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A B S T R A C T   

Current discomfort glare prediction metrics usually account for at least one of the two categories of effects that 
induce discomfort glare – the saturation and contrast effects. Saturation-driven metrics (overall illuminance on 
the eye) are suited for brightly lit scenes in general. On the contrary, contrast-driven metrics (luminance ratio in 
the field of view) usually perform better in high contrast conditions such as with small-sized bright glare sources. 
Only a few existing metrics consider both effects, such as the Daylight Glare Probability (DGP). However, even 
these “hybrid” metrics may underperform in conditions other than those considered when they were developed, 
such as in dim scenes with high contrast glare. This paper investigates the ability of current glare indicators to 
predict perceived discomfort glare in user-evaluated scenes depending on two different adaptation levels. To-
wards this end, we used a composite dataset of six laboratory studies performed previously and separately in 
various parts of the world. According to Receiver Operator Characteristics (ROC) findings and complementary 
statistical research, the hybrid metrics DGP and Eccologit perform best in both investigated ranges (dimmer and 
brighter scenes). For the single-effect metrics, the contrast-driven metrics appear to perform better than 
saturation-driven metrics in lower adaptation levels (dimmer scenes), while the reverse is seen in higher 
adaptation levels (brighter scenes). As a result, metrics that only consider one effect should be used with caution. 
Although hybrid metrics continue to perform well in the investigated scenes, further research is needed to extend 
their applicability to a larger variety of lighting conditions that may be observed in work environments.   

1. Introduction 

Visual comfort in indoor workspaces is one of the key components 
that contribute to occupant satisfaction, along with other indoor envi-
ronmental qualities such as thermal conditions, air quality, and the 
acoustic environment [1]. The presence of windows and views to the 
outside have been strongly linked to occupants’ satisfaction, stress, and 
productivity [2,3]. In addition to providing illumination, the role of 
daylight in indoor spaces also extends to physiological aspects, such as 
entraining the human body’s circadian clock and inducing alertness 

through a non-image forming pathway [4–6]. In other words, one could 
say that daylight in buildings has much to offer as the primary source of 
illumination [7,8], from human health and wellbeing to energy effi-
ciency. However, in addition to overheating risks associated with 
excessive solar gains, poorly managed daylight has other liabilities, such 
as visual or thermal discomfort. Discomfort glare [9] and disability glare 
[10], are indeed amongst the primary visual comfort concerns. 
Disability glare impairs vision through intraocular scatter [11] or by 
reduced contrast on visual displays. Discomfort glare, which is much 
more common in workspaces, is defined, by the International 
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Commission on Illumination (CIE) as “glare that causes discomfort 
without necessarily impairing the vision of objects” [12]. Empirical 
metrics have been developed to predict subjective discomfort glare in 
one’s visual field based on photometric properties, but their perfor-
mance is typically limited to the range of scenarios present in the dataset 
they were developed from. Most metrics were developed from labora-
tory setups in typical office-like rooms subject to relatively high levels of 
illuminance; hence it is not entirely surprising that such metrics have 
poor prediction performance for discomfort glare in conditions where 
illuminance falls in lower levels [13–15]. A previous cross-validation 
study evaluated the performance of twenty-two glare metrics based on 
a dataset of six laboratory user studies, that had been conducted in five 
different countries, and which were not used for the development of the 
metrics themselves [16]. The lighting conditions experienced by the 
participants in these user studies covered a range of adaptation levels, 
from quite bright to quite dim scenarios, and the previous 
cross-validation study evaluated the ability of the 22 glare metrics to 
predict discomfort glare as reported by the participants. This paper re-
visits the same dataset with the goal of assessing the performance of 
discomfort glare metrics in dim and bright adaptation levels. 

2. Background 

Discomfort glare can occur due to excessive brightness, also known 
as the saturation effect, or due to an excessive range of luminances in the 
field of view, logically termed the contrast effect. The four main factors 
influencing discomfort glare when considering these effects are, on one 
hand, the luminance, the size, and the position of the glare source, and 
on the other hand, the adaptation level or overall illumination [17]. 
Glare metrics usually account for at least one effect that explains 
discomfort glare - the contrast effect, or the saturation effect - but may 
incorporate both. The contrast effect is usually represented by a ratio 
between the luminance and size of the glare source and the adaptation 
level and position of the glare source in the field of view. The saturation 
effect is usually represented by the overall photopic illuminance at the 
eye, to check for excessively bright sources of light. For example, 
Daylight Glare Probability (DGP) [18], a glare metric in the European 
Standard “Daylight in Buildings” EN17037 [19], has two main terms in 
its equation which corresponds to the saturation effect and contrast ef-
fect respectively: 

DGP = 5.87 ⋅ 10− 5Ev + 9.18 ⋅ 10− 2log 10

(

1+
∑n

i=1

L2
s,iωs,i

E1.87
v P2

s,i

)

+ 0.16 (1)  

where Ev refers to the vertical illuminance (lux), Ls,i refers to the lumi-
nance of the glare source (cd/m2), ωs,i refers to the solid angle of the 
glare source in steradians, and Ps,i refers to the position index of the 
glare source for the i-th glare source. 

Such glare metrics are calculated from luminance maps, either in the 
form of simulation-based renderings or as high dynamic range (HDR) 
images [20–22]. Experimental data pertaining to the luminous envi-
ronment, such as calibrated fisheye HDR images, are typically taken at 
different points in time during user assessments to generate luminance 
maps of the visual environment that the user experiences, calibrated 
using spot luminance measurements. Simulation-based renderings can 
be computed annually for glare evaluation using calibrated daylighting 
models [23,24], subject to accuracy and computational power. Glare 
sources are then identified from the luminance maps through various 
approaches. The glare detection methods have an impact on the final 
calculations of glare metrics and should be executed meticulously ac-
cording to recommendations [22]. For example, in task-driven situa-
tions, areas in the field of view are identified where the luminance 
exceeds five times that of the task area, or are above a fixed luminance 
threshold of 2000 cd/m2. Thresholds or cut-off points, specific to each 
glare metric are then used to predict if there is glare in the scene. For 
example, if the calculated DGP of a luminance map is equal to or greater 

than 0.38, disturbing glare is predicted [16]. As a hybrid metric, DGP 
performed best in a cross-validation study conducted [16], as it also 
considers a secondary contrast effect term in addition to the main 
saturation effect term. This makes it quite adaptable to a range of sce-
narios, such as where the contrast effect may explain discomfort glare 
perception better. Despite this, glare prediction by DGP might still be 
unsatisfactory in scenarios that differ significantly from the 
user-evaluated scenes under which this metric was developed. 

In the dataset of user studies analyzed during the development of the 
DGP (DE-DK-Ecco), the evaluated scenes were generally brightly lit, Ev 
with a mean of 3426 lux and ranging from 153 to 11298 lux. However, 
DGP may not predict glare well in scenes that differ from its develop-
ment dataset due to extrapolation, particularly the relative weighting of 
the saturation and contrast effect terms. Some researchers have found 
that DGP does not perform well in predicting discomfort glare in post- 
occupancy evaluations (POE) of some office spaces: This is likely 
because deep open-plan offices are characterized by lower vertical 
illuminance [14] (with a mean Ev of 445 lux) [24–27]. In these POE 
scenes found in office buildings and also in laboratory studies [28], glare 
frequently occurs due to the contrast effect between the luminance of the 
window [29] and an overall low background level to which the eye 
adapts to. Here, Ev frequently correlates poorly with subjective 
discomfort glare responses, as the saturation effect is not the primary 
cause of glare, and instead the contrast effect dominates. In such cases, 
the formulation of the DGP equation generally places more emphasis on 
the saturation effect term, Ev, and its accompanying coefficient after 
accounting for the order of magnitudes of Ev (usually around ⋅103 to ⋅104 

lux, assuming that the vertical illuminance is around 1000–10000 lux) 
and of the contrast term in DGP, log_gc (usually between ⋅10− 2 to ⋅101): 

log gc= log 10

(

1+
∑n

i=1
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s,iωs,i

E1.87
v P2

s,i

)

(2) 

Thus, in general office environments, DGP may perform less well in 
predicting glare in lower light situations (in the photopic range) where 
the contrast effect plays a bigger role in causing glare. However, it 
should also be noted that for dim scenarios when the sun disk is visible 
through the façade, the contrast term in DGP may dominate despite the 
low emphasis in the current equation [30]. 

Overall, determining appropriate discomfort glare metrics in high 
and low adaptation levels, as well as whether contrast or saturation 
effects are dominant under each lighting scenario, remains a challenge. 
It is likely that for DGP to predict glare accurately in a wider range of 
scenarios, a more nuanced balance between the coefficients of the 
saturation and contrast terms might be necessary, depending on which 
effect is the primary cause of glare for various scenarios. This paper aims 
to evaluate and compare the predictive performance of three categories 
of 15 glare metrics (hybrid, contrast-driven, and saturation-driven), in 
scenes considered as either “bright” or “dim”, and provide recommen-
dations for future research. 

3. Methodology 

The purpose of this paper is to assess the ability of existing glare 
metrics to predict perceived discomfort, with a specific focus on 
different brightness levels. We hypothesize that, while hybrid metrics 
may perform well in most scenarios, contrast-driven metrics are better at 
predicting glare in dimmer scenes and saturation-driven metrics are 
better at predicting glare in brighter scenes, depending on the eye’s level 
of adaptation. The evaluation is based on a composite dataset of six user 
studies conducted in controlled daylit rooms in office-like settings [28, 
31–35]. All six experiments were deemed eligible for this and previous 
assessments because they avoided reflections on computer screens and 
concentrated mostly on discomfort glare rather than disability glare 
[16]. Because Ev was found to be a good predictor of pupil size [36], this 
analysis employs it as a discriminator for the level of adaptation to 
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which the eye adapts. 

3.1. Glare metrics 

Table 1 contains a list of the 15 discomfort glare metrics that we 
evaluate in this paper, categorized by one or both effects they mainly 
account for (hybrid/contrast/saturation), as well as their abbreviations 
and references. Due to the monotonic nature of the statistical tests used 
in this study, two pairs of metrics with the same empirical expression 
were merged for simplicity; UGR and UGP (Metric 9), as well as Ev and 
the Simplified DGP (DGPs) (Metric 15). In addition to common glare 
metrics developed for daylit scenes such as DGP, Daylight Glare Index 
(DGI), and the Predicted Glare Sensation Vote (PGSV), metrics devel-
oped for electric lighting, such as Unified Glare Rating (UGR) and the 
CIE Glare Index (CGI), the recently proposed metrics emerging from 
post-occupancy evaluations, such as Unified Glare Probability (UGP), 
are also evaluated in this study. To investigate how a logistic regression 
version of DGP would perform in predicting glare in comparison to other 
linear models, we included “Eccologit” because it is a probability-based 
model with multiple variables, bound from 0 to 1. It was generated using 
logistic regression with two input variables, Ev and “log_gc” as in the 
DGP equation (Equations (1) and (2)) The model coefficients were 
derived from the original dataset used to develop DGP (DE-DK-Ecco, 
conducted between 2003 and 2005). From this, we defined “Eccologit” 
as follows: 

Eccologit=
ea+b⋅Ev+c⋅log gc

1 + ea+b⋅Ev+c⋅log gc (3)  

where the input variables Ev (lux) and log_gc (cd2/m4⋅ lux) corresponds 
to the terms used in the DGP equation (Equation (1)) and the coefficients 
a, b, and c were derived as follows: a = − 1.506, b = 2.685⋅ 10− 5, c =

3.232⋅10− 1. 

3.2. Datasets 

To analyze the performance of discomfort glare metrics in bright and 
dim scenes, we applied performance analyses on subgroups based on a 
compiled dataset from six previously published glare user assessment 
studies, leading to a total sample size of n = 800. The experiments for 
these studies had been conducted in controlled daylit office-like envi-
ronments, carried out in Israel, Japan, Germany, Argentina, and the 
United States between 2008 and 2016, leading to individual datasets 
called, respectively, IL-DayVICE, JP-Office, DE-Gaze, AR-DEO, US- 
Fabric. The sixth dataset, which is abbreviated DE-Quanta, is directly 
derived from the cross-validation paper [16]. A detailed presentation of 
the selection procedure for all 6 datasets to ensure that the retained 
datasets are of high quality and reliable can be found in the supple-
mentary material of that paper. This is briefly discussed further below. 
The resulting combined dataset is quite diverse, ranging over different 
climates and cultural backgrounds of subjects. This dataset does not 
include any data used to develop any of the metrics. The data that was 
used for the development of DGP is used in this study only to derive the 
parameters for a new logistic regression model called Eccologit, but not 
for any performance analysis. Each data point includes a validated HDR 
image taken from the user’s point of view, which is paired with a sub-
jective response on glare perception based on a questionnaire using the 
four-point scale introduced by Osterhaus and Bailey [46]. In the tests, 
participants were asked to rate the level of discomfort caused by glare on 
a scale of “imperceptible,” “noticeable,” “disturbing,” and “intolerable.” 
A mapping of glare scale responses to the four-point scale was necessary 
for IL-DayVICE and JP-Office, as they used a five-point Likert scale and a 
linear scale respectively [16]. The HDR images were checked for pixel 
overflow by checking illuminance calculated from the HDR image to the 
measured illuminance at the camera lens. Data points with discrepancies 
of more than 25% were omitted from the dataset. Metrics were 
computed using evalglare [47,48] and glare sources were detected via 
the task-driven method [18] with a multiplier of 5 times the task area 
applied with the task position adjusted for each of the scenes. Fig. 1 il-
lustrates four examples of HDR images with varying levels of vertical 
illuminance and contrast from the combined dataset. 

3.3. Splitting of the dataset into high and low adaptation levels by using Ev 

To be able to discriminate between cases in high and low adaptation 
levels, a suitable criterion must be chosen. As Ev was found to be a good 
predictor of pupil size due to its high correlation [36], we use it to 
discriminate between the high and low adaptation levels. A 3000 lux Ev 
threshold was chosen to divide the dataset into high and low adaptation 
levels, based on two criteria, the DGP threshold of noticeable glare 
(0.34) and when there is no contrast in the scene (log_gc = 0). This is 
then used to test our hypothesis whether contrast-driven metrics 
describe glare better in lower adaptation levels. The relationship be-
tween log_gc and Ev, which are both terms used in the DGP equation, is 
depicted in scatter plots of the 800 data points of the combined dataset, 
colored by study and by subjective responses (Fig. 2). The DGP thresh-
olds for “disturbing” glare are marked as a linear relationship between 
log_gc and Ev, derived from the DGP equation (Equation (1)) assuming 
that DGP is 0.34 and 0.38. The binary classification into ‘glare’ and ‘no 
glare’ conditions is drawn from subjects’ responses: glare is reported if 
the subjects indicated on the four-point scale that conditions were 
“disturbing” or “intolerable”, and not reported if the response was 
“noticeable” or “imperceptible”. As the data contains only laboratory 
studies in which subjects were mostly seated close to the façade, with a 
range of shading devices employed, the resulting vertical illuminance 
ranges widely from as low as 73 lux to a maximum of 13749 lux. The 
median and mean of the combined dataset are 2648 and 3012 lux, 
respectively. The distribution of vertical illuminances per study is shown 
in Fig. 3. Fig. 4 shows the splitting of the data points by 3000 lux Ev 
thresholds, where the lower range (lr_3000) has user-evaluated scenes 

Table 1 
List of discomfort glare metrics evaluated in this paper, classified according to 
whether they account for saturation, contrast, or both.  

Type No. Name of metric Abbreviation Reference 

Saturation and 
contrast based 
(Hybrid) 

1 Daylight Glare 
Probability 

DGP [18] 

2 Predicted Glare 
Sensation Vote 

PGSV [35,37] 

3 Experimental Unified 
Glare Rating 

UGRexp [38] 

4 Logistic Regression 
model (using DGP 
development dataset) 

Eccologit – 

Contrast based 
only 

5 CIE Glare Index CGI [39,40] 
6 Daylight Glare Index DGI [41,42] 
7 Modified Daylight Glare 

Index 
DGImod [38] 

8 Predicted Glare 
Sensation Vote 
(contrast) 

PGSVcon [35] 

9 Unified Glare 
Probability/Unified 
Glare Rating 

UGP/UGR [14,40] 

10 Logarithmic Contrast 
(from DGP) 

log_gc [18] 

11 Daylight Glare Rating DGR [43] 
12 Visual Comfort 

Probability 
VCP [43] 

Saturation based 
only 

13 Average Luminance of 
Image 

Lavg [44] 

14 Predicted Glare 
Sensation Vote 
(saturation) 

PGSVsat [35] 

15 Vertical Illuminance/ 
Simplified DGP 

Ev/DGPs [45]  
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with Ev < 3000 lux and the upper range (ur_3000) has scenes with Ev ≥

3000 lux. 

3.4. Statistical methods 

The study’s main aim is to determine which glare metrics better 
predict perceived discomfort glare for scenes with lower and higher 

ranges of adaptation levels. The key statistical methods used in this 
paper were thus chosen based on their ability to determine the predic-
tive power of the 15 discomfort glare metrics, which contributed to the 
selection of two main statistical tests - Receiver Operating Characteris-
tics (ROC) analysis and Spearman’s rank correlation. A Delong’s test was 
conducted on the ROC-curves to evaluate if the difference between the 
AUC values of the models is significant. 

Fig. 1. Four example HDR images with varying levels of vertical illuminance (Ev) and contrast (log_gc), two terms used in the DGP equation to represent saturation 
and contrast respectively. 

Fig. 2. Scatter plot of the 800 data points (log_gc against Ev), colored by (a) study and (b) subjective glare. (For interpretation of the references to color in this figure 
legend, the reader is referred to the Web version of this article.) 
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3.4.1. Receiver operating characteristic (ROC) analysis 
ROC analysis is used in various fields, starting from its first usage in 

warfare when assessing prediction accuracy of radar receiver operators 
[49], to psychophysics, medical research, epidemiology, and machine 
learning applications for performance diagnostics [50]. It is a statistical 
method that is used to assess the diagnostic ability of a binary classifier 
system. ROC analysis was recently performed to predict glare from 
daylight [31] and it was also employed extensively in the comprehen-
sive cross-validation paper on daylight glare metrics mentioned above 
[16]. Here we apply ROC analysis to assess the predictive performance 
of glare metrics in the low and high illuminance range subsets of our 
data (lr_3000 and ur_3000). Subjective glare responses on the four-point 
scale are categorized into binary bins of disturbing and non-disturbing 

glare as previously described. 
A ROC curve is plotted by computing the true positive rates (TPR) 

and true negative rates (TNR) as the discrimination threshold is varied. 
True positive rate, also known as sensitivity, is the ratio of the number of 
true positive cases to the total number of positive predictions by the 
metric at a certain discrimination threshold (Equation (4)); if the glare 
metric output is greater than the particular discrimination threshold, 
glare is predicted. Likewise, the true negative rate, also known as 
specificity, is the ratio of the number of true negative cases to the total 
number of negative predictions (Equation (5)). In an ideal scenario 
where the metric predicts glare perfectly, TPR and TNR would be both 
maximized with a value of 1. The ROC curve is obtained by computing 
the TPR and TNR while varying the discrimination thresholds possible 
for each glare metric. The area under the curve (AUC) summarizes the 
ROC curve and is commonly used to compare the overall prediction 
accuracy of the metric in question [51]. Absolute AUC values can be 
used to compare diagnostic accuracies to some extent, and a value of 0.7 
and above is considered as acceptable accuracy, while a value of 0.8 and 
above is excellent [52]. In this paper, a package named pROC [53] based 
on R was used to perform the ROC analysis to investigate the full range 
of discrimination thresholds possible in intervals of up to 0.001. It is 
crucial not to compare ROC curves across different datasets, as the 
distribution of responses changes, thus biasing the comparison. There-
fore in this paper, we will only compare ROC curves within each of the 
subgroups. 

TPR=
TP

TP + FN
(4)  

where TP refers to number of true positives and FN refers to number of 
false negatives 

TNR=
TN

TN + FP
(5)  

where TN refers to number of true negatives and FP refers to number of 
false positives. 

While comparing AUCs by their absolute values can be one method 
to differentiate the prediction performance of two ROC curves resulting 
from two prediction models, the correlational nature of the ROC curves 
should also be accounted for. Delong’s test [54] between two ROC 
curves is a non-parametric statistical approach based on the 
Mann-Whitney U-statistic to analyze the area under correlated ROC 
curves arising from two ROC analyses on the same dataset. The test 
shows whether the difference between two correlated ROC curves is 
statistically significant based on the resulting p-value. 

3.4.2. Spearman’s rank correlation 
Spearman’s rank correlation is a non-parametric statistical test that 

measures the strength of a monotonic relationship between paired var-
iables. Unlike Pearson’s correlation, Spearman’s rank correlation can be 
applied to data that may not have a normal distribution. The data can be 
ordinal but is not required to be of equidistant ordinal nature [55]. Since 
the glare responses are of categorical, ordinal nature, we analyzed 
Spearman’s rank correlation between the raw responses on the 
four-point scale and the predicted values from the glare metrics in 
question. This can tell us how well the glare metrics generally describe 
the users’ glare responses on the four-point scale without categorizing 
the responses into binary bins. Like the ROC AUCs, results of the 
Spearman’s rank correlation should only be compared within each 
subgroup. They cannot be used across subgroups because one subgroup 
might have a wider range of data than the other, which can bias the 
correlational strength. 

4. Results 

The combined dataset, which excludes data used to develop any of 

Fig. 3. Probability density plot of vertical illuminances of each of the six lab-
oratory studies. 

Fig. 4. Splitting of data by a 3000 lux Ev threshold, resulting in lr_3000 (n =
442) and ur_3000 (n = 358). 
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the tested discomfort glare metrics, has a total of 800 data points 
assessed by 309 participants in 6 independent lab experiments. ROC 
analysis was used to test the predictive performance of 16 existing glare 
metrics, along with Delong’s test to determine if the difference in pre-
dictive performance is significant. Spearman’s rank correlations were 
also performed to test for correlational strength between glare metrics 
and 4-point glare ratings. 

4.1. Receiver operating characteristic (ROC) analysis results 

The performance of the 15 selected glare metrics (see Table 1) was 
tested across lr_3000 and ur_3000. Because ROC analysis is specific to 
the distribution of the data, the area under the ROC curves (AUCs) 
associated with the glare metrics must be compared within each group 
and not across any two groups. Ev was omitted in the ROC analysis 
because a previously proposed metric, DGPs, is already included in the 
analysis and is a linear function of Ev. Contrast-driven metrics are 
colored in blue in the bar graph, saturation-driven metrics are colored in 
orange and hybrid metrics that include both saturation and contrast 
terms are colored purple. 

The predictive performances of the 15 glare metrics was evaluated 

on the subgroups lr_3000 (n = 442) and ur_3000 (n = 358). Based on the 
AUCs, the hybrid models DGP and Eccologit emerged as the best- 
performing metrics for predicting glare. The hybrid and the contrast- 
driven metrics outperform saturation-driven metrics in scenarios 
where vertical illuminance is less than 3000 lux (lr_3000), while the 
hybrid and the saturation-driven metrics significantly outperform 
contrast-driven metrics in high-illuminance conditions with higher 
adaptation levels (ur_3000). Despite being a hybrid model, UGRexp had 
the lowest AUCs in both ranges. Fig. 5 shows the ROC curves and a 
comparison of AUCs in the lr_3000 and ur_3000 datasets. 

To evaluate if a difference between two metrics’ AUC values is sig-
nificant or not, Delong’s test is employed Delong’s test compares the 
difference in the ROC curves while accounting for the correlational 
nature of the curves. The alternative hypothesis of Delong’s test is that 
the difference between the two ROC curves is not equal to 0. The result 
of this analysis is shown in Table 2 and Table 3, where the light grey 
colored field shows pairs of significantly different AUC-values. While 
hybrid metrics such as DGP and Eccologit had the highest AUCs in 
lr_3000, their AUCs were not significantly different from DGImod, CGI, 
UGR/UGP, Log_gc and DGI according to the Delong’s test. Similarly, for 
the upper range data ur_3000, Lavg, Eccologit, DGP, PGSV, PGSVsat, and 

Fig. 5. Comparison of ROC area under curves (AUCs) in a bar-plot (Top) and the ROC curves of evaluated glare metrics for lr_3000 and ur_3000, sorted and color- 
coded by predictive performance within each group (Bottom). (For interpretation of the references to color in this figure legend, the reader is referred to the Web 
version of this article.) 
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Ev/DGPs had the highest AUC values and Delong’s test revealed no 
significant differences in their AUC values. In lr_3000, although DGImod 
had the highest AUC out of the contrast-driven metrics, its AUC value 
was not significantly different from CGI and UGR/UGP. CGI generally 
outperforms all contrast-driven metrics in both lr_3000 and ur_3000 in 
predicting; its higher AUC value was significantly different to all other 
contrast-dominated metrics except for PGSVcon. 

4.2. Spearman’s rank correlation results 

Although Spearman’s rank correlation is an entirely independent test 
from the above analysis, it shows similar tendencies to the ROC analysis 

when applied to glare metrics and the 4-point glare ratings from par-
ticipants. Compared to a Bonferroni-adjusted significance level for 15 
comparisons (3.33⋅10− 3), the p-values of the correlations were statisti-
cally significant for most metrics except DGR, VCP, and UGRexp in 
ur_3000 and UGRexp in lr_3000 (A full table of p-values and rho can be 
found in the appendix). The rho value tells us the strength of the cor-
relation between the metric values and the glare rating on Osterhaus’s 4- 
point scale [46]. The results for the single-effect metrics show that the 
contrast-driven models correlate stronger to the 4-point glare ratings in 
dim scenes (lr_3000) than in the bright scenes (ur_3000), and the 
opposite is true for saturation-driven metrics (Fig. 6). This further con-
firms the finding that contrast-driven metrics correlate better with glare 

Table 2 
p-values of Delong’s test comparing the difference between ROC curves of 15 glare metrics in lr_3000. Light grey values are statistically significant at a 0.05 
significance level, dark grey values indicate that a bootstrap test was performed but is not statistically significant. White values are not statistically significant. In 
cases where the ROC curves have different directions and Delong’s method cannot be used, the bootstrap test is used instead. This occurred only for the inverted 
direction of the ROC curve of UGRexp, with an AUC value close to 0.5 implying very poor prediction performance (and that a random function would deliver better 
results). 

Table 3 
p-values of Delong’s test comparing the difference between ROC curves of 15 glare metrics in ur_3000. 
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ratings in lower light scenes (Ev < 3000 lux) than in brighter scenes (Ev 
≥ 3000 lux). The two main terms in the DGP equation, Ev and Log_gc, 
which represent saturation and contrast effects respectively, also show a 
vast difference in correlation with the glare ratings. Log_gc correlates 
with glare ratings in the dimmer conditions while Ev has a higher cor-
relation with glare ratings in brighter scenes. The hybrid models DGP 
and Eccologit show a high correlation in both regions and therefore 
outperform the other metrics based on only one effect. 

5. Discussion 

The combined dataset assembled from six separate glare studies 
allowed us to identify the difference in predictive performance between 
the three categories of glare metrics (contrast based, saturation based 
and hybrid) in high and low adaptation levels (bright and dim) sce-
narios. Confirming our hypothesis, contrast-driven glare metrics 
perform better in dim scenarios with lower adaptation levels, while 
saturation-driven glare metrics perform better in bright scenarios with 
higher adaptation levels. This also confirms that the contrast effect is the 
driver for glare in dimmer scenes (i.e. with low vertical illuminances). Of 
the contrast-driven metrics, CGI performs best in both dim and bright 
scenes. This could be due to the use of the sum of direct vertical illu-
minance, Ed, and indirect vertical illuminance, Ei, which is equivalent to 
Ev, as the adaptation level term in the CGI equation. The analysis also 
shows that the hybrid DGP and Eccologit metrics perform well in both 
categories of adaptation levels for the investigated scenarios and 
outperform the single effect metrics. 

It should be noted that in dimmer scenarios, the adaptation level is 
lower and the contrast effect causes glare more than the saturation ef-
fect, so the contrast effect should not be overlooked. There are currently 
a limited number of data points in the overall dataset with log_gc values 
ranging 0.25 to 1.25 (Fig. 2). These points are most likely to represent 
scenes in open-plan offices where there is a medium to large-sized glare 
source, such that glare may be better explained by the contrast effect as 
it is more prevalent annually [29]. However, existing hybrid models like 
DGP are found in recent studies to be not sensitive enough [14]. Such 
scenarios should be investigated in depth and models adjusted to 
improve the hybrid glare prediction models’ applicability to a wider 
range of scenarios. Despite this, it should be noted that in dim scenarios 
with very high contrast (e.g. the use of electrochromic glazing or dark 
fabrics where the sun disk is visible, with log_gc values approximately 
between 1.3 and 2.6), DGP was found to be sensitive enough and per-
formed reasonably well in predicting the user’s perception of glare 
across the scenes [56]. 

Therefore, there is room for improvement for hybrid metrics that 
already account for both effects, such as the DGP. Although it out-
performs all available thresholds in the scenarios investigated here, with 
a ROC-AUC of around 0.75 for both categories of high and low 

adaptation levels, it is necessary to investigate such scenarios in future 
research where development data is lacking and where previous studies 
indicated a lack of sensitivity (Ev < 3000 and log gc values between 0.25 
and 1.25). That would improve the glare prediction in dimmer scenarios 
and help identify the recommended thresholds. In future research, 
instead of changing DGP thresholds to account for this shortcoming of 
the metric, it may be better to change the weight of the contrast term or 
to add a second contrast term in the DGP equation. To ascertain this, 
additional user-evaluation data in the above-mentioned range is neces-
sary and is an ongoing effort [57]. 

One of the main technical takeaways from this study is that for any 
fair comparisons of performance diagnostics of glare metrics, the two 
groups that are studied should always have the same range of glare 
stimuli, and absolute statistics should not be compared between groups 
with different stimuli. When comparing the predictive performance of 
glare metrics in laboratory studies versus POE studies, for example, 
differences in the resulting performance of glare metrics may be 
attributed to the difference in the range of glare stimuli; POE studies in 
active workspaces tend to include systematically dimmer scenarios with 
lower glare stimuli than typical laboratory studies. Furthermore, a fair 
and systematic overall comparison of daylight discomfort glare metrics 
across studies also requires consistency in measurement techniques, 
temporal factors, lighting conditions, and space-occupant configuration, 
which is difficult to achieve for practical reasons. It is perhaps desirable 
to standardize for a minimum exposure duration before asking partici-
pants to evaluate glare, agree upon reliable questionnaire items and 
define gatekeeping criteria for consolidating datasets [58,59]. 

The experimental logistic regression model, Eccologit, derived from 
the developing dataset of DGP, is that it is a true mathematical proba-
bility model bound from 0 to 1. Its performance is similar to DGP as well, 
which may mean that logistic regression models are suitable candidates 
for formulating future glare metrics. Note that Eccologit is distinct from 
the DGP low light correction function implemented in evalglare [60]. 
The low light correction in evalglare was meant to mathematically 
extend DGP values below 0.16 using logistic regression when Ev < 300 
lux but there were no datapoints present for those conditions in the 
dataset and is thus not a validated correction. On the other hand, 
Eccologit is a logistic regression version of the DGP model, derived using 
the same variables and the original dataset of DGP, which is validated 
for DGP >0.2. 

Overall, the results allow us to extend our understanding of the 
performance of existing glare metrics in dim and bright adaptation 
levels, in particular that the selection of glare metrics should be carefully 
considered to avoid oversimplification. Simplified glare metrics that rely 
too heavily on the saturation effect via an illuminance-based proxy term 
(e.g., simplified DGPs or simply using Ev) were initially proposed to 
reduce computation time [45]. As computer processing power and lu-
minous simulation efficiencies improve [61], researchers and 

Fig. 6. Spearman’s rank correlation rho in lr_3000 and ur_3000 between glare metrics and subjective glare responses on a 4-point scale.  
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practitioners will be able to consider contrast effects of glare alongside 
saturation effects via faster simulations of hourly luminance maps, while 
also opening up new possibilities for annual glare metrics. For example, 
a recent study that simulated annual saturation and contrast glare across 
an open-plan office space using a more efficient simulation method 
showed that only 6% of view directions near the perimeter of the façade 
frequently experiences saturation glare, while around 38% of view di-
rections frequently experiences contrast glare [29]. 

6. Conclusion 

Glare prediction metrics have the potential to assist building de-
signers and managers in achieving mostly glare-free and well-lit working 
environments, as well as in making informed decisions about different 
shading products. In this paper, we found that although hybrid glare 
metrics outperform single-effect metrics overall (with ROC-AUCs 
around 0.75), contrast-driven metrics outperform saturation-drive 
metrics in dim environments with lower adaptation levels. On the 
other hand, saturation-driven metrics outperform contrast-driven met-
rics in bright environments with higher adaptation levels. These results 
make it clear that one should be aware of the dangers of relying solely on 
over-simplified illuminance-based metrics for glare prediction. “Ecco-
logit”, a logistic regression model of the terms of the DGP equation, but 
which is mathematically bound between 0 and 1 (in contrast to the 
original DGP equation) was tested and showed comparable performance 
to DGP. There is also room for improvement in the performance of other 
established hybrid metrics, which account for both saturation and 
contrast effects. As of now, the applicability of hybrid metrics like DGP is 

still limited by the scope of their development dataset, which may not 
represent the entire spectrum of scenarios encountered in real-world 
situations. More research is needed, in particular, in dim environ-
ments with low adaptation levels and uncomfortable contrast, such as 
those found in large open-plan offices where the visible sky causes glare. 
Future research should bridge this gap, and glare metrics should be more 
inclusive of illumination levels found in various real-life scenarios. 
Moving forward, striving for a better understanding of discomfort glare 
can hopefully improve the accuracy and flexibility of glare prediction 
metrics used in early design simulations, with the ultimate goal of 
ensuring higher levels of visual comfort in indoor work environments. 
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Appendix 

Spearman’s rank correlation (additional results): 
a. p-values and rho of Spearman’s rank correlations between glare metrics and glare ratings on the Osterhaus’ 4-point scale (lr_3000 and ur_3000).   

DATASET lr3000 ur3000 lr_3000 ur_3000  

p-value p-value rho rho 
DGP < 2.2e-16 < 2.2e-16 0.46 0.49 
Eccologit < 2.2e-16 < 2.2e-16 0.45 0.50 
CGI < 2.2e-16 2.65E-15 0.41 0.40 
DGImod < 2.2e-16 2.55E-11 0.41 0.34 
UGR/UGP 5.29E-16 1.08E-09 0.37 0.32 
DGI 4.66E-15 7.71E-09 0.36 0.30 
Log_gc 2.10E-14 4.67E-08 0.35 0.28 
Ev/DGPs 1.62E-11 < 2.2e-16 0.31 0.47 
PGSVsat 1.62E-11 < 2.2e-16 0.31 0.47 
Lavg 5.42E-10 < 2.2e-16 0.29 0.50 
PGSV 5.49E-10 < 2.2e-16 0.29 0.48 
PGSVcon 1.18E-09 3.87E-14 0.28 0.39 
DGR 1.86E-06 0.4595 0.22 0.04 
VCP 1.92E-06 0.5979 0.22 0.03 
UGRexp 9.05E-01 0.1347 0.01 0.08  
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