output of this system 

is the image shown to the human observer on the display screen. In order to evaluate the 

spatial response of the display, we need to record the display output. A computer 

controlled high quality CCD camera system was used to focus on the display for the data 

acquisition. Test-pattern images were displayed on the monitor under test and recorded 

by the camera. The digital images generated from the CCD camera were analyzed for 

estimating the spatial resolution.  
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3.4.1 Setup of the display system and the CCD camera 

A 2048 × 2560 high-resolution monochrome P45 CRT display system was chosen for 

the whole test. The evaluation was performed by a computer controlled high quality CCD 

camera (K1000-CAL, MedOptics Corporation, Tucson, AZ). It is a backilluminated CCD 

sensor array with 1316 × 1036 elements. The CCD pixel size is 6.8 µm. The camera uses 

a Nikon lens (AF Micro-Nikkor, 60mm, f/2.8 D), which is designed for use with 35 mm 

photographic film. The camera is characterized with low noise by cooling its chip to -

200C. The read out rate of the camera is 500 K-pixels per second and the contrast 

resolution is 14 bits. Figure 3.2 shows the setup. 

  

First, the CRT was calibrated according to the DICOM 14 standard curve [17]. It was 

then setup on an optical table and the high quality CCD camera was mounted on an x-y-z 

 
Fig. 3.2 The setup of the display and the camera 
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translation stage. Then the display and the camera were stabilized, aligned and balanced 

with the help of an alignment laser, a level and rulers. The display screen was cleaned 

before the measurement. Next the camera was focused on the center of the display at the 

desired magnification ratio. Here the magnification ratio refers to the sampling ratio of 

the CCD camera. In order to get a good focus, we used F# 2.8 for the relative lens 

aperture because the depth of focus at F# 2.8 is smaller than that at a larger F# and one 

could find the optimal focus position easily. Once the optimal focus position was found, 

the relative lens aperture of F# 16 was used in order to reduce the veiling glare effect of 

the lens. At the same time a larger depth of focus was achieved in case there might be 

subtle mechanical errors. 

Spatial non-uniformities of the CCD and vignetting of the lens were corrected for by 

flat-fielding [27]. An aperture in front of the lens served as a baffle and assured optimum 

rejection of stray light and consequently assured additional reduction of veiling glare by 

the lens. 

 

3.4.2 Acquisition of the OTF and the noise properties of the CRT display system 

The OTF and the noise properties of the CRT system were estimated from CCD 

images of test patterns displayed by the CRT and by subsequent Fourier analysis. 

Essentially the CRT is a nonlinear device. Small signals were used to restrict the analysis 

to an approximately linear region. Ideally for finding the OTF, one would need to display 

a single CRT pixel on a uniform background and measure the PSF. However, a single 

pixel cannot reach a high luminance because of the risetime and the falltime of the 
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amplifier. Therefore, use of a single pixel to find the OTF will lead to a noisy OTF. 

Instead, we used single horizontal and vertical lines to find the OTF since single lines can 

reach high luminance values. Single lines provide Line Spread Functions (LSF). 

Considering the scanning sequence of the CRT, we could approximate the PSF from the 

product of the two LSFs, i.e. we assumed the PSF was separable for simplicity. 

Furthermore, we found the 2D OTF by multiplying the two 1D OTFs, which are the 

normalized Fourier Transforms of the two LSFs. Note that the OTFs needed to be 

corrected by the input, because the line width of the input line is a finite quantity rather 

than “infinitesimally” small. The registration between the input and the output lines 

should be taken care of in order to avoid phase shift error in the calculation. The 

calculation procedure can be described by the equations, 
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In the above equations, OutLSF(x) and OutLSF(y) refer to output horizontal and vertical 

line spread functions whereas InLSF(x) and InLSF(y) refer to input horizontal and vertical 

line spread functions. FT1D stands for 1D Fourier Transform. OTFξ and OTFη are the 

OTFs in the horizontal and vertical directions respectively.  OTF(ξ, η) is the 2D OTF. 

Note that horizontal LSF gives the vertical OTF and vertical LSF yields the horizontal 

OTF.  
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For finding the noise properties of the CRT, a uniform field was displayed. The Noise 

Power Spectrum (NPS) was estimated from the image using the “Periodogram” 

technique, which is a spectral estimation method based on Fourier transform. More detail 

on this technique can be found in [24, 25].  

 

3.5 Method to optimize the display spatial resolution 

A schematic diagram of the processing technique is shown in Figure 3.3. The raw 

data used are sections of digital mammographic images. Since the display functions of 

softcopy systems are expressed as luminance versus digital input, the processing should 

be done in the luminance domain. As the CRT had been calibrated according to the 

DICOM curve, the raw digital image data were converted to the luminance values 

through a lookup table, which was generated according to the DICOM standard [17]. 

After this conversion, the data are in the perceptually linear domain, and the further 

processing can be done in this domain.The kernel we used to process the image for 
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Fig 3.3 The block diagram of the process 
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display is called Wiener-Helstrom filtering [24, 25, 26]. The whole process was done in 

the discrete format. For the sake of convenience, however, we use here continuous 

mathematics rather than discrete mathematics for the explanation. Let f(x,y) denote the 

original input image and F(ξ ,η) is its Fourier transform. Let g(x,y) denote the output 

image and therefore G(ξ ,η) denotes its Fourier transform. By using small signal stimuli, 

we approximated the CRT as a linear shift invariant device. Then the relation between the 

input and the output could be coined as [20]  

)],(),([*),(),( ηξηξηξηξ NOTFFG += .   (3.7) 

Note that N(ξ ,η) stands for the Noise Power Spectrum (NPS). This equation says that the 

output of the system is the input degraded by the OTF and other degradations. The 

mathematical justification for the use of the Wiener filter in this situation comes from the 

fact that the actual restoration we are attempting targets the variations in the PSF, not in 

the image. 

With the above degradation model available, we could start to process the input data 

by the inverse of the degradation function, which is provided by Wiener filtering the raw 

data to compensate for the degradation from the display. The filtered signal can be 

expressed as 
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where U(ξ ,η) is the output of the processing filter and OTF*(ξ ,η) denotes the complex 

conjugate of OTF(ξ ,η).  
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As discussed in an earlier section, we assumed that the OTF was separable. In actual 

practice, we also assumed the noise was white up to the Nyquist frequency of the display. 

Thus we replaced the NPS density by a constant. The filter under these conditions 

becomes 
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where Nξ and Nη denote the constants we used to replace the NPS in the horizontal and 

vertical directions respectively. In the actual processing, we chose 2
ξN × 2

ηN =0.05. This 

value was obtained from the magnitude of the estimation of the NPS. 

Note that all of the above discussions in this subsection are in the Fourier domain. 

After the filtering, we evaluated the inverse Fourier Transform of U(ξ ,η) to go back to 

the luminance domain. Then the processed image pixel values were linearly shifted and 

stretched to make sure that the mean value and the dynamic range of the processed image 

are close to that of the raw image. This procedure was implemented in the luminance 

domain.  

Finally, the processed luminance data were converted back to the DDL values 

through the standard DICOM lookup table. Then the processed image data could be fed 

to the CRT and the CRT would generate the degradation to the image. As the image had 

been display-specifically processed, the output of the CRT should look very similar to the 

raw image f(x,y). 

 

3.6 Observer performance study 
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The test platform for the observer study was a series of 250 mammographic images 

with micro-calcifications of different contrast levels, which were 0%, 25%, 50%, 75%, 

and 100% [28]. These images were sections of mammograms, each with a size of 256 × 

256. The depths of the data in the images were 12 bits. These images were processed 

using the algorithm discussed above. Six radiologists viewed both unprocessed and 

processed images from the CRT softcopy display. Receiver Operating Characteristics 

(ROC) studies [29, 30] were performed and the results were compared statistically. 

 

3.7 Experimental results  

3.7.1 Display spatial resolution  

Figure 3.4 shows the two LSFs that were derived from the camera images. Notice that 

they are not symmetric. Also the Full Width Half Maximum (FWHM) of the vertical LSF 

is larger than that of the horizontal LSF, which implies that the spread of the vertical LSF 

is wider than that of the horizontal LSF. This means that the CRT has a poorer resolution 

in the horizontal direction than in the vertical direction. Figure 3.1 shows the product of 

the two LSFs, which is the PSF for the display under consideration. 

Figure 3.5 shows the plots of the two 1D OTFs. Notice that we only plot the 

magnitudes of the OTFs, which really are the MTFs. Phase information is not plotted. It 

is easy to see that the MTFs are far from ideal, especially at the Nyquist frequency. 

Furthermore, the horizontal MTF is worse than the vertical MTF. In general, this is 

always true, because the CRT beam scans continuously in the horizontal direction, but 

scans in a discrete manner in the vertical direction. Thus the spread of the vertical LSF is 

wider than that of the horizontal LSF. Figure 3.4 shows this clearly. 
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Fig. 3.4 The LSFs: (a)Top: Horizontal LSF, (b)Bottom: Vertical LSF 
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The 2D OTF was calculated as the product of the two 1D OTFs. As discussed above, 

this was based on the assumption that the 2D OTF is separable.  
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3.7.2 Optimization results  

The test platform for the processing algorithm was a series of 250 mammographic 

images with micro-calcifications of different contrast levels [28], which has been 

discussed in Section 3.6. These images were processed using the algorithm discussed 

above. The data in the processed images were 8 bits, which matched the bit depth of the 

video board in the display system. Note in Figure 3.5 that the vertical OTF has a greater 

magnitude than the horizontal OTF. Thus, more boosting was needed in the high 

frequency area for the horizontal direction than for the vertical direction. This was 

realized by the 2D filter, which is shown in Equation 3.9. Notice also that usually the size 

of the micro-calcification is very small, which implies that it usually shows up in the high 

frequency area in the Fourier domain.  

A principal aim of this work was to see that if indeed the proposed display-specific 

processing technique could improve visualization of digital mammograms on the CRT 

display system. Figure 3.6 shows a pair of mammographic images captured by the CCD 

camera. Figure 3.6.a is a camera image of unprocessed data and Figure 3.6.b is its 

processed version. Here the magnification ratio of the camera is 4, which implies that one 

display pixel corresponds to 4×4 CCD pixels. Thus the cutoff frequency of the camera 

image is four times the Nyquist frequency of the display. Images in Figures 3.6.a and 

3.6.b have the same mean value and the same contrast dynamic range. However, it can be 

seen that the overall image in Figure 3.6.b is a little sharper than that in Figure 3.6.a. 

Figure 3.7 shows the profiles of the micro-calcifications at the center of the image in 

Figures 3.6.a and 3.6.b. Figure 3.7.a shows the horizontal profiles while Figure 3.7.b 
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shows the vertical profiles. From these profiles, we can see that the slope of the micro-

calcification is noticeably steeper after the processing.  

The micro-calcification appeared sharper in the processed image than in the raw 

image. Furthermore, more high frequency boosting was done in the horizontal direction 

than in the vertical direction as we had expected. All of this imply that the observer 

performance would increase by subjecting the raw data to processing by the present 

technique. Notice that there is some subtle ringing in the processed image resulting from 

discontinuities in the unprocessed image, especially at the borders. The CRT reduced 

some ringing effect by its poor OTF. But total removal of ringing requires extra work. 

 

 

 

Fig. 3.6 An example of the mammographic images taken with the 
camera: (a) Left: Raw image, (b) Right: Processed image 
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Fig. 3.7 Profiles of the micro-calcification in the images of Fig. 3.6: (a) Top: Horizontal 
profiles, (b) Bottom: Vertical profiles 
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3.7.3 Observer study results  

Figure 3.8 shows the ROC study results. 

 

Fig. 3.8 Observer performance results 

  

Overall, the performance was consistently higher with the processing than without the 

processing at all lesion contrast levels. The Az (Receiver Operating Characteristic Area 

Under the Curve) difference at 100% contrast was 0.043 (F = 2.4936, df = 9, p = 0.1476); 

at 75% was 0.0856 (F = 7.9948, df = 1, p = 0.0057); at 50% was 0.0894 (F = 4.5932, df = 

10, p = 0.5216); and at 25% was 0.0488 (F = 0.6940, df = 16, p = 0.4169). For a brief 

explanation of the terms used here, F is the value (F-value) that results from the statistical 

test called Analysis of Variance (ANOVA). It is a parametric test that compares three or 

more means for statistical differences. df denotes the number of degrees of freedom. df is 

calculated as part of the ANOVA and is used to help determine the significance of the 
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test. The p-value also is associated with statistical testing. The ANOVA looks at the 

overall variances of the conditions one is studying and says whether or not there is some 

difference overall. More details about ANOVA can be found in [31]. 

The trend for display-specific processing is to yield higher performance at all contrast 

levels. However, one may note from Figure 3.8 that only the difference at 75% is 

statistically significant. We believe that the performance at 100% and 25% contrast levels 

are likely not different because the lesions are too obvious/subtle to have an effect. The 

middle range contrasts, at 50% and 75% levels are likely to be affected by the processing 

and did reach statistical significance at 75% level. In short, these results are quite 

encouraging. 

 

3.8 Conclusions and discussions  

The experimental results reported permit the following conclusions.  

• OTF-based display-specific image processing can compensate for the spatial 

resolution degradations of the CRT softcopy system. 

• Initial pilot study results indicate that the processing technique described in this 

chapter is clinically useful.  

In order to increase the performance of the algorithm, further research work is 

necessary. This is because that a CRT is not a linear shift invariant device and OTF is 

signal and spatial position dependent.  
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Note that the processing technique we reported here is simple and can be executed in 

real time. We envision that this technique, specific for a given display system, can be 

incorporated into the workstation and be active in the clinical arena.  
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CHAPTER 4   

EVALUATION AND OPTIMIZATION OF DISPLAY SPATIAL NOISE 

 

4.1 Introduction  

Noise is usually a critical factor associated with each component in an imaging chain, 

which can affect or even determine the overall performance of the system. A lot of 

research effort has been focused on increasing the signal strength and at the same time 

decreasing the noise level of the imaging system, so that the Signal to Noise Ratio (SNR) 

can be increased. The performance of displays plays a significant role in the overall 

image quality of an imaging chain. As the last component before the Human Visual 

System (HVS), the display will present the noise from the object, the detector, and the 

processing, and it will contribute one more noise factor of its own. If the display noise is 

large enough, it can affect the image content presented to the human observer, and in 

turn, affect the observer performance. For instance, display’s internal noise can interfere 

with subtle abnormalities in clinical images.  

Currently, CRT and LCD are the most mature softcopy display devices in clinics. 

Until now, most medical activities have been dealing with static images and if there is a 

need to display video signal, in general the requirement for the display is not very high. 

Thus the temporal noise will not be the focus of this chapter. It has been shown that LCD 

possesses more spatial noise than that of CRT. This chapter uses a high resolution 

monochrome LCD as the test device, explore ways to characterize the display’s spatial 
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noise, compensate for it by pre-processing the image and evaluate the performance of this 

compensation scheme.  

Recent advances in Active Matrix Liquid Crystal Display (AM-LCD) technology 

have caused a sudden surge in the application of these devices to medical imaging. 

Results from initial studies seem to confirm the high hopes placed on the flat panel 

display technology. Indeed, the few systems we have evaluated to date have image 

quality that in many aspects is superior to that of CRT displays. Compared to CRTs, 

LCDs are not bulky, they can generate higher maximum luminance levels, and they 

possess a much better spatial resolution. Even though CRTs are still the most widely used 

and the most mature softcopy display devices, LCDs are gradually taking over the 

market. Upon closer examination however, one finds certain features of LCDs that raise 

considerable concern. Many of these features are caused by the spatial noise property of 

LCDs. Here LCD spatial noise is defined as the small but measurable and stationary 

inter- and intra- LCD pixel luminance differences. They may cause interference with the 

detection of fine details and subtle abnormalities in clinical images such as chest nodules, 

hairline fractures in bones or micro-calcifications in mammograms. 

CRT displays also exhibit spatial noise, which are the luminance variations caused by 

phosphor granularity. Much attention has been given in the past to evaluation of CRT 

displays and it has been demonstrated that different CRT phosphors contribute different 

amounts of noise. For instance, P104 phosphor possesses a larger amount of spatial noise 

than P45 and it does affect observer performance in diagnostic radiology tasks, such as 

mammography [32]. The AAPM TG18 has recommended use of P45 phosphor on 
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Primary displays in clinics, partly because P45 provides low spatial noise compared to 

other phosphors, like P104 [9]. Note that Primary display systems are those systems used 

for the interpretation of medical images. They are typically used in radiology and in 

certain medical specialties such as Orthopedics. Blume et al. [14] have recently reported 

that the spatial noise of LCDs has a level comparable to that of the CRT P104 phosphor. 

Accordingly, an intensive study on the characterization of LCD spatial noise is warranted 

in order to fully understand how well LCDs can perform in clinical diagnosis. Reference 

[33] presents a study on LCD spatial noise done by the industry.  

An LCD is a matrix display device that presents information on a limited number of 

discrete positions (pixels) and to some degree with a limited number of discrete 

luminance values. In the medical arena, LCDs are often used in the monochrome version 

where the usual red, green and blue filters are not present. Figure 4.1 shows a picture of a 

single LCD pixel that consists of three sub-pixels. Each sub-pixel consists of two 

domains and each domain has two pairs of electrodes. Figure 4.2 shows a 3D plot of 3 × 

3 LCD pixels where the pixel amplitude is displayed in the vertical direction. Spatial 

noise is superimposed upon LCD pixel and sub-pixel structures making the LCD pixel 

outputs differ from one another. In terms of its effect on the output of the display, spatial 

noise shows up as random luminance variations in space throughout the display panel. 

The cause of LCD spatial noise can be attributed to a number of factors, such as LC 

nonuniformity, cell thickness, spacers, and cell voltages [34].  
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Fig. 4.1 One LCD pixel with three sub-pixels 

Fig. 4.2 3 × 3 LCD pixels: structures & spatial noise 
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For medical diagnosis and treatment applications, the central question of interest is: 

what kind of problems can the spatial noise of an LCD system generate? First, subtle 

anatomical abnormalities in the clinical images may be masked by the display spatial 

noise, and prevent radiologists from detecting them. As a result, the True Positive 

Fraction (TPF) in an ROC study is decreased. Second, spatial masking [24] is a well-

known phenomenon of the Human Visual System (HVS). It underscores the feature that 

spatial noise is more visible in a uniform background region than in a region with high 

contrast, which in turn may induce false alarms or False Positives. Finally, display 

manufacturers have implemented several different modulation techniques to increase the 

precision of display output luminance [13]. These techniques include spatial modulation, 

temporal modulation, and sub-pixel modulation. As a result, the precision of the output 

luminance will be increased from the original 8 bits to 10 bits, 11 bits, 13 bits or even 

more than 15 bits. Certainly the increase in the accuracy of representation of the signal is 

very important; however, if the noise level is not reduced, it will compromise the efforts 

of the modulation schemes and high levels of detection accuracy cannot be reached.  

 

4.2 The approach for evaluation and optimization of spatial noise 

In order to effectively address these problems arising from the noise contamination, 

we investigated methods for the characterization of LCD spatial noise. The primary goal 

of this work was to explore the properties of LCD spatial noise and to explore methods to 

reduce their influence on medical images as they are displayed by the respective displays. 
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As has been defined earlier, spatial noise includes inter- and intra- LCD pixel luminance 

variations. In this study, we have mainly worked on the spatial noise originating from 

inter- pixel luminance differences. As part of this study, we have conducted physical 

evaluation of spatial noise of LCDs with the aid of a high quality CCD camera. Noise 

properties were estimated mathematically using signal processing and modeling 

techniques. Based on the estimation of the LCD spatial noise, we have designed and 

implemented an approach to process images to compensate for the spatial noise effects of 

the LCD. The kernel algorithm we used for noise compensation is error diffusion. Some 

interesting results obtained in this study will be outlined in this chapter. Figure 4.3 shows 

a schematic diagram employed for the study. We have used a Planar C3 display, which is 

a 1536 × 2048 (3M) pixel high-resolution monochrome LCD, throughout this work. Its 

pixel structure image is shown in Figure 4.1.  

Three distinct steps constitute the study: data acquisition, noise estimation and noise 

compensation. In Section 4.3, we will discuss the spatial noise characterization, which 

includes data acquisition (via a CCD camera) and noise estimation. Section 4.4 will 

present the details of the noise removal algorithm based on error diffusion. A few 

experimental results are presented in Section 4.5 to illustrate the performance of the 

present approach to noise removal. Finally a summary of the conclusions and discussions 

are given.   
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4.3 Characterization of spatial noise 

 

4.3.1 Data acquisition 

The setup of the CCD camera and the display is similar to the procedure described in 

Section 3.4.1. Figure 4.4 shows the experimental setup in our lab. The display was 

calibrated according to the DICOM 14 display function standard [17]. Calibration was 

done using the software “CalibrationTQA” with the photometer provided by Planar. 

For facilitating evaluation of the noise properties, uniform fields were displayed on 

the LCD and then captured by the camera. The camera was carefully focused on the LCD 

at a certain optical magnification ratio such that approximately 12 × 12 camera pixels 

Fig. 4.3 Overall diagram 
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recorded one display pixel. The camera images were saved for noise analysis and 

estimation.  

 

 

 

It should be noted that besides spatial noise, LCD systems possess temporal noise as 

well. Since the spatial noise is the focus of this study, we need to make sure that there is 

only spatial noise present in the images taken by the CCD camera. Roehrig et al. [35] 

have shown that LCD temporal noise is typically much smaller than the spatial noise. 

Furthermore, when we took images of the LCD using the camera, we selected sufficient 

exposure times for image acquisitions to average out the temporal noise. The Planar C3 

Fig. 4.4 Use of a CCD camera to evaluate an LCD 
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monitor used in this study had a frame rate of 65 Hz. In our experiments we ensured that 

exposure times which amount to an integer number of frames were used. For example, an 

exposure time of 462ms approximately incorporates 30 display frames. Thus, most of the 

temporal noise can be assumed to be averaged out, leaving only spatial noise in the 

camera images. 

 

4.3.2 Spatial noise estimation 

The intra-pixel structure of an LCD is very apparent under close visual examination 

with a magnifying glass. Based on what we have observed in the lab, it is reasonable to 

assume that the LCD intra-pixel structure is identical for each pixel and it is periodic 

across the panel. What varies is their luminance output. However, when we look at the 

CCD camera images, the structure pattern does not appear to be highly identical and 

periodic because of the sampling rate of the CCD detectors and the non-perfect alignment 

between the display and the camera. Before we can get the correct properties of the 

spatial noise from the camera images, the distortion generated by the camera should be 

corrected. Then a noise map, which describes the spatial noise properties of each display 

pixel, can be derived. We term this procedure “spatial noise estimation”. Figure 4.5 

shows a block diagram rendering of the algorithm.  
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In this work, the corrections for the camera acquisition were modeled with a 

convolution kernel hk,l, where (k, l) denote the pixel coordinates in the LCD. 

Determination of hk,l for all (k, l) can be described as follows. All analyses in this section 

were done using the 768 × 768 CCD image of the central 64 × 64 region of the LCD. We 

use the term "template" to refer to a generalized CCD image of one LCD pixel. The 

internal structure of the template reflects intra-LCD-pixel variations when averaged over 

Fig. 4.5 Spatial noise estimation 
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all LCD pixels. Because of the 12 : 1 magnification, the size of the template is 12 × 12. 

The steps required to estimate the 12 × 12 template t are as follows. A CCD camera 

image was acquired of a uniform image with eight markers, each of which was a high-

contrast single pixel located at a pre-determined position. A temporary template was 

generated by averaging the 12 × 12 CCD image regions centered on these markers. The 

temporary template was used to subsequently register and extract 12 × 12 regions around 

all LCD pixels. This was accomplished by calculating the cross correlation between the 

temporary template and all possible 12 × 12 regions extracted from the 768 × 768 CCD 

image. The maxima in the resulting cross correlation values identified the regions in the 

CCD image that approximately corresponded to the desired LCD pixels. These regions 

occurred on an approximately 12 × 12 grid. Due to sampling effect and the fact that the 

magnification was not exactly 12, sometimes the spacing could be different from 12, but 

it was always an integer. This procedure can be regarded as CCD pixel level registration. 

After locating in this manner the position of each LCD pixel (k, l) in the CCD image, we 

extracted the 12 × 12 region, normalized it to unit mean (wk,l), and averaged the 

measurements over all LCD pixels to obtain the template t. Because of the averaging, t 

has no k or l dependence. Therefore the template is a unit mean 12 × 12 image of one 

LCD pixel that depicts only the mean intra-pixel structure, and does not reflect the 

intensity variations over the LCD. 

To correct for the distortion generated by the camera, CCD sub-pixel registration was 

performed. We modeled the distortion at a 12 × 12 CCD region wk,l of an LCD pixel 
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located at (k, l) as a position dependent linear operator. The correction for this distortion 

was based on a convolution kernel hk,l we wanted to compute. The model is described by 

lk,lk,lk, Δhwt +⊗= ,    (4.1) 

where Δk,l denotes some residual error. To estimate hk,l for each LCD pixel (k, l), we used 

the least mean square error approach. The mean square error can be calculated as 
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where x, y label the coordinates of a pixel within either t or wk,l, N = 12 is the size of one 

edge of the square template and (2M+1) × (2M+1) is the size of the convolution kernel 

hk,l. In order to reduce the complexity of the calculation, we chose M = 1 so that the size 

of each hk,l matrix was 3 × 3. For notational convenience, hk,l is shown as a square matrix, 

but the general case of a rectangular matrix can be easily handled. For each LCD pixel (k, 

l), the least square minimization was achieved by setting equal to zero the derivative of ε2 

with respect to each of the (2M+1) × (2M+1) components of hk,l. This yields (2M+1) × 

(2M+1) linear equations that can be solved for the (2M+1) × (2M+1) components of hk,l 

using standard techniques. The convolution technique described above contains the 

information to automatically correct for the fact that each 12 × 12 CCD region wk,l is not 

exactly aligned with the corresponding LCD pixel located at (k, l).  

To demonstrate feasibility we restricted ourselves to the central 64 × 64 pixels of the 

1536 × 2048 LCD. This region maps to 768 × 768 pixels in the CCD image, as shown in 

Figure 4.6. A particular point P on the LCD display is mapped to the point P' on the CCD 

image. The idea is to convolve the extracted 12 × 12 wk,l centered on the point P' with the 
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matrix hk,l. According to Equation 4.1, this will yield the template t less the error term. 

Since the matrix hk,l was chosen to minimize the error term, the procedure will yield, in 

the least squares sense, the constant template t, with no dependence on k and l. In 

applying this idea note that Equation 4.1 applies to the normalized 12 × 12 regions wk,l – 

all of which have unit mean.  One wishes to preserve the image information manifested in 

the intensity variations (spatial noise) in the image. Therefore one needs to apply the 

convolution not to the normalized 12 × 12 region wk,l, but to the actual 12 × 12 region 

corresponding to the point P'. Note also that the application of a (2M+1) × (2M+1) 

convolution kernel requires that one extract a larger region than wk,l, at least a (12 + 2M) 

× (12 + 2M) square, so that the pixels on the boundary of the desired 12 × 12 region will 

be properly convolved. In our case M = 1, so that for each point P', we extracted a 14 × 

14 region. The convolution was then applied and the central 12 × 12 region was extracted. 

This procedure was repeated for all LCD pixels (k, l) to obtain the 768 × 768 corrected 

CCD image. Averaging this in blocks of 12 × 12 yielded the 64 × 64 LCD luminance 

image – recall that the CCD detector responds linearly to LCD pixel luminance. This 64 

× 64 matrix presents the relative output luminance variations of the corresponding 64 × 

64 LCD pixels when a uniform image is displayed. The matrix is further normalized and 

the resultant matrix is named “spatial noise map” (n). Figure 4.6 illustrates the above 

procedure of spatial noise map generation. In this study, 14 uniform patterns with 

different luminance values varied from dark to bright were used and 14 noise maps were 

generated. The average of them was used for further noise compensation. It should be 
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noted that the noise maps were highly close; we only observed a weak dependence of the 

spatial noise map on the luminance. 

 

Fig. 4.6 Generation of a spatial noise map  

P
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LCD pixel noise map: 
a 64 × 64 matrix
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4.4 Spatial noise compensation  

With the knowledge of display spatial noise available, we can now proceed to 

compensate for the noise effects through image processing. Error diffusion is the kernel 

technique implemented in this study for reducing spatial noise.   

 

4.4.1 Error diffusion  

Error diffusion is an adaptive and non-linear operation. It was first described by Floyd 

and Steinberg [36, 37], and has been studied extensively and used widely to render 

continuous-tone images for printing and display when only a limited number of 

grayscales are available [38, 39]. A well-known application of error diffusion occurs in 

digital half-toning where it is desired to reduce a continuous-tone image to a binary 

image while approximately preserving the grayscale appearance when the actually binary 

image is viewed by a human observer. The basic idea is that the reduction of a particular 

continuous-tone pixel to a binary value almost always results in a rounding error. Instead 

of ignoring this error, it is spread out (or diffused) to neighboring pixels, each of which 

can only depict binary values. Each neighboring pixel adds its receiving errors to its own 

value, then chooses the binary value which can generate less rounding error and spreads 

out this rounding error to its other neighboring pixels. The aggregate effect of this 

processing, when averaged over several pixels – as is inevitably done by the human 

observer at normal viewing distances – yields approximately the desired grayscale effect. 

In the present application one is dealing with an 8-bit display image, not a binary image, 

but the basic idea is the same. 
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We use an 8-bit display as an example. Each pixel has a value from 0 (dark) to 255 

(bright). The value displayed on the screen has to be one out of these 256 values. If a 

pixel needs to show the value of 100.25 and a value of 100 is placed there, then an error 

of 100 - 100.25 = -0.25 is generated, which means the value displayed is a little bit darker 

than the expected value. This error will not be abandoned. It will be separated and spread 

to the pixel’s neighbors. The neighboring pixels will subtract their received errors and 

adjust their display values. Thus the errors of the neighboring pixels can cancel out this 

error, so that when integrated the effective error will be approximately zero.  

 

4.4.2 Spatial noise reduction scheme  

Error diffusion has been mainly applied to correct for the rounding error (or, 

quantization error) as discussed above. In the present study, we are dealing with the 

display spatial noise, which is a different problem in principle, and generally spatial noise 

can have much larger values than the rounding error. However, the commonality is that 

the existence of the spatial noise can affect the accuracy of the display output, which will 

be rendered by the HVS as a degraded image. Thus, the basic idea here is to treat the 

spatial noise as error and use error diffusion to reduce spatial noise such that human 

perception is improved. The error diffusion algorithm we applied in this study is based on 

Reference [3] and the diffusion pattern is depicted in Figure 4.7. A pseudo-code 

describing the algorithm is given in Appendix A. The raw input digital image, the spatial 

noise map and the display’s characteristic curve are the inputs to the processing algorithm. 

First the input digital image was transformed to a luminance image (I) via the display’s 
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characteristic curve (see comment #1 of the pseudo-code). Thus, I(k, l) is the target 

luminance value that ideally one wishes to display at (k, l). The processing was 

implemented from left to right and from top to bottom in the diffusion pattern. In Figure 

4.7, each block represents a single display pixel. Block (k, l) denotes the current pixel 

whose value needs to be modified. The pixels which are on the left or on the top of (k, l) 

are the processed pixels while the rest are the unprocessed pixels. The error calculated at 

(k, l) is a function of the target luminance value, the spatial noise factor, and the error 

diffused from the preceding pixels. The spatial noise factor is the value of the element 

from the spatial noise map at the location (k, l), which is denoted as n(k, l). In general, at 

pixel (k, l) the error e(k, l) is calculated as 

),()(),(),(),(),(),( lkil1kec1lkec1l1kelklke 21 nLI −−+−+−−+= ,  (4.3) 

where, e(k-1, l-1), e(k, l-1) and e(k-1, l) denote the errors generated at pixel locations (k-1, 

l-1), (k, l-1) and (k-1, l)  respectively; c1, c2 are constants which take values either 0 or 1, 

where 0 means the corresponding error is not added in and 1 means the corresponding 

error is diffused; L is a row vector which stores 256 luminance values associated with 

256 Digital Driving Levels (DDL) generated from the display characteristic curve; and i 

is the output DDL value at (k, l) generated by the algorithm. From Figure 4.7, it can be 

seen that errors from different neighboring pixels have different priorities. For example, 

if pixel (k, l) does not correct the error coming from pixel (k-1, l-1), then this error will 

not have any chance to be corrected in the algorithm because (k, l) is its last neighbor. 

But for pixel (k, l-1), its error can wait until pixel (k+1, l) is reached. That is, pixel (k-1, l-

1) has a higher priority over pixel (k, l-1) and pixel (k, l-1) has a higher priority over pixel 
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(k-1, l). The different priorities in the diffusion pattern along with the amount of errors 

associated with the different neighbors determine the values of the two constants c1 and 

c2 (see comments #2, #4 and #6 of the pseudo-code). It should be noted that e(k-1, l-1) 

will always be diffused to the pixel (k, l); even if its value is zero, which suggests that it 

has been diffused to other pixel already. After the diffusion is done at (k, l), we do not 

need to set the value of e(k-1, l-1) to zero, as pixel (k-1, l-1) will not be used any more in 

the future processing (see comment #3 of the pseudo-code). But for e(k, l-1) and e(k-1, l), 

if they are diffused to the pixel (k, l), their values have to be set to zero, as they will show 

up again in the later processing (see comments #5, #7, #8 of the pseudo-code).  

DDL value i is the output of the algorithm at (k, l) (see comment #9 of the pseudo-

code) and correspondingly, L(i)n(k, l) is the real luminance output at (k, l). Then e(k, l), 

which is the rounding error at (k, l), is diffused to the pixels (k+1, l), (k, l+1) and (k+1, 

l+1) according to the manner described above. After pixel (k, l) is processed, pixel (k+1, l) 

is the next one to be processed.  

Note that the above noise compensation was implemented in the luminance domain, 

as this is the domain human observers perceive. Finally, after the processing is 

completed, the resultant digital image is ready to be presented on the LCD for 

performance evaluation of the compensation scheme.  
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 4.5 Observer performance study 

Observer performance evaluation is conducted in order to explore the dependence of 

human contrast sensitivity on display spatial noise. This evaluation used the two-

alternative forced choice (2-AFC) method [40]. Gaussian-shaped objects, which simulate 

lung nodules, served as stimuli. Three types of test images were used: images containing 

simulated noise amounting to twice the amount of the display spatial noise present, 

images containing the original spatial noise and images compensated for the spatial noise. 

Fig. 4.7 The error diffusion pattern 
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The simplest of all forced choice experiments is a 2-AFC task [40]. Here, images are 

shown in pairs where each pair has one “noise only” image and one “signal-plus-noise” 

image. In this work, noise refers to the spatial noise of the display as well as the noise 

from the eye-brain system of the observer. The signal is randomly assigned to one field or 

the other with equal prior probability. The observer has to choose which one of the two 

fields is more likely to contain the signal. Since guessing has a probability of 50% of 

correctness, the total probability of correct response in this procedure is given by: 

)(
2
1

2
1

2 spp AFC += ,     (4.4) 

 
 
where ( )p s  is the detection probability. Thus a 75% correct response corresponds with a 

detection probability of 50%.  

 

4.6 Experimental results 

 

4.6.1 Physical evaluation results 

Several experiments were conducted to evaluate the performance of the proposed 

spatial noise estimation and compensation schemes. Results from a few of these are 

outlined in this section for illustration.  

Figure 4.8 shows the plots of output luminance distribution for five consecutive 

DDLs: DDL118, DDL119, DDL120, DDL121 and DDL122. Uniform patterns with these 

values were displayed individually on the LCD and recorded by the CCD camera. From 

the camera images, LCD pixel outputs for different DDLs were estimated using the 
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method discussed in an earlier section. Figure 4.8.a plots the display output histogram of 

the raw images and Figure 4.8.b plots the display output histogram of the corresponding 

images with noise compensation. It is easy to recognize from Figure 4.8.a that if a 

shading scheme for different DDLs is not used, one will have a hard time differentiating 

them. On the contrary, in plot 4.8.b, one can clearly distinguish five different peaks. This 

is because, after noise compensation the variation of each DDL is largely reduced. This 

variation will be quantified in terms of standard deviation in the following discussion. 



 

76

Fig. 4.8 Comparison of output luminance distribution:  

(a) Top: no compensation, (b) Bottom: with compensation 
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The coefficient of variance (CV) (also called coefficient of variation) [41], a metric 

widely used in statistics, gives a measure of the degree to which a set of data points varies. 

It is often called the relative standard deviation, since it takes into account the mean 

(average) of the sample points. The CV of LCD pixel outputs (CVLCD) is an important 

figure of merit that can be used to evaluate the noise property of an LCD system and the 

performance of the noise compensation algorithm [34]. Here, the CVLCD is defined as  

100⋅=
LCD

LCD
LCD mean

stdCV ,    (4.5) 

where meanLCD and stdLCD are the mean and the standard deviation of luminance outputs 

of LCD pixels. From Equation 4.5, we can see that the larger the CVLCD is, the greater the 

variability in the output of LCD pixels. Table 4.1 shows the results of spatial noise 

estimation and compensation in terms of CVLCD for an area of 13.248 mm × 13.248 mm 

(64 × 64 display pixels) at the center of the display. The first column lists the input DDLs 

and the second column shows the corresponding expected output luminance values. The 

third column shows the values of CVLCD before noise compensation and the last column 

depicts the values of CVLCD after noise compensation. From comparing the values, one 

can appreciate the significant decrease in CVLCD at all input DDLs.   

Figure 4.9 plots the data from Table 4.1. Again we can see that with the aid of error 

diffusion processing, the CVLCD has decreased significantly, which suggests that the pixel 

variation has decreased. In other words, the spatial noise has been reduced. It is also 

interesting to observe that the curve from the raw images has an inverse “U” shape. The 
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values of CVLCD in the very high luminance and in the very low luminance ranges turn 

out to be lower than that in the middle luminance range. As a matter of fact, we have 

conducted similar noise studies on two other LCD systems: one 5M-pixel LCD system 

which has the same pixel and sub-pixel structure as the one used in this study (“chevron” 

shape as shown in Figure 4.1) and one 1M-pixel LCD system which has a different pixel 

and sub-pixel structure. In these experiments, we observed the inverse “U” shape in the 

CV curve for the 5M-pixel panel. We suspect that the underlying reason is that liquid 

crystals can be more accurately aligned at the ends or near end rotation points than within 

the middle range for this kind of panel, which possesses the “chevron” shape pixel 

structure. Although we did not observe the inverse “U” shape in the CV curve for the 

1M-pixel panel, what is common is that the CVs are not luminance independent and the 

CVs typically get smaller when the display is working in the very high luminance ranges.  

Appendix B outlines another simple method to approximately calculate CV based on 

Fourier analysis. The term “Display single pixel SNR” is used, which is defined as:  

LCD

LCD
p std

mean
SNR = ,     (4.6) 

where meanLCD and stdLCD are the mean and the standard deviation of luminance outputs 

of display from pixel to pixel. From Equations (4.5) and (4.6), we can clearly see that 

SNRp is just the inverse of CVLCD.  
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Input  
(DDL) 

Expect output  
(cd/m2) 

CVLCD (before  
Compensation, %)

CVLCD (after  
Compensation, %) 

20 3.321 1.381 0.976 
40 6.607 1.550 0.977 
60 11.708 1.693 0.895 
80 19.320 1.837 0.948 
100 30.272 1.907 0.964 
120 45.961 1.966 0.990 
140 68.084 2.020 0.980 
160 98.725 2.007 0.957 
180 141.540 1.948 0.907 
200 200.015 1.865 0.859 
220 280.515 1.765 0.812 
240 390.792 1.608 0.794 

Table 4.1 CVLCDs (%) before and after noise compensation 

Fig. 4.9 Plots of CVLCDs before and after noise compensation 
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We also show a uniform image for the purpose of illustration. The idea here is to 

compare the noise compensation effect within one single image. Figure 4.10 shows a 

camera picture of a uniform test-pattern with DDL = 120 displayed on the LCD. The 

central portion of the image, which comprises of 64 × 64 LCD pixels has been processed 

using the scheme discussed in an earlier section of this chapter, while the area 

surrounding the central portion has not been subject to any processing. We can see that 

the central portion of the image looks smoother than the other areas. According to our 

calculation, the CVLCD of the central portion of the image is about 0.99, but for the margin 

areas it raises to 1.97. Thus the CVLCD is almost reduced by half after noise compensation.  

Fig. 4.10 A uniform image displayed on the LCD and recorded by the camera:  

the central 64 × 64 LCD pixels have been processed to correct for spatial noise 

Compensated: 
CVLCD = 0.99 

Raw:  
CVLCD = 1.97
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Figure 4.11 shows the comparison of normalized NPS before and after compensation 

at input DDL 120. Here we plot the two cuts through the origin in the horizontal and 

vertical directions from the 2D NPS. As the processing scheme we used in this work is 

implemented at the LCD pixel level, the NPS curves are only plotted up to the Nyquist 

frequency of the display. These plots clearly show that the NPS is lower after the spatial 

noise compensation we used in this study.  

0 0.5 1 1.5 2 2.5 3
Frequency (lp/mm)
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2 )
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Vertical, Before Compensation
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Vertical, After Compensation

Normalized NPS Before and After Compensation

Display Nyquist 
Frequency: 2.43 lp/mm

Fig. 4.11 Comparison of NPS before and after noise compensation 
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4.6.2 Observer evaluation results 

The effect of error diffusion operation can only be truly evaluated by human observer. 

Section 4.5 illustrates the observer study method. The proportion of correct responses 

was averaged over each observer and over the two regions in the 2-AFC. Table 4.2 and 

Figure 4.12 show the average percent correct response for the three types of images over 

different signal amplitudes (contrast). 

 

DDL PC for 2N PC for N PC for 
Corrected 

5 0.65 0.7 0.7811 
6 0.7125 0.745 0.8021 
7 0.7 0.729 0.82295 
8 0.7875 0.8625 0.9025 
9 0.85 0.9 0.9375 
10 0.8625 0.9025 0.94795 
11 0.925 0.9575 0.97915 

Table 4.2 Values of PC (the percent correct response) for different 
levels of spatial noise averaged over the two regions and 12 
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4.7 Conclusions and discussions 

 In this work, we have studied the spatial noise properties of high resolution LCDs for 

medical imaging. Quantitative noise analysis, estimation and compensation have been 

conducted. The experimental results reported here permit the following conclusions:  

• Using a high quality CCD camera, the LCD spatial noise properties can be easily 

characterized with high accuracy and precision. 

• Using a linear transform model, the CCD camera images can be successfully 

corrected for the non-ideal CCD camera sampling and a spatial noise map of the 

LCD can be derived. 

Fig. 4.12 Comparison of PC for different levels of display spatial noise 



 

84

• If clinical images are processed before the display, the LCD spatial noise can be 

significantly reduced. Error diffusion is an excellent candidate for spatial noise 

removal. 

It should be noted that the compensation algorithm essentially makes all the LCD 

pixels look identical. In other words the inter-pixel variation shown in Figure 4.2 would 

be largely removed. But the spatial noise also includes the intra-LCD pixel variation, 

which is not removed because at this time we do not have free access to each LCD sub-

pixel. Consequently, we have only conducted noise compensation at the LCD pixel scale 

in this work. If we can have free control over each LCD sub-pixel, the display periodic 

noise (structure) should be largely reduced and compensation can be implemented at the 

display sub-pixel level to make an elegant trade between contrast and spatial resolution. 

In this work, we have used CV to evaluate the performance of the noise compensation 

algorithm. It may be argued that CV is not an ideal figure of merit to represent diagnostic 

accuracy and a completely satisfactory metric should include the display properties, 

lesion characteristics, and the observer characteristics, etc [42]. We know that an 

observer study constitutes a more definitive evaluation; the pilot observer study result 

presented in Section 4.6.2 seems to confirm the effectiveness of the compensation 

operation. 

Finally, it should be pointed out that in an imaging chain, very often other sources of 

noise can dominate the detection problem (as in the case of structure noise in some 

mammographic images). Our focus in this work is to study the spatial noise of softcopy 

display, which is the last component in the imaging chain before the human observer. In 
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applications where the display noise is significant enough to dominate the other sources 

of degradation, the noise elimination procedure proposed in this work can offer 

significant clinical benefits.  
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CHAPTER 5 

COMPENSATION FOR DISPLAY CONTRAST RESOLUTION LOSS  

 

5.1 Introduction  

Image contrast determines how well an object in the image is standing out from the 

background. The ability of a display to fully render the contrast information in the input 

image largely depends on the display’s contrast resolution and the display characteristic 

curve. We have discussed the display characteristic curve and the DICOM calibration in 

Chapter 2; this chapter will focus on the display contrast resolution.   

Contrast resolution refers to the number of gray-levels available in an imaging device. 

CRTs and LCDs generally use 8 bits for representation, which can render 256 different 

luminance values simultaneously. This is usually enough for rendering complex images. 

However, there are cases where better representation accuracy is needed. Today, a 

medical grade display can create a brighter image with a contrast ratio above 600:1, 

which in general can include more than 600 Just-Noticeable-Differences (JND). Thus, 

more than 600 Digital Driving Levels (DDL) are needed, which suggests 256 DDLs may 

not be sufficient. Before it is shown on an 8-bit display, a high-bit-depth image (i.e., 14-

bit or 12-bit) needs to be quantized to 8 bits. Some artifacts will always be generated by 

the quantization operation. These artifacts can be regarded as noise and the quantizer can 

be modeled as a noise source. A greater attention should be paid when the noise is 

correlated with the input signal and is high enough to be picked up by the HVS. There are 

two kinds of quantization artifacts that fall into this definition. The first is that the 
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quantization operation generates some systematic structure, which is not in the original 

image. Figure 5.1.a shows an example. The solid line is the input to the quantizer; the 

dashed curve is the output. In this example, the quantizer changes the input straight line 

into a staircase curve, which is not in the original image. There is a human visual 

phenomenon named Mach band effect [24]. It suggests that the perceived contrast is 

increased by the HVS along the boundaries of well-aligned areas of different intensity. In 

Figure 5.1.a, a false contour is generated by quantization and is magnified by the HVS 

because of the Mach band effect. The second kind of artifacts which needs attention is 

that some detail structure in the original image is not shown on the display because of the 

quantization. Figure 5.1.b shows an example. The input signal is a small sinusoidal wave. 

As the whole signal falls into one single quantization range, the output signal is a straight 

line indicating an inability to sense the changes experienced by the input signal.  

Input

Output
(quantized)

x

f(x)

Fig. 5.1 Possible problems of display’s limited contrast resolution  
(a) Left: false contour; (b) Right: subtle signal missing. 

Input

Output 
(quantized)

x

f(x)

One quantization 
interval
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As we have discussed in an earlier chapter, AM-LCDs are gradually replacing CRTs 

in the radiology reading rooms. Recent advances in Liquid Crystal-based flat-panel 

display technology are making it possible now to display digital medical images with a 

fidelity that was not possible a few years ago. Recent studies [11, 13, 14, 34] seem to 

confirm the high hopes placed in LCDs, but they have also suggested that LCDs are far 

from ideal. Like CRTs, LCDs generally possess a limited contrast resolution. On the 

other hand, they exhibit higher spatial noise than CRTs (see Chapter 4). These can 

interfere with clinical diagnosis and reduce the efficiency especially when there are subtle 

abnormalities presented in clinical images. This chapter uses LCD as the test display 

device. The purpose is to explore ways to improve softcopy display of medical images 

through appropriate image processing techniques in order to compensate for display’s 

contrast resolution loss. LCD’s spatial noise compensation will also be included using the 

method discussed in Chapter 4.   

Chapter 4 focused on the study of the LCD spatial noise, which refers to small but 

measurable and stationary inter- and intra- LCD pixel luminance variations. The cause of 

this noise can be attributed to a number of factors related to the internal properties of the 

LCD, such as LC non-uniformity, cell thickness, spacers, and cell voltages. Figure 5.2 

illustrates the effect of spatial noise on the HVS. Figure 5.2.a shows a noise-free image 

with a Gaussian shaped object in the center. Figure 5.2.b is the same as Figure 5.2.a 

except that some spatial noise is added. It is very easy to locate the object in Figure 5.2.a 

but it gets difficult to find the same object in Figure 5.2.b because of the presence of the 
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spatial noise. When more noise is added, as shown in Figure 5.2.c and Figure 5.2.d, it 

gets even harder to find the object. Thus a certain amount of LCD spatial noise can cover 

a subtle object in the image, which makes the JND associated with this object higher.  

Fig. 5.2 Illustration of LCD’s spatial noise.  
(a) A noise-free image with a Gaussian shaped object; (b)-(d) As 
progressively more spatial noise added from (b) to (c) and (d), the Gaussian 
shaped object becomes more and more difficult to be detected. 
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5.2 The approach for compensation for contrast resolution loss 

Having realized the problems related to LCD’s limited contrast resolution and spatial 

noise (see Chapter 4), we conducted a comprehensive research on compensation for these 

two display properties. Notice that both limited contrast resolution and spatial noise can 

generate some sort of error in terms of image reproduction. We can use error diffusion 

technique to correct for these errors. Figure 5.3 shows the overall diagram of the study. 

Two error diffusion operations are applied to treat contrast resolution loss and spatial 

noise separately. For contrast resolution compensation, the processing is done in the 

perceptually linear domain, whereas for spatial noise compensation, the corresponding 

processing is done in the display output luminance domain. 

Observer

Contrast resolution
correction: error

diffusion 1 (in
linearly perceptual

domain)

Spatial noise
correction: error
diffusion 2 (in

luminance domain)

Spatial noise
estimation using a
high quality CCD

camera

LCDRaw
image

Fig. 5.3 Block diagram of the study 
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5.3 Methodology 

The LCD is a matrix display device, which presents information at a limited number 

of discrete positions and with a limited number of discrete luminance values. The output 

of an LCD pixel can be modeled as shown in Equation 5.1,  

)],(),()[(),( irsnirpsifirg += ,    (5.1) 

where g is the output luminance, f is the operator which converts input DDL value i to the 

associated luminance value through the display characteristic curve (DICOM 14 curve 

[17]). The function ps represents the pixel structure at 2D spatial position r on the display, 

and sn corresponds to spatial noise.  

Figure 5.3 shows a schematic diagram of the approach used in this study. A 3M 

(1536×2048) high-resolution monochrome LCD system was chosen for the study. The 

display is first calibrated according to the DICOM 14 standard [17] to ensure that the 

output of the display is perceptually linearized.  

 

5.3.1 The algorithm 

Error diffusion is the kernel algorithm used in this work for rendering high-bit-

resolution images on the 8-bit noisy LCD. As noted earlier, the basic algorithm was first 

introduced for halftoning in the printing process of gray-scale images [44]. It is related to 

a high-quality binary coding method used in digital audio recording, which is called 

sigma-delta modulation [45, 46]. It is based on the observation that the human visual 

sensitivity to display errors is dependent on the spatial frequency. Error diffusion works 

by shaping the spectrum of the display error toward high frequency ranges in order to 
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improve the subjective quality of the quantized image. Detail discussions about error 

diffusion can be found in [47, 48, 49].  

Figure 5.4 illustrates the diffusion pattern we used in this study. Each block in the 

figure represents one LCD pixel. The diffusion processing was done in a raster-scanning 

manner, which is from left to right and from top to bottom. In Figure 5.4, the process has 

reached pixel (k, l). Note pixel (k, l) has eight neighboring pixels, four of them (pixels (k-

1, l-1), (k, l-1), (k+1, l-1) and (k-1, l)) are already processed and the other four (pixels 

(k+1, l), (k-1, l+1), (k, l+1) and (k+1, l+1)) are yet unprocessed. At pixel (k, l), the errors 

generated and diffused from its four processed neighboring pixels are received and added 

to its expected output value. The final output value at pixel (k, l) and the error generated 

at (k, l) can be calculated as follows,  

),(),(
/),(/),(/),(/),(

min
),(),( lkOutputlkExpect

4l1ke41l1ke41lke41l1ke
lkUlkOutput −+

−+−++−+−−
∈

, (5.2) 

and 
),(),(

/),(/),(/),(/),(),(
lkOutputlkExpect

4l1ke41l1ke41lke41l1kelke
−+

−+−++−+−−=
, (5.3) 

where e(k, l) denotes the error generated at the pixel (k, l), Expect(k, l) denotes the 

expected output value at (k, l),  Output(k, l) denotes the final real output value at (k, l) and 

U(k, l) is the set of values which pixel (k, l) can generate. As shown in the above equations, 

a value for Output(k, l) is selected from U(k, l) to make the absolute value of e(k, l) 

minimum. After e(k, l) is determined, it will be divided into four equal parts and further 

diffused to the four unprocessed neighboring pixels of pixel (k, l) separately. In other 

words, pixels (k+1, l), (k-1, l+1), (k, l+1) and (k+1, l+1) will each receive e(k, l)/4 from 

pixel (k, l). Then the process moves to the next display pixel, which is pixel (k+1, l). The 
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arrows in the Figure 5.4 illustrate the directions of error diffusion through pixel (k, l). The 

aggregate effect of this processing, when averaged over the neighborhood of pixel (k, l) – 

as is inevitably done by the HVS at normal viewing distance – yields approximately zero 

error.  

For simplicity of the processing, the compensation for the contrast resolution and the 

spatial noise are done separately in this study. As shown in the overall diagram (Figure 

5.3), two error diffusion operations have been applied to treat the two problems 

individually. The error diffusion operations were implemented differently as the two 

problems are different in nature. 

 

(k-1, l-1) (k, l-1)

(k-1, l) (k, l)

(k+1, l-1)

(k+1, l)

(k-1, l+1) (k, l+1) (k+1, l+1)

Fig. 5.4 Error diffusion pattern 
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5.3.2 Compensation for contrast resolution loss 

As discussed above, before the experiment, the LCD has been calibrated according to 

the DICOM 14 grayscale standard display function [17], which ensures that the display is 

working in the linearly perceptual domain. This suggests that the data in the input image 

which has a unit of DDL is linear to the human perception after the display calibration.  

The high-bit-depth input image needs to be quantized to an 8-bit image before it is 

displayed. As we are dealing with quantization error here, the error diffusion processing 

should be done directly in the DDL domain, which is the linearly perceptual domain. We 

then have 

{ }2553210U lk ,,,,,),( ⋅⋅⋅⋅⋅⋅= ,     (5.4) 

8InBitDep2lkInputlkExpect −= /),(),( ,    (5.5) 

where Input(k, l) denotes the input image DDL value at (k, l) and InBitDep denotes the 

bit-depth value of the input image (i.e., for a 12-bit input image, its InBitDep is equal to 

12). Note that in this case, U(k, l) is just the set of 8-bit digital data varying from 0 to 255. 

Substituting Equations (5.4) and (5.5) into Equations (5.2) and (5.3), we can fulfill the 

error diffusion compensation for LCD’s limited contrast resolution. Finally, a contrast-

compensated 8-bit image is generated, which will be further processed for spatial noise 

compensation.  

 

5.3.3 Spatial noise compensation 

From our experiments, LCD spatial noise can be approximately modeled as a 

multiplicative noise in the output luminance domain. A noise factor associated with each 
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display pixel needs to be estimated. Let us use n(k, l) to denote the noise factor at pixel (k, 

l) and LumOutput(k, l) to denote the luminance output at this pixel when the input DDL is 

i. Then, LumOutput(k, l) can be calculated as:   

),()(),( lkniflkLumOutput ⋅= ,    (5.6) 

where, as in Equation 5.1, f is the operator which converts input DDL value i to the 

associated luminance value through the display characteristic curve (DICOM 14 curve). 

Note n(k, l) =1 refers to the noise-free case. If n(k, l) >1, the noise at (k, l) is positive; if 

n(k, l) <1, the noise at (k, l) is negative.  

Spatial noise estimation and compensation follow methods described in Chapter 4. A 

computer controlled high quality CCD camera is used for evaluation of the spatial noise 

of the display. The camera images taken from the display are used for noise analysis and 

estimation. Pixel and sub-pixel registration are applied to locate each display pixel for 

spatial noise factor estimation. Linear transforms between the template structure pixel 

(ideal display pixel with only structure present and noise free) and the captured display 

pixels are calculated to correct for the defects of camera sampling. The transforms are 

based on minimizing the mean square error from the template.  

A second error diffusion operation to correct for the LCD spatial noise effect is then 

applied to the processed images generated in Section 5.3.2. This time, the error diffusion 

is done in the display luminance domain because we model the spatial noise as 

multiplicative noise, which can be seen in Equation 5.6. For this case, U(k, l) and Expect(k, 

l) can be formulated as, 

{ }),(,),,(),,(),,(,),( lkn255lkn3lkn2lkn0U lk ⋅⋅⋅⋅⋅⋅= ,  (5.7) 
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)),((),( lkjflkExpect = ,    (5.8) 

where j(k, l) is the input 8-bit DDL value at pixel (k, l) to the second error diffusion, 

which is also the output from the first error diffusion processing. Finally, the processed 

luminance data was converted back to the associated DDLs through the inverse of the 

display characteristic curve, which is f-1. 

 

5.4 Experimental results 

We have tested the performance of the compensation schemes for the two possible 

problems generated from the limited contrast resolution illustrated in Figure 5.1. We used 

wedge test-patterns to evaluate the processing effect for false contour problem. Figure 5.5 

shows the results. Two 11-bit wedge patterns were used as the input. Figures 5.5.a and 

5.5.c show the quantized horizontal and vertical images separately. Because of the 

quantization, we can clearly see the false contour in the two images, which show up as 

vertical or horizontal stripes. Figures 5.5.b and 5.5.d show the processed images. As a 

result of the compensation, the stripes are gone, and the two images look just like the 

original wedge patterns. Figure 5.6 shows an example for compensation for subtle signal 

missing due to the limited contrast resolution. The test-patterns used were horizontal and 

vertical bar patterns. Because of the small amplitude of these two bar patterns, after direct 

quantization, they were rounded off to a single value. Thus, Figures 5.6.a and 5.6.c are 

just two uniform images. With compensation applied, we can see from Figures 5.6.b and 

5.6.d that the subtle bar patterns are reconstructed successfully. Figure 5.7 shows an 

example from a clinical image, which is a 12-bit CR image. After it is quantized to 8-bit 
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and shown on the display, a large amount of false contours are generated, especially 

within the marked area in the image. Figure 5.7.b shows this area with a higher resolution. 

Figure 5.7.c shows the corresponding processed image, in which one cannot see any false 

contours.  

Fig 5.5 Example of processing on false contour. (a) Upper left: Direct quantized 
horizontal wedge pattern, with false contour (shown as vertical stripes) present; (b) 
Upper right: Quantized and processed horizontal wedge pattern, no false contour 
present; (c) Lower left: Direct quantized horizontal wedge pattern, with false contour 
(shown as horizontal stripes) present; (d) Lower right: Quantized and processed 
horizontal wedge pattern, no false contour present. 
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Fig. 5.6 Example of processing on small single reconstruction. (a) Upper left: Direct 
quantized horizontal bar pattern, resulting in signal missing; (b) Upper right: Quantized 
and processed horizontal bar pattern, subtle bar pattern is recovered; (c) Lower left: Direct 
quantized vertical bar pattern, resulting in signal missing; (d) Lower right: Quantized and 
processed vertical bar pattern, subtle bar pattern is recovered. 
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Fig. 5.7 An example of a clinical image. (a) A 12-bit CR image; (b) A portion from (a), 
which shows a lot of false contours because of quantization; (c) Processed image, no 
false contours are present. 
 

(a) 

(b) (c) 
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We also have tested the results for spatial noise compensation. The coefficient of 

variance (CV) was used in this study to describe the amount of spatial noise among 

display pixels. CV is defined in Chapter 4 and is reiterated here as,  

100⋅=
LCD

LCD
LCD mean

stdCV ,     (5.9) 

where meanLCD and stdLCD denote respectively the mean and the standard deviation of 

luminance outputs of LCD pixels. Note that the larger the CVLCD, the greater is the spatial 

noise. Figure 5.8 plots CVs before and after noise compensation for different DDLs. The 

calculation was based on an area of 100×100 display pixels (approximately 

21mm×21mm area). The solid curve in Figure 5.8 is the CV curve for no compensation. 

With error diffusion applied, the CV curve drops to the lower dashed one. For the 

majority of the DDL range, we can see a factor of two improvement in terms of noise 

reduction after processing. As discussed earlier in Chapter 4, the CV curve for the output 

with no noise compensation shows an inverse ‘U’ shape. It may be noted that the LCD 

used in this study was made by a different display manufacturer than that used for 

evaluation in Chapter 4. Figure 5.9 shows the normalized output luminance distribution 

for an area of 100 × 100 display pixels. Figure 5.9.a shows a plot of the distribution 

without any processing. The mean output is normalized to 1 and the standard deviation of 

the variation is 0.0202. Figure 5.9.b shows the corresponding distribution for the 

processed data. Again the mean output is normalized to 1, but this time the standard 

deviation drops to 0.0094, which is about 46.5% of the unprocessed value.  



 

101

0 50 100 150 200 250 300
LCD DDL

0

0.0025

0.005

0.0075

0.01

0.0125

0.015

0.0175

0.02

0.0225

0.025
C

V 
(%

)
CV before noise compensation
CV after noise compensation

Fig. 5.8 CVs before and after noise compensation for different DDLs.
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Fig. 5.9.a 100×100 display pixels:  
no spatial noise compensation,  
Mean=1, Std= 0.0202. 

Fig. 5.9.b 100×100 display pixels:  
with spatial noise compensation,  
Mean=1, Std= 0.0094. 
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Finally, we combined the two processing operations together. Figure 5.10 shows an 

example of the result. For the purpose of illustration, in Figures 5.10.c, 5.10.d and 5.10.e, 

only the area within the four markers were processed and the area outside the markers 

had no processing. For this test, we used an 11-bit vertical wedge pattern. As we have an 

11-bit display available in our lab, we can directly display this image without any loss of 

contrast resolution. Figure 5.10.a is an image taken by the CCD camera of the 11-bit 

display where the wedge pattern is clearly shown. Figure 5.10.b is the camera image 

obtained when the pattern was displayed on the 8-bit display used in this study. Note that 

no processing has been done on the image shown in Figure 5.10.b, where false contours 

(horizontal stripes) and spatial noise are present. In Figure 5.10.c, the area inside the 

markers has been subjected to processing and compensated for quantization only. It can 

be seen that false contours are removed but spatial noise is still present. In Figure 5.10.d, 

the area inside the markers has been subjected to processing and compensated for spatial 

noise effect only. It can be seen that a large amount of spatial noise has been removed but 

the false contours generated from quantization are still present. Finally, Figure 5.10.e 

shows the results of processing where both contrast and spatial noise are compensated. 

One can clearly see that in the marked area of Figure 5.10.e, the image is smooth and is 

free of false contour.  
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Fig. 5.10.a 11-bit image 

Fig. 5.10.b 8-bit quantized image 
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Fig. 5.10.c 8-bit image with 
contrast resolution 
compensation inside the marked 

Fig. 5.10.d 8-bit image with 
spatial noise compensation 
inside the marked area 

Fig. 5.10.e 8-bit image with 
contrast resolution and spatial noise 
compensation inside the marked 
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5.5 Conclusions and discussions  

From the results we have obtained in this study, we can see that the contrast 

resolution is successfully increased, which means that high bit-depth images can be 

displayed on an 8-bit (lower bit-depth) LCD without noticing any degradation. The 

amount of contrast resolution increase that is achieved is image dependent. However, the 

spatial noise has been successfully estimated and compensated. This further increases the 

fidelity of the displayed image. In short, we can conclude that error diffusion technique 

can be used to compensate for LCD’s limited contrast resolution and spatial noise.  

LCD contrast resolution loss and spatial noise may seriously affect the clinical 

diagnosis. If the medical images are display-specifically processed in order to 

compensate for contrast resolution loss and spatial noise, clinical images can be displayed 

with higher fidelity and, in turn diagnosis efficiency can be increased. Users of softcopy 

displays for clinical interpretation need to be aware of some of the limitations and 

deficiencies posed by these displays. The algorithms presented in this chapter can help to 

reduce some of these problems. In effect, the compensation schemes presented here 

transfer the burden from the display manufacturer to the algorithm designer, which 

suggests that several of the modulation techniques developed by LCD manufacturers to 

increase the bit-resolution of LCDs may not be necessary. 

It appears that an 8-bit LCD with 10-bit lookup table built on the display video board 

plus error diffusion technique may be sufficient for display of complex images. It may be 

noted that a 10-bit lookup table is required to ensure the accuracy of the DICOM 
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calibration. However, a comprehensive human observer study may be required to 

demonstrate these results.  
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CHAPTER 6   

ADAPTIVE CONTRAST ENHANCEMENT USING ERROR DIFFUSION 

 

6.1 Introduction  

Contrast is a basic parameter of an image. It determines how well the objects in the 

image stand out. In other words, higher contrast means easier detection of the objects by 

an observer. A large amount of effort has been spent on the study of image contrast. In 

the field of image processing, contrast enhancement is a hot topic. Various algorithms 

have been developed to manipulate the image contrast for different applications. The 

purpose of these contrast enhancement algorithms is to change the image contrast, 

globally or locally in order to strengthen the appearance of a certain object in the image. 

In the field of visual perception research, contrast sensitivity of the Human Visual System 

(HVS) has been the focus [50, 51, 52]. The idea is to establish the contrast sensitivity of 

HVS for different stimuli, which are different in terms of size, shape, frequency, etc.  

As an electronic display is usually the device where a human observer perceives the 

image, the contrast in the input image will be rendered by the display device to the 

observer. Chapter 2 has discussed the display characteristic function and the DICOM 

display calibration standard, which is designed to match the response of the HVS under 

certain viewing conditions and provide the human observer with an ‘optimal’ contrast the 

display can generate. Chapter 5 discussed the topic of display contrast resolution, which 

is the number of grey-levels a display can generate. An error diffusion operation was 

applied to compensate for the display contrast resolution loss. Chapters 2 and 5 focused 
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on the display’s internal properties for contrast manipulation. In order to further address 

the issue of the image contrast being displayed on an electronic monitor, a 

straightforward consideration will be to include the image properties in the processing 

scheme. This will be the main theme of this chapter.  

There is no universal definition for contrast. Different applications adopt different 

contrast definitions. For simple pattern images, one popularly used concept is the 

Michelson contrast [53], defined as, 

minmax

minmax

LL
LLC

+
−

= ,     (6.1) 

where Lmax and Lmin are the maximum and minimum luminance values in the image. 

Another popular contrast is the Weber contrast [54], defined as,  

  
L
LC Δ

= ,     (6.2) 

where L is the average background luminance and ΔL is the luminance difference 

between the background and the object.  

For complex images, the above simple contrast definitions will not usually be very 

meaningful. Different contrast definitions related to the image’s local properties and the 

HVS have been developed to deal with different applications. One example among these 

is the concept defined by Peli [52], who assigned a contrast value to each point in the 

image as a function of the spatial frequency band. For each frequency band, the contrast 

is defined as the ratio of the bandpass-filtered image at that frequency band to the low-

pass image filtered to an octave below the same frequency band. Thus each point in the 

image will have a series of contrast values associated with different frequency bands.  
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Each of the contrast definitions works for specific applications, but none of them are 

equally meaningful for all. In other words, there is no single contrast definition which can 

agree with the perceived contrast for all images in all applications. But it should be 

pointed out that there is one common factor among the contrast definitions. They are 

always defined in terms of a ratio between some sort of high frequency information and 

low frequency information.  

In Chapter 5 we have used error diffusion to compensate for limited display contrast 

resolution. Mainly the display properties were considered then. Can we incorporate the 

image contrast information as well as the display properties into the error diffusion 

operation to further improve the presentation of the image on the display? This chapter 

will present some work to answer this question.    

Before we move forward, let us take a brief look at the error diffusion operation and 

its role in contrast enhancement. Error diffusion works by reshaping the image spectrum 

such that the error is moved to the high frequency range, which will not be perceived by 

the HVS [55]. Note that the low frequency part of the spectrum of the error-diffused 

image will be pretty much the same as that of the raw image. As we have already 

discussed, contrast can be approximately calculated as the ratio of the high frequency 

component and the low frequency component. Error diffusion typically ensures that the 

low frequency spectrum will not change. Hence, if we were to incorporate the contrast 

enhancement operation into the error diffusion operation, what we need to manipulate is 

only the high frequency component in order to realize the goal. This is desirable in many 

applications where preservation of brightness is necessary [56]. Another desirable aspect 
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is that we can quantitatively enhance the contrast this way. Many existing contrast 

enhancement schemes cannot do the job in a quantitative way. Histogram equalization 

(HE) is an example. Many research efforts have been conducted on contrast 

enhancement. [57-62] are some of them. However, none of these algorithms have 

considered the properties of the display device being used. Thus the effects of their 

contrast enhancement algorithms can be different on different display devices and the 

enhancement efforts can be compromised by the display being used.  

 

6.2 The approach for adaptive contrast enhancement 

Eschbach and Knox [63] have conducted some pioneer work to use error diffusion for 

enhancing image contrast. This work however was done for a halftoning application. It 

neither considered the image local properties nor the display properties. Researchers have 

tried to understand the edge behavior in the error diffusion operation [64] and several 

edge enhancement schemes were designed for halftoning [65, 66].    

As noted earlier, we have used an error-diffusion-based method to tackle display’s 

limited contrast resolution in Chapter 5. In this chapter, we will augment this effect to 

further increase the contrast of the image displayed on the monitor by integrating some 

information content derived from the image into the error diffusion kernel. Thus, we will 

combine the compensation for display limited contrast resolution reported in Chapter 5 

with the contrast enhancement processing described here.  

Figure 6.1 shows the overall schematic of the algorithm. x(m, n) is the raw input 

image. s(m, n) is a rescaled version of x(m, n), which will be further discussed later. ga(m, 
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n) stands for the enhancement value to be applied at pixel (m, n), which is calculated 

from utilizing certain properties of the image as well as the properties of the display. y(m, 

n) is the output image from the algorithm, which is a contrast-enhanced and low bit-depth 

image (for showing on the limited contrast resolution display). Note that in the diagram 

two diffusion kernels are used. g1 is applied to diffuse the quantization error and g2 is 

applied to diffuse the error generated by ga(m, n). Section 6.3 will discuss the algorithm 

in detail.  

 

+ + Quantizer

+
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g2
+

y(m,n)

+
-

+

+ +
+

+
+

+

e(m,n)

ga (m ,n)

s1(m,n)

ε(m,n)

q(m,n)e1(m,n)

e2(m,n)

Rescaling
x(m,n)

-ga(m,n)

s(m,n)

Computing 
enhancement

-1
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6.3 Methodology 

Based on the schematic shown in Figure 6.1, we can now further discuss the 

algorithm in more detail.  

 

Fig. 6.1 Block diagram of the error-diffusion-based 
adaptive contrast enhancement scheme 
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6.3.1 Analysis  

Note from Figure 6.1, 

 ),(),(),( nmenmsnm1s += ,    (6.3) 

and hence the input to the quantizer is  

),(),(),(),(),( nmganmenmsnmganm1s ++=+ .  (6.4) 

If we use de(m, n) to refer to the error generated at the display by showing y(m ,n) 

instead of s(m, n), we have 

),(),(),( nmynmsnmde −= .    (6.5) 

Note that ε(m, n) in Figure 6.1 can be expressed as,  

),(),(),(),(),(),( nmynmenmsnmynm1snm −+=−=ε .  (6.6) 

The quantization error q(m, n) generated by the quantizer is: 

),(),(),(),(),(),( nmganmnmynmganm1snmq +=−+= ε . (6.7) 

Thus we get  

),(),(),(),(),( nmganmqnmynm1snm −=−=ε .  (6.8) 

We can hence form e(m, n) as follows:  

∑∑∑∑ −−−−−=

−=+=

2 21 1
)2,2()2,2(2)1,1()1,1(1

*2*1),(2),(1),(

k lk l
lkgalnkmglkqlnkmg

gagqgnmenmenme
, (6.9) 

where * stands for convolution. Note that g1 and g2 are two different diffusion kernels, 

which will be discussed in more detail later. The summation range over k1 and l1 is 

determined by g1 and the summation range over k2 and l2 is determined by g2.  
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Combining Equations 6.5, 6.6 and 6.9, we can further achieve the following: 

).,(),(

),()2,2()2,2(2)1,1()1,1(1
),(),(),(

2 21 1

nmganmq

nmdelkgalnkmglkqlnkmg
nmdenmenm

k lk l

−=

+−−−−−=

+=

∑∑∑∑
ε

 

  (6.10) 

Now taking the Fourier Transform of Equation (6.10), we get 

)],()[,()],()[,(),( 212G121GA211G121Q21DE ωωωωωωωωωω −−−= , (6.11) 

where DE, Q, G1, GA and G2 denote the Fourier Transforms of de, q, g1, ga and g2 

respectively.  

From Equation 6.11, we can observe some interesting features of the designed 

algorithm. DE represents the spectrum of the display error. It is formed by the weighted 

sum of the quantization error Q and the contrast enhancement factor GA with the weights 

being (1-G1) and (1-G2). We can try to carefully manipulate these two weights to reach 

the desired goals. Quantization error is what we want to avoid being perceived by the 

HVS, which can be accomplished by pushing it to the high frequency spectrum as we 

discussed in Chapter 5. Thus the weighting factor (1-G1) should present a high pass 

property. The gain factor is what we have added now and represents what we wish to 

preserve and be observed by the HVS. Thus the factor (1-G2) should possess a property 

to boost GA, instead of compressing or changing GA. Actually this is the reason that we 

choose two different diffusion kernels g1 and g2 for this work. They are meant to address 

two different purposes. One is for compensation for the loss of contrast resolution 

whereas the other is for adaptive contrast enhancement.  
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It should be noted that Equation 6.11 shows exactly how error diffusion works. In 

principle, it works by reshaping the spectrums of the two errors (i.e., Q and GA in 

Equation 6.11) to satisfy the goals. The display error (i.e., DE in Equation 6.11) is what 

the HVS will see and it has been well prepared by the error diffusion operation.    

  

6.3.2 Computation of the contrast enhancement value 

As shown in Figure 6.1, ga(m, n) is the enhancement value at pixel (m, n), which is 

determined by the local property of pixel (m, n) in the input image x(m, n) as well as the 

properties of the display being used.  

Our objective is to enhance the local image contrast where it is necessary. Towards 

this goal, the following four points should be kept in mind. First, for the high contrast 

regions, there is no need to increase contrast. Second, for the area where noise is 

dominant, no enhancement should be done. Third, more enhancement is required in a 

busy region compared to a smooth region. Finally, more enhancement is required for a 

display with a smaller dynamic range compared to a display with a larger dynamic range.  

It has been discussed earlier that the error diffusion operation can ensure that the local 

mean value will not change. Our goal is to enhance the contrast adaptively and 

quantitatively. What we need to do is to find the local high frequency information and 

determine how much we need to enhance it.  

One simple and quick method is to calculate the local derivatives along the four 

different diffusion directions used by error diffusion. There are many different ways to 
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achieve this. In this work we will employ a computationally simple way of using the 

following filters for calculating the derivatives: 

⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡
−=
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1f ,     (6.12) 
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and      
⎥
⎥
⎥

⎦

⎤

⎢
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⎢

⎣

⎡ −
=

000
010
100

4f .         (6.15) 

If we apply the four filters f1, f2, f3 and f4 individually on the rescaled input image s, 

we can get four local derivative images d1, d2, d3 and d4. That is, 

fisdi *= ,  i = 1, 2, 3, 4.    (6.16) 

Note in Equation 6.16, * stands for convolution. It is evident that images d1 and d3 are 

the local derivative images along the horizontal and vertical directions respectively, while 

images d2 and d4 show the local derivatives along the two diagonal directions separately.   

We can then form ga(m, n) as the following weighted sum of filter outputs,   

),,(4),(4),(3),(3),(2),(2),(1),(1
),(

nmdnmganmdnmganmdnmganmdnmga
nmga

⋅+⋅+⋅+⋅=
 

 (6.17) 
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where gai (i=1, 2, 3, 4) is a scalar, whose value is to be determined. For adaptive contrast 

enhancement, we would like gai to be a function of di(m, n) representing the local 

properties extracted from the image as well as the display characteristics.  

As the display is DICOM calibrated, every two adjacent DDLs are separated by a 

constant JND index value, ΔJND. The way to calculate ΔJND is given in Section 6.3.5. A 

display with a larger dynamic range will possess a higher ΔJND value. The larger the 

ΔJND, easier it is for the HVS to differentiate a small difference in the displayed image. 

In terms of enhancement, a display with a small ΔJND will need a different amount of 

enhancement than a display with a high ΔJND. 

By incorporating the above considerations, the gains gai, i = 1, 2, 3, 4, are,  

 )
_

),(_1(),(
4
1),( 8

)),(( 2

wstd
nmlstdenmdinmgai

mJNDJNDnmdi

+⋅⋅⋅=
−Δ⋅

−

, (6.18) 

where std_w is the global standard deviation of rescaled input image s and std_l is the 

local standard deviation around pixel (m, n) in image s. mJND is a JND value we put in. 

This value approximately gives the point where the enhancement peaks. 5 is chosen for 

mJND in this work based on our earlier experiment and experience on many real medical 

images. One can adjust the value for mJND for different applications and enhancement 

goals. JNDnmdi Δ⋅),(  calculates the number of JNDs di(m, n) is associated with.   

From Equation 6.18, we can see that for a high contrast region, where 

JNDnmdi Δ⋅),(  is large, there is less enhancement generated. For areas where noise is 

dominant, where JNDnmdi Δ⋅),(  is small, almost no enhancement is provided. More 

enhancement is applied to a busy region where std_l is large compared to a smooth 
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region. More enhancement is done for a display with a smaller dynamic range when 

compared to a display with a larger dynamic range. Note that there is a constant factor ¼ 

in the Equation 6.18, this is due to the fact that in Equation 6.17, there are four terms, 

thus requiring a factor of ¼ to normalize them.   

 

6.3.3 The error diffusion filters g1 and g2 

Chapters 4 and 5 have given a detailed discussion on error diffusion operation, which 

we will not reiterate here. Figure 6.2 shows the error diffusion pattern we used for this 

study. Both g1 and g2 use the same diffusion pattern. When the raster-scanning-like 

operation reaches pixel (m, n), it will add up the errors diffused from its neighboring 

pixels, which have been processed. Then it will calculate its own error and further diffuse 

the error to its remaining neighboring pixels which are waiting to be processed.  

It should be noted that the two filters g1 and g2 are different. g1 is used to deal with 

quantization error. It is a fixed filter, which is defined by   

⎥
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⎥
⎥
⎥
⎥
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In other words, the output of this filter is  

4
),1(

4
)1,1(

4
)1,(

4
)1,1(1),(1 nmqnmqnmqnmqqgnme −

+
−+

+
−

+
−−

=∗= .  (6.20) 
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It is easy to see that in the frequency domain 1-G1(ω1,ω2) shows a high pass 

property, which is required in Equation 6.11. (Refer to the discussion at the end of 

Section 6.3.1) 

(m-1, n-1) (m, n-1)

(m-1, n) (m, n)

(m+1, n-1)

(m+1, n)

(m-1, n+1) (m, n+1) (m+1, n+1)

 

 

 

g2 is an adaptive filter. It is used to diffuse the error generated from the contrast 

enhancement operation. The error e2(m, n) is formed (see Figure 6.1) as  

)1,1(4)1,1(4)1,(3)1,(3
)1,1(2)1,1(2),1(1),1(1

*2),(2

−+⋅−+−−⋅−−
−−⋅−−−−⋅−−=

−=

nmdnmganmdnmga
nmdnmganmdnmga

gagnme
. (6.21) 

From Equation 6.21, we can see that the error generated by contrast enhancement is 

not diffused like the way the quantization error is diffused. Recall that the enhancement 

Fig. 6.2 Error diffusion pattern 
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value for each pixel is calculated as the sum of four weighted local derivatives in four 

different directions. The four terms on the right hand side of Equation 6.21 show that the 

diffusion of error due to the enhancement is also implemented in four directions with 

associated error generated in each direction. For example, at pixel (m, n), the 

enhancement value is formed by the weighted sum with four weights calculated using 

Equations 6.17 and 6.18. These four weights give the enhancement values in the four 

directions: horizontal, vertical and two diagonal directions. The negative of these four 

scalars are the errors generated. These four errors are diffused individually in the 

directions they are generated.  

The motivation for designing g2 in the above manner comes from the following 

reasoning. At pixel (m,n), in direction i, the amount of enhancement is given by 

gai(m,n)×di(m,n), which will be further added to the pixel value at (m,n). Hence, an error 

of -gai(m,n)×di(m,n) is generated. The question is: how do we diffuse this error? There 

are many different ways to diffuse it. One of them is the method we have used for 

diffusing the quantization error as shown in Equation 6.20. If this method is used, this 

error will be equally divided into four parts and each part will be diffused to one of the 

four unprocessed neighboring pixels of pixel (m,n). In this way, the error generated by 

the enhancement in direction i will be blurred out. One diffusion method which will not 

separate the error -gai(m,n)×di(m,n) into parts is the method we have used in this work, 

which is shown in Equation 6.21. This method will diffuse the whole error -

gai(m,n)×di(m,n) just in direction i. For example, -ga1(m,n)×d1(m,n) will be diffused to 

pixel (m+1,n) and –ga2(m,n)×d2(m,n) will be diffused to pixel (m+1,n+1), and so on. In 
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this way, we can actually double the amount of enhancement in the corresponding 

directions.   

    

6.3.4 Input raw image x(m, n) and output image y(m, n) 

The principal objective of this research is to enhance the contrast of the image shown 

on a display. The input raw image x can be any digital image which has a higher bit-depth 

than that of the display.  

The output of the algorithm is image y, which has the same bit-depth as the display 

(usually 8). y is a contrast enhanced, contrast resolution compensated image, which is 

ready to be shown on the display for evaluation.  

 s(m, n) is a rescaled version of x(m,n) (see Figure 6.1) and is calculated as follows,   

)(2
),(),( outbitinbit

nmxnms −=  ,     (6.22) 

where inbit refers to the bit-depth of the raw input image x and outbit refers to the display 

bit-depth. Note inbit is not smaller than outbit. Essentially Equation 6.22 rescales the 

input raw data x(m, n) to the display DDL range. 

 

6.3.5 Display characteristic in terms of ΔJND 

 In the medical imaging arena, softcopy displays will be calibrated according to some 

standard display function. DICOM [17] is the standard used in the United States. Chapter 

2 has given a detailed discussion on DICOM. All the displays used in this dissertation 

work have been DICOM calibrated before they are used for the experiments.  
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Once the display is DICOM calibrated, it will work in the linear perceptual domain. 

In other words, the DDLs are linear with respect to JNDs. Every two adjacent DDLs are 

separated by a constant JND value: ΔJND. The quantity ΔJND, a value dependent on the 

display’s dynamic range, is used in Equation 6.18 to control the amount of enhancement. 

Figure 6.3 clearly shows the interrelations between DDL, JND and ΔJND after the 

display is DICOM calibrated.  

JND1min

JND2min

JND2max

JND1max

DDL0 255

JND Index

Display 2

Display 1

 

 

In Figure 6.3, two display curves are shown. It is easy to observe that Display 1 has a 

larger dynamic range than Display 2. For any display under consideration, ΔJND can be 

calculated as, 

Fig. 6.3 Illustration of DDL vs JND index 
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 255
minmax JJ

JND
−

=Δ ,    (6.23) 

where Jmax and Jmin stand for the maximum and minimum JND index values of the 

display device. Thus, for Display 1,  

 255
min1max1

1

JNDJND
JND

−
=Δ ;   (6.24) 

and for Display 2, 255
min2max2

2

JNDJND
JND

−
=Δ .   (6.25) 

Clearly, ΔJND1 > ΔJND2. This is simply because Display 1 has a larger dynamic range 

than that of Display 2. Thus the amount of enhancement should be different between 

Display 1 and Display 2. This is realized in Equation 6.18. 

 JND index value is related to the corresponding luminance by the following equation 

[17],  
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, (6.26) 

where the following parameter values have been used, A = 71.498068; B = 94.593053; C 

= 41.912053; D = 9.8247004; E = 0.28175407; F = -1.1878455; G = -0.18014349; H = 

0.14710899; I = -0.017046845. L is the luminance value in units of cd/m2 and J(L) is the 

JND index at the luminance L.  

Each display device has a minimum luminance value Lmin and a maximum luminance 

value  Lmax. Substituting Lmin and Lmax in Equation 6.26, we can get Jmin and Jmax, which 
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are the minimum and maximum JND index values of the display under consideration. 

Using Equation 6.23, we can then compute ΔJND. For example, if a display’s minimum 

luminance is 1 cd/m2 and maximum luminance is 150 cd/m2, we can get Jmin = 71.5 and 

Jmax = 531.7 and hence ΔJND = (531.7-71.5)/255 = 1.8. As another example, if a 

display’s minimum luminance is 0.5 cd/m2 and the maximum luminance is 400 cd/m2, we 

can get Jmin = 46.6 and Jmax = 672.8 and hence ΔJND = (672.8-46.6)/255 = 2.5. These two 

examples illustrate that different displays can have different dynamic ranges. A display 

with a larger dynamic range will have a larger ΔJND, as can be seen from Figure 6.3.  

 

6.4 Experimental results  

Peli has offered a definition of contrast [52], which has been found quite close to 

human perception for complex images. As medical images fall into the category of 

complex images, we want to use this contrast definition to evaluate our contrast 

enhancement algorithm.  

The images that we have used in this experiment are a series of mammographic 

images with micro-calcifications of different magnitude levels. These images are sections 

of mammograms, each with the size 256 × 256. The depths of the data in the images are 

12 bits. These images are processed using the algorithm discussed above. Image contrasts 

with and without processing are compared quantitatively by computing contrast values 

following Peli’s definition.  

Peli derived the image contrast through the following steps [52]. 
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An image f(x, y) is filtered by a series of band-pass filters, each of which possesses 1-

octave bandwidth. Then f(x, y) can be decomposed in the form, 

∑
−

=

++=
1

0
0 ),(),(),(),(

n

j
ni yxhyxayxlyxf ,   (6.27) 

where l0(x, y) is the low frequency image, ai(x, y) is the band-passed image centered at 

frequency 2i and hn(x, y) is the high frequency residual. Then Peli defined the local band-

limited contrast by the expression,   
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where ci(x, y) denotes the image contrast in the i-th band at image spatial position (x, y). 

More detailed derivation of this expression can be found in [52]. 

All the images we tested on show promising results. Figure 6.4 presents an example. 

Figure 6.4.a is a raw image and Figure 6.4.b is the corresponding processed image.  

Some values of parameters selected for the calculation of the local band-limited 

contrast are the following: Observer viewing distance = 360 mm; Display pixel size = 

0.2977 mm; Display minimum luminance = 1 cd/m2; Display maximum luminance = 120 

cd/m2. The image frequency is calculated in units of cycles/viewing degree using the 

display pixel size and the observer viewing distance. The images are then converted to 

the luminance value using the standard DICOM display’s characteristic curve before 

calculating the local band-limited contrasts.  

The raw image given in Figure 6.4.a is band-passed and the local band-limited 

contrasts are calculated. Figure 6.5 gives the band-passed images and Figure 6.6 shows 
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the local band-limited contrast images. Similarly, the processed image given in Figure 

6.4.b is band-passed and the local band-limited contrasts are calculated. Figure 6.7 gives 

the band-passed images and Figure 6.8 shows the local band-limited contrast images.  

 

 

 
Fig. 6.4 An example of the processing: (a) Up: raw image; (b) Bottom: 
processed image 
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Comparing the figures in 6.4.a and 6.4.b, 6.5 and 6.7, 6.6 and 6.8, we clearly observe 

the enhancement effect. The goals we have cited in Section 6.3.2 have been fulfilled.  

Table 6.1 gives some statistics derived from the raw image and the processed image 

for a quantitative comparison. All the numbers in this table are in units of cd/m2. Std 

refers to standard deviation. From Table 6.1, we can clearly see that after processing, the 

mean value of the image is not changed. This is what we want to achieve and is 

warranted by the error diffusion operation. Now comparing the standard deviations of the 

band-limited contrast images, we observe the full effect of our algorithm. There is not 

much differences between the standard deviations before and after processing for the 

lower frequency ranges, as may be noted in changes to the standard deviation of c0 and c1. 

However, the corresponding differences become significant as we move to the high 

frequency ranges, as may be noted in changes to the standard deviations of c2, c3 and c4. 

This suggests that there is more and more enhancement after processing. Thus the 

conclusion from this observation is that in the very low frequency range, the 

enhancement is not apparent. But in the high frequency ranges, progressively more 

enhancements are applied. This is desirable since the high frequency area is usually a 

busy area, where an object is hard to detect when compared to a smooth area. It should be 

recalled that one of our goals in adaptive enhancement is to do more enhancement in a 

busy region compared to a smooth region.  
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This series of mammographic images can be used to serve as the test bed for a human 

observer study, which requires several radiologists to participate in order to fully examine 

the algorithm proposed. 

Fig. 6.5 Band-passed images of the raw image shown in Figure 6.4.a. 
The central frequency of each band is shown on top of each band-
passed image.  



 

129

Fig. 6.6 Local band-limited contrast images of the raw image shown in 
Figure 6.4.a. The central frequency of each band is shown on top of 
each image. 
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Fig. 6.7 Band-passed images of the processed image shown in Figure 
6.4.b. The central frequency of each band is shown on top of each 
band-passed image. 
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Fig. 6.8 Local band-limited contrast images of the processed image 
shown in Figure 6.4.b. The central frequency of each band is shown on 
top of each image. 
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 Raw image (Fig. 6.4.a) Processed image (Fig. 6.4.b) 
Mean  21.777 21.958 
Std  2.045 2.235 

Mean 21.777 21.958 l0 
Std 1.768 1.790 
Mean 0 0 a0 
Std 0.599 0.619 
Mean 0 0 a1 
Std 0.416 0.460 
Mean 0 0 a2 
Std 0.354 0.523 
Mean 0 0 a3 
Std 0.271 0.646 
Mean 0 0 a4 
Std 0.0221 0.0869 
Mean 0 0 a5 
Std 0 0 
Mean 0 0 c0 
Std 0.0274 0.0281 
Mean 0 0 c1 
Std 0.0190 0.0208 
Mean 0 0 c2 
Std 0.0162 0.0238 
Mean 0 0 c3 
Std 0.0125 0.0294 
Mean 0 0 c4 
Std 0.00102 0.00396 
Mean 0 0 c5 
Std 0 0 

Table 6.1 Comparison of the contrasts of the images in Figure 6.4.  
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For a further evaluation of the enhancement effects of the present algorithm on 

different contrast levels in an image, we have also tried processing on some test-patterns 

we generated ourselves. Once again we selected the parameter values: Display minimum 

luminance = 1 cd/m2; Display maximum luminance = 120 cd/m2. Figure 6.9 displays the 

results of this experiment.  

The raw image in Figure 6.9.a is a 12-bit 256 × 256 image. The background value is 

2000. There are three sets of bar-patterns in the image. Each set has 4 bars. From left to 

right, the bar values are 2025, 2050, 2100. The processed image in Figure 6.9.b is an 8-bit 

256 × 256 image. Comparing to Figure 6.9.a, the left set of bars can be barely seen in 

Figure 6.9.b. Here the processing is done mainly to compensate for the display’s limited 

contrast resolution. The contrast enhancement is fairly apparent for the central set of bars 

in Figure 6.9.b. The set of bars on the right side receives less contrast enhancement 

because its original contrast in Figure 6.9.a is already high. Figure 6.9.c shows the 

difference image.   

(a) 
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Fig. 6.9 An example of the processing on a test-pattern 

(b) 

(c) 



 

135

 

6.5 Conclusions and discussions 

The algorithm we have designed in this chapter incorporates the properties of the 

display, the properties of the image and the error diffusion operation. The initial results 

seem to be very promising. We have introduced display-based adaptive image contrast 

enhancement into the error diffusion kernel. After processing, the image local mean is not 

changed. For high contrast region, there is no contrast enhancement. For the areas where 

contrast is very small, less contrast enhancement is applied and mainly display contrast 

resolution compensation is applied. In complex images, this is usually the area where 

noise is dominant. More enhancement is done in a busy region when compared to a 

smooth region. More enhancement is applied for a display with a smaller dynamic range 

when compared to a display with a larger dynamic range.  

Our algorithm does not include any contrast linear stretching or noise removal. We 

envision our algorithm can be applied after these preprocessing techniques to further 

improve the image presentation on a display. Several experiments conducted to evaluate 

the algorithm have given very encouraging results. It is however recognized that in order 

to fully evaluate the usefulness of this work, a comprehensive human observer study 

should be conducted.  
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CHAPTER 7   

CONCLUSIONS  

 

7.1 Summary of the work and contributions 

Displays play a critical role in imaging applications as they typically represent the 

ultimate devices viewed by a human observer to comprehend the image. In this work, we 

have conducted evaluation and optimization of medical imaging displays. When 

describing an imaging device, spatial resolution, noise and contrast are usually the most 

important factors. This dissertation has conducted a comprehensive study on evaluating 

these three factors of medical imaging displays and has developed novel image 

processing algorithms to optimize them.  

 Physical evaluation of display spatial resolution and noise was done with the aid of a 

high quality CCD camera. The camera images served as the basis for data analysis and 

estimation of specific parameters. Display-based image processing techniques were 

developed to compensate for poor spatial resolution, noise and contrast resolution loss. 

Finally, an image contrast enhancement algorithm based on error diffusion which 

incorporates the properties of both display and the image was developed. All of the 

experiments that we conducted to support these studies gave highly encouraging results, 

which suggests that the displays being used in the medical arena are far from perfect; 

display-based image processing can largely improve the display performance, and in turn, 

can significantly benefit the clinical practice. 
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This work used medical displays (specifically CRTs and LCDs) as the test bed for 

various evaluation and optimization tasks. However, the procedures, methods and 

algorithms reported in this dissertation are not limited to only medical displays. The work 

on spatial resolution, spatial noise, contrast resolution and adaptive contrast enhancement 

can be applied to other kinds of display devices, including the cell phone displays, the 

displays used in aircraft cockpit and the displays for entertainment, etc.  

A common thread used in our studies is the use of error diffusion operation, which is 

applied here to treat spatial noise, contrast resolution loss and to enhance image contrast 

adaptively. Unlike other complex image processing algorithms, which require large 

computation power and time, the algorithms designed in this work can deal with large 

images (for instance, a 4K × 6K mammogram image) in real time, which in turn suggests 

the great advantage and usefulness of these algorithms for real display applications.   

The main part of this dissertation has been presented by the author as Journal or 

conference publications [67-71]. 

 

7.2 Some directions for future research 

The technology of displays for different imaging applications is advancing rapidly. 

Here we list a few research topics that can continue the work reported in this dissertation.  

In this dissertation, we have dealt with several display properties individually. An 

appropriate combination of the compensation algorithms in order to optimize the 

display’s three properties in an integrated manner is the next topic that one should 

address.  
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The temporal response of a display is critical to the applications where a  video signal 

is involved. It is well known that LCDs have a poor temporal response when compared to 

CRTs. The temporal response of a display is generally not linear. The evaluation and 

compensation for temporal response of a display is an interesting topic to investigate.  

Color is another important factor in many display applications. In Pathology, for 

example, colors are used to help diagnosis. Hence, for certain applications, color displays 

should be able to present colors accurately. At the same time, color displays need to be 

able to present grayscale images with a quality comparable to that of monochrome 

displays. It should be noted that error diffusion has been widely applied to deal with the 

problems related to color [72]. Evaluation and compensation for colors will make color 

displays more suitable for various practical imaging applications.  

3D displays are more and more popular these days. Evidently, when compared to 2D 

displays, they can provide observers with more information at one scene. How to 

evaluate and improve the information being displayed at a 3D display remains an 

interesting topic.  
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APPENDIX A 

PSEUDO-CODE OF THE ERROR DIFFUSION ALGORITHM FOR DISPLAY 

SPATIAL NOISE COMPENSATION 

 

L = A row vector which stores 256 luminance values from the display characteristic 

curve; 

Size_X = Image size in horizontal direction;      

Size_Y = Image size in vertical direction; 

 

For l = 1 to Size_Y in steps of 1  

{ 

For k = 1 to Size_X in steps of 1 

{ 

I(k, l) = L(InpDDLImg(k, l));   /* Comment 1: Transform the input digital image 

(InpDDLImg) to a luminance image (I) via the display’s characteristic curve. */ 

 

Find i where |I(k, l) - L(i)n(k, l)| is minimum for 0 ≤ i ≤ 255; 

Find j1 where |I(k, l) + e(k-1, l-1) - L(j1)n(k, l)| is minimum for 0 ≤ j1 ≤ 255; 

Find j2 where |I(k, l) + e(k-1, l-1) + e(k, l-1) - L(j2)n(k, l)| is minimum for 0 ≤ j2 ≤ 

255; 

Find j3 where |I(k, l) + e(k-1, l-1) + e(k, l-1) + e(k-1, l) - L(j3)n(k, l)| is minimum 

for 0 ≤ j3 ≤ 255; 

 

If ( i = j1 AND i ≠ j2) 

{ 

e(k, l) = I(k, l) + e(k-1, l-1) - L(i)n(k, l);   /* Comment 2: In this case, for 

Equation 3, c1=0, c2=0. This means the error from (k-1, l-1) is diffused while 

errors from (k, l-1) and (k-1, l) are not. */ 
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/* Comment 3: Do not need to set the error of (k-1, l-1) to zero, as this pixel 

will not be used any more in the algorithm. */ 

} 

Else if ( i = j1 AND i = j2 AND i ≠ j3) 

{ 

e(k, l) = I(k, l) + e(k-1, l-1) + e(k, l-1) - L(i)n(k, l);   /* Comment 4: In this 

case, for Equation 3, c1=1, c2=0. This means errors from (k-1, l-1) and (k, l-1) 

are diffused while the error from (k-1, l) is not.*/ 

e(k, l-1) = 0;    /* Comment 5: Set the error of (k, l-1) to zero, as this error has 

been diffused to (k, l). */  

} 

Else 

{ 

i = j3; 

e(k, l) = I(k, l) + e(k-1, l-1) + e(k, l-1) + e(k-1, l) - L(i)n(k, l);   /* Comment 6: 

In this case, for Equation 3, c1=1, c2=1. This means errors from (k-1, l-1), (k, 

l-1) and (k-1, l) are diffused. */ 

e(k, l-1) = 0;   /* Comment 7: Set the error of (k, l-1) to zero, as this error has 

been diffused to (k, l). */ 

e(k-1, l) = 0;   /* Comment 8: Set the error of (k-1, l) to zero, as this error has 

been diffused to (k, l). */ 

} 

OutDDLImg(k, l) = i;   /* Comment 9: Output DDL value at (k, l) is i. */ 

} 

} 
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APPENDIX B 

A METHOD TO DERIVE DISPLAY SINGLE PIXEL SNR 

 

Definition: display single pixel SNR (SNRp) is defined as:  

p

p
p std

mean
SNR = ,      (B.1) 

where meanp and stdp are the mean and the standard deviation of luminance outputs of 

display from pixel to pixel. 

Here we display uniform test-patterns for the calculation of SNRp. A high quality 

CCD camera is used to capture the test-pattern from the display under test.  

Before we derive SNRp, we need to calculate the mean value of the camera image 

img(n1, n2) and use it to normalize img(n1, n2). After this normalization, the mean value 

of the image img(n1, n2) is one. Next, we subtract one from img(n1, n2) to make it zero 

mean.   

Next we derive SNRp based on NPS (Noise Power Spectrum) calculation. 
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where ∆x and ∆y represent the CCD camera pixel size (projected onto display) in the 

horizontal and vertical directions respectively. Nx and Ny are dimensions of the image in 

the horizontal and vertical directions respectively. 
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Integrating the NPS (DC value is zero) yields the variance of the camera image data. 

The integration of the product of NPS and the sinc2 function approximately gives 

variance of the luminance outputs of the display from pixel to pixel.  

Before doing the integration, we have to make sure the sinc data are in the correct 

arrangement with respect to the NPS.  

Let: 
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where a is the magnification ratio. That is, an array of a × a camera pixels records one 

display pixel. Define sincxy(k1,k2) as following,  
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And finally, 



 

143

)}2,1(sin)2,1(11{

)]2,1(sin)2,1(11[

22

)2,1(

1

01

1

02
22

2
1

01

1

02

2

kkckkFFT
NN

kkckkNPS
NyNx

xynnimg

N

k

N

k yx

xy

N

k

N

k yx

x y

x y

⋅⋅⋅=

⋅⋅
⋅Δ

⋅
⋅Δ

≈

∑∑

∑∑
−

=

−

=

−

=

−

=

σ

.  (B.7) 

Notice also that we don’t need to know ∆x and ∆y for the derivation.  

Finally display single pixel SNR (SNRp) can be achieved by  

σσ
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