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Abstract

Daylighting is a key strategy for reducing artificial lighting demand in buildings, but its effective use requires reliable information
on the daylight resource. While radiometric solar variables are commonly monitored, photometric quantities such as diffuse
horizontal illuminance (LDFH) are less frequently measured, despite their relevance for daylight-responsive lighting control,
visual comfort, and energy-efficient building operation. Moreover, uncertainty is often not quantified, as conventional models
generally provide only deterministic outputs. This study proposes an artificial-intelligence framework for estimating LDFH from
diffuse horizontal irradiance, solar geometry, and zenith luminance, while also quantifying its uncertainty. A Type-1 Sugeno
adaptive neuro-fuzzy inference system (ANFIS) is used for LDFH estimation, and an Interval Type-2 Sugeno extension provides
sample-specific predictive intervals. A simplified model based only on DHI and sin(«) is also evaluated to provide an alternative for
stations where zenith luminance measurements are unavailable. The approach was trained using 2024 measurements and
externally validated on independent years from 2019 to 2023. The Type-1 Sugeno ANFIS achieved an nRMSE of 8.55%, an R? of
0.98, and an nMBE of 0.00% in training. During the independent test years, nRMSE ranged from 8.37% t0 10.59%, R? from 0.97 to
0.98, and nMBE from -3.48% to 2.10%. For a target coverage probability of 95.45%), the IT2-Sugeno model achieved 95.10%
coverage in training, with a mean expanded uncertainty of 4.06 klux. During testing, coverage ranged from 93.00% to 96.24%,
with mean uncertainty values between 3.59 and 4.14 klux. The proposed approach therefore enables direct estimation of LDFH
together with its associated uncertainty, supporting the assessment of diffuse daylight availability.

Keywords: Diffuse horizontal illuminance, Daylight availability, Adaptive neuro-fuzzy inference system (ANFIS), Uncertainty

quantification

1. Introduction

Daylighting is an important means of lowering the need for electric
lighting in buildings, but its successful implementation depends on
reliable knowledge of the available visible daylight resource.
Although radiometric solar variables are routinely measured,
photometric quantities such as diffuse horizontal illuminance are
monitored less frequently, despite their direct importance for
daylight-responsive lighting control, visual comfort evaluation,
and energy-efficient building operation. Addressing this
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measurement gap increasingly requires data-driven methods
capable not only of estimating unavailable photometric variables,
but also of quantifying the uncertainty associated with those
estimates. In this context, diffuse horizontal illuminance (LDFH) is
essential for characterizing the natural luminous resource
available at a site and for supporting applications related to energy
efficiency, daylight availability, and lighting design. Reliable
estimation of LDFH can therefore be particularly useful at
monitoring stations or in daylighting applications where the
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nRMSE normalized root mean square error (%) . . . . . . .
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R2 coefficient of determination Chaiwiwatworakul and Chirarattananon [10] developed luminous-
S mean experimen[al LDFH Ofthe complete 2024 efficacy models for global and diffuse horizontal irradiance to
training dataset (lux) derive the corresponding illuminance values under all-sky
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Vo central IT2-Sugeno estimate for observation i (Iux) study directly estimates LDFH and quantifies uncertainty through
7 solar zenith angle (rad) observation-specific intervals using an IT2-Sugeno FIS model.
o solar altitude angle (rad) Thus, the proposed method does not require the intermediate
B global asymmetry factor applied to the upper FOU irradiance-to-illuminance conversion used in conventional

width

luminous-efficacy approaches and, unlike the uncertainty analysis
of Dieste-Velasco et al. [11], quantifies the uncertainty associated
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Figure 1. Schematic overview of the proposed neuro-fuzzy framework for direct LDFH estimation and uncertainty quantification. The Type-1 ANFIS provides
the central model, while the Interval Type-2 extension introduces and optimizes the FOUs of the antecedent membership functions to generate sample-

specific predictive intervals.

Table 1. Pearson correlation coefficients between LDFH and the candidate meteorological and irradiance-related predictors for the 2024 training dataset.

DHI Zenith luminance sin(a) A m

GHI Kt RH T BHI €

0.98 0.86 0.75 0.65

-0.62

0.58 0.29 -0.29 0.28 0.20 0.09

with each LDFH estimate rather than only that propagated from
input measurements.

Because daylight illuminance measurements are available at
relatively few monitoring stations, luminous-efficacy models have
traditionally been used to derive global, direct, and diffuse
illuminance data from irradiance measurements [12]. Moreover,
recent optimization literature supports the use of evolutionary
algorithms for complex engineering problems characterized by
large search spaces and multiple competing objectives [13]. This
provides a general basis for adopting a GA-based strategy in the
present study, where several parameters are optimized by
balancing predictive likelihood, interval width, and empirical
coverage. However, previous data-driven and neuro-fuzzy
approaches have generally focused on illuminance point
estimation rather than on the explicit generation and empirical
evaluation of predictive intervals for LDFH. Therefore, this study
proposes a two-stage neuro-fuzzy framework for the direct
estimation and uncertainty quantification of LDFH from DHI, solar
altitude, and zenith luminance, combining radiometric, geometric,
and sky-photometric information available at comprehensive
daylight-monitoring stations. Specifically, LDFH is estimated
directly without applying intermediate luminous-efficacy methods,
thereby providing a compact and physically interpretable input
structure. In the first stage, a first-order Sugeno Type-1ANFIS with
Gaussian membership functions is developed to learn the central

nonlinear relationship between the input variables and LDFH. In
the second stage, the Type-1ANFIS is extended to an Interval Type-
2 Sugeno system aimed at quantifying the uncertainty associated
with the estimates.

The main contributions of this study are as follows:

- LDFH is estimated directly, avoiding intermediate luminous-
efficacy conversions and combining radiometric, solar-geometric,
and sky-photometric information within a single predictive model.

- A first-order Type-1 Sugeno ANFIS is extended to an Interval
Type-2 Sugeno system to provide sample-specific predictive
intervals in addition to point estimates of LDFH.

- The Type-1 structure is preserved in the IT2 extension, while
uncertainty is introduced into the antecedent membership
functions, allowing point estimation and uncertainty
quantification to be treated within the same neuro-fuzzy
framework.

- Reduced ANFIS configurations are evaluated to quantify the
individual contribution of solar geometry and zenith luminance. In
particular, a reduced model based only on DHI and sin(a) is also
extended to the IT2-Sugeno formulation, providing an alternative
when zenith luminance measurements are unavailable.

- Regression models using the same input configurations are
included as reference models to assess the added value of the ANFIS
approach.

https://dx.doi.org/10.15627/jd.2026.40
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- Independent annual datasets from 2019 to 2023 are used to
evaluate interannual model performance and the empirical
coverage of the predictive intervals.

These contributions provide a framework for estimating diffuse
horizontal illuminance together with its associated uncertainty,
while also allowing the effect of input availability on predictive
performance to be assessed.

Figure 1 provides a schematic overview of the proposed
framework, from the trained Type-1 ANFIS model to the final
Interval Type-2 Sugeno prediction. The Type-1 structure is
preserved, while uncertainty is introduced into the antecedent
membership functions through the construction of footprints of
uncertainty (FOUs). The FOU is the region bounded by the lower and
upper membership functions and represents the uncertainty
associated with the membership grade of each input. Its
propagation through the fuzzy inference system results in lower
and upper bounds for the predicted LDFH. The FOU parameters,
together with the Student-t degrees of freedom, are optimized
using the genetic algorithm, while the Type-1 ANFIS rule structure
and consequents remain unchanged. In this way, the framework
combines point estimation and uncertainty quantification within
the same neuro-fuzzy structure.

The rest of the paper is structured as follows. Section 2
introduces the experimental dataset, the filtering procedure, and
the selected input and output variables for LDFH estimation.
Section 3 describes the proposed Type-1 Sugeno ANFIS model and
its Interval Type-2 Sugeno extension optimized by a genetic
algorithm. Sections 4 and 5 present and discuss the results,
including the performance of the LDFH estimates and the empirical
assessment of the predictive intervals, respectively. Finally, the
main conclusions and future research directions are presented.

2. Experimental data and methods

This section details the measurement data, predictor selection, and
statistical framework employed to build the ANFIS models aimed at
estimating diffuse horizontal illuminance and its associated
uncertainty.

2.1. Measurement facilities and predictor variables
used in the ANFIS models

The experimental dataset was obtained from the Vaulx-en-Velin
IDMP station in France, located at 45°46'43" N and 4°55'21" E. It
comprised diffuse horizontal illuminance, diffuse horizontal
irradiance, zenith luminance, and atmospheric variables measured
at 1 min resolution over the 2019-2024 period. For model
development, only the 2024 records were used to train the ANFIS
structure. The year 2024 was selected as the development year
without applying any criterion based on model performance or data
quality. Once the model had been developed using only the 2024
campaign, five additional complete annual
campaigns, corresponding to 2019-2023, were selected exclusively

measurement

for external validation to assess its robustness to interannual
variability. These datasets were kept completely separate from
model training and parameter selection, ensuring an independent
assessment of model performance across different years. Because
each validation dataset covers a complete calendar year, the
evaluation incorporates seasonal and meteorological variability,
allowing model generalization to be assessed across the range of
solar and sky conditions occurring throughout the year. Details of
the measurement system, including the instrumentation, can be
found in the documentation of the ENTPE CIE-IDMP station [14].

Prior to the analysis, the downloaded records were processed
according to the CIE [15] quality-control recommendations. The
dataset was further refined by discarding invalid samples and
removing observations acquired when the solar altitude was lower
than 5°.

The explanatory variables included in the correlation analysis of
Table 1 were derived from the irradiance measurements and solar-
position parameters according to Egs.(1)-(5). First, the
extraterrestrial normal irradiance was calculated from the solar
constant corrected for the annual variation in the Sun-Earth
distance:

I = Iy Eo (1)
where Is=1361 W/m? is the solar constant[16], and E, is the
eccentricity correction factor, obtained as shown in Eq. (2):

Eo = 1+ 0.033cos (22) (2)

with dn representing the day number. The clearness index Kt was
then computed from Eq.(3) as the ratio between the measured
global horizontal irradiance and the corresponding extraterrestrial
horizontal irradiance:

Kt = GHI (3)

Io sin(a)
where o is the solar altitude angle. In addition, two sky-condition
descriptors proposed by Perez et al. [17] were considered. The sky
clearness index was calculated from the diffuse and direct normal
irradiance components and the solar zenith angle Z, expressed in
radians, as shown in Eq. (4).

= (W+ 1.04123)/(1 +1.04173) (4)

The sky brightness index, A, was obtained from Eq. (5), where m
is the relative optical air mass.

A= mDHI (5)

lo

As shown in Table 1, the correlation pattern for diffuse horizontal
illuminance (LDFH) highlights the dominant role of the diffuse
radiative component and daylight-related sky conditions. Among
the analyzed predictors, DHI exhibits a strong positive association
with LDFH, confirming that diffuse horizontal irradiance is the
main radiometric predictor of diffuse horizontal illuminance. The
sine of the solar altitude, sin(a), was also retained because it
accounts for the geometric dependence of horizontal daylight
quantities on the apparent position of the sun. In addition, zenith
luminance was included as a final predictor because it provides

https://dx.doi.org/10.15627/jd.2026.40


https://dx.doi.org/10.15627/jd.2026.40

M. I. Dieste-Velasco

Journal of Daylighting / Volume 13, Issue 2 / 13 November 2026 755

70t
60 0.8
=50¢
5 0.6
240t
T
&30t 0.4
20}
0.2
10} 4
o
0

0.1 0.2 0.3 0.4 0.5
DHI (kW/m?)

(a)

70+
60 0.8
~50r
<
=] 0.6
240}
T
Q30r 0.4
3
201
0.2
10
0

0.5 1

2 25

Zenith luminance (cd/m?) x10°*

(c)

Figure 2. Scatter-density plots of LDFH versus the selected input variables for the 2024 training dataset: (a) DHI, (b) sin(a), and (c) zenith luminance. The
color scale represents local point density, with higher values indicating regions containing a larger number of observations.

direct photometric information on the brightness state of the sky
vault, which is especially relevant for diffuse illuminance
estimation. Although other variables, such as GHI, BHI, Kt, e and A,
among others, were analyzed to characterize the radiative and sky-
condition context, they were not incorporated into the final LDFH
model. Several of these variables are strongly linked to the same
underlying irradiance balance or can be derived from the measured
irradiance components, which could introduce redundant
information into the ANFIS structure. Therefore, the final input set
was restricted to DHI, sin(a), and zenith luminance. This selection
preserves the main physical and photometric mechanisms
controlling LDFH while keeping the model structure simple and
reducing redundancy among predictors. The influence of the
selected predictors on model performance is further assessed using
reduced-input ANFIS configurations, as discussed in Section 4.

2.2, Statistical metrics for model evaluation

The predictive accuracy of the models was assessed using
nRMSE (%), nMBE (%), and nMAE (%). These normalized
indicators were adopted as the main error metrics to compare
model behavior across the different datasets. Egs. (6)-(8) define
these statistics, where y; is the measured value, ¥; is the

corresponding model estimate, y is the mean measured LDFH and
n is the number of observations.

NRMSE (%) = 100 ©
nMBE (%) = 100 2203 o
Zjn1y;
- ST 9yl
nMAE(%) = 100222220 ®

Furthermore, the coefficient of determination, (R?), given in
Eq.(9) and the Willmott’s index of agreement [18], defined in

Eq.(10), were included as complementary goodness-of-fit
indicators.
TG’
R2 — 1 _ &=V )
z:1p=1()’1"7)2 (9)
n (g _v.)?
IA=1— Z]=1(y] YJ) (10)

- —N2
i (195-v1+ly-v1)

3. Modeling of diffuse horizontal
illuminance (LDFH)

This section presents the modeling of the diffuse horizontal
illuminance (LDFH) using ANFIS models.
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Figure 3. Initial and adjusted Gaussian membership functions for the three ANFIS input variables: (a) DHI, (b) sin(a), and (c) zenith luminance. The
comparison shows the changes in the antecedent membership functions introduced by ANFIS training relative to the initial grid-partition configuration.

3.1. Type-1Sugeno ANFIS for LDFH estimation

The estimation of LDFH was carried out using a first-order Sugeno
ANFIS. Model initialization was performed in Matlab using the
Fuzzy Logic Toolbox™ [19]. Specifically, the initial FIS was
obtained with the genfis function by applying grid partitioning to
the selected input space. The model included three predictors,
namely DHI, sin(a), and zenith luminance, and each input was
represented by two Gaussian membership functions which were
used to ensure continuous changes in membership degree across
neighboring regions of the input space. For an input value x, the
membership degree was calculated according to Eq. (11).

(11)

In the adopted ANFIS structure, the three-dimensional input
domain was partitioned by assigning two fuzzy Gaussian sets to
each predictor. The grid-based initialization then formed the rule
base by combining the membership functions defined for DHI,
sin(a), and zenith luminance. This led to 23=8 first-order Sugeno
rules, each one describing a different region of the input domain.

R() = exp (—ﬂ)

202

The model was trained using all valid records from 2024 for 50
epochs with the hybrid method, which combines backpropagation
and least-squares estimation. With this configuration, the model
can account for the main changes in LDFH associated with diffuse
irradiance, solar altitude, and sky brightness, while keeping the
number of model coefficients within a controlled range. The
general rule structure is expressed in Eq. (12). If DHI is Ai and sin(«)
is Bj and zenith luminance is Ci, then

z = pxDHI + qgsin(a) + rizenith luminance + s (12)
Here, the coefficients py, qi, ry and s, define the linear output
function assigned to the k-th Sugeno rule, and z, denotes the
corresponding rule output. The antecedent fuzzy subsets A;, B; and
C, are associated with DHI, sin(a) and zenith luminance,
respectively. Once the membership degree of each input has been
evaluated, the activation level of rule k, denoted by (o), is
computed through the product operator, as indicated in Eq. (13).
(13)

Equation (14) defines the normalized firing strength of the k-th
rule (@). This value is obtained by dividing the firing strength of
rule (k) by the sum of the firing strengths computed for the eight

o) = pa,(DHD) HB; (sin(a))pc, (zenith luminance)

https://dx.doi.org/10.15627/jd.2026.40
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rules generated from the possible combinations of the fuzzy sets
indexed by (i), (j), and (1).

— )
g = k

. (14)

The output of the first-order Sugeno FIS [20] was then obtained
by aggregating the linear outputs of all rules according to their
normalized firing strengths, as shown in Eq. (15). In this expression,
(9) represents the estimated diffuse horizontal illuminance, LDFH.

9 = Va1 OrZx (15)

After the initial Sugeno rule base had been generated, model
training was carried out using ANFIS. The learning process adjusted
both parts of the fuzzy model: the antecedent membership
functions and the linear consequent equations. These parameters
were estimated from the 2024 training records according to the
adaptive neuro-fuzzy learning method introduced by Jang [21].
Negative output values are not physically admissible for diffuse
horizontal illuminance. Therefore, when the ANFIS model
produced anegative LDFH estimate, the value was set to zero before
computing the final results, as indicated in Eq. (16).

LDFH = max{0, § anFis,LoFH | (16)

Figure 2(a) shows that DHI has the most direct and nearly linear
relationship with LDFH, confirming its role as the main
radiometric predictor. However, the relationship between LDFH
and sin(a) shown by Figure 2(b) presents a broader distribution,
indicating that solar geometry modulates diffuse illuminance but
does not explain it by itself. In turn, zenith luminance shows a clear
positive association with LDFH, as shown in Figure 2(c), although
with greater dispersion than DHI, suggesting that it provides
additional photometric information on sky brightness. These
patterns support the combined use of DHI, sin(a), and zenith
luminance in the complete model. It should also be noted that,
before selecting the final input structure, reduced ANFIS models
based on subsets of the input variables were evaluated. The results
obtained with these reduced configurations were poorer than those
of the complete model, which included DHI, sin(a), and zenith
luminance. Therefore, DHI, sin(a), and zenith luminance were
retained as the final inputs, since this combination outperformed
the simpler configurations in the preliminary
comparison, as shown in the next section.

Figure 3 shows the comparison between the initial Gaussian
membership functions and those obtained after ANFIS training for
the three input variables. For DHI and zenith luminance, the initial
and adjusted membership functions remain nearly unchanged after
training, indicating that the initial grid-partition structure was
already suitable for these two inputs. DHI shows a very direct
association with LDFH, while zenith luminance provides a
photometric description of the sky-brightness state. In contrast,
the variable sin(a) shows a more evident adaptation of its
membership functions. After training, the curves associated with
this variable are shifted with respect to the initial configuration,
reflecting the need to readjust the fuzzy representation of solar
geometry.

evaluated

Figure 4 compares the experimental and predicted LDFH values
for the 2024 training dataset. The points are closely distributed
around the 1:1 line, with a slope of 0.9806 and an R? of 0.98,
indicating strong agreement between the ANFIS estimates and the
measured values. A slightly larger dispersion is observed at high
LDFH values, although the general trend is well reproduced.

3.2. Interval type-2 Sugeno FIS for LDFH uncertainty
modeling

After developing the Type-1 Sugeno ANFIS model, an Interval
Type-2 Sugeno FIS [22], [23] was implemented to represent the

uncertainty associated with LDFH estimation. For this purpose, the

developed Interval Type-2 Sugeno model preserves the rule

structure, the centers of the membership functions, and the linear
consequents obtained from the Type-1 model. Uncertainty is

introduced into the Gaussian antecedents through a footprint of
uncertainty, FOU, bounded by a lower membership function, LMF,

and an upper membership function, UMF [22], [23]. In this study,

the FOU was incorporated by asymmetrically modifying the

Gaussian widths, without changing the function centers or the rule

base. For each nominal Gaussian function with width (), the lower

and upper widths were defined as shown in Egs. (17)-(18), where (u)
controls the local amplitude of the FOU, and () introduces

asymmetry between the lower and upper bounds.

opmr = 6(1—u) (17)

oymr = 0(1 + Bu) (18)

Prediction interval models should provide accurate central
estimates while generating intervals that achieve the desired
coverage probability without being excessively wide. These three
properties are usually quantified through mean squared error
(MSE), prediction interval coverage probability (PICP), and
prediction width (PINAW),
respectively [24], [25], [26]. Previous studies have used these
metrics as part of the training loss. For example, [27] combined
MSE, PINAW, and a squared penalty on the difference between
empirical and target coverage in order to balance central prediction
error, coverage, and interval width. The objective adopted here
follows this general idea but changes the treatment of the residual
error. Instead of using MSE, the residual contribution is formulated
as a Student-t negative log-likelihood, where the error is scaled by
the uncertainty derived from the IT2-Sugeno interval [28], [29].
The remaining terms control the interval width and penalize failure
to reach the target coverage only when the empirical coverage falls
below the prescribed level. The Student-t negative log-likelihood
is obtained by taking the negative logarithm of the Student-t
predictive density, resulting in a residual-dependent logarithmic
term together with the scale term and the Gamma-function
normalization constants [30].

For each candidate parameter vector 6 = [uy,...,uy, B,v], where M
is the total number of Gaussian membership functions in the
layer, the IT2-Sugeno

interval normalized average

antecedent inference mechanism
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Figure 4. Experimental versus Type-1 Sugeno ANFIS-predicted diffuse horizontal illuminance for the 2024 training dataset. The solid line represents the
linear regression fit. The color scale represents local point density, with higher values indicating regions containing a larger number of observations.

propagates the footprint of uncertainty through the rule base and
returns the lower and upper bounds of the predicted response,
using the iterative Karnik—Mendel type-reduction algorithm [22],
[23]. The genetic algorithm (GA) searches this bounded parameter
space to identify the combination of u,  and v that minimizes the
proposed Student-t-based objective function, where u; ;_, v is the
relative uncertainty amplitude associated with the j-th Gaussian
membership function B is the asymmetric upper-expansion factor
of the footprint of uncertainty (FOU), and v is the number of degrees
of freedom of the Student-t distribution. The search bounds are set
to u, € [0.001,0.95], B € [1,3],and v € [3,50], with initial values of 0.15,
1.0, and 30, respectively. The upper limit v = 50 allows the Student-
t distribution to approach near-Gaussian behavior, while
preventing the GA from exploring an unnecessarily large region
where additional increases in v have little influence on the
distribution. For each Gaussian antecedent membership function,
the asymmetric FOU is obtained by modifying the nominal Type-1
Gaussian width o, , as defined in Egs. (17)-(18). Hence, g =1
corresponds to the symmetric FOU, whereas g > 1 introduces a
larger upper uncertainty expansion.

For each candidate solution 0, after type-reduction, the IT2-
Sugeno model produces the prediction interval [L;,U;], where L;and
U; denote the lower and upper interval bounds, respectively.
Following the standard defuzzification of Interval Type-2 fuzzy
systems [22], [23], the central prediction is computed as shown by
Eq. (19):

s (19)
In this study, the GA minimizes the objective function given by

Eq. (20):

Yei =

]ITZ = ]NLL—t + }\width]width + )\coverage]coverage (20)
where Jy.._ corresponds to the dimensionless Student-t negative
log-likelihood. The Student-t NLL is obtained by taking the

negative logarithm of the Student-t predictive density, which leads
to a residual-dependent logarithmic term together with the scale
term and the Gamma-function normalization terms [30]. The
dimensionless Student-t negative log-likelihood used in this study
was adapted from [30] by defining the location parameter as the
IT2-Sugeno central estimate and obtaining the equivalent scale
from the type-reduced interval. The corresponding Student-t scale
parameter derived from the IT2-Sugeno interval width is defined
in Eq. (21).

ULy
Oeq,i = 2qy (21)

The Student-t quantile associated with the target coverage is
defined as shown in Eq. (22).

(22)

qv = tV“Ctarget
T2

For the IT2-Sugeno optimization, the loss function used unit
weight for the Student-t negative log-likelihood term, with a
target coverage of 0.9545. The optimized model was subsequently
evaluated using the complete training dataset. As previously
mentioned, in this study, the target coverage is set to Crarget=0.9545,
which gives q, = t, 497725. The normalization factor (s) calculated as
the mean experimental LDFH of the complete 2024 training dataset
is defined in Eq. (23):

(23)

Thus, the residual term in the Student-t likelihood is evaluated
relative to the uncertainty scale implied by the IT2-Sugeno
prediction interval, rather than through a fixed variance or a
conventional squared-error term. In addition, the width term (Ji4¢,)
shown in Eq.(20) is included to penalize excessively wide
prediction intervals, following the principle that predictive
intervals should be as compact as possible while achieving the
prescribed coverage level [24,31]. The empirical coverage [24], [26],
[27], [29]is computed as shown in Eq. (24):

_1ynN
S =yLi=1Yi
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Table 2. Performance metrics of the Type-1 Sugeno ANFIS model using only DHI as input (M1) for diffuse horizontal illuminance estimation in the training

dataset and each independent test year.

Dataset Year nRMSE (%) nMBE (%) nMAE (%) 1A R
Train 2024 11.3995 0.0000 9.1737 0.9912 0.9657
Test 2019 12.2054 -0.7491 10.3020 0.9908 0.9631
Test 2020 11.5622 -0.5909 9.7096 0.9917 0.9671
Test 2021 11.4165 -1.2199 9.4891 0.9906 0.9631
Test 2022 11.9625 -3.6178 10.0047 0.9891 0.9574
Test 2023 13.0342 -2.7643 10.1392 0.9873 0.9516

Table 3. Performance metrics of the Type-1 Sugeno ANFIS model using only DHI and sin(«) as inputs (M21) for diffuse horizontal illuminance estimation in

the training dataset and each independent test year.

Dataset Year nRMSE (%) nMBE (%) nMAE (%) 1A R?
Train 2024 10.1842 0.0000 8.1765 0.9930 0.9724
Test 2019 10.3974 -0.5427 8.4200 0.9932 0.9728
Test 2020 9.8398 -0.6640 7.9527 0.9939 0.9758
Test 2021 10.0617 -1.1766 8.1890 0.9927 0.9711
Test 2022 10.1236 -3.2791 8.1691 0.9921 0.9693
Test 2023 11.7047 -2.9857 8.9623 0.9897 0.9607

Table 4. Performance metrics of the Type-1 Sugeno ANFIS model using only DHI and zenith luminance as inputs (M22) for diffuse horizontal illuminance

estimation in the training dataset and each independent test year.

Dataset Year nRMSE (%) nMBE (%) nMAE (%) 1A R>
Train 2024 10.4297 0.0000 7.8260 0.9927 0.9713
Test 2019 11.5500 1.1612 9.0185 0.9917 0.9669
Test 2020 10.6568 0.3995 8.2473 0.9930 0.9721
Test 2021 11.0163 -1.3774 8.4364 0.9915 0.9657
Test 2022 11.4356 -3.7611 8.8361 0.9902 0.9610
Test 2023 121524 -2.8504 8.7682 0.9891 0.9579
¢ _ Numberofobservations saisying (Ly=<yi<U;) (24) the asymmetric expansion factor, and the Student-t degrees of
emp — N

In addition, only failure to reach the target coverage is penalized
as shown in Eq.(25). The desired coverage level is set to
Crarget=0-9545, which corresponds to the coverage associated with
(k=2) in the ideal Gaussian reference case [32].

Jeoverage = Max(0, Carger = Cemp)” (25)

Furthermore, the term (J,;qm) Shown in Eq. (26) penalizes the
normalized full interval width, thereby avoiding trivially
conservative solutions in which coverage is achieved solely through
excessively wide FOUs and, consequently, overly broad predictive
intervals [24], [31].

N
] 1 Ui—- L
width — 7y
N: =1 S

where L; and U; are the lower and upper endpoints of the type-
reduced interval, as shown in Eq. (27).

(26)

= (27)
Therefore, the GA searches the bounded parameter space of 6 =
[ug, -, uy, B,v] and the selected solution, 8* = [uj, ..., u}, B*,v*], is the

candidate that minimizes Eq. (20), yielding the FOU amplitudes,

Yei =

freedom that provide prediction intervals with limited width and a
probabilistically coherent residual distribution. This formulation is
consistent with the probabilistic forecasting principle that
prediction intervals should be as sharp as possible [24], [31].

4. Results and discussion of type-1Sugeno
ANFIS and quadratic regression models

This section presents the results obtained with the ANFIS model for
the direct estimation of diffuse horizontal illuminance from the
selected input variables. To assess the contribution of each input
variable, this section compares the predictive performance of the
complete three-input ANFIS model, M3, with that of the reduced
configurations M1, using DHI; M21 using DHI and sin(«), and M22
using DHI and zenith luminance. Their performance is evaluated
for both the training dataset and the independent validation years.
Regression-based models using the same input combinations are
also included as baselines to provide a direct reference for the
improvements achieved by the ANFIS models.
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Figure 5. Three-dimensional distributions of experimental and Type-1 Sugeno ANFIS-estimated diffuse horizontal illuminance for the 2024 training dataset
as a function of DHI, sin(«), and zenith luminance. The color scale represents LDFH in klux.

Table 5. Performance metrics of the Type-1 Sugeno ANFIS model using the full set of input variables (M3) for diffuse horizontal illuminance estimation in

the training dataset and each independent test year.

Dataset Year nRMSE (%) nMBE (%) nMAE (%) 1A R>
Train 2024 8.5467 0.0000 6.0958 0.9951 0.9806
Test 2019 9.0869 2.1022 6.698 0.9948 0.9793
Test 2020 8.3676 0.8673 6.1138 0.9956 0.9825
Test 2021 9.1788 -1.7407 6.6242 0.9940 0.9760
Test 2022 9.0774 -3.4088 6.6395 0.9937 0.9753
Test 2023 10.5903 -3.4768 7.1210 0.9916 0.9678

4.1. Performance of the type-1Sugeno ANFIS models
using reduced sets of input variables

As indicated previously, the Type-1 ANFIS models were initialized
using grid partitioning, with two Gaussian membership functions
per input and first-order linear consequents. This configuration
resulted in two rules for Mi, four for M21and M22, and eight for M3.
All models were trained for 50 epochs using the valid records from
2024 and the hybrid method, which combines backpropagation to
adjust the membership-function parameters and least-squares
estimation for the consequents.

Table 2, Table 3, and Table 4 show the performance of the three
reduced ANFIS models for both the 2024 training dataset and the
independent test years 2019-2023. M1, based only on DHI, shows

the largest errors, with nRMSE values ranging from 11.40% t0 13.03%

and nMAE values from 9.17% t0 10.30%. The incorporation of sin(«)
in M21 consistently improves performance in all years analyzed,
reducing nRMSE relative to M1 by 10.7% during training and, on
average, by 13.4% over the test years. M21 also achieves the highest
IA and R? values among the reduced models in all test datasets, with
nRMSE values ranging from 9.84% to 11.70%. The incorporation of
zenith luminance in M22 also improves the results relative to M1,

over the independent years. M22 nevertheless shows slightly lower
nMAE values than M21 during training and in 2023. Taken together,
these results show that both additional variables provide useful
information compared with the use of DHI alone, but that, when
considered individually, sin(a) provides a more consistent
improvement in predictive performance than zenith luminance.

4.2. Performance of the type-1Sugeno ANFIS model
using the full set of input variables

Figure 5 shows the three-dimensional distribution of the
experimental LDFH and the LDFH estimated by the ANFIS model
for the 2024 training dataset. In both cases, the x-axis represents
DHI, the y-axis represents sin(a), and the z-axis represents zenith
luminance. The color of each point indicates the LDFH value in klux.
To improve the readability of the point cloud, the plotted values
were averaged within cells defined by discrete intervals of DHI,
sin(a), and zenith luminance. Therefore, when several records fall
within the same discretization cell defined by these three variables,
the mean LDFH value is represented instead of all individual points.
The comparison between both plots shows that the ANFIS model
adequately reproduces the global structure observed in the
experimental data. In particular, the progressive increase in LDFH

although to a lesser extent, with an average nRMSE reduction of 5.6% with DHI is preserved, as well as its joint dependence on solar
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Figure 6. Residual analysis of the Type-1 Sugeno ANFIS model for LDFH estimation using the 2024 training dataset: (a) residual distribution with Gaussian
and Student-t fits; (b) Q—Q plot of standardized residuals against theoretical Student-t quantiles; (c) residuals versus predicted LDFH.

elevation and zenith luminance. The similarity between the two
distributions indicates that the model captures the main behavior
of diffuse horizontal illuminance during the training year.

The LDFH distribution shows that it is mainly controlled by DHI.
The lowest LDFH values are concentrated at low DHI, especially
below approximately 0.05-0.10 kW m™, where the color scale
remains in the lower range. As DHI increases, LDFH increases
progressively, reaching the highest values in the upper DHI region,
around 0.3-0.5 KW m™ These maximum LDFH values appear
mainly when zenith luminance is also high, indicating that large
diffuse illuminance is associated with the combined effect of high
diffuse irradiance and strong sky brightness near the zenith. Figure
5 shows that maximum LDFH occurs under conditions of
simultaneously high DHI, high zenith luminance, and moderate-
to-high solar elevation.

Table 5 shows that the Type-1 Sugeno ANFIS model for the direct
estimation of LDFH achieves, for the training dataset, an nRMSE of
8.55%, an nMAE of 6.10%, an IA of 0.9951, and an R? of 0.9806,
indicating a good fit to the training data. For the independent test
years 2019-2023, the performance remains stable, with nRMSE
values between 8.37% and 10.59%, IA values above 0.991, and R?
values higher than 0.967. Although these results confirm the
suitability of the Type-1 ANFIS model as a deterministic estimator,
they only quantify point-prediction accuracy and do not provide
information about the uncertainty associated with each estimate,
which motivates the use of an Interval Type-2 Sugeno model. In
practical terms, the training nRMSE of 8.55% for 2024 indicates

that the root mean square error corresponds to approximately 8.55%

of the mean measured LDFH for the dataset. This value should
therefore be interpreted as an overall measure of prediction error

relative to the mean diffuse illuminance level, rather than as an 8.55%

error for each individual observation. Together with the low nMBE
and the high IA and R2 values, it indicates that the model adequately
reproduces both the magnitude and variability of LDFH.

Compared with the reduced models, the full M3 model shows the
best performance across all datasets analyzed. For the 2024

training dataset, M3 reduces nRMSE to 8.55%, compared with 11.40%
for M1, 10.18% for M21, and 10.43% for M22, corresponding to
reductions of 25.0%, 16.1%, and 18.1%, respectively. This
improvement is maintained over the independent test years: the
mean nRMSE of M3 is 9.26%, compared with 12.04% for M1, 10.43%
for M21, and 11.36% for M22. Thus, relative to the reduced models,
M3 decreases the mean nRMSE over the test years by approximately
23.1% compared with M1, 11.2% compared with M21, and 18.5%
compared with M22. The same pattern is observed for nMAE, with
mean reductions over the test years of 33.1%, 20.4%, and 23.3%,
respectively. In addition, M3 consistently achieves higher IA and R?
values. These results show that, although DHI is the main predictor
and the individual incorporation of either sin(a) or zenith
luminance improves the estimation, the combined use of both
additional variables provides a further and consistent
improvement, thereby justifying the increased complexity of the
M3 model. However, the M21 model could also be used when zenith
luminance measurements are not available.

4.3. Performance of the regression-based models

To provide a reference for evaluating the added value of the ANFIS
approach, regression-based models were also developed using the
same combinations of input variables considered in the reduced
and full ANFIS models. Thus, M1 uses only DHI, M21 combines DHI
and sin(a), M22 combines DHI and zenith luminance, and M3
incorporates all three input variables. All regression models were
fitted using the 2024 training dataset and subsequently evaluated
for the independent test years 2019-2023 using the same
performance metrics employed for the ANFIS models.

The regression baselines consisted of quadratic regression
models fitted by ordinary least squares with an intercept. They
included linear terms, squared terms, and, where applicable, all
two-factor interactions. The resulting M1, M21, M22, and M3
models are shown in Egs. (28)-(31).
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Table 6. Performance metrics of the quadratic regression model using only DHI as input (M1) for diffuse horizontal illuminance estimation in the training

dataset and each independent test year.

Dataset Year nRMSE (%) nMBE (%) nMAE (%) 1A R?
Train 2024 11.4217 0.0000 9.1738 0.9912 0.9656
Test 2019 12.2700 -0.7411 10.3387 0.9906 0.9627
Test 2020 11.5856 -0.5578 9.7205 0.9917 0.9670
Test 2021 11.4856 -1.2608 9.5294 0.9905 0.9627
Test 2022 12.0021 -3.6198 9.9961 0.9890 0.9571
Test 2023 13.0652 -2.7767 10.1572 0.9873 0.9514

Table 7. Performance metrics of the quadratic regression model using only DHI and sin(«) as inputs (M21) for diffuse horizontal illuminance estimation in the

training dataset and each independent test year.

Dataset Year nRMSE (%) nMBE (%) nMAE (%) 1A R>
Train 2024 10.3489 0.0000 8.3159 0.9927 0.9715
Test 2019 10.6398 -0.4227 8.6177 0.9928 0.9716
Test 2020 9.9831 -0.5551 8.0828 0.9937 0.9751
Test 2021 10.2733 -1.1399 8.4165 0.9923 0.9699
Test 2022 10.2618 -3.2270 8.2380 0.9919 0.9684
Test 2023 11.8632 -3.0746 9.0935 0.9894 0.9596

Table 8. Performance metrics of the quadratic regression model using only DHI and zenith luminance as inputs (M22) for diffuse horizontal illuminance

estimation in the training dataset and each independent test year.

Dataset Year nRMSE (%) nMBE (%) nMAE (%) 1A R?
Train 2024 10.8069 0.0000 8.2835 0.9921 0.9692
Test 2019 11.8626 0.6607 9.5777 0.9913 0.9651
Test 2020 11.0392 0.1949 8.8336 0.9925 0.9700
Test 2021 11.5378 -1.3969 8.8494 0.9906 0.9623
Test 2022 11.6809 -3.9362 9.1503 0.9897 0.9594
Test 2023 12.3192 -2.9337 9.0361 0.9888 0.9568

Table 9. Performance metrics of the quadratic regression model using the full set of input variables (M3) for diffuse horizontal illuminance estimation in the

training dataset and each independent test year.

Dataset Year nRMSE (%) nMBE (%) nMAE (%) 1A R>
Train 2024 9.1677 0.0000 6.8297 0.9943 0.9777
Test 2019 9.8792 1.8896 7.5889 0.9939 0.9755
Test 2020 9.0311 0.6600 6.9174 0.9949 0.9797
Test 2021 9.7628 -1.9513 7.2949 0.9932 0.9728
Test 2022 9.5767 -3.9386 7.1686 0.9930 0.9725
Test 2023 10.9305 -3.8695 7.6717 0.9911 0.9657

M1: LDFH = 860.428875 + 127.195952 * DHI — 0.018958 * DHI?
(28)

M21: LDFH = 329.587465 + 103.278083 * DHI + 5373.394564 *
sin(c) + 20.907082 * DHI * sin(c) — 0.017816  DHI? — 2256.414168 x

sin?(a) (29)
M22: LDFH = 537.833481 + 154.130915 * DHI — 0.877290 *

zenith luminance — 0.000215 * DHI * zenith luminance — 0.0616765 *
DHI? + 0.000050 * zenith luminance? (30)

M3: LDFH = —174.649876 + 147.943535 * DHI — 1.8108435 *
zenith luminance + 6995.932617 * sin(a) + 0.0006745 * DHI *
zenith luminance — 9.527160 * DHI * sin(o) + 1.412972 *
zenith luminance * sin(a) — 0.056380 * DHIZ + 0.000018 *
zenith luminance? — 3615.003370 * sin?(a) (31)

As can be seen in Table 6, Table 7, Table 8, and Table 9, the four
quadratic regression models show improved performance as

additional variables are incorporated. M1, based only on DHI,
presents the largest errors, with a mean nRMSE of 12.08% and a
mean nMAE of 9.95% over the independent test years. The
incorporation of sin(a) in M21 produces a clear and consistent
improvement, reducing these mean values to 10.60% and 8.49%,
respectively, corresponding to reductions of 12.2% in nRMSE and
14.7% in nMAE relative to M1. M22, which incorporates zenith
luminance, also improves upon M1, although to a lesser extent,
with a mean nRMSE of 11.69% and a mean nMAE of 9.09%.
Therefore, when considered individually, sin(«) provides a greater
improvement than zenith luminance. The best performance is
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Figure 7. Initial and GA-optimized FOUs of the antecedent membership functions of the IT2-Sugeno model for LDFH estimation. Dashed lines represent the
initial UMF and LMF constructed from the trained Type-1 ANFIS membership functions, whereas solid lines delimit the FOUs obtained after GA optimization.

obtained with M3, which combines all three input variables, with
mean nRMSE and nMAE values of 9.84% and 7.33%, respectively.
Compared with M1, these values represent reductions of 18.6% and
26.3%, while relative to M21, the additional reductions are 7.2%
and 13.7%. M3 also generally presents the highest IA and R? values.
Taken together, the results show that the combined use of DHI,
sin(a), and zenith luminance provides the best performance among
the quadratic regression models, although the largest individual
additional contribution relative to DHI comes from sin(«).

The comparison between the ANFIS models and the quadratic
regressions shows that the largest difference is observed for M3, for
which ANFIS reduces the mean nRMSE from 9.84% to 9.26%, a

reduction of approximately 5.9%, and the mean nMAE from 7.33%
to 6.64%, a reduction of approximately 9.4%. For the M3 training
dataset, the reductions reach 6.8% in nRMSE and 10.7% in nMAE,
highlighting the greater ability of ANFIS to represent the nonlinear
relationships among DHI, sin(a), zenith luminance, and LDFH. The
Type-1 ANFIS structure also provides the basis for the Interval
Type-2 extension used in this study, which generates sample-
specific predictive intervals that can be evaluated in terms of their
empirical coverage and width.

Figure 6 analyzes the residual behavior of the Type-1 ANFIS
model for LDFH using the 2024 training dataset. The residual
histogram in Figure 6(a) shows that most errors are centered
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Figure 8. Spatial distribution of the IT2-Sugeno uncertainty for LDFH over the 2024 training dataset. The color scale represents the expanded uncertainty,
corresponding to the semi-width of the 95.45% prediction interval, expressed in klux.

Table 10. GA-optimized FOU parameters for the LDFH IT2-Sugeno model, with Bop = 1.05 and vep: = 28.97

Input MF oT1 cr1 Ugptimized OLMF,opt GUMF,opt

DHI mf, 242.07 18.00 0.073 224.46 260.47
mf, 242.08 587.98 0.039 232.60 251.99

Zenith luminance mf, 11780.09 140.00 0.003 11739.65 11822.37
mf, 11780.09 27880.00 0.001 11768.21 11792.52

sin(a) mf, 0.42 -0.34 0.001 0.42 0.42
mf, 0.49 0.55 0.072 0.45 0.52

Table 11. Empirical coverage and expanded uncertainty of the IT2-Sugeno interval model for LDFH in the 2024 training dataset and in the external interannual

validation years.
Dataset Year N Coverage (%) Mean uncertainty Median uncertainty
(Klux) (klux)
Train 2024 95438 95.10 £4.06 3.89
Test 2019 141970 95.69 3.59 3.33
Test 2020 126344 96.24 3.80 3.54
Test 2021 120688 94.43 4.07 3.79
Test 2022 118994 94.76 3.90 3.57
Test 2023 120799 93.00 414 3.88

around zero, indicating no substantial systematic bias in the
ANFIS predictions. the
distribution departs from a Gaussian distribution, with a sharper
central peak and heavier tails than the Gaussian fit. Likewise,
Figure 6(b) compares the empirical quantiles of the standardized
residuals with the theoretical standard Student-t quantiles and
shows good agreement across the central quantiles, although
deviations remain in the distribution tails. Figure 6(c) provides a
complementary representation of the residuals as a function of the
predicted LDFH, showing an increase in residual dispersion at

deterministic However, residual

higher predicted illuminance levels. From a modeling perspective,
Figure 6(a) indicates that relatively large prediction errors occur
more frequently than would be expected under a Gaussian
assumption. This represents a limitation of a purely Gaussian
description of the residual uncertainty and supports the use of the
Student-t likelihood in the IT2 optimization because of its greater
robustness to heavy-tailed errors. However, the remaining
deviations in the tails of the Student-t Q-Q_plot also indicate that
this distribution does not perfectly reproduce all residual behavior.
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5. Results and discussion of the interval
type-2 Sugeno FIS for uncertainty
estimation

This section analyzes the uncertainty provided by the IT2-Sugeno
formulation. The analysis first focuses on the full-input model M3,
which uses DHI, sin(a), and zenith luminance, and subsequently
considers the reduced model M21, based only on DHI and sin(a).
The latter allows the predictive uncertainty performance of the
proposed approach to be assessed when zenith luminance
measurements are unavailable, while also enabling direct
comparison with the full-input model.

5.1. Full-input IT2-Sugeno model (M3)

Figure 7 compares the initial and GA-optimized FOUs of the
antecedent membership functions in the IT2-Sugeno model
proposed for LDFH estimation. The initial FOUs are constructed
from the antecedent membership functions of the previously
trained Type-1 ANFIS model. The final FOUs are obtained by
optimizing the uncertainty parameters through the genetic
algorithm, using the proposed loss function as the optimization
criterion.

As can be observed in Figure 7, the optimized FOUs introduce
different uncertainty levels across the input variables and
membership functions, with larger or smaller expansions
reflecting the uncertainty assigned to each antecedent membership
function during optimization. The membership function centers
are kept fixed from the trained Type-1 ANFIS in order to preserve
the learned fuzzy partition, rules, and nominal input-output
relationship. Thus, the GA optimization adjusts the FOU
parameters without retraining the antecedent structure or the
consequents. Uncertainty is incorporated at the antecedent level,
allowing the IT2-Sugeno model to generate prediction intervals
while retaining the structural basis of the Type-1 ANFIS model.

In addition, Table 10 reports the GA-optimized FOU parameters
of the antecedent membership functions used in the LDFH IT2-
Sugeno model. The centers and nominal Gaussian widths of the
underlying Type-1 membership functions remain unchanged after
optimization, thereby preserving the fuzzy partition learned by the
Type-1 ANFIS. The GA adjusts the FOU parameters (u and B),
together with the Student-t degrees of freedom parameter (v). The
optimized results show that the largest uncertainty amplitudes are
associated with the DHI membership functions and the second
membership function of sin(a).

Figure 8 shows the spatial distribution of the uncertainty
estimated by the IT2-Sugeno model for LDFH over the 2024
training dataset. The highest uncertainty values are mainly
concentrated at low solar elevation and at low to moderate zenith
luminance levels, whereas the uncertainty tends to decrease at
higher sin(a) and higher zenith luminance. This pattern is
consistent with the three-dimensional LDFH distributions shown

previously for the measured and ANFIS-estimated values. As
shown in Figure 5, the largest LDFH values occur mainly for high
DHI, high sin(«), and high zenith luminance. However, Figure 8
shows that these high-illuminance regions are not necessarily
associated with the largest predictive uncertainty. Therefore, the
IT2-Sugeno interval model does not merely increase the interval
width as LDFH increases. Instead, it captures the local uncertainty
structure of the input-output relationship, with wider intervals in
the lower-solar-elevation and lower-zenith-luminance regions.

Table 11 reports the empirical coverage and uncertainty of the
IT2-Sugeno interval model for LDFH. The number of samples (N) is
large in all cases, ranging from 95,438 observations in the 2024
training dataset to more than 118,000 observations in each external
validation year, where N represents the number of records
evaluated rather than the number of statistically independent
observations. In the 2024 training dataset, the empirical coverage
reaches 95.10%, which is very close to the nominal target coverage
of 95.45%. This indicates that the GA-optimized IT2-Sugeno
intervals provide an appropriate uncertainty level for the data used
during model development.

A similar behavior is observed in the external validation years
2019 and 2020, where the empirical coverage is 95.69% and
96.24%, respectively. The years 2021 and 2022 also remain close to
the target level, with coverages of 94.43% and 94.76%. The mean
uncertainty remains relatively stable throughout the vyears
analyzed, ranging from 3.59 to 4.14 klux. The median values are
slightly lower than the corresponding means, which suggests that
most samples are associated with moderate interval widths, while
a smaller fraction of observations leads to wider intervals.

The lowest coverage is obtained in 2023 (93.00%), which also
presents the largest mean uncertainty (4.14 klux), indicating that
the lower coverage is not simply due to narrower prediction
intervals. In addition, 2023 shows the highest nRMSE (10.59%) and
the most negative nMBE (-3.48%) among the independent test
years. Since the model was trained using only the 2024 dataset and
subsequently applied without retraining to each independent year,
these differences may reflect interannual variations in the
relationship between the input variables and LDFH. Such variations
could therefore contribute to the lower coverage observed in 2023.

Table 12 presents selected examples from the 2024 training
dataset to illustrate the behavior of the proposed model. The
corresponding 95.45% nominal predictive intervals are also
reported as [JL, R]9s.45%. The IT2-Sugeno central estimates remain
close to the Type-1 ANFIS outputs, as expected, because the
interval extension preserves the rule base, consequent parameters,
membership-function centers, and initial Gaussian widths of the
original ANFIS model. Furthermore, the predicted values are close
to the corresponding experimental LDFH values. The uncertainty is
introduced through the footprint of uncertainty associated with the
antecedent membership functions. The selected examples show
that the proposed model provides both direct LDFH estimates and
sample-specific predictive intervals using DHI, zenith luminance,
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Table 12. Selected examples of LDFH estimation and corresponding 95.45% nominal predictive intervals generated by the full-input M3 IT2-Sugeno model.

Zenith luminance

DHI sin(a) LDFHey, LDFHpnpis, LDFHr2_sugeno (9 Irlos 450
(W/m?) (cd/m?) (lux) (lux) (lux) (lux)

35 1814 0.429 4653 4268 4204 [2087; 6322]
43 550 0.191 6893 6872 6682 [3082;10283]
55 2199 0.347 6735 6464 6405 [3030; 9781]
68 1034 0.451 12719 11190 11113 [9129; 13096]
77 2751 0.360 9097 9013 8978 [4888;13067]
102 3994 0.503 11580 12158 12155 [8700; 15610]
195 5549 0.828 23570 26100 25931 [22162; 29700]
264 3994 0.745 32199 33406 33238 [28988;37489]
286 8510 0.712 33060 34657 34511 [29192; 39831]
356 16640 0.884 42647 45028 44977 [40749; 49205]

Table 13. GA-optimized FOU parameters for the reduced M21 LDFH IT2-Sugeno model, with Bopt = 1.15 and vopt = 10.66

Input MF o11 cr1 Uoptimized OLMF,0pt OUMF,opt

DHI mf, 242.08 17.99 0.217 189.54 302.32
mf, 242.08 587.97 0.008 240.05 244.4

sin(a) mf, 0.44, -0.17 0.203 0.35 0.5/
mf, 0.49 0.55 0.122 0.43 0.55

Table 14. Mean performance and uncertainty metrics of the reduced M21 and full M3 IT2-Sugeno models over the independent test years 2019-2023.

Model Inputs nRMSE (%) nMAE (%) Coverage (%) Mean uncertainty (klux)
M21 DHI + sin(a) 11.59 9.01 95.74 4.48
M3 DHI + sin(a) + zenith luminance 9.33 6.71 94.82 3.90

Table 15. Selected examples of LDFH estimation and corresponding 95.45% nominal predictive intervals generated by the reduced M21 IT2-Sugeno model.

DHI sin(a) LDFHey, LDFH nris, LDFHj12-sugeno (91 Fr] 95 450,
(W/m?) (lux) (lux) (lux) (lux)

35 0.429 4653 5894 6305 [2741; 9869]
43 0.191 6893 5860 5573 [2117; 9029]
55 0.347 6735 7890 8280 [4958;11602]
68 0.451 12719 9978 10317 [6727;13908]
77 0.36 9097 10433 10557 [6946;14167]
102 0.503 11580 14140 14305 [10708;17902]
195 0.828 23570 26361 25824 [23370; 28278]
264 0.745 32199 32702 31872 [24850;38893]
286 0.712 33060 34714 33317 [23806; 42828]
356 0.884 42647 43978 45208 [29670; 60747]

and sin(a) as input variables. Thus, the Type-1 Sugeno ANFIS
supplies the main LDFH estimation structure, while the IT2-
Sugeno extension adds local uncertainty information for each
observation. From an applied perspective, these sample-specific
intervals can complement the central LDFH estimate in daylighting
design and control applications. For example, the lower and upper
prediction bounds may be considered when the estimated daylight

availability is compared with a reference illuminance level or a
lighting-control setpoint. In this way, the model provides
information on whether a decision based on the central estimate is
associated with a relatively narrow or wide prediction interval,
rather than treating all LDFH estimates as equally certain. This
additional information may contribute to more robust daylight-
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Figure 10. Comparison of M21 and M3 IT2-Sugeno models in terms of nRMSE and mean expanded uncertainty for the training and independent test datasets.

responsive control strategies by considering the uncertainty
associated with each LDFH estimate.

5.2. Reduced-input IT2-Sugeno model (M21)

To assess whether uncertainty can also be quantified when zenith
luminance measurements are unavailable, the same IT2-Sugeno
formulation and GA optimization procedure were applied to the
reduced M21 model, which uses only DHI and sin(«) as inputs. Since
the methodology and optimization settings are identical to those
described for M3, only the resulting FOU structure and uncertainty
are discussed here.

Table 13 shows the optimized parameters of the reduced M21
model, which uses only DHI and sin(a), and may therefore be of

interest for stations where zenith luminance measurements are not
available.

Figure 9 shows that, as in the full M3 model, the nonuniform
redistribution of uncertainty indicates that the optimization does
not simply increase the uncertainty of the reduced model globally,
but rather distributes it selectively across different regions of the
input space according to the predictive-uncertainty patterns
identified during optimization.

As shown in Table 14, over the five independent test years (2019-
2023), the reduced M21 IT2-Sugeno model yielded mean nRMSE
and nMAE values of 11.59% and 9.01%, respectively, compared with
9.33% and 6.71% for the full M3 model. These nRMSE and nMAE
values correspond to the IT2-Sugeno central predictions. Each
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reported mean is the arithmetic mean of the corresponding annual
values for the five independent test years. Thus, removing zenith
luminance increased the mean nRMSE by 24.3% and the mean
nMAE by 34.4%. Despite this reduction in point-estimation
accuracy, M21 maintained a mean empirical coverage of 95.74%,
compared with 94.82% for M3. The coverage obtained with M21 is
very close to the nominal target of 95.45%, indicating that the
proposed optimization procedure effectively adjusts the FOU to
achieve a coverage level close to the prescribed target even when
less input information is available. However, this is achieved by
widening the prediction intervals, rather than by improving the
underlying point-estimation accuracy. Accordingly, the
uncertainty increased from 3.90 klux for M3 to 4.48 klux for M21,
corresponding to an increase of 14.8%. These results indicate that
zenith luminance improves predictive accuracy and reduces
uncertainty, whereas the reduced M21 formulation remains a
practical alternative for stations where zenith luminance
measurements are unavailable, with the comparison against M3
quantifying the corresponding loss in point-estimation accuracy
and interval precision. Similarly, Figure 10 shows that the full M3
model consistently outperforms the reduced M21 model in both
predictive accuracy and uncertainty. For all independent test years,
M3 yields lower nRMSE values and narrower prediction intervals.

A comparison of Table 12 and Table 15 shows the effect of
removing zenith luminance on both point estimation and
predictive uncertainty for the same selected data points. The full
M3 model provides estimates closer to the experimental LDFH
values in most the examples shown. Nevertheless, the
experimental values remain within the 95.45% predictive intervals
generated by M21 in all cases, showing that the reduced model still
provides intervals that contain the experimental values for these
selected examples despite the loss of one input variable. This is
achieved, however, through generally less precise uncertainty
characterization, with wider intervals in some cases, particularly
for high-illuminance conditions. For the selected examples, the
mean interval width increases from 7.24 klux for M3 to 11.13 klux
for M21. These results illustrate how the proposed IT2 optimization
compensates for the reduced input information by adapting the
FOU and, when necessary, widening the predictive intervals to
maintain coverage close to the prescribed target.

6. Conclusions

This study addressed the direct estimation of diffuse horizontal
illuminance, LDFH, a relevant variable for daylight availability
assessment, daylighting design, energy-efficient building analysis,
and intelligent lighting-control applications. Since diffuse
horizontal illuminance measurements are not always available in
experimental daylight databases, the proposed approach provides
both predicted LDFH values and prediction intervals associated
with each estimate. The methodology first uses a Type-1 Sugeno
ANFIS to estimate LDFH and then extends it to a GA-optimized

Interval Type-2 Sugeno model to obtain predictive intervals. The
M3 model, which uses DHI, sin(a), and zenith luminance as input
variables, is proposed as the preferred configuration because it
provides the best predictive performance among the evaluated
configurations. In addition, the reduced M21 model, based only on
DHI and sin(a), could be employed as an alternative for stations
where zenith luminance measurements are unavailable.

The Type-1 Sugeno ANFIS model” with “The full-input Type-1
Sugeno ANFIS model (M3) with Gaussian membership functions
provided accurate LDFH estimates. The model was trained with the
2024 dataset and evaluated in independent test years from 2019 to
2023. In the training dataset, the Type-1 ANFIS achieved an nRMSE
of 8.55%, an R? of 0.98, and an nMBE of 0.00%. In the external test
years, the nRMSE ranged from 8.37% to 10.59%, the R? values
ranged from 0.97 to 0.98, and the nMBE varied between -3.48%
and 2.10%. Compared with the M3 quadratic-regression baseline,
M3-ANFIS reduced the mean nRMSE from 9.84% to 9.26% and the
mean nMAE from 7.33% to 6.64%, corresponding to reductions of
5.9% and 9.4%, respectively. These results confirm that the
selected input combination captures the main nonlinear behavior
of LDFH across different years, with limited bias and stable
predictive performance.

Furthermore, the Interval Type-2 Sugeno extension added
uncertainty information to the Type-1 ANFIS estimates. The rule
base, consequent parameters, membership-function centers, and
initial Gaussian widths were kept unchanged from the Type-1
ANFIS. Uncertainty was introduced through asymmetric footprints
of uncertainty in the antecedent membership functions, with the
FOU parameters optimized using a genetic algorithm. This
formulation allowed the model to produce sample-specific
predictive intervals without replacing the original neuro-fuzzy
estimation structure.

For a target coverage probability of 95.45%, the GA-optimized
IT2-Sugeno model achieved an empirical coverage of 95.10% in the
2024 training dataset, with a mean expanded uncertainty (U) of
£4.06 klux. In the independent test years, the empirical coverage
ranged from 93.00% to 96.24%, while the mean U remained
between 3.59 and 4.14 klux. These results show that the proposed
interval model provides relatively stable uncertainty levels across
different years. The lowest coverage was obtained in 2023,
although the mean uncertainty remained within the same range as
the other years, suggesting that the lower coverage may be
associated with interannual changes in the residual behavior rather
than simply with insufficient interval width.

At the study site, the results support the proposed method for
estimating LDFH and quantifying sample-specific predictive
uncertainty. These intervals provide additional information that
may support daylight-availability and lighting-control studies.

The present study was developed using data from a single
monitoring station and one training year, although its performance
was evaluated over five independent annual datasets. Future
research should extend the evaluation to other stations and
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climatic conditions, examine the use of predictive intervals in
practical daylight applications, and compare alternative
uncertainty-quantification methodologies in terms of their ability
to provide reliable uncertainty intervals.
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