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ABSTRACT 
We investigated the spatial summation effect on pedestals with difference luminance. The targets were 

luminance modulation defined by Gaussian functions. The size of the Gaussian spot was determined by the 

scale parameter (standard deviation, σ) which ranged from 0.13o to 1.04o. The local luminance pedestal (2o 

radius) had mean luminance ranged from 2.9 to 29cd/m2. The no-pedestal condition had a mean luminance 

58cd/m2. We used a QUEST adaptive threshold seeking procedure and 2AFC paradigm to measure the 

target contrast threshold at different target sizes (spatial summation curve) and pedestal luminance. The 

target threshold decreased as the target spatial extent increased with a slope -0.5 on log-log coordinates. 

However, if the target size was large enough (σ>0.3o), there was little, if any, threshold reduction as the 

target size further increased. The spatial summation curve had the same shape at all pedestal luminance 

levels. The effect of the pedestal was to shift the summation curve vertically on log-log coordinates. Hence, 

the size and the luminance effects on target detection are separable. The visibility of the Gaussian spot can 

be modeled by a function with a form f(L)*g(σ) where f(L) is a function of local luminance and g(σ) is a 

function of size. 
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1. INTRODUCTION 
 

 Thin-film transistor liquid crystal displays (TFT-LCDs) have been developed for various kinds of 

displays from computer monitors, television, to cellular phones. However, despite the great improvement in 
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manufacturing technology that allows mass production of high quality TFT-LCDs, visible image artifacts 

on the displays are still commonly seen. These visual artifacts, termed “Mura pattern” in the literature 

(Mori et al. 2000; Lee et al. 2003; Tamura et al. 2004), are imperfects in the display pixel matrix that are 

visible when the display is in operation. These artifacts are usually low contrast and blurred luminance 

modulation.   

 

 Currently, the quality control for the visual artifacts is conducted through visual inspection by trained 

human inspectors. The inspectors classify the displays into categories by the visibility of the artifacts. A 

procedure of the visual inspection uses the phenomenon that the contrast detection threshold of the Mura 

patterns decreases with the display luminance (Lee et al. 2003). In this procedure, the inspectors use a set of 

neutral density (ND) filters to reduce the luminance around the Mura pattern without changing its contrast. 

Since the visibility of the Mura pattern decreases with luminance, a denser ND filter can render a higher 

contrast Mura pattern undetectable than a less dense one. Hence, the visibility of the Mura pattern can be 

determined by the transmittance rate of the most opaque ND filter with which the Mura pattern is 

detectable.     

 

 This procedure is not perfect. Due to the difference in training, policy or measurement apparatus, the 

artifact classification result may be different from a company to another. The purpose of this study was to 

establish a standard metrics for Mura pattern visibility such that the visual inspection results from different 

companies and inspectors can be compared. We considered two variables that might affect Mura pattern 

detection: Size and luminance.  

 

 The visibility of a reasonable small visual stimulus increases with its area. In general, the detection 

threshold to a visual target decreases as its size increases up to a critical value. Beyond this critical value, a 

further increase in size produces little, if any, threshold decrement (Barlow, 1958; Howell & Hess, 1978; 

Robson & Graham, 1981; Watson et al. 1983; Polat & Tyler, 1999).  In the literature, the critical size has 

been considered as reflecting the spatial extent of the receptive field of the target detecting mechanisms 

(Watson et al., 1983; Daugman, 1985). Since the response of a target detecting mechanism to a visual 

stimulus is determined by the stimulus strength within its receptive field, using stimulus size to probe the 

receptive field is important in our modeling.   

 

 There are many studies on luminance effects on pattern detection. It is long known that the luminance 

threshold of a disk stimulus increases as the background luminance increases (e.g., Aguilar & Stiles, 1954; 

Yang, Qi & Makous, 1995). The typical result was that, as long as the background luminance was greater 

than a certain value, termed the “dark light”, the luminance threshold increased with background luminance 
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linearly on log-log coordinates. This linear relationship covered a range of 10000-fold background 

luminance increment from the dark light and was often modeled Weber’s law which states that luminance 

threshold is proportional to background luminance or ∆I/I =k where ∆I is the luminance threshold, I is the 

background luminance and k is a constant. A more general model would have luminance threshold as a 

power function of background luminance or (∆I/I)p =k where is p is an exponent parameter (Barlow, 1958). 

Using periodic patterns as stimuli, it was reported, Luminance contrast threshold, however, decreases with 

background luminance (Van Nes & Bouman, 1967). These previous results, however, may not be applied in 

our modeling effort. In those studies, the visual targets were presented on a large background which 

provided an adaptation point for the visual system. In this study, the local luminance change created by the 

ND filters was immediately around the target. Both the target and the ND filters were surrounded by a large 

and bright background – the display itself. It is not clear whether Weber’s law is still hold in our case. 

Given that the inspectors can reduce the visibility of the Mura patterns by using more opaque ND filters 

and that the ND filters do not change the physical contrast which is often defined as (∆I/I), the detection 

threshold does not follow Weber’s law. Hence, we need a measurement to determine the relationship 

between local luminance and target visibility. 

 

We measured the detection threshold of simulated Mura patterns with different size and different ND 

filter transmittance rate to characterize how the visibility of the Mura pattern depends on these two 

variables. With those data and known properties of human spatial vision, we constructed a model for Mura 

pattern visibility. This model, in turn, provides a base for a standard metric for Mura patterns. 

 

2. METHOD 

2.1 Stimulus.  

Since Mura patterns are often characterized as a gradual change of luminance with certain area, we 

used spots defined by a two-dimensional Gaussian function as our target stimulus. The size of the visual 

target was defined by the scale parameter (“standard deviation”), σ, of the Gaussian function. That is, 

 M(x, y) = Lo *((1+c) * exp(-(x2/2σ2) * exp(-(y2/2σ2)).    (1) 

where Lo is the local background luminance and c is the contrast. We used scale parameter in the range 

from 0.13 degree to 1.04 degree visual angle in our experiment for all but one observer who was tested in 

the range from 0.13 degree to 2.08 degree visual angle. The overall luminance of the display was 58 cd/m2. 

The local luminance was modified by ND filters with 2 degree radius. The transmittance rate of the ND 

filters was 50%, 10%, 5% which reduced the local mean luminance to 29, 5.8, and 2.9 cd/m2. Thus, there 

were four local luminance conditions: one no-ND filter condition and three ND filter conditions.  

 

2.2 Apparatus.  
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The display was a TFT-LCD monitor controlled by an IBM PC compatible computer. The observers were 

placed in front of the monitor with their heads stabilized by a chin rest. The viewing distance was 51 cm. At 

this distance, the size of each pixel was 2’ visual angle and the size of the display was 34.1o by 42.7 o visual 

angle. The mean luminance of the display was 59 cd/m2. The monitor was calibrated by a Lightmouse 

(Tyler, 1997) photometer and the gamma function was linearized by a custom software.   

 

2.3 Procedure.  

We used a temporal two-alternative forced-choice paradigm to measure the target threshold. The duration of 

each interval was 90 ms. The time interval from the offset of the first stimulus to the offset of the second 

stimulus was 800ms. In each trial, the target was randomly presented in either one of the intervals. The task 

of the observer was to determine which interval contained the target. We used a QUEST adaptive threshold 

seeking algorithm (Watson & Pelli, 1984) to measure the threshold for each stimulus size and local 

luminance. Four naïve observers participated in this study. None of the observers received training as visual 

inspectors in the factory. All observers have normal or corrected to normal visual acuity. 

 

3. RESULT AND DISCUSSION 

 

3.1 Spatial summation 

 Figure 1 shows how the 

detection threshold changed with 

target pattern spatial extent in four 

naïve observers when there was no 

ND filter applied. This function 

which relates detection threshold 

and the pattern spatial extent is 

called spatial summation function in 

this paper. The abscissa denotes the 

spatial extent of the Gaussian target 

pattern. We used the scale parameter 

of the Gaussian function in degree 

visual angle for spatial extent. Note 

that the spatial extent is the length of 

the test pattern in either the x or y 

dimension. The area of the target 

pattern is proportional to the square 
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Figure 1. Spatial summation curves for four naïve observers. 

Most data points are within the +/-1dB range of the mean 

(bold dashed curve). When the pattern size is small, the 

threshold decreases with size with a slope -1/2 (dotted line)  
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of the spatial extent. The ordinate denotes the detection threshold. The unit of the detection threshold is dB 

(decibel) which is 20 times the log base 10 of the percentage contrast. When the pattern was small, the 

detection threshold decreased with pattern spatial extent with a slope -1/2 (shown as the thick doted line in 

Figure 1) on log-log coordinates. That is, the threshold decreased with area with a slope -1/4. However, if 

the pattern was large enough, there was little, if any, threshold reduction as the pattern spatial extent further 

increased. As a result, the spatial summation curve leveled out as the right end of the curves. Our data 

shows a great consistence among naïve observers. The bold dashed curves denote the +/- 1 dB boundary 

from the mean threshold at each pattern size. Most data are within this boundary. Since the precision of the 

apparatus was 1dB, it can be concluded that there was practically no significant individual difference. 

Hence, in the following figures and discussion, we will only show the thresholds averaged across the 

observers. 
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Figure 2. (A) Spatial summation curves at different local background 

luminance from 58 cd/m2 (diamond, dashed curve), 29 cd/m2 (triangle, 

dash-dot curve), 5.8 cd/m2 (circle, solid curve) to 2.9 cd/m2 (square, dotted 

curve). The smooth curves are the fit of the reduced pattern vision model 

discussed in the text. (B) The same data as in (A) but each point is scaled by 

the mean of thresholds measured in each background luminance condition. 
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 3.2 Local luminance effect 

 Figure 2 (A) shows how spatial summation curves under different ND filter transmittance rate. Hence, 

it shows how summation curves change with local luminance. The smooth curves are the fits of the model 

that will be discussed below. The spatial summation curves had the same shape across all local luminance 

conditions for all observers. The threshold decreased as the target size increased with a slope of -0.5 on 

log-log coordinates from 0.13 degree to about 0.3 degree and kept constant as the size further increased. 

That is, all the spatial summation curves had the same shape under all the local luminance conditions. The 

effect of local luminance is to shift the spatial summation function vertically on a log-log plot. Figure 2(B) 

shows the same data as in the Figure 2(A) scaled by the mean threshold of the respective curve. It is 

obvious that all the spatial summation functions overlap with each other after this scaling.   

 

3.3 The model 

 We fit a reduced version of a pattern vision model (Foley & Chen, 1997) to the data. The first stage of 

the model is a spatial linear filter that emulates the receptive field of the primary visual cortical cells. The 

excitation of this linear filter is the product of the sensitivity profile of the linear filter and the input image 

pattern integrated over space. Let f(x, y) be the sensitivity of the linear filter at position (x, y) and m(x, y) 

be the luminance modulation from background produced by the input image (a Mura pattern in our case). 

The input image pattern in this study was defined by a two-dimensional Gaussian function. That is, from Eq. 

(1), removing the effect of DC component. 

 M(x, y) = c * exp(-(x2/2σ2) * exp(-(y2/2σ2).       

where σ is the scale parameter of the Gaussian function and c is the contrast of the input image pattern.  

 The excitation of the linear filter E is  

 E = ∫
∞

∞−

• dxdyyxfyxM ),(),(          (2) 

We assume that the sensitivity profile of the linear filter is also a two-dimensional Gaussian with scale 

parameter s instead of σ. Hence Eq. (2) becomes  

 E ∫
∞

∞−

−−•−−= dxdysysxyxc )2/exp()2/exp()2/exp()2/exp( 22222222 σσ  

   ))(2( 22

22

σ
σπ
+

=
s

sc            (3) 

  

In a full model of pattern vision mechanism, there will be a nonlinear operation on E to get the 

response R of the mechanism. The detection threshold occurs when R reaches a certain criterion. The 
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nonlinear response is given (Foley & Chen, 1997) as 

 R = Ep / Iq +z            (4)   

where I is also a power function of c which is called divisive inhibition on the literature; p and q are the 

exponent of E and I respectively and z is an additive constant that controls the dynamic range of the 

response function R. The threshold occurs when R reaches a constant. For the convenience of computation, 

this constant is scaled to 1.   

 

However, near threshold, the inhibition term Iq is much smaller than z. hence, its effect is negligible. 

Eq, (4) at threshold can simplified as  

R = 1 = Ep/z             (5) 

Plug Eq (3) into Eq (5), at threshold, we should have 

 Z1/p = ct * 2π *(s2σ2/(s2+σ2))  

Or  

 ct = g’ * ((s2+σ2)/s2σ 2))          (6) 

where ct is the threshold, g’ = Z1/p/2π is the parameter to be estimated.  

 

There were two free parameters to be estimated in 

this model: the scale parameter of the linear filter s and 

the weighting parameter g’. The parameter s is the same 

for all conditions while g’ was allowed to vary with the 

ND filter transmittance rate. This model fits the data well. 

The RMSE were only 0.59 dB which is very close to the 

averaged standard deviation of 0.6 dB. 

 

Table 1 shows the fitted parameter values. The 

scale parameter of the receptive field was 0.15 degree. 

The weighting parameter g’ is a power function of local 

luminance and hence a linear function on a log-log plot. The best fitting function is 0.0016*L-0.2826, where L 

is the mean luminance of the ND filtered Mura pattern.  

Plug in the parameter values back in the model, the visibility of the simulated Mura pattern is 

inversely proportional to 

T=(0.0016*L-0.2826) * ((0.0225+σ2)/0.02252σ 2))       (7) 

where L is the background luminance and σ is the spatial extent of simulated Mura pattern. The metrics T 

hence provides a way to compare the visibility of the Mura patterns once their size and the local luminance 

at threshold are known.  

Table 1. Parameter values of the reduced pattern 

vision model 

s (degree) 0.15 

g’  
Luminance (cd/m2)  

57 0.000558 
28.5 0.000637 
5.7 0.000742 
2.9 0.001531 
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4. CONCLUSION  

 The spatial extent of the receptive field of the target detection mechanism does not change with mean 

luminance level. As a result, the spatial summation behavior is the same for all mean luminance level tested. 

The local luminance effect can be accounted for by the change in a gain parameter that is a linear function 

of local luminance level on log-log coordinates, that is, a power function of local luminance. Hence, the 

size and the luminance effects on pattern detection are separable. The visibility of the Mura pattern can be 

modeled by a function with a form f(L)*g(σ) where f(L) is a power function of local luminance and g(σ) is 

a function of size. This function provides a way to compare artifact visibility across different local 

luminance conditions. 
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