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Abstract 
Lighting simulation standards recommend default values for opaque material reflectance values, but 
these are varied and not based upon measured data. In response, a database of 1,288 opaque material 
reflectance measurements collected using spectrally-specific spectrophotometer sensors is presented. 
The database is analyzed according to object type, material type, and color. Photopic, melanopic, and 
wavelength-specific median reflectance data is presented alongside interquartile ranges which allow the 
reader to assess typical reflectance values and the variance of reflected light from surfaces in the built 
environment. The lighting materials database is included as supplemental material and has been 
integrated into a searchable website for use by the lighting simulation public. 
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1. Introduction 
Reflective material properties play a substantial role in the illumination of a space. Changes to glazing 
transmission will necessarily have a linear impact on the daylight available within a space, but reflections 
from opaque surfaces play a vital role as well. Brembilla and colleagues (2018) note that one of the 
oldest daylighting ‘rules of thumb’—the calculation of average daylight factor (Crisp and Littlefair 1984; 
Littlefair 1988)—is highly dependent on surface reflectance. They also report that annual cumulative 
illumination can vary by up to 60% from a baseline model due to reflectance changes alone. Saxena and 
Heschong found that an increase in average opaque material reflectances by 10% can increase the 
daylight availability in a space by 15% (Heshong 2012). Electric lighting utilization factors when using the 
lumen method are dependent of the reflection of the ceiling, wall, and floor surfaces (DiLaura et al. 
2011). It is therefore sensible to pay careful attention to opaque material properties when designing a 
building, including in predictive simulation models often used for compliance modelling (USGBC 2009; 
IES Daylight Metrics Committee 2012; BCA 2014) or design feedback (Mardaljevic 2000; Reinhart et al. 
2006). 
 
There are extensive product databases (LBNL 2021a, 2021b) that allow designers to specify their glazing 
materials precisely and realistically; however, it is often the case that surface reflectance is specified 
without foreknowledge of the surface finish choices. Several daylighting standards and guidelines define 
typical reflectance values to use in predictive lighting simulation models, illustrated in Table 1. For 
example, IES LM-83-12 (IES Daylight Metrics Committee 2012) recommends that ceilings should have a 
reflectance of 70%, walls—50% and floors—20%. On the other hand, CIBSE LG 7 (2005) is less specific; 
ceilings should have a reflectance greater than 60%, walls between 30% - 70% and floors from 20% - 
40%. The reflectance ranges offered between and within standards illustrated by Table 1 are large and 
could easily account for a variation in daylight availability beyond 15%. Other standards such as EN 
17037 (2018) require that materials be realistic and “reasonable according to normal practice,” but what 
is normal practice?  

Table 1 – Material reflectance suggestions from standards and guidelines 

Standard Ceiling 
(%) 

Wall  
(%) 

Floor 
(%) 

Furniture 
(%) 

Sill 
(%) 

Tree  
(%) 

Outside 
Vertical 
(%) 

Outside 
Ground 
(%) 

LM-83-12 
(2012) 70% 50% 20% 50% 50% 20% 30% 10% 

Green Mark 
(BCA 2014) 80% 70% 20-70% 50%  20% 35% 10-30% 

AM 11  
(CIBSE 2015) 70-85% 40-70% 5-30%     5-30% 

LG 5  
(CIBSE 2011) 70-90% 50-80% 20-40%      

LG 7  
(CIBSE 2005) > 60% 30-70% 20-40%      

BREEAM (BRE 
2021)       20%  

While attempts at creating a database of surface reflectances have been made by Jakubiec (2016), it is 
practically infeasible to measure every paint and finish product on the market unlike in the case of 
glazing where a relatively limited number of products exist and there is regulatory pressure for 
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measurement involving longwave and shortwave radiative transmission through multi-layer assemblies. 
In response to this difficulty, this manuscript analyzes a large collection of 1,288 surface reflectance 
measurements gathered from multiple studies to quantify typical material reflectance for different 
surface types and colors. Photopic, melanopic (Lucas et al. 2014) and spectral reflectance measurements 
are assessed in terms of their application to typical simulation practices. In the supplemental material to 
this manuscript, the full dataset is included alongside median spectral measured data classified by 
apparent color and object type which are useful for new workflows aimed at estimating nonvisual 
effects of lighting.  

2. Methodology 
2.1. Surface reflectance measurements and data sources 
Material surface reflectance measurements are collected from the research studies indicated in Table 2. 
All included values were measured using a spectrophotometer, recording percent reflection at specific 
wavelengths of light within the visible spectrum of approximately 360 nm to 740 nm. Because of this 
criterion, only measurements including color and that are appropriate for photometric, melanopic, and 
other spectrally-specific calculations are included. Beyond the twelve studies, an additional 97 
measurements were collected by work study students at the University of Toronto. In total, 1,288 
surface reflection measurements were collected as a series of wavelength-reflectance pairs. 

Table 2 – Published sources of data 

Authors n Short Description 
Vrhel et al. (1994) 354 Munsell and Dupont color swatches, household materials  
Ward G (1995) 17 Exterior urban and residential surfaces 
Jakubiec and Reinhart (2014) 7 Photovoltaic panels 
Glassner (2014) 28 Macbeth color swatches, polished metals 
Jakubiec (2016) 106 Educational buildings 
Balakrishnan and Jakubiec (2016) 11 Tree leaves and bark 
Jones and Reinhart (2017) 73 Educational buildings 
Quek and Jakubiec (2019) 159 Office buildings 
Kong and Jakubiec (2019) 71 Educational buildings 
Balakrishnan and Jakubiec (2019) 43 Exterior urban materials 
Jakubiec et al. (2019) 303 Residential buildings 
Pierson et al. (2021) 19 Neutral-colored office materials 

 

2.2. Spectral data processing for reflectance 
From each measurement, several values used for physically-based lighting simulations were calculated: 
total photopic reflectance, red-channel reflectance, green-channel reflectance, blue-channel 
reflectance, melanopic reflectance, and—where specular reflections were separated by a sensor capable 
of it—specularity. The degree of specular diffusion (deviation in surface height over an average 
distance), specified as surface ‘roughness’ in Radiance (Ward GJ 1994), is not measured. All red, green, 
and blue photopic reflectance values are calculated using the method detailed in Rendering with 
RADIANCE (Ward G and Shakespeare 1998). First the CIE tristimulus reflectance values (Wright 1930; 
Guild 1931; Fairman et al. 1997; CIE 2018)—X, Y, and Z—are calculated based on the 1931 2° observer 
by integrating under the �̅�𝑥(𝜆𝜆), 𝑦𝑦�(𝜆𝜆), and 𝑧𝑧̅(𝜆𝜆) color matching functions shown in Figure 1. Equation 1 
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provides an example for calculating X using spectrally-specific measured reflectance, 𝑅𝑅𝜆𝜆, and the color 
matching function �̅�𝑥(𝜆𝜆). The same process is followed to calculate reflectance for Y and Z but using the 
𝑦𝑦�(𝜆𝜆) and 𝑧𝑧̅(𝜆𝜆) color matching functions respectively. The X, Y, and Z tristimulus reflectance values are 
then converted to the Radiance red, green, and blue primaries following Ward’s derivations from the CIE 
chromaticities documented in Radiance’s xyz_rgb.cal (Ward GJ 1994). Equations 2, 3, and 4 illustrate the 
conversion factors from the XYZ color space to the Radiance RGB color space. Total reflectance is 
calculated using the photopic luminosity function, 𝑉𝑉(𝜆𝜆) (CIE 1924), which is equivalent to 𝑦𝑦�(𝜆𝜆). 
Melanopic reflectance is calculated using the melanopic action spectrum, 𝑀𝑀(𝜆𝜆), derived by Lucas et al. 
(2014), which is the action spectrum recommended by the CIE in standard S 026 (2018a). The melanopic 
reflectances herein will therefore differ from those using the melanopic action spectra proposed by Rea 
et al. (2015). Figure 1 compares all these response curves in a single graphic. The 𝑉𝑉(𝜆𝜆) and 𝑀𝑀(𝜆𝜆) curves 
for visible and melanopic reflectances are depicted using heavy black and blue lines respectively while 
the color matching functions �̅�𝑥(𝜆𝜆), and 𝑧𝑧̅(𝜆𝜆) are illustrated using dashed or dashed-dotted lines. 𝑦𝑦�(𝜆𝜆) is 
equivalent to 𝑉𝑉(𝜆𝜆). 

 

 

Figure 1 – Spectral response curves used in the calculation of surface reflectance 

 

𝑋𝑋 =  �𝑅𝑅𝜆𝜆 �̅�𝑥(𝜆𝜆)𝑑𝑑𝜆𝜆 (1) 

𝑅𝑅 =  2.5653 ∙ 𝑋𝑋 − 1.1668 ∙ 𝑌𝑌 −  0.3984 ∙ 𝑍𝑍   (2) 

𝐺𝐺 =  −1.0221 ∙ 𝑋𝑋 +  1.9783 ∙ 𝑌𝑌 +  0.04382 ∙ 𝑍𝑍 (3) 

𝐵𝐵 =  0.0747 ∙ 𝑋𝑋 −  0.2519 ∙ 𝑌𝑌 +  1.1772 ∙ 𝑍𝑍 (4) 

 

3. Resulting analysis of surface reflectance properties 
3.1. Opaque photopic reflectance 
The collected measurements were categorized into a variety of typical classifications for descriptive 
statistical analysis. For example following IES LM-83 (IES Daylight Metrics Committee 2012), all walls, all 
floors, all ceilings, interior furniture, exterior building surfaces, and exterior floor surfaces are categories. 
However, in a typical lighting analysis model more separation in material choices may be desired. For 
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example, floor reflectance is likely to differ by whether the finish is tile, wood or carpeted. Other useful 
categories have been included as well, such as green plants, exterior buildings, and neutral (white) or 
colored walls. Neutrality is defined by distance from the origin of the a*,b* hue primaries coordinate 
axis in the L*a*b* color system being less than 7.5. Exterior building reflectances include walls, roofs and 
shading devices, although this category is dominated by wall measurements. Vrhel (1994) and Glassner 
(2014) published many color swatch measurements which are included in their own category. 

Figure 2 illustrates the distribution of measurements within each category using a box plot (left) and a 
plot of all measurements and their perceived colors (right). The boxes illustrate the median and quartiles 
of the data. The whiskers extend to the largest or smallest value no more than 1.5 times the 
interquartile range (IQR), and outlier measurements beyond that are displayed as points.  

Table 3 provides descriptive statistics of the data visualized in Figure 2. The number of measurements in 
each category, their medians and IQRs are reported. The median is one measure of centrality, a 
statistical method of identifying the midpoint of a data set. The author chose the median such that a few 
very low or very high values cannot significantly alter the result—for example, the painted black ceiling 
measurements apparent in the “All Ceilings” category of Figure 2. The IQR is the difference between the 
25th percentile and 75th percentile values of each category. A low IQR indicates that the spread of 
reflectances about the median central value is small. A larger IQR indicates that there is higher variability 
in the measured reflectance data. Categories with a low reflectance IQR will also exhibit narrower boxes 
in Figure 2 (left). For example, the “All Ceilings” category has a median reflectance of 85.1% and an IQR 
of 5%, suggesting that 85.1% is a reasonable value to select for ceiling reflectance during a lighting 
simulation. On the other hand, “Tile Floors” have a median reflectance of 41.8% and an IQR of 37.5%, 
indicating that tile finish materials have a large variety of possible photopic reflectances, so the selection 
of a reasonable value for tile floors depends on the specific product, color, lightness, and surface finish 
chosen.  
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Figure 2 – Reflectance distribution sorted by object type 

Table 3 – Photopic reflectance characteristics sorted by object type 

Material Category n Median Photopic 
Reflectance (%) 

Photopic 
Reflectance IQR (%) 

All Ceilings 25 85.1 5.0 
All Walls 138 75.1 46.6 

Neutral Walls 87 81.2 21.3 
Colored Walls 51 51.0 50.8 
Wood Walls 17 26.7 34.9 

All Floors 109 28.0 38.6 
Wood Floors 11 10.7 25.1 

Carpeted Floors 23 6.4 6.7 
Tile Floors 51 41.8 37.5 

Window Mullions 42 23.2 54.5 
Interior Furniture 271 37.1 55.8 

Exterior Floor Surfaces 63 15.7 13.6 
Exterior Building Surfaces 85 39.9 37.0 

Green Plants 45 11.3 4.0 
Color Swatches 208 23.7 39.7 
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3.2. Three-channel RGB colorimetric reflectance 
Because of the wide range of color properties within many of the object categories depicted in Figure 2 
and Table 3 and increased interest in simulating accurate color information (Geisler-Moroder and Dür 
2010; Inanici et al. 2015), colorimetric and spectral properties are grouped for assessment by apparent 
color rather than object classification. To classify colors, a way of comparing perceived color similarity 
between measurements is necessary. Radiance uses red, green, and blue (RGB) colors for its lighting 
calculations (Ward GJ 1994). Red, green, and blue (RGB) colorspaces are common in computer graphics 
but are notoriously not uniform with regards to appearance (Jakubiec 2016). The author uses the CIE 
L*a*b* color space (2018b) to compare measured colors. CIE L*a*b* is a, relatively to RGB, perceptually 
uniform, three-dimensional color space where the L* parameter indicates lightness, a* describes a color 
component from green to red and b* describes a color component from blue to yellow.  

A well-known set of colors from the Macbeth color chart is used as the basis for calculating ‘typical’ 
colorimetric spectral properties of similar colors. The Macbeth chart consists of 24 colors which have 
been characterized based on their chromaticity and lightness (McCamy et al. 1976), have been 
independently measured (Pascale 2006), and also exist within this manuscript’s collection of 
measurements (Glassner 2014). Figure 3 illustrates the apparent color of all 1,288 measurements in the 
CIE L*a*b* color space. Sixteen of the twenty-four Macbeth colors are labeled and indicated with a 
thick, black stroke around their points. The following Macbeth colors are depicted but not labeled: 
black, dark skin, light skin, neutral 0.35, neutral 0.5, neutral 0.65, neutral 0.8, and white. 

 

 

 

Figure 3 – Database measurements presented in the CIE L*a*b* color space with the 24 Macbeth color 
chart coordinates identified in bold stroke 

The CIE DE2000 (delta E) color difference measure (Luo et al. 2001; Sharma et al. 2005) is used to 
identify color measurements in the measured data which appear similar to the 24 Macbeth color chart 
colors. In this case similarity is defined as less than or equal to 10 units on the DE200 scale which 



Jakubiec—Data-Driven Selection of Typical Opaque Material Reflectances for Lighting Simulation 

p 8 / 21 

accounts for imperceptibly different colors (≤ 1), colors that are perceptibly different through close 
observation (1 – 2), and colors whose differences are perceptible at a glance (2 – 10). CIE DE2000 
improves on a long history of color difference calculations that started with simple Euclidean distance 
calculations in the L*,a*,b* color space and gradually tweaked perceptual differences at different ranges 
of hue and chroma (Proskuriakov et al. 2021). Figure 4 illustrates the similar color measurements with 
DE2000 ≤ 10 for three representative Macbeth colors: purplish blue, orange, and foliage. 

 

Figure 4 – Measurements with a DE2000 ≤ 10 for three representative Macbeth colors 

Table 4 describes the color properties of the measurements similar to the 24 Macbeth colors illustrated 
in Figure 3 (in bold stroke) and partially in Figure 4. The count (n) describes how many measurements 
were within 10 DE2000 units of each Macbeth color. Within each set of similar measurements, the 
median photopic reflectance is displayed, and its RGB reflectance primaries are listed: Rmedian, Gmedian and 
Bmedian. As in the previous table, lower photopic IQRs indicate that the reflective properties of these 
colors do not have a high variance.  

The greatest number of measured materials are from the black, neutral (0.35, 0.5, 0.65, 0.8), and white 
colors, which is perhaps not surprising and illustrates that most materials in the built environment are 
relatively neutral in appearance. Given that these colors will have a relatively similar appearance, it is 
interesting that some illustrate a large IQR photopic range. The brighter neutral materials, neutral 0.65 
and neutral 0.8, both have IQRs greater than 10%. Orange yellow, white, and yellow green also have 
IQRs greater than 10%. Table 4, above all, provides a basis for accurate representation of strong hues.  

It is reasonable to use the Rmedian, Gmedian and Bmedian values from Table 4 proportionally such that they 
scale up or down to match a desired photopic reflectance; however, this must obviously be constrained 
by physical bounds. Rmedian, Gmedian and Bmedian values should not exceed 100%, which limits the maximum 
photopic reflection of each color category. For example, if a photopic reflectance of 50% is desired for 
an ‘orange yellow’ material, the median R, G, and B primaries should be scaled by a factor of the desired 
photopic reflectance divided by the median photopic reflectance (Forange-yellow,50% = 50.0/52.0 = 0.962) 
which yields a new set of color primaries: Rorange-yellow,50% = 69.6%, Gorange-yellow,50% = 45.0%, Borange-yellow,50% = 
0.96%. However, it quickly becomes apparent that a 50% reflectance blue material is physically 
impossible (Fblue,50% = 50.0/6.2 = 8.065): Rblue,50% = 29.0%, Gblue,50% = 44.4%, Bblue,50% = 243.6%. The blue 
channel reflectance for a 50% photopic reflective blue surface of the same color in Table 4 would exceed 
the bounds of physical reality! It may be noted that phenomena such as fluorescence can produce more 
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visible light than is received. While specific realistic materials can and should be selected from the full 
dataset, this type of calculation allows designers to separate plausible material properties that could be 
found from manufacturers from those that are impossible.  

Table 4 – RGB Radiance primaries and photopic reflectance characteristics categorized by  
similarity to the Macbeth color chart (DE2000 ≤ 10) 

Macbeth Color n Rmedian 
(%) 

Gmedian 
(%) 

Bmedian 
(%) 

Median Photopic 
Reflect. (%) 

Photopic Reflect. 
IQR (%) 

Black 104 4.2 3.9 3.6 4.9 1.3 
Blue 4 3.6 5.5 30.2 6.2 1.4 

Blue Flower 5 28.0 21.7 45.4 24.8 5.2 
Blue Sky 11 10.7 19.0 34.3 18.2 2.3 

Bluish Green 4 24.6 53.8 47.1 44.7 7.6 
Cyan 14 2.3 19.2 42.8 17.1 4.5 

Dark Skin 52 16.6 8.6 3.9 10.8 3.4 
Foliage 41 9.8 13.2 3.9 11.5 2.7 
Green 9 4.9 29.4 6.7 20.9 4.7 

Light Skin 27 50.3 28.8 19.1 34.0 5.9 
Magenta 4 52.5 9.0 24.8 21.6 1.8 

Moderate Red 11 58.1 7.1 8.2 21.0 8.5 
Neutral 0.35 177 6.6 6.2 5.9 7.3 5.5 
Neutral 0.5 105 20.1 18.4 16.7 19.9 7.7 

Neutral 0.65 156 39.3 37.7 33.8 39.9 13.7 
Neutral 0.8 374 77.1 76.6 70.6 76.8 24.9 

Orange 20 69.2 31.4 0.8 41.0 9.5 
Orange Yellow 24 72.4 46.8 1.0 52.0 13.0 

Purple 5 12.3 4.4 12.2 6.1 1.2 
Purplish Blue 9 4.1 6.9 29.8 6.6 4.9 

Red 22 42.7 1.9 3.1 13.1 3.9 
White 278 83.1 81.7 75.1 82.1 10.4 
Yellow 22 78.4 57.9 4.3 58.5 9.1 

Yellow Green 15 37.9 51.0 5.4 44.9 17.2 
 

3.3. Melanopic reflectance characteristics and M/P ratios 
To the author’s knowledge, no simulation tool uses direct melanopic reflectance values as an input, 
instead opting for full-spectral definitions of material reflectance values when aiming to assess the 
nonvisual (or ipRGC-influenced (CIE 2018a)) effects of light on human health (Geisler-Moroder and Dür 
2010; Inanici et al. 2015; Solemma LLC 2018). Nonetheless, melanopic reflectance is a useful means of 
evaluating the effective reflectance of a material when modelling nonvisual lighting for designers, 
especially when comparatively expressed as a melanopic over photopic (M/P) ratio. While light sources 
such as luminaires and window transmission likely have a primary determination on nonvisual effects, 
there is evidence that light’s interaction with reflective surfaces can also have a significant impact on the 
spectrum of received light and melanopic photoreceptor stimulation (Inanici et al. 2015; Ewing et al. 
2017; Alight and Jakubiec 2021; Parsaee et al. 2021). This may especially be the case in deep, sidelit 
architectural spaces. 
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Although most measures of nonvisual lighting in literature and the latest recommendations from the CIE 
rely upon the response of the photopigment melanopsin, we know that melanopsin is only the primary 
determinant in the firing rate of intrinsically photosensitive retinal ganglion cells (ipRGC’s) that play a 
key role in mediating circadian and nonvisual effects (Schlangen and Price 2021). Rod and cone 
photoreceptors also play a mediating role in instantaneous and long-term ipRGC-influenced effects 
which is still being understood (Gooley et al. 2012; Lucas et al. 2012; Spitschan et al. 2019; Rahman et al. 
2021). Despite these limitations, melanopic-weighted lighting levels are the primary design factor to be 
assessed for nonvisual lighting effects at the current time until scientific understanding is improved 
(Schlangen 2019; Houser et al. 2021).  

As described in the Methodology section, melanopic reflectance is calculated using the Lucas response 
curve (Lucas et al. 2014) which places the data in this section in agreement with the measures proposed 
by CIE Standard S 026 which uses the same response function (CIE 2018a). Figure 5 graphically illustrates 
the relationship of the melanopic and photopic reflectances of all 1,288 measurements assessed in this 
manuscript. Measurements to the right of the unity line have a M/P ratio of less than 1; they reflect light 
that more strongly effects the visual system and tend to be red, orange, yellow or brown in apparent 
color.  On the other hand, measurements to the left of the unity line reflect light that more strongly 
effects the melanopic nonvisual system and have a M/P ratio greater than 1. These surfaces tend to 
appear purple, blue or aquamarine. Points distributed along the unity line are more neutral and have a 
M/P ratio near 1. Note that the highest melanopic and photopic reflected values are white in 
appearance. Spectral reflectance characteristics are discussed in the following section which can be used 
to calculate the stimulation of photopic cones, scotopic rods, and melanopic photoreceptors in a full-
spectral light simulation workflow.  

Table 5 describes the color properties of the measurements within the 24 sets of colors similar to the 
Macbeth colors depicted in Figure 3 and Table 4. Median melanopic reflectances, melanopic IQRs, and 
M/P ratios are described. M/P ratios are useful for assessing relative spectral properties but should be 
used with caution. For example, a neutral (80% reflectance) white wall will reflect far more melanopic 
irradiance than a blue painted wall despite their median M/P ratios of 0.98 and 2.64 respectively; 
therefore, if a design objective is to maximize nonvisual lighting effects or melanopic exposure, 
melanopic reflectance is a better measure of that potential. 
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Figure 5 – Relationship of melanopic and photopic reflectances 

 

Table 5 – Melanopic reflectance characteristics categorized by  
similarity to the Macbeth color chart (dE2000 ≤ 10) 

Macbeth Color Median Melanopic 
Reflectance (%) 

Melanopic IQR 
(%) 

Median 
M/P Ratio 

Black 4.7 1.2 0.99 
Blue 16.8 3.9 2.64 

Blue Flower 34.9 10.6 1.39 
Blue Sky 28.4 8.2 1.48 

Bluish Green 52.9 5.0 1.23 
Cyan 35.7 8.6 2.04 

Dark Skin 6.8 2.3 0.64 
Foliage 7.4 2.0 0.64 
Green 20.3 1.9 0.91 

Light Skin 25.6 5.7 0.74 
Magenta 18.1 3.0 0.80 

Moderate Red 10.1 4.0 0.40 
Neutral 0.35 6.9 5.1 0.97 
Neutral 0.5 18.8 8.6 0.95 

Neutral 0.65 38.4 14.3 0.98 
Neutral 0.8 74.8 26.6 0.98 

Orange 12.3 8.5 0.32 
Orange Yellow 17.8 9.8 0.36 

Purple 7.1 2.2 1.14 
Purplish Blue 18.2 8.3 2.16 

Red 4.6 4.2 0.35 
White 79.5 10.5 0.98 
Yellow 27.5 6.6 0.45 

Yellow Green 29.1 14.8 0.62 
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3.4. Spectral reflectance characteristics 
Beyond three-channel RGB simulations, a few tools support spectrally specific lighting simulations 
(Geisler-Moroder and Dür 2010; Inanici et al. 2015; Solemma LLC 2018) for the calculation of the 
nonvisual (or ipRGC-influenced) effects of light. The author has assessed the median spectral reflectance 
data at every 10 nm from 360 nm to 740 nm, where the measured data supports it, for each category 
listed in Table 3 or color listed in Tables 4 and 5—38 median spectra in total (excluding Table 3’s 
material category of color swatches). Figure 6 illustrates six of these analyses using a series of box plots 
with a thick continuous line overlaid, indicating the range of measurements at each wavelength and the 
median spectral reflectance respectively. Figure 6 (a) illustrates the reflection of objects similar to 
Macbeth green identified in Tables 4 and 5 which can be contrasted against 6 (b) which shows the 
reflection of green plants identified in Table 3, showing that plants have a lower overall reflectance 
which increases towards the infrared portion of the spectrum. Comparing Figure 6 (e) and 6 (f) sensibly 
shows that orange-colored objects have more yellow-green components of the spectrum than do red 
colored objects. The full specular data of all 1,288 reflection measurements as well as the 38 median 
spectra are included as supplemental data to this manuscript. 
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(a) Objects Similar to Macbeth Green  

 
(b) Green Plants 

 
(c) Objects Similar to Macbeth Yellow 

 
(d) Objects Similar to Macbeth Blue 

 
(e) Objects Similar to Macbeth Orange 

 
(f) Objects Similar to Macbeth Red 

Figure 6 – Selected full spectrum reflectance measurements of selected  
colors or categories analyzed in this manuscript 

4. Discussion 
4.1. Data-driven default reflectance values for lighting simulations 
When assessing daylight levels inside of spaces, several standards recommend reflective properties to 
use in the absence of measured data for opaque materials within physics-based simulation engines (see 
Table 1). To the author’s knowledge, these reflective properties have no basis in measured data; 
therefore, the analysis within this manuscript aims to update these standard values and provide realistic 
ranges of material finish properties to designers and lighting engineers. For example, the ceiling (70%), 
wall (50%), and floor (20%) reflectances from LM-83-12 (IES Daylight Metrics Committee 2012) vary 
significantly from those found through measurement of 100’s of surfaces. The recommended 
reflectance of ceilings and walls in LM-83-12 are significantly less reflective than their median measured 
counterparts of 85.1% and 75.1% respectively. For floors, the LM-83-12 recommendation (20%) is closer 
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to the median floor (28.0%); however, this will vary strongly by finish type—wood floors (10.7%), 
carpeted floors (6.4%), or tile floors (41.8%). From measurements of 42 different window mullions, the 
range of values is large (IQR = 54.5%), but the median is relatively dark (median = 23.2%) while LM-83-12 
recommends a 50% reflective sill and mullion. As Brembilla et al. (2018) note, these differences will have 
a significant impact on daylight levels inside of spaces. The author recommends using the median values 
from Tables 3, 4 and 5 and the median spectral measurements described in the “spectral reflectance 
characteristics” section in absence of measured data or a specific similar material measurement in the 
supplemental data of all measures included with this manuscript. 

To illustrate the differences between standard recommendations and our measurement-derived data, a 
model of a large open plan office where reflected light is likely to have a large impact on daylight levels 
is simulated using (a) the IES-LM-83 (IES Daylight Metrics Committee 2012) standard material properties, 
(b) the median database properties with a carpeted floor, and (c) the median database properties with a 
tile floor. IES-LM-83’s material defaults were selected because it is the only standard from Table 1 to 
have a reasonably complete set of default reflectance values while other standards leave unknown 
materials to the discretion of the practitioner. The model has no exterior obstructions, and its windows 
have a visible transmittance of 55%. Cubicle-style office furniture is included in the simulations; 
however, for simplicity in this example no dynamic blind systems are simulated. Occupied hours are 
from 8 AM until 6 PM each day of the year. The climate data used in simulation is the Toronto Canadian 
Weather for Energy Calculations (CWEC) climate file. The simulation method utilizes Radiance (Ward GJ 
1994) in a similar manner to the 2-phase method for annual climate-based calculations (Subramaniam 
2017). Seven ambient bounces were used with no ambient light cache, and 64,000 primary rays were 
cast per sensor.   

For each version, the Useful Daylight Illuminance (UDI) bins of daylight levels are reported. Useful 
Daylight Illuminance (UDI) is a framework for lighting sufficiency proposed by Nabil and Mardaljevic 
(2005) in which light is divided into four thresholds: fell-short, supplemental, autonomous, and 
exceeded (Mardaljevic et al. 2012). The supplemental (UDIs) and autonomous (UDIa) metrics indicate 
lighting sufficiency. Daylight that falls short, UDIf, is the percentage of occupied hours below 100 lx. 
Supplemental daylighting, UDIs, is the percentage of occupied hours where daylight is within 100 lx – 
300 lx that supplements electric lighting designed for a 300 lx illuminance threshold if accompanied by a 
daylight dimming sensor. Autonomous daylighting, UDIa, is the percentage of occupied hours where 
daylight is within a 300 lx – 3,000 lx threshold which precludes the need for electric lighting. The 3,000 lx 
cut-off is intended to discourage excessive daylight levels in the space as described in the following 
subsection. Together the four bins sum together to be 100%, indicating the frequency of each 
illuminance range per sensor. Figure 6 illustrates spatial distributions of UDIa (300 lx – 3,000 lx) for the 
three sets of opaque material properties while Table 6 reports the mean UDI of each sensor for each of 
the 4 UDI thresholds.  
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Figure 7 – Simulated UDI autonomous data for Toronto, CA using three sets of material properties 

Table 6 – Mean UDI of all Sensors 

Simulation Materials UDIf (%)  UDIs (%) UDIa (%) UDIe (%) 
(a) LM-83-12 Default Materials 19.9 25.9 47.3 7.0 
(b) Median Materials, Carpet Floor 18.9 24.6 49.6 7.0 
(c) Median Materials, Tile Floor 14.8 19.8 56.8 8.6 

 

The results of the two simulations (a) LM-83-12 default materials and (b) median materials, carpet floor 
are nearly identical. In other words, the darker ceilings (70%) and wall (50%) defaults of LM-83-12 have 
the net cumulative effect of a dark carpeted floor of 6.4% reflectance and darker furniture (37.1%). If 
not for high default reflectance of mullions and furniture (both 50%), then LM-83-12 would illustrate 
even lower illuminance levels. On the other hand, using the median database materials with a light-
colored tile floor (41.8% reflectance) increases the mean UDIa of the large simulated office space by 
9.5% compared to LM-83-12 default materials.  

4.2. Need for measured data  
As the desire to predict spectrum (Lucas et al. 2014) and appearance (Jones and Reinhart 2017; 
Rockcastle et al. 2017; Sawyer and Chamilothori 2019) grows in the daylight simulation literature, it is 
necessary to have a basis for assessing these aspects. While having reasonable defaults is important, to 
design the color content and quality of light received at the eye, designers need to have an available 
palette in choosing such data. In other words, reflectance data should be accessible for the materials 
used in everyday practice. While the database presented in this paper illustrates useful examples that 
designers may use in the place of a measurement, this could deviate from reality. Other aspects of 
daylighting practice have already achieved this critical step. For example, the International Glazing 
Database (IGDB) (LBNL 2021a) contains spectral measurements in the visible to near infrared spectrum 
for most glazing products, and Optics (LBNL 2021b) contains algorithms to combine these 
measurements into useful data for daylight simulations.  

4.3. Limitations 
The author has avoided analyzing specular reflections in this manuscript, although the majority of 
measurements do include specular information. This is for two reasons. The first is that 30.4% of 
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measurements in the database do not include information on specularity, which is a practical limitation. 
The second is that it is extremely difficult to accurately measure the degree of specular diffusion, known 
as “roughness” in the Radiance (Ward GJ 1994) physically-based raytracing engine. Jones and Reinhart 
(2017) proposed simple appearance-driven values for roughness; however, with no way to directly 
measure this input beyond a goniophotometer, the author has left its assessment to the reader through 
investigating the specular reflective properties of individual measurements in the database. Measures 
with specularity in the database, available in the supplemental files to this manuscript, include 
roughness estimates based on Jones and Reinhart’s values; however, these are not definitive.  

Object types with large spatial placement and size variations—such as wall art, decorations, 
houseplants, or other personal objects—will influence light levels in ways that may not be predictable 
even if their reflective characteristics are known. Many of these objects also have a wide variety of 
surface treatments found in the built environment further compounding this. For example, the 271 
furniture surfaces in the dataset had a photopic IQR of 55.8% indicating a significant variance. Designers 
of the built environment exhibit significant choice in the material selection for many objects, and the 
impacts of those choices can be assessed through simulation using some of the measurements included 
in the dataset described by this manuscript. 

The author has assembled a wide variety of surface reflectances for this analysis. Extensive 
measurements have been collected from educational, office, residential, and exterior urban conditions. 
Nonetheless, these measures are only a reasonably large sample. They cannot therefore account for all 
building material palettes nor every cultural norm of building finishes which might vary between diverse 
geographic contexts. 

5. Conclusion 
A database of 1,288 opaque material reflectance spectra has been presented in this manuscript. Median 
reflectance properties by object type and color groups have been provided based on photopic, 
melanopic, and spectrally-specific reflectance data. The author intends this database and analysis to 
provide new information and reasonable defaults for unknown material properties. It is further hoped 
that this information will inform the next generation of default values in lighting simulation standards. 
The database has been integrated into a searchable website (see “supplemental online material” below) 
whose utility is to allow research, lighting design and engineering practitioners to look up specific 
material properties based on object type, color, and descriptive text matching. These measures, when 
carefully selected, are likely to be closer to a real material being considered for a built project than the 
default values provided by standards (see Table 1) or naive estimation. The result of this should be 
predictive lighting simulations that more accurately reflect the built environment.  
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