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Abstract   

This thesis is concerned with the measurement of spatial imaging performance and the 

modelling of spatial image quality in digital capturing systems. Spatial imaging performance 

and image quality relate to the objective and subjective reproduction of luminance contrast 

signals by the system, respectively; they are critical to overall perceived image quality.  

The Modulation Transfer Function (MTF) and Noise Power Spectrum (NPS) describe the 

signal (contrast) transfer and noise characteristics of a system, respectively, with respect to 

spatial frequency. They are both, strictly speaking, only applicable to linear systems since 

they are founded upon linear system theory. Many contemporary capture systems use 

adaptive image signal processing, such as denoising and sharpening, to optimise output 

image quality. These non-linear processes change their behaviour according to 

characteristics of the input signal (i.e. the scene being captured). This behaviour renders 

system performance “scene-dependent” and difficult to measure accurately. The MTF and 

NPS are traditionally measured from test charts containing suitable predefined signals (e.g. 

edges, sinusoidal exposures, noise or uniform luminance patches). These signals trigger 

adaptive processes at uncharacteristic levels since they are unrepresentative of natural scene 

content. Thus, for systems using adaptive processes, the resultant MTFs and NPSs are not 

representative of performance “in the field” (i.e. capturing real scenes).  

Spatial image quality metrics for capturing systems aim to predict the relationship between 

MTF and NPS measurements and subjective ratings of image quality. They cascade both 

measures with contrast sensitivity functions that describe human visual sensitivity with 

respect to spatial frequency. The most recent metrics designed for adaptive systems use 

MTFs measured using the dead leaves test chart that is more representative of natural scene 

content than the abovementioned test charts. This marks a step toward modelling image 

quality with respect to real scene signals. 
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This thesis presents novel scene-and-process-dependent MTFs (SPD-MTF) and NPSs (SPD-

NPS). They are measured from imaged pictorial scene (or dead leaves target) signals to 

account for system scene-dependency. Further, a number of spatial image quality metrics 

are revised to account for capture system and visual scene-dependency. Their MTF and NPS 

parameters were substituted for SPD-MTFs and SPD-NPSs. Likewise, their standard visual 

functions were substituted for contextual detection (cCSF) or discrimination (cVPF) 

functions. In addition, two novel spatial image quality metrics are presented (the log Noise 

Equivalent Quanta (NEQ) and Visual log NEQ) that implement SPD-MTFs and SPD-NPSs.  

The metrics, SPD-MTFs and SPD-NPSs were validated by analysing measurements from 

simulated image capture pipelines that applied either linear or adaptive image signal 

processing. The SPD-NPS measures displayed little evidence of measurement error, and the 

metrics performed most accurately when they used SPD-NPSs measured from images of 

scenes. The benefit of deriving SPD-MTFs from images of scenes was traded-off, however, 

against measurement bias. Most metrics performed most accurately with SPD-MTFs derived 

from dead leaves signals. Implementing the cCSF or cVPF did not increase metric accuracy.  

The log NEQ and Visual log NEQ metrics proposed in this thesis were highly competitive, 

outperforming metrics of the same genre. They were also more consistent than the IEEE 

P1858 Camera Phone Image Quality (CPIQ) metric when their input parameters were 

modified. The advantages and limitations of all performance measures and metrics were 

discussed, as well as their practical implementation and relevant applications.   



 iii 

Contents  

Abstract ................................................................................................................................... i 
Contents ................................................................................................................................ iii 
List of Figures ....................................................................................................................... vi 
List of Tables ......................................................................................................................... xi 
Acknowledgements ............................................................................................................. xii 
Author’s Declaration .......................................................................................................... xiii 
Chapter 1 Introduction ........................................................................................................ 1 

1.1 Imaging Performance Measures and System Non-Linearity ................................. 5 
1.2 Human Visual System (HVS) Modelling and Non-Linearity ................................ 8 
1.3 Aims and Overview ................................................................................................ 9 
1.4 Original Contributions to Knowledge .................................................................. 10 

Chapter 2 Image Quality and System Performance .......................................................... 11 
2.1 Defining Image Quality and Fidelity ................................................................... 11 
2.2 Scene-Dependency ............................................................................................... 13 

2.2.1 Imaging System Performance ...................................................................... 14 
2.2.2 Human Visual System .................................................................................. 18 
2.2.3 Observer Preference ..................................................................................... 20 

2.3 Image Quality Attributes ...................................................................................... 21 
2.3.1 Contrast and Tone ........................................................................................ 22 
2.3.2 Sharpness and Resolution ............................................................................ 25 
2.3.3 Noise ............................................................................................................ 36 

2.4 Signal-to-Noise Measures .................................................................................... 42 
2.5 Visual Models ...................................................................................................... 45 
2.6 Summary .............................................................................................................. 53 

Chapter 3 Image Quality Metrics ...................................................................................... 54 
3.1 Image Quality Metrics (IQM) Review ................................................................. 54 

3.1.1 Signal Transfer Visual IQMs (STV-IQM) ................................................... 58 
3.1.2 Multivariate Formalism IQMs (MF-IQM) ................................................... 61 
3.1.3 Image Fidelity IQMs (IF-IQM) .................................................................... 64 
3.1.4 Computational IQMs (CP-IQM) .................................................................. 66 

3.2 Proposed Image Quality Metric (IQM) Frameworks ........................................... 69 
3.2.1 Log Noise Equivalent Quanta (log NEQ), Visual log NEQ, and Scene-and-
Process-Dependent NEQ (SPD-NEQ) ......................................................................... 70 



 iv 
3.2.2  Revised STV-IQMs ..................................................................................... 72 
3.2.3 Revised Camera Phone Image Quality (CPIQ) Standard Metric ................. 73 

3.3 Summary .............................................................................................................. 74 
Chapter 4 Validation of Scene-and-Process-Dependent NPSs (SPD-NPS) ..................... 75 

4.1 Derivation of the SPD-NPS Measures ................................................................. 75 
4.2 Validation Methodology ...................................................................................... 81 
4.3 Results .................................................................................................................. 86 
4.4 Summary .............................................................................................................. 93 

Chapter 5 Validation of Scene-and-Process-Dependent MTFs (SPD-MTF) ................... 94 
5.1 Derivation of the SPD-MTF Measures ................................................................ 94 
5.2 Results ................................................................................................................ 100 
5.3 Summary ............................................................................................................ 107 

Chapter 6 An Evaluation of Scene-and-Process-Dependent IQMs ................................ 109 
6.1 Methodology ...................................................................................................... 109 

6.1.1 Test Image Dataset ..................................................................................... 110 
6.1.2 Psychophysical Evaluation ......................................................................... 112 
6.1.3 Generation of the IQM Variants ................................................................ 115 

6.2 Results ................................................................................................................ 117 
6.2.1 Subjective Quality Ratings ......................................................................... 117 
6.2.2 Benchmarking of IQM Variants ................................................................. 122 
6.2.3 Further Analysis of Selected IQM Variants ............................................... 126 

6.3 Summary ............................................................................................................ 134 
Chapter 7 Discussion ...................................................................................................... 135 

7.1 Image Quality Metric Frameworks .................................................................... 136 
7.2 Scene-and-Process-Dependent Noise Power Spectra (SPD-NPS) ..................... 138 
7.3 Scene-and-Process-Dependent Modulation Transfer Functions (SPD-MTF) ... 140 
7.4 Scene-and-Process-Dependent Image Quality Metrics ...................................... 142 
7.5 Implementation and Application ........................................................................ 145 

7.5.1 Practical Implementation of SPD-MTF and SPD-NPS measures .............. 145 
7.5.2 Application in Objective Imaging Performance Metrics ........................... 148 
7.5.3 Application in Computer Vision and Autonomous Vehicles ..................... 150 

Chapter 8 Conclusions and Recommendations for Further Work .................................. 152 
8.1 Conclusions ........................................................................................................ 152 
8.2 Further Work ...................................................................................................... 154 

Appendix A Linear System Theory Requirements ......................................................... 156 
Appendix B Structural Similarity Index (SSIM) Definition .......................................... 157 
Appendix C Test Scenes used in Chapters 4 & 5 ........................................................... 159 



 v 
Appendix D Test Scenes used in Chapter 6 .................................................................... 163 
Appendix E Generation of Ruler Images by Allen ........................................................ 165 
Appendix F Display Characterisation ............................................................................ 167 
Appendix G Snellen Near Vision Test Card ................................................................... 173 
Appendix H Observer Instructions ................................................................................. 174 
Appendix I IQM Input Parameters ................................................................................ 177 
Appendix J Mean Absolute Errors of IQMs .................................................................. 184 
Appendix K Related Work ............................................................................................. 191 

K.1 List of Publications ............................................................................................ 191 
K.2 Presentations at Conferences and Symposia ...................................................... 192 
K.3 Awards ............................................................................................................... 193 

Abbreviations ..................................................................................................................... 195 
References .......................................................................................................................... 200 
 



 vi 

List of Figures 

Figure 1.1 A typical imaging chain; adapted from [1, p. 345]. ISP refers to image signal 
processing. .............................................................................................................................. 1 
Figure 1.2 Luminance (a) and chrominance (b) components of the Flower Garden image 
(c) [4] in the 8-bit digital YCbCr colour space. ..................................................................... 2 
Figure 1.3 Diagram summarising the function of capture system image quality metrics 
(IQM). .................................................................................................................................... 3 
Figure 1.4 Characteristics of system performance measurements, 𝐹(𝑠), derived from a 
range of pictorial scene (or test chart) input signals 𝑠: a) describes a linear system, b) 
describes a system applying non-linear image signal processing (ISP). 𝐹(𝑠) is the mean of 
𝐹(𝑠1) to 𝐹(𝑠𝑛). ...................................................................................................................... 3 
Figure 1.5 Subjective image quality averaged over observer vs the Square Root Integral 
with Noise (SQRIn) [12] metric at varying levels of non-linear Joint Photographic Experts 
Group (JPEG) compression. The JPEG quality factor of each image varies from value 100 
to where subjective quality drops below 10% acceptability. Adapted from [13]; original 
data from [10]. ........................................................................................................................ 5 
Figure 1.6 Examples of the types of input signals from test charts traditionally used in 
Modulation Transfer Function (MTF) ((a) to (c)), and Noise Power Spectrum (NPS) 
measurements (d). .................................................................................................................. 6 
Figure 1.7 MTF measurements obtained from a simulated capture system after linear and 
non-linear processing, from the following test targets: i) ImatestTM ISO 12233 [23] Slanted 
Edge Spatial Frequency Response (E-SFR) test chart [24] using sfrmat3 [25] (blue curves). 
ii) ImatestTM ISO 12233 sinusoidal Siemens Star test chart [26] using Image EngineeringTM 
analysis software [27] (grey curves). iii) ImatestTM Spilled Coins (dead leaves) test chart 
using Burns’ [28], [29] implementation of the direct dead leaves MTF [19] (orange 
curves). Both simulation pipelines are described in Section 4.2. The following processes 
were simulated first: lens blur, Poisson noise at a signal-to-noise ratio of 5, mosaicing and 
demosaicing [30]. The linear pipeline then applied Gaussian blurring (denoising), and 
unsharp masking (sharpening). The non-linear pipeline applied Block Matching and 3D 
Filtering [31] (denoising) and the Guided Image Filter [32] (sharpening). ........................... 7 
Figure 2.1 Objective and subjective factors that affect perceived image quality. ............... 12 
Figure 2.2 Image fidelity and quality evaluation processes with respect to imaging chain 
distortions [1, p. 351]. Adapted from Ford [9, p. 8], and further from [54, p. 34]. .............. 13 
Figure 2.3 Scene-and-process-dependent noise images obtained using ten replicate captures 
following the method of Section 4.1. All output images and replicates were generated 
using a simulated image capture pipeline after Poisson noise was added at a linear signal-
to-noise ratio (SNR) of 10 and non-linear content-aware denoising [31] and sharpening 
[84] were applied. Noise images (d), (e) and (f) correspond to the following input 
information: (a) a uniform-tone patch, (b) the ‘Students’ image [7], and (c) the 
‘Architecture’ image [7], respectively (Appendix C). The contrast of each noise image was 
increased to emphasise scene-dependency. .......................................................................... 16 



 vii 
Figure 2.4 Demonstration of local-content-dependency in terms of signal transfer, caused 
by content-aware denoising and sharpening. Normalised pixel values, 𝑦, are plotted vs 
horizontal, 𝑥, and vertical pixel coordinates, 𝑧, for: (a) a two-dimensional (2D) input signal 
consisting of a low-contrast high-frequency signal (0 < 𝑥 ≤ 15), high contrast edge (15 <
𝑥 ≤ 18), and uniform tone signal (18 < 𝑥 ≤ 30). (b) shows (a) after adding Gaussian 
noise. (c) shows (b) after denoising with the Fast Bilateral Filter (FBF) [93]. (d) shows (c) 
after sharpening with the Weighted Least Squares (WLS) [92] filter. ................................ 17 
Figure 2.5 Demonstration of human visual scene-dependency: (a) non-busy portrait [102], 
(b) busy landscape image [102]. (c) and (d) show the same images with Gaussian noise 
added at identical levels. Visual masking suppresses noisiness and perceived quality loss 
due to noise in (d). ................................................................................................................ 19 
Figure 2.6 Visual saliency maps predicted by the Graph-Based Visual Saliency algorithm 
[103]. Adapted from [41, p. 43]. .......................................................................................... 20 
Figure 2.7 Sinusoidal modulations in terms of: a) luminance, and b) red-green chrominance 
signals; adapted from [117]. ................................................................................................. 22 
Figure 2.8 Heynacher & Kober’s [147] resolving power versus sharpness example: (a) has 
higher resolving power, (b) has higher contrast at mid-high frequencies and is perceived to 
be sharper than (a) at most viewing distances. ..................................................................... 26 
Figure 2.9 Relationships between the various spread functions and transfer functions that 
describe system signal transfer. 𝑢 and 𝑣 are spatial frequencies with respect to the 𝑥 and 𝑦 
dimensions of the Point Spread Function (PSF), respectively. 𝜔 is spatial frequency with 
respect to the 𝑥 dimension of the Line Spread Function (LSF) or Edge Spread Function 
(ESF). Adapted from [1, p. 133]. ......................................................................................... 31 
Figure 2.10 Test charts used to derive measurements of capture system signal transfer: (a) 
ImatestTM ISO 12233 [23] Slanted Edge Spatial Frequency Response (E-SFR) test chart 
[24]. (b) Image EngineeringTM TE265 Dead Leaves test chart [151]. (c) ImatestTM Siemens 
Star test chart [26]. (d) ImatestTM Log Frequency-Contrast test chart [152]. ...................... 32 
Figure 2.11 Simulations by Farrell & Wandell [167] of: (a) temporal photon noise, and (b) 
read noise, as well as fixed-pattern noise caused by (c) photoresponse non-uniformity 
(PRNU) and (d) dark signal non-uniformity (DSNU) in image capture systems. ............... 38 
Figure 2.12 Image EngineeringTM TE264 test chart [130] for noise measurements 
according to ISO 15739 [168]. The chart contains 20 uniform-tone patches. ..................... 39 
Figure 2.13 Noise with identical mean signal and standard deviation (i.e. the same level of 
root mean square (RMS) noise) but varying correlation [41, p. 32]: (a) low two-
dimensional (2D) covariance, (b) high 2D covariance, (c) low vertical covariance and high 
horizontal covariance. .......................................................................................................... 39 
Figure 2.14 Barten’s detection (broken line) [186] and discrimination (solid line) [183, p. 
143] contrast sensitivity functions (CSF) [187]. .................................................................. 47 
Figure 2.15 Isolated contrast detection (iCSF) [35] and contextual contrast detection 
(cCSF) [35] and discrimination (cVPF) functions [8] for the ‘Buildings’ (a) and ‘Bench’ 
(b) images shown in Appendix C. Adapted from [14]. ........................................................ 50 
Figure 3.1 Generalisation of Full-Reference and Reduced-Reference image quality metric 
(IQM) characteristics. .......................................................................................................... 56 
Figure 3.2 Generalisation of No-Reference (NR) image quality metric (IQM) 
characteristics. ...................................................................................................................... 56 



 viii 
Figure 3.3 Approximate relative levels of calibration employed by image quality metrics 
(IQM) from different genres and the Noise Equivalent Quanta (NEQ) system performance 
measure. ............................................................................................................................... 57 
Figure 3.4 Diagram describing processing by the IEEE P1858 Camera Phone Image 
Quality (CPIQ) Standard’s [22] implementation of Keelan’s multivariate formalism IQM 
(MF-IQM) [46]. Input parameters are shown for the texture blur and visual noise attribute 
metrics only. ......................................................................................................................... 62 
Figure 3.5 Generalisation of processing by threshold image fidelity metrics (IF-IQM), 
adapted from [264]. .............................................................................................................. 64 
Figure 3.6 Generalisation of processing by suprathreshold image fidelity metrics (IF-IQM).
 .............................................................................................................................................. 65 
Figure 3.7 Diagram of processing by the Structural Similarity (SSIM) Index [114]. ......... 67 
Figure 3.8 Diagram describing processing by the scene-and-process-dependent Noise 
Equivalent Quanta (SPD-NEQ) system performance measure. ........................................... 71 
Figure 3.9 Diagram describing processing by both the revised SQRIn [12] and PIC [169] 
metrics. ................................................................................................................................. 73 
Figure 3.10 Diagram describing processing by the revised CPIQ metric [22] (with respect 
to texture blur and visual noise attribute metrics only). ....................................................... 74 
Figure 4.1 The scene-and-process-dependent Noise Power Spectrum (SPD-NPS) 
framework. ........................................................................................................................... 76 
Figure 4.2 Fixed patterns of artefacts caused by demosaicing the ‘Students’ image [7] 
(left), and the detail of it (right). Global contrast was enhanced to increase artefact 
intensity. ............................................................................................................................... 80 
Figure 4.3 The linear (a) and non-linear (b) camera simulation pipeline modelling and 
image signal processing (ISP) stages. Output images were generated at points indicated by 
the red arrows. Modelling that was common to both pipelines is shaded grey. ISP stages 
for which the linear and non-linear algorithms had very different effects on image quality 
to one another are shaded blue. ............................................................................................ 81 
Figure 4.4 Two-dimensional (2D) discrete Fourier transform (DFT) log luminance spectra 
for the ‘Students’ image [7]: before, (c), and after windowing, (d) using the mask (e). ..... 86 
Figure 4.5 Luminance Noise Power Spectra (NPS) and scene-and-process-dependent NPSs 
(SPD-NPS) derived from different test charts. The uniform patch NPS (grey curves) and 
proposed dead leaves SPD-NPS (red curves), are shown at different image signal 
processing (ISP) stages at SNR 40, (a) to (f), and SNR 5, (g) to (l). The power (y) axis is 
logarithmically scaled. ......................................................................................................... 88 
Figure 4.6 Scene-and-process-dependent luminance Noise Power Spectra (SPD-NPS) 
derived from pictorial images and the dead leaves test chart. The pictorial image SPD-NPS 
(grey curves), mean pictorial image SPD-NPS (black curves), pictorial image SPD-NPS 
standard deviation (black dotted curves), and dead leaves SPD-NPS (red curves) are shown 
after different stages of image signal processing (ISP) at signal-to-noise ratios (SNR) of 40, 
(a) to (f), and 5, (g) to (l). The power (y) axis is logarithmically scaled. ............................ 89 
Figure 4.7 Demonstration of luminance noise scene-dependency in the non-linear image 
capture pipeline. Pictorial image scene-and-process-dependent Noise Power Spectra (SPD-
NPS) are plotted on linear axes for the linear and non-linear pipelines at signal-to-noise 
ratios (SNR) of 40, (a) to (f), and 5, (g) to (l). Each curve is coloured according to its 



 ix 
integrated area before denoising and sharpening. Green curves are of a higher area between 
zero and Nyquist frequency. ................................................................................................ 90 
Figure 5.1 Scene-derived texture Modulation Transfer Functions (MTF) of Branca et al. 
[7] for the non-linear pipeline at a signal-to-noise ratio (SNR) of 40, before, (a) to (c), and 
after the windowing method of Section 4.2 was applied, (d) to (f). Test images are from 
Branca et al. [7], resized to 512 x 512 pixels by bicubic interpolation. Dotted curves show 
+/- 1 standard deviation. ....................................................................................................... 97 
Figure 5.2 The scene-and-process-dependent Modulation Transfer Function (SPD-MTF) 
framework. ........................................................................................................................... 98 
Figure 5.3 Direct dead leaves Modulation Transfer Functions (MTF) (black curves) and 
proposed dead leaves scene-and-process-dependent MTFs (SPD-MTF) (red curves) after 
different stages of image signal processing (ISP) at signal-to-noise ratios (SNR) of 40, (a) 
to (f), and 5, (g) to (l). ........................................................................................................ 101 
Figure 5.4 Comparison of scene-and-process-dependent Modulation Transfer Functions 
(SPD-MTF) from pictorial images and the dead leaves test chart. Pictorial image SPD-
MTFs (grey curves), mean pictorial image SPD-MTFs (black curves), pictorial image 
SPD-MTF standard deviations (black dotted curves) and dead leaves SPD-MTFs (red 
curves) are shown after different image signal processing (ISP) stages at signal-to-noise 
ratios (SNR) 40, (a) to (f), and 5, (g) to (l). ........................................................................ 102 
Figure 5.5 Demonstration of signal transfer scene-dependency in the non-linear image 
capture pipeline. Pictorial image scene-and-process-dependent Modulation Transfer 
Functions (SPD-MTF) are shown for the linear and non-linear pipelines at signal-to-noise 
ratios (SNR) of 40, (a) to (f), and 5, (g) to (l). Curves for each scene image are coloured 
according to their integrated area before denoising and sharpening. Green curves are of a 
higher area between zero and Nyquist frequency. Ten replicates were used when 
computing each SPD-MTF. ............................................................................................... 103 
Figure 6.1 Power spectra for the input images to the simulations (shown in Appendix D).
 ............................................................................................................................................ 111 
Figure 6.2 Layout of the image quality ruler graphics user interface (GUI) [102, Sec. 
6.5.2]: (a) ruler image, (b) test image, (c) slider to select ruler images, (d) button to select 
next test image. ................................................................................................................... 113 
Figure 6.3 Layout of laboratory equipment (plan view). ................................................... 114 
Figure 6.4 Modulation Transfer Functions (MTF) of imaging chain components and 
Barten’s optical MTF of the eye [183, p. 29]. The camera-lens, camera-lens-display and 
display MTFs were all measured by Allen [102, p. 212]. The latter was also modelled by 
Equation 3.2 [22, p. 16]. ..................................................................................................... 114 
Figure 6.5 Mean observer image quality ratings on the Standard Quality Scale (SQS2) for 
each test image; error bars show standard error. ................................................................ 118 
Figure 6.6 The scenes’ susceptibilities to perceived quality loss. The x-axis is the grand 
mean of the scenes’ quality ratings. The y-axis is the quality rating for each scene, 
averaged over all observers. Higher susceptibility scenes are distributed closer to the x-
axis. The scenes classified as high, medium and low susceptibility are labelled [H], [M] 
and [L], respectively. .......................................................................................................... 119 
Figure 6.7 The observers’ sensitivities to perceived quality loss. The x-axis is the grand 
mean of the observers’ quality ratings. The y-axis is the quality rating for each observer, 
averaged over all scenes. Data from higher sensitivity observers is distributed closer to the 



 x 
x-axis. Observers classified as high, medium and low sensitivity are labelled [H], [M] and 
[L], respectively. Experienced and inexperienced observers are labelled [Y] and [N], 
respectively. ....................................................................................................................... 120 
Figure 6.8 Box and whisker plots of Mean Absolute Errors (MAE) of all variants of each 
metric. ................................................................................................................................. 123 
Figure 6.9 Box and whisker plots of the Spearman’s Rank Order Correlation Coefficient 
(SROCC) of all variants of each metric, including the Mean Structural Similarity 
(MSSIM). ........................................................................................................................... 123 
Figure 6.10 The mean of all observer image quality ratings vs the log Noise Equivalent 
Quanta (NEQ) metric variants that were less accurate or sensitive to system scene-
dependency. They implement direct dead leaves Modulation Transfer Functions (MTF) 
[19]. .................................................................................................................................... 127 
Figure 6.11 The mean of all observer image quality ratings vs log Noise Equivalent Quanta 
(log NEQ) variants that were more accurate and sensitive to system scene-dependency. 
They employ the pictorial image SPD-NPS. The most accurate log NEQ variant is shown 
in (a) and (b). ...................................................................................................................... 127 
Figure 6.12 The mean of all observer image quality ratings vs the most accurate Visual log 
NEQ variants that both implemented the dead leaves SPD-MTF and mean pictorial image 
SPD-NPS. ........................................................................................................................... 128 
Figure 6.13 The mean of all observer quality ratings vs the Perceived Information Capacity 
(PIC) [169] variants with lowest, (a) and (b), and highest accuracy, (c) and (d). 
Implementing different visual models had minimal effect on the correlations; hence the 
employed model is not specified. ....................................................................................... 128 
Figure 6.14 The mean of all observer image quality ratings vs the Square Root Integral 
with noise (SQRIn) [12] variants of lowest, (a) and (b), and highest accuracy, (c) and (d). 
The visual model is not specified because implementing different models had minimal 
effect on the correlations. ................................................................................................... 129 
Figure 6.15 The mean of all observer quality ratings vs CPIQ metric [22] variants that 
employed different contrast sensitivity functions (CSF). All variants implemented the 
direct dead leaves Modulation Transfer Function (MTF) [19] and uniform patch noise 
images that are default input parameters to the IEEE P1858 standard [22] and are least 
sensitive to system scene-dependency. .............................................................................. 130 
Figure 6.16 The mean of all observer image quality ratings vs CPIQ metric [22] variants 
that employed different Modulation Transfer Functions (MTF) and noise parameters. All 
variants implemented the Barten contrast sensitivity function (CSF) [186] that was most 
optimal for the CPIQ metric. The most accurate CPIQ metric variant is shown in (e) and 
(f). ....................................................................................................................................... 131 
Figure 6.17 The mean of all observer quality ratings vs output scores from the Mean 
Structural Similarity (MSSIM) metric [114]. ..................................................................... 132 
Figure 7.1 Proposed automated display-capture device layout. ......................................... 147 
Figure 7.2 Mean pictorial image SPD-NPS area, in units of pixels. .................................. 149 
Figure 7.3 Relative Standard Deviation Area of the SPD-NPSs of 50 input scenes. This is 
expressed as a percentage of the integrated area under the mean pictorial image SPD-NPS.
 ............................................................................................................................................ 149 



 xi 

List of Tables 

Table 2.1 Input parameters for Johnson and Fairchild’s luminance and chrominance CSFs 
[188] as implemented in the IEEE P1858 Camera Phone Image Quality (CPIQ) standard 
[22, p. 72]. ............................................................................................................................ 48 
Table 2.2 Summary of the most relevant performance measures concerning spatial image 
quality. .................................................................................................................................. 53 
Table 3.1 Summary of image quality metric (IQM) genres; JND refers to just-noticeable 
difference. ............................................................................................................................. 55 
Table 4.1 Summary of the uniform patch Noise Power Spectrum (NPS) and the scene-and-
process-dependent NPS (SPD-NPS) measures. N is the number of replicate captures of 
each scene/chart. .................................................................................................................. 77 
Table 5.1 Summary of the direct dead leaves Modulation Transfer Function (MTF) 
measurement implementation [19] and the scene-and-process-dependent MTFs (SPD-
MTF) of this thesis. PS and NPS are the power spectrum and Noise Power Spectrum, 
respectively. SPD-NPS is the scene-and-process-dependent NPS. M is the number of 
images in the test image set. ................................................................................................. 98 
Table 5.2 R2 correlation coefficients of a logarithmic curve fit of form 𝑦 = 𝑚. ln𝑥 + 𝑐	, to 
the regression between the integrated area under the pictorial images’ scene-and-process-
dependent Modulation Transfer Functions (SPD-MTF) and the busyness’ of these scenes 
[59]. .................................................................................................................................... 107 
Table 6.1 Summary of the contrast sensitivity functions (CSF) employed in Chapter 6. .. 109 
Table 6.2 Optimal opacities for the pipelines’ Image Signal Processing (ISP) filters 
described in Section 4.2. BM3D, GIF, USM and Gaussian refer to the Block Matching 
with 3D Filtering [31], Guided Image Filter [32], MATLABTM imsharpen unsharp mask 
[85] and Gaussian blur filters, respectively. ....................................................................... 111 
Table 6.3 Comparison of the conditions of the psychophysical image quality evaluations 
with the recommendations of ISO 20462 [56, Sec. 6.1]. ................................................... 115 
Table 6.4 Input parameters and Mean Absolute Errors (MAE) for the most accurate (left 
table) and least accurate (right table) variants of each image quality metric (IQM). The 
MAE scores are coloured from red to green denoting lowest to highest accuracy. ........... 123 
Table 6.5 Input parameters and Spearman’s Rank Order Correlation Coefficients (SROCC) 
for variants of each image quality metric (IQM) that resulted in the highest (left table) and 
lowest correlation (right table), as well as the Mean Structural Similarity (MSSIM) metric. 
The SROCC scores are coloured from red to green denoting lowest to highest correlation, 
respectively. ....................................................................................................................... 124 
 



 xii 

Acknowledgements  

This thesis marks the culmination of the efforts of several people who deserve due praise 

and recognition, not just the author.  

Firstly, I thank my Director of Studies and mentor, Dr Sophie Triantaphillidou, for 

consistently showing belief in my development since my early undergraduate years. Her 

guidance and knowledge have been instrumental to this research project from the day it was 

conceptualised. I am also particularly grateful to the three further supervisors of this project, 

Professors Robin Jenkin, Ralph Jacobson and John Jarvis, for sharing the enormous depth 

and breadth of their understanding. Their ability as a team to provide a “helicopter view” 

over this multi-disciplinary project has been invaluable. Moreover, I thank the whole 

supervisory team for their kind support and encouragement.  

I am also grateful to Dr Elizabeth Allen, Dr Peter Burns, and Riccardo Branca for providing 

their code for the ISO 20462 Image Quality Ruler interface, the direct dead leaves 

Modulation Transfer Function (MTF) implementation, and the scene-derived texture MTF 

implementation, respectively.  

I must also thank my fellow PhD researchers, Oliver van Zwanenberg and Dr Vicent 

Sanchis-Jurado, for frequent, engaging conversations, as well as colleagues and friends at 

the University of Westminster and elsewhere, including Janko Smejkal, Dr Aleka Psarrou, 

Professor Tamas Kiss, John Smith, Dr Efthemia Bilissi, Dr Olivier Moullard, Dr Jae Young 

Park, Dr Anastasia Tsifouti and Dr Gaurav Gupta. 

Finally, but by no means least, I am grateful to my brother George Fry, sister-in-law Claire 

Fry, and my girlfriend Jowita Nesterowicz for their unfailing support. 

 

Dedicated to my parents  

Jillie and Bernard 

 

  



 xiii 

Author’s Declaration 

I, the undersigned, hereby declare that all the material contained in this thesis is my own 

work, expressed in my own words. It has not been submitted for any other degree or 

professional qualification. All sources of information, visual material, or data produced by 

other researchers has been referenced suitably, whether it has been used directly or 

indirectly.  

  

Edward William Stewart Fry, B.Sc. (Hons) 

February 2020 

 



  1 

Chapter 1  Introduction 

Evaluating the objective performance of capturing systems and their subjective image 

quality is necessary to their design, optimisation and comparison. Digital capturing systems 

record information about an input scene (or subject) as digital image files. Their optics form 

a continuous, but distorted image of the scene, from which information is extracted by the 

sensor and electronics discretely. Image signal processing (ISP) is often then applied before 

the digital image is encoded into a suitable storage format. To view this encoded image, it 

must be presented by an output system such as a display or printer. Each component in the 

resultant imaging chain contributes to the characteristics of the output image (Figure 1.1).  

 

Figure 1.1 A typical imaging chain; adapted from [1, p. 345]. ISP refers to image signal processing.   

Quantifying the relationship between the input scene and output image is a common, general 

aim when evaluating imaging system image quality. However, the input scene information 

is usually unavailable for capture systems, meaning output image quality must be quantified 

without reference to it.   

Subjective (or perceived) image quality refers to the visual impression of goodness that an 

image conveys [1, p. 345]. It is broken down into a number of perceptual attributes (or 

dimensions) that are defined in Chapter 2. In this thesis, the term image quality refers 

specifically to the subjective (visual) image quality unless stated otherwise. 

Objective image quality refers to physical measurements of imaging system performance, 

images or image attributes. These measurements provide a practical (and conceptual) means 

to assess and predict the effect of changes to the system [2, p. 1]. Certain measurements can 

be used to characterise systems, components, or processes with respect to a particular 

attribute, expressing their input-to-output characteristics as mathematical functions, or single 

figure variables. These measurements describe the physical properties of the 
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system/component/process that drive its objective performance, and subjective quality, with 

respect to the attribute in question.  

The most useful performance measures correlate with overall perceived image quality or 

attribute strength. These relationships are well described in the prior art and have resulted in 

a number of standardised measurement methods discussed in Section 2.3. However, 

individual performance measures do not predict subjective image quality or attribute strength 

particularly well because the human visual system (HVS) is unaccounted for. 

This thesis focuses on spatial image quality. This relates to the distribution of luminance 

contrast signals across the image, which are core to the perception of form, shape and detail, 

as shown in Figure 1.2(a). Spatial image quality is associated with the attributes of 

resolution, sharpness and noisiness that are primary drivers for the overall subjective image 

quality of contemporary capture systems [3]. The reproduction of chrominance signals 

(Figure 1.2(b)) also contributes significantly to overall subjective image quality but is not 

discussed in this thesis.  

 

Figure 1.2 Luminance (a) and chrominance (b) components of the Flower Garden image (c) [4] in 

the 8-bit digital YCbCr colour space. 

A variety of psychophysical paradigms yield quantitative data from qualitative judgements 

of human observers with respect to subjective image quality, or its attributes [5]. Statistical 

analysis of this data, based on laws of psychophysics, allows it to produce various numerical 

psychometric scales [5]. It is desirable that such scales are expressed in intervals of just-

noticeable differences (JND) for meaningful description of quality levels. However, 

psychophysical experiments are generally slow, expensive, and difficult to carry out 
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accurately. They also do not provide easily a causal breakdown of the contributions of 

different components and processes to the subjective image quality of capture systems.  

Image quality metrics (IQM) are often used in conjunction with psychophysical experiments 

when developing capturing systems. The most suitable metrics originate from imaging and 

vision science. They map system performance measurements to single figure variables that 

aim to correlate with psychophysical ratings of image quality (Figure 1.3). Most IQMs 

implement HVS modelling and account for multiple attributes. Thus, they correlate with 

subjective image quality more accurately than individual performance measures.  

 

Figure 1.3 Diagram summarising the function of capture system image quality metrics (IQM). 

Spatial capture system IQMs generally implement Modulation Transfer Function (MTF) and 

Noise Power Spectrum (NPS) performance measures which characterise system signal 

transfer (relating to resolution and sharpness) and noise, respectively. The MTF and NPS are 

defined in Sections 2.3.2 and 2.3.3, respectively. They are founded upon linear system theory 

[6, pp. 233–269], and are, strictly speaking, only applicable to linear, spatially invariant and 

homogenous systems that comply with Equations A1 to A4. Such systems deliver consistent 

performance regardless of the input signal (Figure 1.4(a)). Spatial capture system IQMs 

cascade visual contrast sensitivity functions (CSF) with these performance measures as 

weighting functions. This accounts for whether the measurements are perceptually relevant.  

 

Figure 1.4 Characteristics of system performance measurements, 𝐹(𝑠), derived from a range of 

pictorial scene (or test chart) input signals (𝑠): a) describes a linear system, b) describes a system 

applying non-linear image signal processing (ISP). 𝐹;(𝑠) is the mean of 𝐹(𝑠<) to 𝐹(𝑠=). 
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The implementation of advanced ISP algorithms has improved capture system image quality 

significantly. Denoising and sharpening are two algorithms frequently applied. The simplest, 

linear denoising filters remove undesirable noise but also detail and edge sharpness that are 

critical to image quality. Conversely, simple linear sharpening algorithms enhance detail and 

sharpness but amplify noise. These denoising and sharpening algorithms cancel each other 

out to some extent when applied together, and image quality is not fully optimised.  

It is more common for contemporary capture systems to apply adaptive (or content-aware) 

denoising and sharpening algorithms. These reduce blurring of the image when denoising, 

and amplification of noise when sharpening, by filtering image signals selectively; this is 

described further in Section 2.2.1. These non-linear algorithms optimise image quality more 

effectively than simple, linear filters and cancel each other to a lesser extent. However, their 

behaviour is both “local-content-dependent” and “scene-dependent” (i.e. it varies according 

to the input signal). Such behaviour is demonstrated in Figures 2.3 and 2.4 and discussed in 

Section 2.2.1. It follows that the spatial imaging performance of any system applying these 

algorithms is also scene-dependent, Figure 1.4(b) [2, p. 198], [7]. It should also be noted that 

the HVS is a highly adaptive system, and visuo-cognitive processes carried out during image 

quality judgement are expected to be scene-dependent as discussed in Section 2.5.  

Spatial capture system IQMs do not account for system scene-dependency [8]. Prior art 

demonstrates they predict image quality relatively accurately for linear systems, but less 

accurately for scene-dependent, non-linear systems and/or processes. Their accuracy is 

limited in the latter case because they are based on performance measurements derived with 

respect to synthetic signals, not scenes (discussed further in Section 1.1). Likewise, they use 

CSFs that describe visual sensitivity to unmasked, synthetic signals, not real scenes, as 

outlined in Section 1.2.   

Figure 1.5 provides an example of such inaccuracies when a leading capture system IQM 

was applied to images of scenes with varying levels of non-linear compression [9, p. 169], 

[10], [11]. The metric correlated well with the quality of individual scene images. But the 

correlations for each scene were separated by gains and offsets, resulting in poor overall 

correlation. These gains and offsets are expected to be due to the scene-dependency of the 

compression algorithm and human spatial visual sensitivity being unaccounted for. 
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Figure 1.5 Subjective image quality averaged over observer vs the Square Root Integral with Noise 

(SQRIn) [12] metric at varying levels of non-linear Joint Photographic Experts Group (JPEG) 

compression. The JPEG quality factor of each image varies from value 100 to where subjective 

quality drops below 10% acceptability. Adapted from [13]; original data from [10].  

This thesis hypothesises, more generally, that the following factors affect the accuracy of 

spatial capture system IQMs: 

1) Signal transfer and noise are characterised inaccurately for scene-dependent, non-

linear capture systems by their MTF and NPS parameters (discussed in Section 1.1). 

2) Scene-dependent aspects of lower-level spatial vision, including visual masking, are 

unaccounted for by their CSF parameters (as described in Section 1.2).  

3) Cognitive factors of quality judgement are unaccounted for by their CSF parameters.  

This thesis revises various capture system IQMs and develops two further, novel IQMs, to 

investigate whether factors 1) and 2) are significant and can be resolved. Factor 3) has been 

investigated by the author [14]; it is discussed in Section 2.5. The new IQMs were validated 

by analysing measurements from simulated camera pipelines. These simulated camera 

operations in a systematic manner with respect to controlled camera and ISP algorithm 

variables. Comparable pipelines are used in the industry when developing capture systems.  

1.1 Imaging Performance Measures and System Non-

Linearity 

The MTF and NPS are measured from capture systems using test charts (or test targets). 

These charts provide a predefined, synthetic, input signal for comparison with the output 

signal of the capture system. Figure 1.6 shows signals from traditional test charts containing 
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sine-waves, edges, noise and uniform luminance patches. According to Figure 1.4(a), each 

test chart should deliver identical measurements for linear systems. However, measurements 

are derived by different methods for each chart, with different levels of measurement error. 

Thus, measurements derived using each chart are not identical in practice.  

 

Figure 1.6 Examples of the types of input signals from test charts traditionally used in Modulation 

Transfer Function (MTF) ((a) to (c)), and Noise Power Spectrum (NPS) measurements (d). 

More importantly, for scene-dependent systems that apply non-linear ISP, deriving the MTF 

and NPS using each of the above test charts delivers different results [2, p. 10], [9, p. 169], 

[11]. This contradicts Fourier theory [15], and is demonstrated for the MTF by the blue and 

grey curves in Figure 1.7 that correspond to a slanted edge signal and sinusoidal signal, 

respectively. Moreover, since each chart is unrepresentative of real scene signals, these 

measurements describe the average real-world performance of scene-dependent systems 

inaccurately (i.e. general performance when capturing real scenes). 

This problem has been noted by prior art. Performance measures [16]–[21] and IQMs [22] 

have since been developed for scene-dependent capturing systems that use the dead leaves 

chart (shown in Figure 2.10(b)); MTFs measured using the dead leaves chart are shown in 

orange in Figure 1.7. This chart replicates certain statistical properties of the “average” 

natural scene (as described in Section 2.3.2), making it more representative than the signals 

in Figure 1.6.   

Deriving measurements with respect to images of real scenes, however, is expected to 

characterise scene-dependent systems more appropriately than measurements from any test 

chart, provided they are precise and unbiased. This is because such measurements would 

account for the effect of real scene signals on non-linear ISP algorithms, thus describing 

performance in real-world image capture scenarios. 
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Figure 1.7 MTF measurements obtained from a simulated capture system after linear and non-

linear processing, from the following test targets: i) ImatestTM ISO 12233 [23] Slanted Edge Spatial 

Frequency Response (E-SFR) test chart [24] using sfrmat3 [25] (blue curves). ii) ImatestTM ISO 

12233 sinusoidal Siemens Star test chart [26] using Image EngineeringTM analysis software [27] 

(grey curves). iii) ImatestTM Spilled Coins (dead leaves) test chart using Burns’ [28], [29] 

implementation of the direct dead leaves MTF [19] (orange curves). Both simulation pipelines are 

described in Section 4.2. The following processes were simulated first: lens blur, Poisson noise at 

a signal-to-noise ratio of 5, mosaicing and demosaicing [30]. The linear pipeline then applied 

Gaussian blurring (denoising), and an unsharp mask (sharpening). The non-linear pipeline applied 

Block Matching and 3D Filtering [31] (denoising) and the Guided Image Filter [32] (sharpening).  

Considering Figure 1.4(b), the following measurements are obtained from a non-linear, 

scene-dependent system if a large number, 𝑛, of precise, unbiased performance 

measurements, 𝐹(𝑠<) to 𝐹(𝑠=), are derived with respect to a set of scene images that are 

representative of commonly captured scenes, 𝑠< to 𝑠=: 

1) 𝐹(𝑠<) in Figure 1.4(b) characterises the performance of the system with respect to a 

specific input scene image, 𝑠<, accounting for system scene-dependency. 
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2) 𝐹;(𝑠) in Figure 1.4(b) characterises the average real-world performance of the system 

with respect to a large number of images of scenes, accounting for system scene-

dependency.  

3) The standard deviation of 𝐹(𝑠<) to 𝐹(𝑠=) in Figure 1.4(b) describes the level of 

scene-dependent variation in the system’s performance (i.e. its scene-dependency).  

This thesis develops scene-and-process-dependent NPS (SPD-NPS) and MTF (SPD-MTF) 

measures that characterise system noise and signal transfer, respectively, according to 1) to 

3). They are validated by analysing measurements from simulated camera pipelines. Further, 

they are implemented in a number of IQMs to investigate whether accounting for imaging 

system scene-dependency improves metric accuracy. 

1.2 Human Visual System (HVS) Modelling and Non-

Linearity 

A wide range of visual models are used in IQMs to describe the function of the HVS. These 

are reviewed in Section 2.5. Capture system IQMs implement CSFs that describe visual 

sensitivity to luminance contrast. The CSFs used traditionally in these IQMs have a band-

pass shape. They model the reciprocal of the contrast threshold required to detect a sine-

wave signal of given spatial frequency on a plain background.  

For many years, it has been debated whether these CSFs describe the contrast transduction 

characteristics of the HVS accurately [33] which are non-linear and locally adaptive. It has 

also been discussed whether it is appropriate to cascade them with system performance 

measures founded upon linear system theory [10], [34]. What is clear, is that when observers 

evaluate the quality of an image, the HVS detects and discriminates complex scene signals 

and artefacts that are, in general, masked by other content [8]. And that this is a different 

visuo-perceptive process to the detection of unmasked, narrow-band sine-wave signals.  

Recent prior art has developed contextual contrast detection (cCSF) [35] and discrimination 

functions (cVPF) derived from images of natural scenes to account for HVS non-linearity 

[8]. Their shape is scene-dependent because they account for the effect of luminance contrast 

masking on visual sensitivity. They are generally low-pass under most viewing conditions, 

decaying in high frequencies due to the optical limitations of the eye. These functions were 
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validated against psychophysical measurements of detection and discrimination of complex 

scene signals. They are expected to describe the visual processes of image quality evaluation 

more suitably than the CSFs used traditionally in capture system IQMs [8]. Their 

implementation in IQMs is investigated in this thesis, with the aim of addressing the 

hypothesised limitations of current visual models. Previous IQMs have not used them. 

1.3 Aims and Overview 

The overarching aim of the project is to investigate whether spatial capture system 

performance can be measured by replacing traditional test charts with images of natural 

scenes, in order to account for the effects of non-linear, content-aware camera processes. 

Further, to examine whether such performance measures and contextual human visual 

models (recently presented in the literature) are more suitable input parameters to spatial 

image quality metrics. 

The objectives of this project are defined below: 

1) To review and categorise spatial IQMs from a capture system development 

perspective. 

2) To examine whether replacing traditional test charts with images of natural scenes 

produces more accurate measurements of signal transfer (MTF) and noise (NPS) of 

capture systems that incorporate non-linear content-aware ISP. 

3) To use revised MTF and NPS measures from 2) and contextual visual models to 

revise existing IQMs, and to develop novel IQMs that relate to spatial image quality. 

4) To validate the IQMs from 3) using images from simulated linear and non-linear 

camera pipelines. 

The overview of this thesis is below: 

Chapter 2 introduces image quality and fidelity, sources of scene-dependency, spatial image 

quality attributes, imaging system performance measures, and spatial visual models.  

Chapter 3 critically reviews different IQM genres and proposes frameworks for novel and 

revised IQMs, suitable for camera evaluations.  
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Chapter 4 proposes and validates three novel NPS measures that characterise noise in 

capturing systems while accounting for capturing system scene-dependency (SPD-NPS 

measures).  

Chapter 5 proposes and validates three novel MTF measures that characterise signal 

(contrast) transfer while accounting for capturing system scene-dependency (SPD-MTF 

measures). 

Chapter 6 evaluates a number of variants of the IQMs defined in Chapter 3. These variants 

use different combinations of the SPD-NPS and SPD-MTF measures, and contextual visual 

models such as the cCSF and the cVPF.   

Chapter 7 presents discussions on the IQM frameworks, SPD-NPS measures, SPD-MTF 

measures, and the novel and revised IQMs, as well as their implementation and application. 

Chapter 8 states the conclusions of the thesis and recommends further work. 

1.4 Original Contributions to Knowledge 

Research from this thesis demonstrated the following original contributions to knowledge: 

• Three novel Scene-and-Process-Dependent Noise Power Spectrum (SPD-NPS) 

measures for characterisation of camera noise, derived either using the dead leaves 

chart or images of natural scenes. 

• Three novel Scene-and-Process-Dependent Modulation Transfer Function (SPD-

MTF) measures that characterise camera signal transfer, using either the dead leaves 

chart, or images of natural scenes. 

• Successful revision and verification of classical spatial IQMs by substituting existing 

MTF and NPS parameters with the newly introduced SPD-NPS and SPD-MTF 

measures, to account for system scene-dependency.  

• Development of novel spatial IQMs designed for scene-dependent capture systems 

(log Noise Equivalent Quanta (log NEQ) and Visual log NEQ). These elegant and 

simple IQMs are proven to compete with state-of-the-art but more complicated 

IQMs. 

• Novel measures for quantification of scene-dependency in camera system signal 

transfer and noise measurements.   
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Chapter 2 Image Quality and System 

Performance 

Background theory on image quality and imaging system performance and their 

multidimensional nature is introduced. Image quality, fidelity and naturalness are 

defined. Causes for scene-dependent variations in imaging system performance and 

perceived image quality are discussed. The image quality attributes and their 

corresponding system performance measures are reviewed, as well as signal-to-

noise-based measures. Human visual system (HVS) models used by relevant image 

quality metrics (IQM) are presented.  

2.1 Defining Image Quality and Fidelity 

Image quality evaluation should be considered as a scene-dependent, multivariate process 

[4] with a number of objective and subjective factors [36]. It is difficult to specify uniquely 

[33], [37]–[39], and no definition has been accepted as universal.  

Engeldrum [5, p. 1] defines image quality as: the integrated set of perceptions of the overall 

degree of excellence of an image. He describes image quality perception as the multivariate 

combination of perceptual attributes, referred to as the “nesses”. They include brightness, 

lightness, sharpness, fineness of detail, textureness, graininess or noisiness, contrastness, 

colourfulness, hueness, chromaness, naturalness and usefulness [5], [40]–[42]. They form 

the basis of our language when describing an image’s overall quality and its attributes. 

Schade [43] was one of the earliest to measure imaging system quality in the modern way. 

He defines image quality as: a subjective judgement made by a mental comparison of an 

external image with image impressions stored and remembered more or less distinctly by 

the observer, who allows for a loss of detail in areas too small to be resolved by the eye. 

This definition can be extended to describe the output image quality of an imaging system 

as a function of the input image signal, the imaging system’s performance, the observer’s 

visual performance, and their preferences regarding the image’s attributes and aesthetics. 

Figure 2.1 gives a simplified breakdown of these factors, where the image signal flows 
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approximately from left to right. Imaging system performance can be separated from the 

other factors, but visual performance and quality consciousness are interlinked [44], [45]. 

 

Figure 2.1 Objective and subjective factors that affect perceived image quality. 

Keelan [46, p. 9] also considers the practicalities of imaging systems development, defining 

image quality as: an impression of merit or excellence, as perceived by an observer neither 

associated with the act of photography, nor closely involved with the subject matter depicted. 

Inexperienced observers often prefer different weightings of the strength of image quality 

attributes, compared to more experienced observers [47]–[49]. The former group is 

preferable, according to Keelan. They are more representative of the general mean of the 

population (i.e. the potential customer base). Nevertheless, they may overlook subtle 

artefacts that are noted by experts in rigorous product reviews on websites such as 

DxOMarkTM [50]. 

Yendrikhovskij [51] defines image quality as: the degree of apparent suitability of the 

reproduced image to satisfy the corresponding task. He elaborates, expressing quality as the 

multivariate combination of an image’s usefulness, fidelity and naturalness, where their 

optimal balance differs with the intended application of the image. Usefulness describes an 

image’s fitness for purpose or the capability of an imaging system to reproduce input scene 

content in a visibly acceptable way [52]. Fidelity is defined as the visual equivalence between 

two images [34], or more specifically as the perceptibility of differences or distortions 

between a test and reference image [33], [36], [53]. The reference image is assumed to be 

ideal, meaning any distortions in the test image reduce fidelity by default [36], regardless of 

their effect on its perceived quality. However, it is the acceptability of these differences that 

is relevant, when assessing the relative levels of quality of two images. This requires the 

quality consciousness (or goodness criteria) of the observer to be accounted for (Figure 2.2). 
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Figure 2.2 Image fidelity and quality evaluation processes with respect to imaging chain distortions 

[1, p. 351]. Adapted from Ford [9, p. 8], and further from [54, p. 34]. 

Naturalness is defined as [55]: the degree of apparent match between the reproduced image 

and the internal references, e.g. memory prototypes. These internal references form part of 

the quality consciousness of the observer and are comparable to the internal references 

consulted during image quality evaluation [13]. However, they are not identical to the latter. 

For example, slight over-enhancement of sharpness or contrast can increase quality but 

decrease naturalness [14]. 

2.2 Scene-Dependency 

Scene-dependency refers to any variation in the performance of an imaging system, the 

perceived quality of its images, or the perceived strength of its attributes, which is dependent 

on input scene content. It has been investigated widely [4], [56]–[60] and adds 

unpredictability to image quality datasets. Scene-dependency with respect to overall 

perceived image quality increases when test images are of higher quality [57].  

It results from scene-dependent variations in:  

1) objective imaging system performance; 

2) visual attention patterns and HVS performance;  

3) observer preference regarding quality attributes and aesthetics [60].  

Sections 2.2.1 to 2.2.3 review 1) to 3) above, respectively.  
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2.2.1 Imaging System Performance 

System performance scene-dependency has long been measured, and compensated for, in 

both analog and digital capturing systems. Certain sources of scene-dependency apply to 

both types of systems and can be reduced by ensuring that images are captured in focus, with 

a wide depth of field, at similar camera-to-subject distances, under consistent illumination 

and without extremes of contrast [60]. While analog (film) capture systems are generally 

stationary and isotropic [6, p. 210], their tone reproduction is often non-linear (refer to 

Appendix A). The latter can be compensated for, however, and system performance 

measures based on linear system theory have been applied successfully to such systems, 

especially after non-linear tone reproduction [61], [62] and micro-chemical effects [61] were 

taken into account.  

Digital systems, however, employ discrete sensor arrays consisting of finite sampling 

apertures, causing non-stationary and non-isotropic behaviour [63] (defined in Appendix A). 

Consequently, the response of the system varies with respect to input signal phase and angle 

[63], [64]. Modulation Transfer Functions (MTF) measured from different test charts vary 

with respect to changes in the orientation of the chart, as well as translation [2, p. 197]. The 

greatest cause of scene-dependency in digital imaging system performance, however, results 

from implementing non-linear content-aware Image Signal Processing (ISP) such as 

demosaicing, denoising, sharpening and compression, which are summarised below. These 

algorithms cause the objective level of image attributes and artefacts to be dependent on 

local image content [4], [60], [65], thus rendering system performance scene-dependent. 

This scene-dependency is compounded when multiple algorithms are applied.  

Demosaicing interpolates between the pixels of the sparse single-channel images created by 

Colour Filter Array (CFA) elements, to produce full-colour images according to an RGB 

additive colour model. Linear demosaicing averages over neighbouring pixels in the spatial 

[30] or frequency [66] domain. Non-linear content-aware demosaicing is generally a minor 

cause of system scene-dependency. Non-linear spatial domain methods [67]–[70] are edge-

aware. They omit or weight neighbouring pixel content before averaging, depending on local 

luminance gradients, to attempt to preserve edges and mitigate noise and colour artefacts. 

Other non-linear methods operate in the wavelet [71] or frequency [72] domain.  
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The role of denoising is to discriminate between image pixel values that are supposed to be 

there (i.e. scene content) and spurious image information (noise) [73]. This task is highly 

challenging, and no denoising algorithm is ideal. Artefacts associated with imperfect 

denoising include loss of image detail, texture and edge contrast. Linear denoising involves 

applying mean or Gaussian filters either by convolution or multiplication in the frequency 

domain. Alternatively, non-linear median filters can be applied. All of these filters ‘average 

out’ the noise which, incidentally, reduces the intensity of image details and edges.  

Non-linear content-aware denoising filters are less detrimental to quality than the above 

methods but are a significant cause of system scene-dependency. Image structure impedes, 

in general, the local removal of noise by these filters, as shown in Figure 2.3. Their signal 

transfer is also dependent on local image structure (Figure 2.4). For many spatial domain 

content-aware denoising filters, this is caused by applying thresholding before averaging to 

reduce denoising in the presence of local luminance gradients [74], [75]. This thresholding 

results in unmasked noise (which is most visible) being filtered heavily while image edges 

are preserved. But texture and detail are often mistaken as noise and removed.  

Further, Block Matching and 3D Filtering (BM3D) [31] and Non-Local Means [76] filters 

operate on a patch-wise level [73]. These content-aware algorithms compare the structure 

contained within a given small window (e.g. 8-by-8 pixels) with the structure in other 

windows across the image. Content from the “matching” windows is then averaged with the 

original window to remove noise. Sumner et al. [73] observe that it is impossible to predict 

the effect of such algorithms on a small-scale image feature in a real-world capture scenario 

since the actions of the algorithm depend entirely on the surrounding image features which 

may vary considerably. Other content-aware filters operate in the Discrete Cosine Transform 

(DCT) [77] or wavelet [78] domains or employ machine learning [79]–[83]; each of the 

mentioned content-aware denoising filters results in comparable artefacts concerning 

texture/detail loss.  
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Figure 2.3 Scene-and-process-dependent noise images obtained using ten replicate captures 

following the method of Section 4.1. All output images and replicates were generated using a 

simulated image capture pipeline after Poisson noise was added at a linear signal-to-noise ratio 

(SNR) of 10 and non-linear content-aware denoising [31] and sharpening [84] were applied. Noise 

images (d), (e) and (f) correspond to the following input information: (a) a uniform-tone patch, (b) 

the ‘Students’ image [7], and (c) the ‘Architecture’ image [7], respectively (Appendix C). The 

contrast of each noise image was increased to emphasise scene-dependency. 

Sharpening enhances edges, detail and high-frequency contrast but also amplifies noise and 

other artefacts. Linear sharpening methods include applying high-pass filters or spatial 

domain unsharp masks (USM) [85]. Non-linear content-aware sharpening causes scene-

dependency in imaging system performance because the performed local contrast 

adjustments are dependent on local image structure (as demonstrated in Figure 2.4). The 

unintended local amplification of noise (and other artefacts) is also dependent on local image 

structure since the objective level of noise/artefact amplification relates directly to the level 

of contrast amplification. For example, non-linear content-aware USMs [86]–[90] lower 

their amplification of contrast in regions of low local luminance gradient, to attempt to 

mitigate the perceived amplification of noise, while still enhancing the structural signals 

most relevant to perceived image quality. Other non-linear content-aware sharpening 

algorithms operate in various domains [32], [84], [91], [92], providing detail enhancement, 

edge sharpening and even optional denoising [84], [91]; some employ guidance images [32] 

or multi-scale contrast manipulations [92].  
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Figure 2.4 Demonstration of local-content-dependency in terms of signal transfer, caused by 

content-aware denoising and sharpening. Normalised pixel values, 𝑦, are plotted vs horizontal, 𝑥, 

and vertical pixel coordinates, 𝑧, for: (a) a two-dimensional (2D) input signal consisting of a low-

contrast high-frequency signal (0 < 𝑥 ≤ 15), high contrast edge (15 < 𝑥 ≤ 18), and uniform 

tone signal (18 < 𝑥 ≤ 30). (b) shows (a) after adding Gaussian noise. (c) shows (b) after 

denoising with the Fast Bilateral Filter (FBF) [93]. (d) shows (c) after sharpening with the 

Weighted Least Squares (WLS) [92] filter. 

Tone mapping converts captured image data to a suitable, output-referred state for viewing 

on the output device [1, p. 241]. Global, one-dimensional operations (e.g. gamma correction) 

are suitable if the dynamic range of the subject does not significantly exceed the usable 

dynamic range of the capture system [94] (which is typically between five and nine exposure 

stops [1, p. 241]). For subjects with wider dynamic range, implementing local tone mapping 

algorithms results in improved shadow and highlight detail. These adaptive algorithms map 

one input pixel value to a number of potential output values, depending on the values of 

other pixels in the region [94], [95]. Very high dynamic range subjects require high-

dynamic-range (HDR) processing, described below, to avoid clipping their shadows and 

highlights. Multiple, bracketed exposures are captured. A high bit-depth HDR image is 

constructed (typically 32-bits per channel). The subject’s radiance value is estimated at each 



 18 

 

pixel location using information from all exposures after it has been weighted according to 

its reliability [1, p. 242]. The resultant image’s bit-depth is reduced to 8 or 16 bits per 

channel, for output, using image-rendering algorithms that can either be global or local [96] 

(like the tone-mapping algorithms described above). Content-aware intensity adjustments 

from local image-rendering and tone-mapping algorithms can affect system signal transfer 

and noise significantly, in a local-content-dependent and scene-dependent manner. 

Compression is applied to reduce the file size of an image by lowering the average bit rate 

(i.e. the bit allocation per pixel). Image compression can be objectively and perceptually 

lossless. However, lossy Joint Photographic Experts Group (JPEG) [97], [98] and JPEG 

2000 [99] algorithms are applied frequently by image capture systems. Both algorithms are 

highly non-linear but not content-aware. The perceptual significance of their artefacts is 

scene-dependent [60], [65]. Significant variation was also found between the MTF of JPEG 

compression when it was derived from edges and sinusoidal signals [9]–[11], [15]. IQMs 

that employed MTFs derived from these signals also failed to describe the perceived quality 

of JPEG compressed images accurately [9]–[11] (Figure 1.5) since they did not account for 

the algorithm’s scene-dependency. This suggests that the scene-dependent characteristics of 

compression algorithms, and other spatial ISP algorithms such as denoising and sharpening, 

are relevant to perceived image quality and should be accounted for by spatial IQMs.  

2.2.2 Human Visual System  

Image quality attributes and artefacts are less noticeable in the presence of certain image 

content due to the effects of visual masking (defined in Section 2.5) and saliency [60], [65], 

[100], [101]. Thus, for spatially varying images of scenes, uniformly distributed artefacts are 

more apparent in certain regions, over others. Likewise, if images of different scenes are 

generated that contain the same objective level of artefacts, the perceived level of these 

artefacts often varies between the scenes, as demonstrated by Figure 2.5. The same is also 

true of their overall perceived image quality. Keelan [46, Ch. 10] describes such variations 

as scene susceptibility. Saliency relates to the probability of observers fixating their visual 

attention on a given image location in a free-viewing (or image quality evaluation) scenario.  
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Figure 2.5 Demonstration of human visual scene-dependency: (a) non-busy portrait [102], (b) busy 

landscape image [102]. (c) and (d) show the same images with Gaussian noise added at identical 

levels. Visual masking suppresses noisiness and perceived quality loss due to noise in (d).  

The factors that affect visual masking are the viewing conditions, the frequency content of 

the attributes/artefacts in question, and the frequency content of local masking signals or 

noise. Attributes/artefacts are also more noticeable if they are located in salient image 

regions which attract visual attention. This includes positions near to the foreground, 

prominent subjects, text, distinct edges, luminance/colour contrasts, or objects that deliver 

the meaning of the image. Visual attention patterns can be affected by the viewing task and 

the level of experience of the observer [45] and can be predicted by certain algorithms, as 

shown in Figure 2.6. 
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Figure 2.6 Visual saliency maps predicted by the Graph-Based Visual Saliency algorithm [103]. 

Adapted from [41, p. 43]. 

2.2.3 Observer Preference  

The aesthetic preferences of observers and their tolerance toward image quality attributes 

and artefacts are dependent on scene content [104], [105] and can vary with experience [47]–

[49] and the viewing task [45]. They are also affected by mood and state of awareness [106], 

as well as ethnicity and cultural factors [107]. For example, observers prefer skin textures to 

be “softly focused” compared to other image textures and signal content such as edges. 

Consequently, close-up portraits are often preferred to be less objectively sharp than other 

types of images, such as landscapes [104], [105]. Further, the subjective quality of the former 

decreases when objective quality (sharpness) increases past a threshold level [105]. The 

aesthetic preferences of observers are affected by the distribution of objects in images [108] 

and their interrelatedness [109]. For example, related objects are preferred to be positioned 

closer together than unrelated objects [109].  


