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Abstract  
Twenty-four real spectra were strategically structured to have systematic variation in average fidelity 

(IES Rf = 65, 75, 85, 95), average gamut (IES Rg = 80, 90, 100, 110, 120), and gamut shape (nominally 

saturating or desaturating red colour evaluation samples), at 3500 K. For each spectra, twenty 

participants rated a set of objects along continuous scales of naturalness, preference, vividness, and skin 

preference. Most of the top rated spectra, along all four scales, had average gamut greater than or equal 

to 100 (IES Rg ≥ 100), and did not desaturate red hues (IES Rcs,h16 ≥ 0%). Best fit models illustrate that 

average fidelity (i.e., IES Rf) and a proxy for red saturation (i.e., IES Rcs,h16, Rcs,h1) are salient derived 

measures. The results illustrate that a two-metric system of colour rendition, comprised of average 

metrics for fidelity and gamut, cannot fully describe colour quality, and underscore the importance of a 

colour rendering graphic (i.e. IES Colour Vector Graphic). We propose and illustrate the utility of 

quantifying the shape of the IES TM-30-15 Color Vector Graphic with a best-fit ellipse.  
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1. INTRODUCTION  
The quantification of light-source colour quality is difficult because it at least depends upon the end-use 

application where the light source will be used, personal preferences (including culture), the objects 

being viewed, luminance levels, and observer expectations. Conversely, it is relatively straightforward to 

quantify objective colourimetric properties, such as average object-colour shifts between a given light 

source and a reference illuminant (i.e., average fidelity),1-6 average increases or decreases in saturation 

(i.e., average gamut area),7-13 and the specific (or average) chroma or hue change of objects.12-14 Several 

recent studies have identified the importance of gamut shape on subjective impressions,15-19 though 

none have proposed a method for quantifying gamut shape. 

The greater challenge, however, is to relate objective parameters to subjective human impressions. 

Important impressions include naturalness20, 21 (sometimes called normalness18), vividness8,22,23 

(sometimes called colourfulness23,24), and preference (sometimes called appreciation, flattery, or 

attractiveness).7,25-28  

Colour fidelity has been correlated to impressions of naturalness23,29 (though sometimes not15,22,30), 

likely due to the comparison to so-called natural illuminants20,21 in the colour-difference calculation. 

Colour preference has been repeatedly linked to object saturation; sometimes to average gamut area, 
8,9,11,23,30 sometimes to object chroma,2,15,25,31,32 and sometimes to a combination of various 

measures.18,19,33 Some have suggested that colour preference is related to both saturation and 

fidelity.9,18,22,34 Impressions of vividness are considered to be closely related to saturation,22 and have 

been correlated to measures of gamut area.9,23 Smet and colleagues suggest that vividness may be one 

of two perceptual dimensions—the other is fidelity/naturalness—that constitute a two-dimensional 

colour quality space.22 The strong influence of red hues on these various impressions has been observed 

repeatedly.9,15,17-19,35-38  

Numerous psychophysical studies have varied average fidelity in some way.2,22,23,27,30,34-36 A few have 

simultaneously varied both average fidelity and gamut.8,9,11,33 Only a small number of studies have 

simultaneously varied fidelity, gamut, and gamut shape.18,19 Wei and others16,17 specifically isolated 

gamut shape independent of average fidelity or average gamut. Overall, few studies have directly and 

systematically varied one or more of these attributes as part of the experimental design. We are not 

aware of any studies that simultaneously and systematically varied average fidelity, average gamut, and 

gamut shape for the evaluation of skin preference.  

Because many previous studies have also used a small number of sources, there are few studies that 

provide the necessary granularity for building models of colour quality.18,19,33 To provide such 

granularity, this study employed a large number of sources with systematic variation in average fidelity, 

average gamut area, and gamut shape of the test spectra. To isolate the link between colour rendition 

performance parameters and human visual perceptions, chromaticity and illuminance were held 

constant. 
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1.1 Defining gamut shape  
Gamut area is determined by calculating the area enclosed by colour samples in a chromaticity diagram 

or colour space.7,8,10-13 The enclosed area forms an irregularly shaped polygon. The IES TM-30-15 Colour 

Vector Graphic (CVG)—which is a normalized version of the enclosed polygon—tends to mimic familiar 

oblong shapes, particularly variations of circles and ellipses.12,13 In this article, gamut shape refers to the 

general form or appearance of the IES TM-30-15 CVG. Oblong gamut shapes tend to lean in the direction 

of a specific hue; gamut orientation refers the nominal hue (or hue angle bin) in which these shapes 

orient.  

Of additional significance to this study, Rcs,hj describes the hue angle bin-specific chroma shift of the IES 

TM-30-15 Colour Vector Graphic. A positive value indicates an average increase in chroma (relative to 

the reference source), and a negative value indicates an average decrease. Rcs,h1 and Rcs,h16 are nominally 

red.  

1.2 Goals and hypotheses  
A primary goal of this study was to model human evaluations of light source colour rendition over a 

wide range of average fidelity and average gamut values, while also considering gamut shape. IES TM-

30-1512,13 was employed to characterize average fidelity (i.e. IES Rf), average gamut (i.e. IES Rg), and 

gamut shape (i.e. opposing orientations of the Colour Vector Graphic, CVG). To distinguish between light 

sources with similar Rf and Rg scores, two SPDs were designed at each fidelity-gamut combination with 

the objective of creating strongly opposed gamut shapes. The a priori hypotheses for this experiment 

were:   

1. As Rf increases, naturalness ratings will generally increase  

2. As Rg increases, preference (and skin preference) ratings will generally increase  

3. As Rg increases, vividness ratings will generally increase 

4. Spectra with gamut shapes that enhance red object colours will be rated more preferred (object 

and skin) and more vivid than spectra with gamut shapes that enhance green object colours. 

2. METHODOLOGY  
This experiment was reviewed and accepted by the Penn State University Institutional Review Board on 

August 4, 2015 (STUDY00003016). This study is a companion to Esposito and Houser.39 The methodology 

is briefly summarized below for reference. 

2.1 Apparatus  
Light spectra were created using the 16-channel TeleLumen Light Replicator (TELELUMEN, Saratoga, CA, 

USA) and presented in a viewing booth with nominal dimensions of 0.81 m (width) × 0.41 m (depth) × 

1.04 m (height) (Figure 1). A chin rest was mounted in the centre of the opening of the booth so viewing 

angle was consistent across all participants. A mirror, mounted on the back wall of the booth, was used 

for skin evaluations.  

The luminaire was controlled via software from a laptop connected to the luminaire by an Ethernet 

cable. The luminaire was placed at the top of the viewing booth and suspended over a circular aperture 

in the top surface of the booth. Illuminance at the bottom centre of the booth was held constant at 646 

lux ± 14 lux, which was achieved using filters or a mechanical iris.40  
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Figure 1    Front view of the experimental apparatus showing the chin rest, fixed mirror, and object layout. Objects in the 
back row constitute the “Consumer Goods” category; objects in the front row make up the “Real Produce” category.    

2.2 Object selection  
The goal of object selection was to reduce the number of objects, insofar as possible, so it would be 

practical to ask targeted questions about each object. Twelve familiar objects with strong memory 

associations22,24 were chosen to span the hue circle, as much as practically possible, and that nominally 

fit the descriptions “Red,” “Orange,” “Yellow,” “Green,” “Blue,” and “Purple”. Objects were split into 

two categories—Consumer Goods (Figure 1, back row) and Real Produce (Figure 1, front row)—to 

represent both manufactured and natural objects. Rf and Rg are highly correlated between the 99 Colour 

Evaluation Samples (CES) in the IES TM-30 calculation procedure and the 12 objects used for 

experimentation (Pearson r = 0.908 and 0.981 for Rf and Rg, respectively and p < 0.001 for both).   

The produce objects were replaced every 3–4 days, on average. Objects which visibly decayed faster 

than others (e.g. the onion and blueberries) were spot-replaced as necessary.  
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2.3 Lighting Conditions  
The Rf-Rg Space of TM-30-15 was partitioned into 12 bins whose centres were the target for spectral 

optimization. The nominal target Rf values were 65, 75, 85, and 95. The nominal target Rg values were 

80, 90, 100, 110, and 120. The 12 Rf-Rg combinations are (65 | 80, 90, 100, 110, 120), (75 | 90, 100, 110), 

(85 | 90, 100, 110), and (95 | 100).    

Two SPDs were designated at each of the 12 Rf-Rg combinations to have approximately orthogonal 

gamut shapes. SPDs are provided in Esposito and Houser39 and CVGs are provided in Figure 2. Opposing 

gamut shape is quantified with the variable chroma-bin (CB), and can take on a value of 1 (i.e. the CVG 

generally oriented in the direction of Hue bin 1) or 7 (i.e. the CVG is generally oriented in the direction of 

Hue Bin 7). CB is a proxy for opposing red/green saturation and is intended to distinguish between SPDs 

with the same average fidelity and gamut. It can be understood as a deliberate subset of CVGs from the 

infinitely many that exist at any given Rf-Rg combination.  

Due to variability in the shapes of the Colour Vector Graphics within the CB variable, it is important to 

intellectualize this variable in regards to the intended conceptual differences. Orthogonality is not 

perfect at each Rf-Rg combination. CB7, for example, does not indicate specifically what is happening in 

hue bin 7, nor does it indicate what effect the light stimulus has in any other hue bin.  

2.4 Variables  
The independent variable was SPD, characterized with average fidelity (Rf), average gamut (Rg), and 

gamut shape as visualized with the CVG and identified as CB. All spectra were designed to be a 

metameric match to blackbody radiation at 3500 K. Table 1 summarizes the characteristics of the 24 

SPDs.  

The dependent variables in this experiment are overall participant ratings along several scales: 

“preference” (dislike (0)–like (5)), “naturalness” (unnatural (0)–natural (5)), “vividness” (desaturated (0)–

vivid (5)), and “skin preference” (dislike (0)–like (5)) (Appendix A). Participants were directed not to 

focus on specific objects when making their judgements. Scales were continuous, exactly 5 inches long, 

and each response was measured to a precision of 1/32 inches with a value of zero at the left anchor 

and five at the right anchor. Additionally, participants rated each individual object, under every lighting 

condition, along the preference, naturalness, and vividness scales (Appendix B). A total of 19,200 ratings 

were recorded ((12 objects * 3 scales + 4 Overall Scales) * 20 people/SPD * 24 SPDs).  

2.6 Participants  
Forty people—23 males and 17 females—participated in this experiment. Ages ranged from 20 to 41 

years, with a mean age of 26 years. Participants exhibited a large array of skin tones, though the 

majority had fair skin complexion; they self-identified as White/Caucasian (18 participants), 

White/Middle Eastern (9), Hispanic/Latino (7), Asian/Pacific Islander (5), and Black/African American (1). 

No participant had any particular knowledge of architectural lighting. No participant had any detectable 

form of colour deficiency (Ishihara 24 Plate). Participants received US $200 for their participation, 

administered in a tiered structure to incentivize completion of all experimental trials. 
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Figure 2    Color Vector Graphics for the 24 experimental SPDs. The overall horizontal axis is Rf. The overall vertical axis is Rg. 
The two opposing spectra—CB1 vs. CB7—with the same nominal Rf-Rg combination share a panel. Number labels correspond 
to the SPD ID in Table 1. CB1 CVGs are shown with a solid line and numbered 1 through 12; CB7 CVGs are shown with a 
dashed line and numbered 13 through 24. SPDs from which these CVGs are derived appear as Figure 2 of Esposito and 
Houser [2017]. 
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Table 1    Characteristics of the 24 lighting conditions. 

 

ID: Identification number for each experimental light source; CB: Chroma-bin, indicates the hue angle 
bin direction (1 or 7) of the source's gamut shape; LER: Luminous Efficacy of Radiation; CCT: Correlated 
Color Temperature measured in Kelvin; Duv: Delta uv; Rf/Rg: IES TM-30-15 average fidelity and average 
gamut index, respectively; Rcs,h1/Rcs,h16: IES TM-30-15 chroma shift in hue angle bin 1 and 16, 
respectively; Ra: CIE General Color Rendering Index; R9: CIE Special Color Rendering Index, test color 
sample 09; a: best-fit ellipse semi-major axis length; b: best-fit ellipse semi-minor axis length; ψ: best-fit 
ellipse rotation angle; e: best-fit ellipse eccentricity.  
 

2.7 Experimental design  
Spectra were administered according to the blocking structure detailed in Esposito and Houser.39 A 

single spectra was shown per day, for 13 days, and evaluated by 10 people per day; this was repeated 4 

times for a total of 8 weeks of experimentation. Overall, twenty (20) participants evaluated each 

spectra. Spectra were presented in a random order.  

ID CB LER CCT (K) D uv R f R g R cs,h1 R cs,h16 R a R 9 a b ψ e

1 1 196 3498 0.0000 66 120 23% 23% 58 -82 1.20 0.99 -15.1 0.57

2 1 243 3503 0.0002 64 110 23% 18% 53 -90 1.20 0.92 6.9 0.65

3 1 244 3502 0.0000 66 100 19% 11% 60 -64 1.18 0.86 15.3 0.69

4 1 251 3503 0.0000 65 90 13% 4% 69 -16 1.15 0.80 22.3 0.72

5 1 282 3496 -0.0002 65 81 -4% -12% 75 64 1.07 0.77 33.0 0.70

6 1 257 3502 0.0000 75 110 18% 15% 64 -53 1.16 0.95 4.9 0.57

7 1 256 3499 0.0000 75 99 11% 5% 73 3 1.12 0.89 17.5 0.61

8 1 257 3500 0.0000 76 91 6% 0% 84 38 1.08 0.86 27.4 0.61

9 1 247 3502 -0.0001 85 109 14% 14% 79 -17 1.10 0.99 -4.4 0.45

10 1 247 3501 0.0001 85 100 10% 6% 83 3 1.07 0.93 17.0 0.49

11 1 253 3499 0.0000 86 90 -2% -7% 88 91 1.01 0.89 40.7 0.48

12 1 298 3501 0.0000 96 100 0% 0% 97 98 1.01 0.99 26.6 0.19

13 7 268 3500 -0.0001 65 119 14% 19% 67 -16 1.22 0.97 -42.1 0.61

14 7 308 3503 -0.0001 66 109 -5% 0% 83 50 1.19 0.91 -57.9 0.65

15 7 311 3501 -0.0001 65 99 -10% -1% 70 17 1.18 0.84 -63.7 0.70

16 7 302 3499 -0.0002 66 90 -19% -14% 67 -46 1.11 0.81 -72.2 0.69

17 7 341 3499 -0.0003 66 80 -31% -27% 58 -139 1.05 0.76 -86.1 0.69

18 7 346 3503 0.0000 75 110 -4% 2% 86 53 1.16 0.94 -57.5 0.58

19 7 300 3502 0.0000 75 99 -9% -3% 77 23 1.12 0.88 -65.7 0.62

20 7 343 3502 0.0000 75 90 -22% -17% 73 -78 1.06 0.84 -80.6 0.61

21 7 329 3496 -0.0001 86 109 1% 6% 88 94 1.10 0.99 -48.5 0.44

22 7 324 3503 0.0000 85 99 -10% -7% 88 12 1.07 0.93 -70.1 0.49

23 7 324 3498 0.0000 83 91 -16% -15% 81 -24 1.03 0.89 -88.3 0.50

24 7 306 3501 0.0000 95 101 -3% -2% 97 79 1.02 0.99 -74.7 0.22

CIE Best-fit ellipse parametersIES TM-30-15
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2.8 Procedure 
Upon arrival on the first day of experimentation, each participant completed the informed consent 

form, a demographics survey, and the Ishihara 24 Plate test for colour deficiency. After completing 

paperwork, participants put on a black laboratory coat and sat with their chin in the chin rest of the 

apparatus. The researcher read orienting materials aloud about the purpose and procedure of the study. 

Participants were then shown 3 of the extreme lighting conditions to help bookend their responses: SPD 

12 (Rf = 95 | Rg = 100 | CB = 1), SPD 1 (65|120|1), and SPD 17 (65|80|7).  

On the 12 subsequent days, participants put on a black laboratory coat then proceeded directly to the 

viewing booth. A two-minute timer was set to ensure substantial chromatic adaptation.41 After 2 

minutes, the participant completed a questionnaire about their overall impressions (OVERALL ratings, 

See APPENDIX A) followed by several questionnaires which asked specific questions about each object 

(OBJECT SPECIFIC ratings, See APPENDIX B). Finally, the participant completed the FM-100 hue tests 

detailed in Esposito and Houser.39 Each session took approximately 30 minutes.  

On the last day of experimental trials, each participant completed an exit survey, containing the 

following questions:  

1. Please reflect upon how each object contributed to your overall judgements during this 

experiment (7-point Likert scale from “Had no influence” to “Very strong influence”)  

2. Please order the 12 objects from most important (1) to least important (12).  

 

3. RESULTS   

3.1 Modeling the Colour Vector Graphic  
The fundamental motivation for the design of the CB variable (the nominal orientation of the CVG) was 

to quantify opposing CVG shapes, which were hypothesized to be perceptually different despite having 

the same average fidelity (Rf) and average gamut area (Rg). While the variable itself was useful for 

spectral optimization, the optimization itself did not lead to SPDs with CVGs that were always oriented 

along the bin 1 to 9 or the bin 7 to 15 axes (which would make them orthogonal). This led to SPDs within 

each orientation—CB1 or CB7—that span several hue angle bins. Consequently, the CB variable does not 

provide the granularity necessary for model prediction using regression. Additionally, because CB is a 

designed variable, it cannot be computed automatically for a new SPD, and must be assigned manually. 

For the speed and convenience of future model predictions, it is desirable to replace the CB variable 

with a more precise, objective, automated measure.  

The visual observation that most of the experimental CVGs can be approximated by an ellipse motivated 

us to consider a best-fit ellipse approach to quantifying the shape of the CVG. A direct least-squares 

fitting of an ellipse42 was used to approximate the CVGs of the 24 experimental SPDs (Figure 3). The 

result is a CVG best-fit ellipse that can be defined by the length of its semi-major axis (a), the length of 

its semi-minor axis (b), and its rotation angle (ψ). The rotation angle is measured between the major axis 

of the ellipse and the positive a’ axis, and ranges from –π/2 to π/2. Positive values are counterclockwise. 

Within this experiment, CB1 corresponded to -15.1 < ψ < 40.7 (a range of 55.8ᵒ) and CB7 corresponded 

to -88.3 < ψ < -42.1 (a range of 46.2ᵒ). Ellipse fitting is a more numerically granular method of explaining 

the orientation of the gamut shape than the CB variable.  
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Additionally, ellipse eccentricity (e)—which is a measure of ‘out of roundness’ of the ellipse and ranges 

from 0.0 to 1.0—was calculated for each of the best-fit ellipses. An eccentricity of 0.00 is a circle and will 

always occur when Rf is equal to 100.  

Figure 3    (Top) The best-fit ellipse for SPD 3 (Rf = 65, Rg = 100, 
CB = 1) overlaid on its IES TM-30-15 CVG. The CVG is shown as a 
solid black line while the best-fit ellipse (and it’s axes) are 
dashed. The major axis always runs along the longer length of 
the ellipse; the minor axis is always smaller. The semi-major axis 
length (a) is half the length of the full major axis; the semi-minor 
axis length (b) is half the length of the full minor axis. Best-fit 
ellipse rotation angle (ψ) is measured between the major axis 
and the positive a’ axis of the CAM02-UCS; counter-clockwise is 
positive. (Bottom) The best-fit ellipse for SPD 13 (Rf = 65, Rg = 
120, CB = 7) overlaid on its IES TM-30-15 CVG. Clockwise values 
of ellipse rotation angle are negative. The quality of the ellipse 
fit to the CVG i s not independent from gamut shape; departure 
from an average gamut of 100 in any direction, on average, 
decreases the strength of the fit (as measured by the Residual 
Sum of Squares, RSS). The ellipse fit for SPD 3 (top) is among the 
strongest (low RSS); the ellipse fit for SPD 13 (bottom) is the 
worst fit of the experimental SPDs (highest RSS). 

 

  

 

3.2 Model Building   
A principal goal of this work was to quantify how human perceptual responses vary over a wide range of 

average fidelity and average gamut values with consideration of opposing gamut shapes. To test the 

initial hypotheses, best-fit regression models were developed to define a relationship between the 

responses and a suite of predictors (including IES TM-30-15 metrics Rf, Rg, and Rcs,hj, and the best-fit 

ellipse parameters a, b, ψ, and e). Best-fit models were developed for mean responses for each SPD 

using a combination of ANOVA, regression, and best subset analyses. Because a large number of 

predictors were examined, great caution was exercised to avoid over-fitting the model. Mallows Cp
 was 
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used to determine initial model candidates43—lower is better, indicating that the model is relatively 

precise—and a combination of r2 and predicted r2 (r2
pred)44 were used to determine the best models. The 

predicted r2 is a measure to determine a models strength for predicting responses for new observations, 

which is desirable for any future model predictions. It provides good indication if a model is modeling 

noise and not the underlying trend. Because a large suite of predictors were considered, r2
pred was used 

to avoid artificially strong models which have high r2 values (and appear strong) simply because they 

have a large number of predictors. Therefore, the simplest model (with the least amount of terms), 

which explains the most variance (high r2), and is particularly strong at predicting responses for new 

observations (high r2
pred), was considered the best model.  

3.3 OVERALL Responses 
A summary of the performance of the best-fit regression models is shown in Table 2.  

Table 2    Summary of model-included terms, and performance, for all four response scales. For example, the 
"naturalness" model includes the terms Rf, ellipse rotation angle (ψ), Rcs,h1, Rcs,h12, and the Rf*ψ interaction term. 

 

*Model also includes Rf*ψ interaction 

(2) indicates that the model also includes the term's quadratic counterpart 

3.3.1    Naturalness 
An initial analysis of single predictors showed that Rf is a significant linear predictor of the mean 

naturalness ratings (r2 = 0.30, p = 0.006), and as Rf increases, so do mean naturalness ratings, on average 

(Figure 4, top). Though this seems to corroborate the hypothesis that light sources with higher average 

fidelity will be perceived as more natural, the fit is notably weak (r2 = 0.30), suggesting that the full 

relationship is more complex.  

Rg is a significant quadratic predictor of mean naturalness ratings (p = 0.031), though the fit is poor (r2 = 

0.21). Rcs,h1 is also a significant quadratic predictor of mean naturalness ratings (p < 0.001), and the fit is 

moderately strong (r2 = 0.59) (Figure 4, bottom).  

Min Mean Max Range NAT* VIV LIKE* SKIN

R f 64 75 96 31.4 x x

R g 80 100 120 39.4

a 1.01 1.11 1.22 0.2

b 0.76 0.90 0.99 0.2 x

ψ -88.3 -25.6 40.7 129.0 x x

e 0.19 0.56 0.72 0.5

R cs,h1 -31.3% 0.8% 23.1% 54.4% x(2)

R cs,h16 -27.1% 0.8% 22.5% 49.7% x x(2) x(2)

r 2 0.92 0.86 0.86 0.85

r 2
(pred) 0.84 0.83 0.70 0.80

Base 

Term

Response
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When Rg is added to the model with Rf, it does not provide additional benefit and is statistically 

insignificant (p = 0.618). Best-fit ellipse rotation, however, provides additional benefit when added to a 

model with Rf (r2 = 0.44, p-Rf = 0.003, p-ψ = 0.031). There is also a significant interaction between Rf and 

ellipse rotation angle ψ (p = 0.011), which indicates that the relationship between mean naturalness 

rating and Rf varies for different gamut orientations (Figure 4, top).   

A best subset analysis with all major factors (and the Rf*ψ interaction effect), shows that the best 

model—with r2 = 0.92, r2
pred = 0.84, and the lowest Mallows Cp—is as follows: 

𝑵𝑨𝑻𝑼𝑹𝑨𝑳 = 1.464 + 0.02674 𝑹𝐟 + 0.188 𝑹𝐜𝐬,𝐡𝟏 − 15.41 𝑹𝐜𝐬,𝐡𝟏
𝟐 − 0.05305 𝝍 + 0.000602 𝑹𝐟 ∗ 𝝍  

All predictors, except Rcs,h1, are statistically significant (p < 0.001 for all). Rcs,h1 was retained to maintain a 

hierarchical model. 

 

 

Figure 4    (Top) IES TM-30-15 Fidelity metric Rf as a predictor for mean naturalness rating. The solid line shows the best-fit 
regression line for all mean naturalness ratings. The dashed lines show the best fit regression line for the mean 
naturalness ratings for CB1 spectra (circle markers) and CB7 spectra (triangle markers), respectively. The significant 
interaction effect between Rf  and CB manifests as the intersection of the best-fit regression lines for the CB1 and CB7 
spectra. The SPD with the highest average naturalness rating (SPD 12) also has the highest average fidelity (Rf = 95). 
Contrarily, the three lowest rated SPDs (1, 2, and 17) have the lowest average fidelity (Rf = 65). (Bottom) IES TM-30-15 hue 
angle bin 1 chroma shift (Rcs,h1) is a significant quadratic predictor of mean naturalness rating (p < 0.001). The SPD with the 
highest average naturalness rating (SPD 12) also has an Rcs,h1 of approximately 0%. Contrarily, the three lowest rated SPDs 
(1, 2, and 17) have extreme values of Rcs,h1 (+23%, +23%, and -31%, respectively). SPD 5—which has low gamut area and 
desaturates most hues except red—has a very large residual in this model. When removed, the quadratic fit increases (r2

 = 
0.74). This suggests that overall, red saturation is a strong predictor of mean naturalness ratings, except when most hues 
are desaturated. Overall, these results suggest that, on average, naturalness ratings will increase with increasing average 
fidelity, and decrease with departure from Rcs,h1 of 0% (near where the regression model peaks), in either the positive or 
negative direction. The coding of the CB variable shows that CB1 SPDs tend to have higher values of Rcs,h1, which is an 
intentional byproduct of the CB variable in the experimental design.   
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3.3.2    Vividness 
An initial analysis of single predictors showed that Rf was not a significant linear predictor of mean 

vividness rating (r2 = 0.002, p = 0.838). Rg and Rcs,h16 were both significant linear predictors (p < 0.001 for 

both) and both fit the data well (r2 = 0.673 and 0.863, respectively) (Figure 5, top and bottom).  

The trends in Figure 5 support the hypothesis that SPDs with increasing Rg will be perceived as 

increasingly vivid and that CVGs nominally oriented in the red direction (CB1) will be perceived as more 

vivid than CVGs nominally oriented in the green direction (CB7). The impacts of CVG orientation on 

mean vividness ratings is most explicitly demonstrated for SPD pairs with an Rg of 100, where gamut 

shapes are most strongly contrasted (Figure 5, middle).  

For predicting vividness, the importance of red rendering is evident by the statistically higher vividness 

rating of CB1 SPDs and the strong predictive power of Rcs,h16. In fact, a best subset analysis shows that 

the strongest best-fit model—with r2 = 0.86, r2
pred = 0.83, and the lowest Mallows Cp—contains only 

Rcs,h16 (p < 0.001): 

𝑽𝑰𝑽𝑰𝑫 = 3.332 + 4.594 𝑹𝐜𝐬,𝐡𝟏 

3.3.3    Preference 
An initial analysis of single predictors showed that Rf was not a significant linear predictor of mean 

preference ratings (r2 = 0.12, p = 0.100) (Figure 6, top). Rg and Rcs,h15 were both significant linear 

predictors (r2 = 0.54 and 0.59, respectively and p < 0.001 for both) but their quadratic counterparts 

provide a better fit to the data (r2 = 0.66 and 0.70, and p = 0.012 and 0.011, respectively) (Figure 6, 

bottom). The trend in Figure 6 (bottom) supports the a priori hypothesis that preference ratings will 

increase with increased gamut. The trend plateaus, which is consistent with past research that suggests 

that too much saturation is undesirable.13,16,18 CB did not have a significant effect on preference ratings 

(p = 0.727), which does not provide evidence to support the hypothesis that CB1 SPDs would be more 

preferred than CB7 SPDs.  

The most robust regression model—with r2 = 0.86, r2
pred = 0.70, and lowest Mallows Cp—is as follows:  

𝑳𝑰𝑲𝑬 = 1.629 + 0.02686 𝑹𝐟 + 3.423 𝑹𝐜𝐬,𝐡𝟏𝟔 − 10.01 𝑹𝐜𝐬,𝐡𝟏
𝟐 − 0.04866 𝝍 + 0.000566 𝑹𝐟 ∗ 𝝍 

The model-included terms are identical to that of the naturalness model, with Rcs,h1 swapped for Rcs,h16. 

All terms are significant at p < 0.003.  

3.3.4    Skin Preference 
An initial analysis of single predictors showed that Rf was a significant linear predictor of mean skin 

preference rating (r2 = 0.17, p = 0.048). Rg and Rcs,h16 are both significant quadratic predictors of mean 

skin preference rating (r2 = 0.72 and 0.66, and p = 0.004 and 0.005, respectively). The strength of Rg’s 

quadratic fit provides direct support for the hypothesis that mean skin preference ratings will increase 

as Rg increases, though the significant quadratic fit suggests a plateau effect similar to the mean 

preference ratings. CB, alone, did not have a significant effect (p = 0.345), thus there is no direct 

evidence to support the hypothesis that CB1 SPDs would have higher mean skin preference ratings than 

CB7 SPDs.  
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Figure 5    (Top) IES TM-30-15 Rg is a significant linear predictor of mean vividness rating (p < 0.001) and as Rg  increases, so 
does mean vividness rating. CB is also statistically significant (p = 0.027) where CB1 SPDs have a higher mean vividness rating 
than CB7 SPDs. This effect manifests as parallel best-fit regression lines for CB1 spectra (circle markers) and CB7 spectra 
(triangle markers), where the fit for CB1 is higher across all spectra. (Middle) An enlarged area of the top graph for SPDs that 
have the same nominal Rg value of 100. Mean vividness rating for the CB1 SPD is statistically higher (p < 0.001) for 3 of the 4 
pairs of SPDs with the same nominal average gamut area: (3,15), (7,19), and (10,22). CB is not statistically different for SPDs 
12 and 24 (p = 0.115), which technically have opposing gamut shapes but are negligibly different due to their high fidelity 
value (Rf = 95). (Bottom) IES TM-30-15 hue angle bin 16 chroma shift (Rcs,h16) is a significant predictor of mean vividness (p < 
0.001) and is a strong fit to the data. SPD 1, with the highest value of Rcs,h1, has the highest mean vividness rating; SPD 17, 
with the lowest value of Rcs,h16, has the lowest mean vividness rating.  



14 
 

 

 

Figure 6    (Top) IES TM-30-15 Fidelity index Rf as a predictor for mean preference rating. Though Rf is not a significant 
predictor of mean preference rating alone (p = 0.100), it provides significant utility to a model containing other variables, 
and is highly significant in the final model (p < 0.001). Similar to the best-fit model for naturalness ratings, there is a 
significant interaction between Rf and CB (p < 0.001). (Bottom) Rg is a significant quadratic predictor of mean preference 
ratings (p = 0.012). The concave model fit peaks at 11.8%, suggesting that much more (or less) red saturation will decrease 
mean preference ratings. The two SPDs with the lowest average gamut area—SPD 5 and 17—have the lowest mean 
preference rating.  

Semi-minor axis length, b, is a significant linear and quadratic predictor of mean skin preference rating 

(r2 = 0.69 and p < 0.001). A best subset analysis shows that the strongest regression model—with r2 = 

0.85, r2
pred = 0.80, and the lowest Mallows Cp—is as follows:      

𝑳𝑰𝑲𝑬(𝑺𝑲𝑰𝑵) = 0.128 + 3.758 𝒃 + 1.161 𝑹𝐜𝐬,𝐡𝟏𝟔 − 8.41 𝑹𝐜𝐬,𝐡𝟏𝟔
𝟐                                                                                                                                                                                                      

All terms are statistically significant in the model (p < 0.015 for all). Mean skin preference and mean 

preference have a high, statistically significant, positive correlation (Pearson’s r = 0.834, p < 0.001), 

indicating that as mean skin preference increases, so does overall mean preference (and vice versa). 

3.4 Closing questionnaire 
For both closing questions, the top 3 most influential objects were the red onion, the orange, and the 

red apple, respectively (Figure 7). They are all nominally red/orange and are located in IES TM-30-15 hue 

angle bin 1, 3, and 2, respectively. This is consistent with the finding of Rea and Freyssinier,9 Wei and 

others,28,38 Wei and Houser,27 and Royer and others.18 For all pairs (but one) within a single colour 
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category (i.e. red apple vs. red Coca Cola can), the real produce object was rated higher (more 

influential) than the consumer good counterpart. This echoes the finding of Wei and others28 that 

“natural objects were generally given higher importance.” The only exception is the “blue” category, 

where the blueberries were given a lower importance than the Pepsi can. This may be related to the 

very low chroma and reflectance of the blueberries, and thus the very small change in chroma over the 

course of the experiment. In an open-ended question about rating strategies, one participant 

commented that the blueberries “didn’t seem to get more or less vivid,” while another commented the 

blueberries “were the hardest to judge, by far.”  

 

 

Figure 7    (Top). Average response by object to the question, “Please reflect upon how each object contributed to your 
overall judgements during this experiment (7-point Likert scale from “Had no influence” (1) to “Very strong influence” 
(7)).” The top three influential objects were the onion, orange, and red apple, respectively. (Bottom) The number of times 
each object was ranked in the top 3 when asked: “Please order the 12 objects from most important (1) to least important 
(12).” The same objects, the onion, the orange, and the red apple, were most frequently ranked in the top three. 
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4. DISCUSSION 

4.1 Possible influence of experimental design and procedure on results.  

4.1.1 Rf*ψ interaction term 
The nominally red/orange/yellow experimental objects had the largest average ΔEjab under the 

experimental spectra (Figure 8, top), and were the same objects that participants rated the most 

influential (Figure 7). This suggests that participants were noticing, and influenced by, objects that 

experienced the greatest range of change of colour rendition. A similar effect was recently noted by 

Royer and others.18  

It is conceivable then, that participants generally responded more powerfully to the CB1 SPDs (which 

were generally causing large red colour shifts) than to the CB7 SPDs (which were causing smaller green 

colour shifts). There were also less experimental objects in the nominally green hue angle bins than in 

the nominally red bins (Figure 8, bottom), to receive the impact of the spectra. This may have led to a 

“separating” effect between the CB1 and CB7 SPDs, necessitating the Rf*ψ interaction effect in the 

naturalness and preference models. An experimental object set which is more evenly distributed across 

the hue circle, and which is less biased towards the red hue angle bins, may eliminate the necessity for 

the Rf*ψ interaction in the best-fit models.  

These results suggest that future experiments should attempt to balance the average ΔEjab of 

experimental objects across different nominal colour categories. Indeed, the determination of the 

experimental object set is an important one, and the choice should be made with justifiable criteria.45 

The current object set was chosen to contain all familiar objects (i.e. strong memory associations), with 

a hue distribution as even as possible. Uniform hue distribution was not achieved, and as a result, the 

experimental object set is biased towards the red/orange/yellow hues. Moving forward, an important 

investigation will be to determine if this separating effect is symptomatic of the experimental object set, 

or a fundamental difference in human evaluations of sources with opposing gamut shapes.   

4.1.2 Relying on memory 
Though the best-fit regression models fit the data very well, there is some evidence to suggest that the 

experimental methodology diluted the strength of the fit. In the closing questionnaire, several 

participants commented that they would “think back” to the first day of the experiment (the calibration 

session) when making their ratings, and gauge their response accordingly. Because only one spectra was 

run per day, over 13 days, participants who used this strategy relied heavily on their memory when 

making judgements in subsequent sessions. This may explain why the current vividness model is weaker 

than the saturation model of Royer and colleagues,18 despite both best-fit regression models containing 

the same parameter (Rcs,h16). The method employed by Royer and his colleagues—that is, having 

participants evaluate all spectra in a single experimental session—may have contributed to their 

relatively stronger models. We are encouraged, however, that both models have the same terms, 

despite that our experiment and the experiment of Royer and others18 employed different SPDs, object 

sets, observers, and methodologies. 
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Figure 8    (Top)  The average ΔEjab of the experimental objects across the experimental spectra. The objects which 
experienced the largest changes—the onion, orange, and red apple/Coca Cola can—correspond to participant ratings of 
most influential objects (Figure 7). (Bottom) The ΔEjab of the experimental objects across the experimental spectra, 
collated for hue bin. This shows the high average ΔEjab for nominally red/orange/yellow objects, and the concentration of 
experimental objects in the corresponding hue bins. There were no experimental objects in hue bins 6, 7, 9, 10, 13, 14, or 
16. 
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4.2 Gamut area and red rendering of top-rated light sources 
The upper quartile (top 6) of most preferred SPDs in this experiment—13, 18, 12, 21, 10, and 9, 

respectively—have a nominal average gamut greater than or equal to 100 (Rg ≥ 100), and chroma shifts 

in hue angle bin 16 greater than or equal to zero percent (Rcs,h16 ≥  0%).  

The upper quartile of the most preferred SPDs for skin rendering—SPDs 21, 9, 12, 14, 13, and 18, 

respectively—have a nominal average gamut greater than or equal to 100 (Rg ≥ 100), and 5 of the 6 have 

an average gamut greater than or equal to 110 (Rg ≥ 110). All six have chroma shifts in hue angle bin 16 

greater than or equal to zero percent (Rcs,h16 ≥  0%). Five of the six have minor axes (b) oriented within 

hue angle bins 1, 2, 3 and 4 of the CVG. Because the minor axis is always oriented in the direction of 

desaturated hues for the experimental spectra, the inclusion of high semi-minor axis lengths signifies 

the importance of avoiding desaturation of red and red-orange hues. Thus, the most preferred sources 

for skin rendering avoid desaturation in hue angle bins 1 through 4, and have Rcs,h16 greater than or 

equal to 0%.  

The upper quartile of the most vivid SPDs—1, 2, 9, 6, 3, and 13, respectively—have a nominal average 

gamut greater than or equal to a value of 100 (Rg ≥ 100), and 5 of which have an average gamut greater 

than or equal to 110 (Rg ≥ 110). All six have chroma shifts in hue angle bin 16 greater than or equal to 11 

percent (Rcs,h16 ≥  11%).  

The upper quartile of the most natural SPDs—12, 16, 18, 15, 14, and 11, respectively—do not have the 

extreme experimental Rg values of 80 or 120 (i.e. 90 < Rg < 110) and most have Rcs,h16 values close to 0%. 

SPD 16 is one exception, and given that it strongly desaturates reds (Rcs,h1 = -19%), it would have been 

expected to produce unnatural colour shifts. The high rating of this SPD cannot be rationalized with the 

logic that light sources which strongly desaturate colours (relative to a natural reference source) will be 

perceived as unnatural. SPD 16, however, has a large residual, indicating that its naturalness rating was 

much higher than the best-fit model would predict. This suggests that the SPD may have been rated 

gratuitously, perhaps due to an experimental condition not considered. SPD 11 is the only other highly 

rated spectra that has an average gamut less than 100; it does, however, have high average fidelity (Rf = 

85), and little red desaturation (Rcs,h1 = -2%). Several participants provided unsolicited comments 

explaining their difficulty providing naturalness ratings, especially for the manufactured objects; this is 

consistent with the findings of Smet and colleagues,27 which suggest that the concepts of fidelity and 

naturalness are not synonymous, and that participants find it difficult to provide a rating of 

“naturalness.” Additionally, Rea and colleagues8 find that “naturalness” is an ambiguous, subjective 

criterion. The difficulty participants experienced providing ratings of naturalness may have contributed 

to the apparent anomaly of SPD 16.  

The top rated spectra across all 4 scales—except SPD 16 and 11, both on the naturalness scale—had an 

average gamut area greater than or equal to a value of 100 (Rg ≥ 100) (Figure 9), and Rcs,h16 values 

greater than or (very nearly) equal to zero percent (Rcs,h16 ≥  0%) (Figure 10). In contrast, the 210 

commercially available sources in the IES TM-30 calculator library have an average gamut area of 97, 

and 140 of them (67%) have an average gamut below 100. They have an average Rcs,h1 of -11% and an 

average Rcs,h16 of -4%; 95% of sources have Rcs,h1 values less than 0% and 85% have Rcs,h16 values below 

0%. Commercially available sources are not likely to contain the top rated sources in this study. This 

suggests an opportunity for more purposeful spectral optimization of commercial light sources; strong 

minimum criteria for optimization appear to be Rg ≥ 100 and Rcs,h16 ≥  0%.  
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Figure 9    Rf-Rg map of the six spectra with the highest mean ratings on all four response scales. The overall horizontal axis is 
Rf; the overall vertical axis is Rg. The left side of each panel at a given Rf-Rg combination is the CB1 spectra for that 
combination; the right is the CB7 spectra. Each of the CB panels is split into 4 smaller panels, one for each of the rating 
scales. A filled panel indicates that the spectra with that Rf, Rg, and CB value was in the upper quartile (top 6) highest rated 
spectra for that response scale. For example, SPD 12 (which has Rf = 95, Rg = 100, and CB = 1), was rated in the top 6 spectra 
for the preference, naturalness, and skin preference rating scales. All top rated spectra have an average gamut greater than 
or equal to 100 (Rg ≥ 100), with the exception of SPD 16 and 11 on the naturalness scale.  

 

Figure 10    Rcs,h16 values for the six spectra (upper quartile) with the highest mean rating along each scale. The horizontal axis 
within each panel indicates the SPD rank within that response scale. All of the top rated spectra—with exception of SPD 16 
and 11 on the naturalness scale—have Rcs,h16 values greater than or (very nearly) equal to 0%. These results suggests the 
importance of increased saturation of red hues, and that highly rated spectra, on average, will not substantially desaturate 
red hues.  
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5. CONCLUSIONS 
We investigated observer ratings of naturalness, vividness, preference, and skin preference with spectra 

strategically varied over a wide range of average fidelity (Rf) and average gamut (Rg) values. We 

evaluated two spectra at each Rf-Rg combination with opposing gamut shapes.  

Best-fit regression models show a strong ability to predict mean ratings of naturalness (r2 = 0.92), 

vividness (r2 = 0.86), preference (r2 = 0.86), and skin preference (r2 = 0.85). All four models contained a 

proxy for red saturation (Rcs,h1 or Rcs,h16), and in some cases, opposing gamut shapes elicited statistically 

different perceptual responses. The highest rated spectra, in general, have average gamut areas greater 

than or equal to 100 (Rg ≥ 100) and do not desaturate red hues (Rcs,h16 ≥ 0%). The most preferred spectra 

had Rcs,h16 values between 0% and 19%.  

The paramount importance of red rendering is evident. For a strong fit, an Rcs,hj for a nominally red hue 

angle bin was required in every best-fit model. Best-fit ellipse rotation (ψ) was a statistically significant 

quadratic predictor for 3 of the 4 perceptual responses (all but naturalness), and all 3 models peaked in 

hue angle bin 16 (nominally red). The preference and skin preference models indicate higher preference 

with increasing saturation of reds (though up to a point), and the skin preference model suggests the 

importance of minimizing red desaturation. Lastly, closing questionnaires reveal the larger influence of 

the red and orange objects on participant ratings. 

We propose a least-squares best-fit ellipse approach to quantify the shape of the IES TM-30 CVG. This 

allows mathematical specification of the shape of the CVG with three parameters: semi-major axis 

length (a), semi-minor axis length (b), and ellipse rotation (ψ). A best-fit ellipse parameter was included 

in 3 of the 4 best-fit regression models, and suggests the importance of gamut shape and orientation on 

the visual appreciation of chromatic objects. Because the quality of the ellipse fit to the CVG is not 

independent from average gamut area or gamut shape, future work may investigate appropriate 

thresholds for when an ellipse is not a sufficient fit to the CVG.  

Because spectra with the same average fidelity and gamut area can elicit different perceptual responses, 

we recommend consideration of a colour graphic, such as the CVG used in this study, for any design 

scenario where colour rendering is of even modest importance. 
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APPENDIX A 

 

Figure 11    Overall questionnaire showing the 4 OVERALL, continuous rating scales and their anchor words. A small-scale 
pilot study using an online survey—which asked participants to describe strategically manipulated images (in hue and 
saturation) of natural objects—influenced the choice of the anchor words. See Section 4 of Esposito [2016] 
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Appendix B: OBJECT SPECIFIC Ratings  
Ratings along the like, natural, and vivid scales were recorded for each individual object under all of the 

light settings. To test for consistency, the ratings under each light setting for all twelve objects were 

averaged—separately for each scale—and compared to the OVERALL responses for the same light 

setting. The correlation between the mean OVERALL response and the mean composite rating (made by 

averaging all 12 object-specific responses) shows strong consistency (Pearson’s r = 0.923, 0.870, and 

0.959, respectively and p < 0.001 for all). An in-depth analysis of the object-specific responses, detailed 

below, provides additional insight. Results are detailed in Figure 12. 

 

Figure 12    P-values for one-way ANOVA for OBJECT SPECIFIC ratings between “Consumer Products” and “Real Produce.” 
The object pairs are R (Coca Cola Can vs red apple), O (Orange Crush Can vs. orange), Y (Mustard bottle vs. lemon), G 
(Sprite bottle vs. green apple), B (Pepsi Can vs. blueberries), and P (Grape Crush Can vs. red onion). For cells which are not 
colored (also values not bolded), there is no statistical difference between mean ratings for objects within that color 
category on that scale. For pairs in which the Consumer Products object is rated higher, the cell is shaded; for pairs in 
which the Real Produce object is rated higher, the cell is hatched. As an example, the mean naturalness rating for the 
lemon was statistically higher than the mean naturalness rating for the yellow mustard bottle (p = 0.004).  

Naturalness 
Four of the six colour categories (Red, Yellow, Green, and Blue) have statistically different mean 

responses, with the real produce objects having a higher mean in all four categories. That is, the red 

apple was rated statistically more natural than the Coca Cola can, the lemon more natural than the 

mustard bottle, the green apple more natural than the Sprite can, and the blueberries more natural than 

the Pepsi Can. This intuitively suggests that the food objects were generally considered more natural 

than the manufactured consumer good products. This is consistent with several unsolicited comments 

from participants stating that it was difficult to give a “naturalness” rating to the consumer good 

objects. The two categories that did not exhibit any statistical difference (Orange and Purple) contained 

the two objects—orange and onion—that also experienced the largest colour shifts across the 24 light 

settings. It is likely that the large colour shifts of these two objects contributed to them not being 

perceived as more natural than their consumer product pairing in the experiment. 
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Vividness 
Three pairs had statistical difference with real produce objects having a higher mean (Orange, Yellow, 

and Purple), two pairs exhibited no statistical difference (Red and Green), and one pair exhibited a 

statistical difference with consumer goods having a higher mean (Blue). Inference by colour category 

follows:  

Red: the Coca Cola can had a higher chroma, on average, than the red apple although there was not a 

statistical difference between their means. Both of these objects were highly chromatic and it is 

possible that participants did not see large differences between the two highly chromatic items.  

Orange: the orange had a higher chroma than the Orange Crush can under all sources and the orange 

was rated statistically higher, on average.  

Yellow: the lemon was rated statistically higher despite the mustard having a higher chroma under all 

sources. The mustard bottle was highly matte and it is likely that this led to it being rated as less vivid 

than the lemon.  

Green: no statistical difference between the two objects is consistent with the average delta chroma 

of zero across all light settings.  

Blue: the Pepsi can had a significantly higher chroma than the blueberries under all light sources 

(blueberries have a very low chroma), leading to the Pepsi can having a statistically higher mean 

vividness. This is the only pair in which the object in the Consumer Goods category has a statistically 

higher mean vividness, and could be the result of the large chroma difference between the two 

objects.  

Purple: the onion had the largest average colour shift among all objects and had a higher chroma than 

the grape crush can under all light sources. It is likely that these two factors led to the onion as 

statistically more vivid, on average.  

Preference 
In the exit survey, 12 participants explicitly mentioned that they tended to prefer objects that were 

more highly saturated, while 5 participants explicitly mentioned a link between increased preference 

and decreased naturalness. Four participants explicitly mentioned a plateau, where too much saturation 

was undesirable. Using the general concepts that higher vividness is preferred (up to a point) and that 

too much saturation is unnatural and/or undesirable, we can attempt to rationalize the object-specific 

preference results:  

Red: there was no statistical difference in the vividness between the Coca Cola can and the red apple, 

suggesting participants did not, on average, see a chroma difference between these two objects—

which are both highly chromatic. This may have led to a statistical insignificance between the 

preference ratings of these two objects.  

Orange: The orange, on average, was rated statically more vivid than the Orange Crush can and it was 

also statistically more preferred than the Orange Crush can. This is consistent with the logic that 

increased vividness leads to increased preference.  

Yellow: The lemon, on average, was rated statistically more vivid and more preferred than the 

mustard bottle. This is also consistent with the logic that increased vividness leads to increased 

preference. Additionally, because the lemon was also rated statistically more natural than the mustard 
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bottle, we might infer that while the lemon was generally perceived as more vivid, it was not distorted 

(on average) to the point of being perceived as being unnatural.  

Green: Because there was no statistical difference between the vividness of these objects, and the 

apple was statistically more natural than the Sprite bottle, we would expect the green apple to be 

statistically more preferred than the Sprite bottle. The opposite is true, in fact, and cannot be 

rationalized based on the logic presented above.  

Blue: The link between increased vividness and increased preference is unambiguous with this 

comparison, where the blueberries were statistically more natural than the Pepsi Can, but the Pepsi 

can was rated statistically more vivid and more preferred.  

Purple: The onion was statistically more vivid than the Grape Crush can but there was no statistical 

difference between these two for naturalness or preference. Because of the large chroma shifts of the 

onion we might infer that the chroma of the onion, on average, passed the saturation plateau 

whereby too much saturation was perceived as both unnatural and undesirable.  

 


