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ABSTRACT

The general image quality equation (GIQE) [Leachtenauer et al., Appl. Opt. 36, 8322-8328 (1997)] is an empirical
formula for predicting the quality of imagery from a given incoherent optical system in terms of the National Imagery
Interpretability Rating Scale (NIIRS). In some scenarios, the two versions of the GIQE (versions 3.0 and 4.0) yield
significantly different NIIRS predictions. We compare visual image quality assessments for simulated imagery with
GIQE predictions and analyze the physical basis for the GIQE terms in an effort to determine the proper coefficients for
use with Wiener-filtered reconstructions of Nyquist and oversampled imagery in the absence of aberrations. Results
indicate that GIQE 3.0 image quality predictions are more accurate than those from GIQE 4.0 in this scenario.
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1. INTRODUCTION

The National Imagery Interpretability Rating Scale (NIIRS) is a quantitative task-based scale for image quality [1,2]
used for military, civilian, and agricultural applications. The scale ranges from 0, representing the poorest quality, to 9,
representing the highest quality, where each unit on the NIIRS scale is worth a factor of two in resolution [1,2]. A
change of 0.1 is barely noticeable by a human observer, while a change of 0.2 is easily perceived [3]. The general image
quality equation (GIQE) is an empirical formula for calculating the image quality that can be expected from a given
optical system [2]. The GIQE is useful to optical engineers for designing new systems to meet specified NIIRS
performance requirements, performing system trade studies [3,4], and efficiently tasking existing optical systems to
achieve desired levels of image quality. Attempts to apply the GIQE to imaging scenarios unrepresented in the original
regression analysis, however, have been unsuccessful [5,6]. Here we examine the physical basis of GIQE terms in an
effort to better understand these limitations and determine the proper coefficients for use with imagery sampled at or
above the Nyquist rate, which was unrepresented in the derivation of previous GIQEs.

2. GENERAL IMAGE QUALITY EQUATION
The two versions of the GIQE (versions 3.0 and 4.0) have the following form

NIIRS = Cco + IOglo (GSD)+C2 loglo (RER)+C3 SSR +C4H , (1)

where ¢, ¢1, 3, ¢3,and ¢4 are coefficients with values listed in Table 1, GSD is the system ground sample distance, RER
is the system post-processing relative edge response, G is the system post-processing noise gain, SNR is the signal-to-
noise ratio of the unprocessed imagery, and H is the system post-processing edge overshoot factor, all of which are
defined in Refs. [1,2]. In this paper, a generalized definition of H [Eq. (18) in Section 4.4] is used. The GIQE essentially
accounts for three factors that affect image utility: (i) spatial resolution (GSD and RER are measures of the system
spatial resolution), (ii) noise (G/SNR is a measure of the noise in the post-processed imagery, but SNR also affects RER
when using the Wiener filter), and (iii) artifacts (H is a measure of the amount of edge ringing resulting from post-
processing). Other factors, such as image brightness, contrast, and scale, are not accounted for in the GIQE, because
these attributes are assumed to be optimized when each image is displayed [2].

Table 1. GIQE versions 3.0 and 4.0 coefficients.

€o C1 &) 3 Cq
GIQE 3.0 11.81 -3.32 3.32 -1 —-1.48
GIQE 4.0 (for RER >0.9) 10.251 -3.32 1.559 —0.334 —0.656
GIQE 4.0 (for RER < 0.9) 10.251 -3.16 2.817 -0.334 —0.656
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The GIQE can be used to predict the resulting change in image quality in terms of ANIIRS when various system
parameters are adjusted, where

2
= NIIRS - NIIRS,,
GSD
ANIIRS =¢ lo —, 3
Gsp = ¢1 logyg (GSDOJ 3
RER
ANIIRSppp = ¢, lo , 4
RER =2 glo[RERoj 4
G G
ANIIRS oy —— , 5
G/SNR = €3 ESNR SNR, J (5)
ANTIRSy; = ¢, (H-Hp), (6)

and the 0 subscript represents quantities corresponding to a reference baseline image.

Table 2 lists the characteristics of the set of 359 images used for the derivation and validation of GIQE 4.0.
Reference [2] mentions that the GSD and RER terms are the dominant terms and that the G/SNR and H terms have much
less of an influence in determining image quality. The sampling ratio for all of the imagery was Q = A.f/ (D p) = 1, where
A is the wavelength of light, f'is the system focal length, D is the system pupil diameter, and p is the detector pixel pitch.
Reference [2] notes that GIQE 4.0 may not be valid for Q > 1. Futhermore, it is assumed that all of the imagery was
obtained with well-corrected optical systems having an annular pupil with a fairly large fill factor.

Table 2. Characteristics of imagery used for derivation and validation of GIQE 4.0".

Minimum Mean Maximum
GSD 3in. 20.6 in. 80 in.
RER 0.2 0.92 1.3
G 1 10.66 19
SNR 2 523 130
G/SNR 0.01 - 1.8
H 0.9 1.31 1.9

*Data taken from Ref. [2].

Published attempts to extrapolate GIQE 4.0 to imagery with parameters unrepresented in the original regression
analysis have not been successful. Reference [5] found that GIQE 4.0 predictions were inaccurate for SNR < 3.
Additionally, GIQE 4.0 has been shown to be inaccurate for imagery from sparse-aperture systems [6]. In the following
sections, we attempt to determine the appropriate GIQE coefficients for Wiener-filtered imagery with O > 2, based on
human evaluation of simulated imagery and physics-based arguments.

3. SIMULATED IMAGERY

Figure 1 is a portion of a digital Snellen eye chart that was used as an object for the simulated imagery. This object was
chosen because it is applicable to task-based assessment by untrained human observers, where the task is simply to
correctly identify the text. This avoids the costly process of having professional image analysts evaluate each image.
Additionally, the systematic variation in the font size within the eye chart permits a visual determination of the spatial
resolution an image in terms of the minimum readable font size. The sampling for the object is a factor of ~7.5 finer than
finest GSD for the simulated imagery. The dark letters on the eye chart represent areas of 7% reflectance, while the
reflectance of the bright background is 15%.
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Fig. 1. Digital object used for image simulations (not shown at full resolution). For later reference, the point sizes of the font
in each row are (top to bottom): 60, 50, 40, 30 25, 20, 15, 13, 10, 8, 6, 5, and 4 pt.
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Fig. 2. Baseline image with GSDy = 1 (arbitrary units), Oy = 2, and SNR( = 500. The inset contains a magnified portion of
the image with text lines having font sizes comparable to the spatial resolution limit of the image.

Figure 2 is a baseline image obtained by Wiener filtering [7-10] a simulated image from an unaberrated circular-
aperture system with ground sample distance GSDy = 1 (arbitrary units), sampling ratio Oy = 2 (Nyquist sampling), and
signal-to-noise ratio SNRy = 500 (high SNR regime). The Wiener filter is implemented in the Fourier domain as

s u,v
w (u, v) = 3 ( ) , 7
|S(u,v)| +c <Dn/(I)0 (u,v)
where u and v are spatial frequency coordinates, W(u,v) is the Wiener filter, S(u,v) is the transfer function of the imaging
system, ¢ = 0.2 is a Wiener filter parameter, @, is the noise spatial power spectrum (the noise is assumed to be white in
the Fourier domain), and ®,(u,v) is the object spatial power spectrum, which is modeled [11,12] as
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where p is the radial spatial frequency coordinate and A4y, 4, and « are model parameters determined numerically from
the digital object shown in Fig. 1. Visually, the spatial resolution (in terms of the minimum readable font size) for the
image in Fig. 2 is determined to be 4-5 pt, depending on the criterion used to determine the resolution limit (all of the 5
pt letters can be correctly identified in the image, whereas only a fraction of the 4 pt letters can be identified).

A number of different images were simulated by varying the system GSD, O, or SNR. Figure 3 shows three images
from a sequence with image quality degraded by increasing GSD with fixed parameters Q = Oy and SNR = SNRy. In this
scenario, both the pixel and optical resolution of the system scale with GSD. This scaling is confirmed by visual
assessment of the minimum resolvable font sizes being 8-10 pt, 15-20 pt, and 30-40 pt for the GSD =2 GSD, 4 GSDy
and 8 GSD, images, respectively.

Figure 4 shows three images from an image sequence with increasing Q and fixed values of GSD = GSD, and SNR
= SNRy. In this situation, the spatial resolution of the imagery is limited by the optical resolution of the system. Using a
resolution measure that is proportional to the inverse of the diffraction-limited spatial frequency cutoff, the image
resolution should scale with 1/Q for Q > 2. Visual assessment of the minimum resolvable font size for the images shown
in Fig. 4 agrees with this expectation. Comparison of Figs. 3 and 4 show that increasing GSD holding Q = 2 and
increasing Q > 2 holding GSD fixed have comparable image quality (ability to recognize letters) as one might expect.

Figure 5 shows three images from an image sequence degraded by reducing SNR with GSD = GSD; and Q = Q.
Note that the primary effect on image quality of a low SNR is to reduce the net system resolution after Wiener filtering.
Additionally, the increased noise amplitude and spatial correlation of the noise resulting from the Wiener filter [13-16]
degrade image quality. The SNR values were chosen to yield ANIIRS values (according to GIQE 3.0) of —1.0, —2.0 and
—3.0 for the images shown in Figs. 5(a), 5(b), and 5(c), respectively. Based on visual assessment, the image quality of
Figs. 5(b) and 5(c), however, appears to be worse than the GIQE 3.0 prediction, i.e., the minimum readable font size in
Fig. 5(b) is 20-25 pt compared with 15-20 pt expected for ANIIRS =-2.0, and the 50 and 60 pt font sizes in Fig. 5(b) are
barely legible when 30-40 pt font size should be legible for ANIIRS = -3.0. GIQE 4.0 predictions are in even worse
agreement with visual observations (the corresponding ANIIRS predictions are —0.8, —1.6, and —2.6 for each of the
images in Fig. 5 according to GIQE 4.0).

4. GIQE ANALYSIS

4.1 Ground sample distance

In the geometric optics limit, the resolution of an unaberrated optical system is determined by the detector pixel width,
which is proportional to the GSD. Assuming that the optical resolution of the system scales with the detector pixel width
(in practice this is usually true by design) and the influence of noise and artifacts are constant (or negligible), the image
quality can be expected to vary with GSD as

(€))

GSD, GSD
ANIIRS =lo =-3.321o ,
g2 [ GSD j 210 ( ]

GSD,

suggesting a value of ¢; = —3.32 for the log;o(GSD) in the GIQE [compare with Eq. (3)]. This embodies the notion that
NIIRS changes by 1.0 for each factor of two of resolution change. Note that this relationship was confirmed by visual
observations as described in Section 3. Figure 6 shows the variation in image quality predicted by GIQE 3.0 and 4.0 for
an image sequence degraded by varying GSD with fixed values of QO = Qg and SNR = SNRy. In this scenario, the RER,
G/SNR, and H terms remain constant as GSD changes (the small fluctuations of these terms visible in Fig. 6 are artifacts
resulting from the numerical evaluation of these terms). The GIQE predictions are plotted as functions of the expected
change in image quality given by Eq. (9). Thus, the GIQE ANIIRS predictions will fall on a unit-slope line passing
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Fig. 3. Images degraded by increasing GSD with Q = Oy and SNR = SNR: (a) GSD = 2 GSD, (b) GSD =4 GSD,, and (c)
GSD = 8 GSD,,.
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Fig. 4. Images degraded by increasing Q with GSD = GSDj and SNR = SNRy: (a) Q =2 0, (b) O =4 Qy, and (¢) O = 8 Q.
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Fig. 5. Images degraded by reducing SNR with GSD = GSDg and Q = Qy: (a) SNR = 6.54 = SNR/76, (b) SNR =1.29 =

SNR,/386, and (c) SNR = 0.25 = SNR/ 1966.

through the origin of each graph if they agree with the expected changes image quality. The GIQE 3.0 predictions agree
with our expectations since ¢; = —3.32, while the GIQE 4.0 predictions are off slightly due to the fact that ¢; = -3.16
(RER = 0.87). Reference [2] notes that the empirical relationship between NIIRS and GSD was observed to vary with
RER for the imagery used to derive GIQE 4.0 and that a coefficient of ¢; = —3.16 provided a better fit to the data than ¢,
=-3.32 for RER < 0.9. The physical basis for this is unknown.
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Fig. 6. GIQE (a) 3.0 and (b) 4.0 ANIIRS predictions for imagery degraded by increasing GSD with Q = Oy and SNR =
SNRy. The GIQE predictions are plotted versus the expected change in image quality for this scenario given by Eq. (9).

4.2 Relating O to RER

In the limit that system resolution is limited by the optics, the change in image quality is expected to vary as log, of the
optical resolution. There are a number of different resolution measures, one of which is RER. In Section 3, the visually
assessed resolution of imagery with increasing Q and fixed GSD = GSD; and SNR = SNR,, was proportional to the
inverse of the diffraction limited spatial-frequency cutoff, implying that the image quality for such imagery should vary
as

[0 0
ANIIRS =1 — |=-3.321 |, 10
ng[QJ Oglo[QOJ (10)
for Qpand Q > 2.

An expected value for the ¢, coefficient for the log;o(RER) term in the GIQE that yields similar ANIIRS predictions
as Eq. (10) can be determined from the following physics-based reasoning. RER is defined as [1]

RER =ER (0.5p)-ER(-0.5p), (an

where p is the detector pixel pitch, ER(x) is the normalized edge response of the system along the x-direction, which
given by

ER(x):% O} Spet (U 0){5@)—5} exp (i2zxu)du, (12)

and Spei(u,v) is the net system transfer function after post-processing. For Q > 2 in the high SNR regime, the ideal
Shet(¢,v) 1s given by

Spet (1,v) = circ (% Vu? +v? j : (13)
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where circ(p) = 1 for p<1 and 0 otherwise. Substituting Egs. (12) and (13) into Eq. (11) and simplifying yields
g
RER =2p | sinc(pu)du, (14)
0
where u, = D/ Af=1/(p Q) is the diffraction-limited spatial-frequency cutoff. An expected value of ¢, can be obtained
by matching the first derivatives with respect to logao( Q) of Egs. (4) and (10) when RER is given by Eq. (14), i.e.,

—2sinc(1/0)In(2)
RER QIn (10)

o =-1, (15)

and solving for ¢, results in

_ I(I0)RERQ  332RERQ
~ 2In(2)sinc(1/0) b 2sinc(1/Q)

cy for 0>2. (16)

Note that the expected value of ¢, depends on the value of O at which the derivatives are matched. Table 3 lists the
corresponding values of O, RER as given by Eq. (14), and ¢, as given by Eq. (16). Figure 7 shows ANIIRSggr
predictions from Eq. (4) using various values of ¢; versus ANIIRS predictions given by Eq. (10) for various values of Q.
Note that ANIIRSggr ¢, = 4.55 yields the best agreement with Eq. (8) for ANIIRS >—0.5 when QO = Oy = 2, but a smaller
value of ¢; yields the better agreement for larger variations in image quality (ANIIRS <—0.5). Solving for the value of ¢,
that yields the minimum mean squared error between ANIIRS predictions given by Egs. (4) and (10) over the range O =
2-8 with Qg = 2, yields ¢, = 3.70. Note that GIQE 3.0 and 4.0 were derived for O = 1 imagery and Eq. (16) is valid only
for O > 2. For Q <2, when the system resolution is limited by the detector pixel size and aliasing artifacts are present, an
analytic expression for the expected value of ¢; is not available. Nevertheless, the value of ¢, for undersampled imagery
is expected to be approximately in the range of the values listed in Table 3.

To examine the validity of Eq. (10) further, images degraded by increasing O (with GSD = GSDy and SNR = SNRy)
were visually compared with imagery degraded by increasing GSD (with Q = Qp and SNR = SNR). Aside from a
difference in SNR (which should have a negligible effect on image quality in the high SNR regime), the Q-degraded
imagery is equivalent to sinc-interpolated versions of the GSD-degraded imagery. Since a sinc interpolation does not
alter the information content of an image, the quality of both sets of imagery is expected to degrade as

ANIIRS = - log, (X ), (15)

where X is ratio by which either O or GSD are increased, i.e., X = O/ Qg or GSD/GSD,. Figure 8 shows the results of
having human observers select the GSD-degraded image that best matches each O-degraded image in terms of the ability
to read the eye chart characters. The results indicate that Eq. (10) is quite accurate, but the observers have a ANIIRS =
0.1-0.3 preference for the oversampled Q-degraded imagery in comparison to the Nyquist sampled GSD-degraded
imagery.

Table 3. Corresponding Q, RER, and ¢, values.

0 RER" e
2 0.873 4.55
4 0.483 3.57
8 0.248 3.38
w 1/o0 3.32

*Calculated from Eq. (14).
TCalculated from Eq. (16).
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Fig. 9. GIQE (a) 3.0 and (b) 4.0 ANIIRS predictions for imagery degraded by increasing Q with GSD = GSD, and SNR =
SNRy versus the observed change in image quality determined by having observers select the GSD-degraded imagery
that most closely matches each O-degraded image in terms of image quality.

Figure 9 shows the GIQE ANIIRS predictions for the O-degraded image sequence versus the observed ANIIRS,
which resulted from having human observers selecting GSD-degraded imagery that matches each O-degraded image in
terms of image quality. The ANIIRSggr predictions for both GIQE 3.0 with ¢; = 3.32 and GIQE 4.0 with ¢; =2.817 are
in excellent agreement with the observed ANIIRS values, with coefficients of determination of R® = 0.96 and 0.95,
respectively. The values of ¢, for GIQE 3.0 and 4.0 are a bit lower than the expected value of ¢; = 3.70, which yields the
minimum mean square error between ANIIRS predictions given by Eqs. (4) and (8) over the range O = 2-8 with Qy = 2.
Presumably, this is due to the above mentioned visual preference for oversampled imagery compared to Nyquist sampled
imagery.

4.3 Signal-to-noise ratio

The dominant effect of noise (when properly accounted for by the Wiener filter) is to reduce the net image resolution.
Figure 10 shows ANIIRS predictions from GIQE 3.0 and 4.0 for SNR-degraded imagery (changing SNR with fixed GSD
= GSDy and Q = Qy) versus observed ANIIRS, where the observed ANIIRS were obtained by having human observers
choose GSD-degraded imagery that most closely matches the quality of each SNR-degraded image. Figure 10 shows that
ANIIRSggR is the dominant term affecting image quality even at very low SNRs, and that ANIIRSggr alone is a fair
indicator of the overall image quality. The coefficients of determination, R?, of the ANIIRS predictions, based on the
RER, G/SNR, and H terms of GIQE 3.0 and GIQE 4.0, for the SNR-degraded imagery are listed in Table 4.

Additionally, the presence of noise in an image has a masking effect, making it more difficult for an observer to
perceive the true object features in an image. The influence of noise in this regard is not just dependent on the noise
amplitude, but also depends on the spatial correlation (or equivalently the power spectrum) of the noise [13-15] resulting
from post processing. In the GIQE, SNR is the measure of the noise amplitude in the raw imagery, G is the factor by
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Fig. 10. GIQE (a) 3.0 and (b) 4.0 ANIIRS predictions for imagery degraded by decreasing SNR with GSD = GSDj and Q =
0. The GIQE predictions are plotted versus the observed change in image quality as determined by human observers
asked to choose a GSD-degraded image that most closely matches each SNR-degraded image.

Table 4. Coefficients of determination (RZ) of ANIIRS predictions for SNR-degraded imagery.

Image Quality Predictor GIQE 3.0" GIQE 4.0
ANIIRSggr 0.94 0.87
ANIIRSgEr + ANIIRSg/snr 0.92 0.89
ANIIRSggr + ANIIRSg/snr + ANIIRSy 0.90 0.86

*Corresponding to the data shown in Fig. 10(a).
TCOrresponding to the data shown in Fig. 10(b)

which the noise amplitude increases through post processing, and the coefficient c; is presumably a measure of the net
impact of the masking effect for noise with power spectra representative of those contained in the GIQE regression
analysis. The impact of the masking effect on target detection can be predicted using various models of the human visual
system [13,16]. Relating these methods to ANIIRS predictions is beyond the scope of this paper.

The details of the post-processed noise power spectra are determined by the specifics of the optical system and the
particular algorithm used for post processing. The details of the post processing used on the imagery for the GIQE 3.0
and 4.0 regression analyses were not published. Presumably the imagery was sharpened using a high-pass 3x3 or 5x5
sharpening kernel [17] as opposed to the Wiener filter we used. Additionally, there is evidence that much of the imagery
used for the derivation of GIQE 4.0 was significantly oversharpened, compared to a Wiener reconstruction (see Section
4.4). Thus, it is difficult to assess the validity of the GIQE 3.0 or 4.0 coefficients for the G/ SNR term in various
scenarios.

4.4 Edge overshoot

The edge overshoot term is included in the GIQE to act as a penalty for edge ringing artifacts in oversharpened imagery.
Here, we employ the following generalized definition of H for O > 1
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max [ER(x),\x e[0p, 3Qp]] otherwise

which simplifies to the definition of H given in Refs. [1,2] for Q = 1. Using the ideal net system transfer function
Shet(1,v) given in Eq. (13) (which results from a Wiener filter in the high SNR regime with Q > 2), the edge response is
given by

0

[ 2u, sinc(2u,x" W (x—x")dx’'

N (19)
| 2u, sinc(2u,x")dx’,

—00

ER (x)

where U(x) is the Heaviside step function. In this scenario, the maximum of ER(x) within the interval x € [Qp, 30 p]
occurs at x = 3/(2u.) =30p/2, which yields H = 1.03. This value of H is representative of edge ringing associated with
the Gibbs phenomenon. Table 2 indicates that the edge overshoot factors used in the derivation of GIQE 4.0 were in the
range H € [0.9, 1.9] and had a mean value of 1.31. These large values of H (> 1.03) are evidence that the imagery was
significantly oversharpened in comparison to analogous Wiener filter reconstructions. For all of the imagery considered
in this paper, H € [0.68, 1.06].

Out of all our simulated imagery, the ANIIRSy predictions were non-negligible only for the SNR-degraded imagery.
The binary definition of H in Eq. (18) leads to a discontinuity in ANIIRSy that is visible in Figs. 10(a) and 10(b). The
discontinuity occurs at low SNRs, for which the edge response after Wiener filtering becomes monotonic on x € [Qp,
30p]. We believe this is an artifact of the definition of H, since there is no physical basis for such a discontinuity.

While inclusion of an edge overshoot term as a penalty against edge ringing, even ringing due to the Gibbs
phenomena, seems appropriate, it is difficult to determine the appropriate value of the GIQE coefficient c4 given the

small range of H values used in this study. Table 4 indicates that ANIIRSy degrades the coefficient of determination for
the GIQE 3.0 and 4.0 predictions.

5. SUMMARY

We have examined the physical basis for the various terms in the GIQE and compared visual image quality assessments
with GIQE predictions in an effort to determine the proper coefficients for use with Wiener filtered imagery from
aberration-free, circular-aperture systems. Physical arguments and visual evaluation results indicate that the GIQE 3.0
coefficients ¢; = —3.32 and ¢, = 3.32 should be used for the log;o(GSD) and log;o(RER) spatial resolution terms,
respectively, in order to preserve the notion that each factor of two in resolution is equivalent to one unit on the NIIRS.
While it is more difficult to perceive the true features of an object when the noise in an image increases, the primary
effect of noise (when properly accounted for in a Wiener filter) is to reduce the effective resolution of an imaging
system. Results indicate that this loss in resolution due to noise is properly accounted for by the RER term when proper
Wiener filtering is performed. While the edge overshoot term H was discussed, it is difficult to determine an appropriate
value of ¢4 from this study due to the limited range of H values. Inclusion of ANIIRSy using the GIQE 3.0 coefficient ¢4
= —1.48 was found to degrade the image quality predictions. This is likely due to a discontinuity in ANIIRSy associated
with the binary-rule definition of H.

This work was funded by the U. S. Department of Defense.
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