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Global vertical illuminance and energy-efficient building design. However, direct measurements are rarely available at conventional mete-
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orological stations, limiting assessments involving different orientations, sky conditions, and interannual vari-
ability. This study develops an ANFIS-based methodology to estimate global vertical illuminance for the four
Radiometric modeling cardinal orientations (north, east, south, and west) using only commonly available radiometric and geometric
Building facades variables: direct normal irradiance (DNI), diffuse horizontal irradiance (DHI), and the cosine of the incidence
ANFIS angle on each facade. Models were trained using 115,250 records from 2024 and evaluated using 750,294 re-
cords across six independent years (2019-2023 and 2025) to assess temporal robustness. Results show that the
models adequately reproduce global vertical illuminance for all facades under all-sky conditions. Over the six
independent years, normalized root mean square error (nRMSE) ranged from 9.91% to 22.60%, and normalized
mean absolute error (nMAE) ranged from 6.44% to 15.83%. The largest errors occurred for the north-facing
facade, whereas the east-, south-, and west-facing facades maintained nRMSE values of 16.50% or lower. The
methodological contribution lies in directly estimating LGV from commonly available radiometric variables and
facade incidence geometry, without requiring vertical irradiance measurements, explicit sky classification, or
intermediate luminous-efficacy calculations. These results support the use of the proposed approach to estimate
LGV at the study site when direct vertical measurements are unavailable. Transferability to other locations
should be assessed through independent validation.

conditions, and extended periods often requires estimation models.
Solar irradiance on horizontal and tilted surfaces has been widely
modeled [12], and most methods for deriving daylight illuminance from
radiometric measurements rely on luminous efficacy, which relates
illuminance to irradiance [3]. Research has focused primarily on hori-
zontal surfaces, for which global, direct, and diffuse luminous efficacy
models have been developed using local measurements, satellite data,
atmospheric variables, and sky classifications [13-16]. However, fewer
studies have addressed vertical surfaces [11,17-20]. Li et al. [17]
analyzed diffuse luminous efficacy under the 15 CIE standard skies and
extended the approach to vertical surfaces, showing that illuminance
estimation improved when measured vertical solar irradiance was
available. Aghimien and Li [18] developed a vertical luminous efficacy
model based on measured solar irradiance, horizontal luminous efficacy,
and sky luminance distributions, obtaining monthly normalized root
mean square error (nRMSE) values ranging from 10.6% to 39.9%,
depending on the month and fagade orientation. A simplified method for
estimating mean hourly diffuse illuminance on vertical surfaces was

1. Introduction

Reliable information on illuminance incident on building facades is
used to characterize outdoor daylight availability and evaluate building
daylighting and energy performance under variable environmental
conditions [1-3]. The resulting indoor daylight contribution depends on
facade orientation and design, including window systems [4-6], and
influences artificial lighting and shading control strategies, visual
comfort, and glare risk [7]. In addition, the solar exposure of facade
surfaces is relevant for assessing building-integrated photovoltaic po-
tential, whose performance is strongly affected by building orientation,
urban density, and shading conditions [8]. External vertical illuminance
is also used as a metric for assessing daylight availability in dense urban
configurations [9,10]. However, illuminance is rarely measured at
conventional meteorological stations, which generally record radio-
metric variables instead [11]. Consequently, the analysis of global ver-
tical illuminance (LGV) across different facade orientations, sky
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Nomenclature m relative optical air mass
RH relative humidity (%)
BHI beam horizontal irradiance (W/m?) T air temperature (°C)
cos(0) cosine of the incidence angle on the facade Z solar zenith angle (rad)
D diffuse fraction o solar altitude angle (rad)
DHI diffuse horizontal irradiance (W/m?) A sky brightness
DNI direct normal irradiance (W/m?) € sky clearness
GHI global horizontal irradiance (W/m?)
d, day of the year Statistical anfi goodnefs-of-ﬁt variables
Eo eccentricity correction factor of the Earth's orbit A Willmott's index of agreement
Kt clearness index nMAE normalized mean absolute error (%)
LGV global vertical illuminance (lux) nMBE normalized mean bias error (%)
LGVg global vertical illuminance measured on the east-facing nRMSE  normalized root mean square error (%)

facade (lux) R? coefficient of determination

LGVy  global vertical illuminance measured on the west-facing
facade (lux)

Model variables

S . . X; predictor variables
LGVs global vertical illuminance measured on the south-facing y response variable
fagade (lux.) . . . ¥ predicted value
LGVn global vertical illuminance measured on the north-facing ¥ mean value
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Fig. 1. Pearson correlation coefficients between the radiometric, atmospheric, and geometric variables and global vertical illuminance measured on the east-, west-,
north-, and south-facing facades in the 2024 training dataset.
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Table 1
Input configurations and model complexity for the compared methods.
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Configuration Predictors ANFIS rules ANFIS parameters ANN hidden neurons ANN parameters Regression parameters
M1 DNI 4 12 4 13 3

M2 DNI, cos(6) 16 32 8 33 6

M3 DNI, cos(6), DHI 64 88 17 86 10

The results of the comparison among ANFIS, ANN, and regression are presented in the Results section.
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Fig. 3. Membership functions before and after ANFIS training for cos(0) in the south orientation.

proposed in [19], although it required vertical diffuse irradiance and an
orientation-specific constant luminous efficacy. Kong and Kim [20] used
orientation-dependent regressions between vertical and horizontal
illuminance ratios and obtained annual nRMSE values ranging from
15.97% to 24.79%. These studies demonstrate the feasibility of esti-
mating vertical illuminance, but many of the proposed approaches
require measured or modeled vertical irradiance, sky luminance distri-
butions, prior sky classification, or locally calibrated relationships that
may not be available at conventional radiometric stations.

Machine learning has also been applied to solar and lighting vari-
ables, although its use for directly estimating LGV remains limited.
Neuro-fuzzy and fuzzy inference systems have been employed for
adaptive lighting control, visual comfort assessment, and solar radiation

prediction [21-23], while artificial neural networks have been used to
estimate indoor illuminance distributions [24]. Li and Aghimien [25]
developed vertical luminous efficacy models based on artificial neural
networks and support vector machines, obtaining maximum percentage
RMSE values below 20%. However, their final vertical illuminance es-
timates relied on measured vertical irradiance. Similarly, artificial
neural networks were used in [26] to estimate global and diffuse lumi-
nous efficacy on horizontal surfaces under different sky conditions.
Therefore, existing machine-learning studies either address different
output variables or retain the luminous efficacy framework. Direct
estimation of LGV from commonly available radiometric and geometric
variables, without requiring measured vertical irradiance or an inter-
mediate luminous efficacy calculation, remains insufficiently explored.
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Fig. 4. Comparison between experimental and estimated LGV values for the training (2024) and testing (2025) datasets.
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Fig. 5. Comparison between experimental and estimated LGV values for the training (2024) and testing (2025) datasets.

To address this gap, the present study develops four orientation-
specific adaptive neuro-fuzzy inference system (ANFIS) models to esti-
mate LGV on north-, east-, south-, and west-facing facades under all-sky
conditions. Each model uses the same reduced set of three physically
meaningful inputs: direct normal irradiance (DNI), diffuse horizontal
irradiance (DHI), and the cosine of the incidence angle on the corre-
sponding facade, cos(0). Together, these variables represent direct and
diffuse radiation availability and fagade incidence geometry. The
methodological contribution of this study lies in three aspects: the direct
estimation of LGV without requiring measured vertical irradiance or an
intermediate luminous efficacy calculation; the use of the same reduced
and physically grounded input set for the four facade orientations under
all-sky conditions; and an extensive temporal evaluation using six in-
dependent years that were not employed during model training. The
models were trained using 115,250 records from 2024 and evaluated
using 750,294 records from 2019 to 2023 and 2025. Their performance
was also compared with reference models trained and evaluated using
the same datasets. This evaluation assesses the temporal robustness of
the proposed models at the study site, but does not establish their spatial
transferability, which requires independent validation at other
locations.

The remainder of the paper is organized as follows: Section 2 pre-
sents the experimental data used and the methodology followed; Section
3 presents the modeling of global vertical solar illuminance; Section 4
presents and discusses the results; and Section 5 presents the conclusions
obtained in this study.

2. Experimental data and methods

This section describes the experimental data, predictor variables, and
statistical methods used to develop the proposed illuminance models
under all-sky conditions for the four cardinal facade orientations. For
this purpose, Matlab™ and the Fuzzy Logic Toolbox for Matlab™ [27]
were used.

2.1. Measurement facilities and predictor variables used in the global
vertical illuminance models

Vertical illuminance, as well as horizontal irradiance and atmo-
spheric measurements gathered at the Vaulx-en-Velin (France) Inter-
national Daylight Measurement Programme (IDMP) station (45°46'43"
N, 4°55'21" E), were used in this study. Data collected in 2024 were used



M.I Dieste-Velasco

Train (2024)

LGVs predicted (klux)

30 n =115250 |

Fit: y = 0.9885x +0.2279

R% =0.9885
NRMSE = 12.22%
NMAE = 7.54%
nMBE = +0.00% ||
1A =0.9971

T T T 0
80 90 100

. . . n
40 50 60 70
LGVS experimental (klux)

0 I L L
10 20 30

Normalized point density

LGVS predicted (klux)

Energy & Buildings 373 (2026) 118361

Test (2025)

o @ ~ ©
S S =] S
T T T T

Normalized point density

IS
S
T

n = 118775
Fit: y = 1.0169x -0.1861

R? = 0.9844
nRMSE = 12.09%
nMAE = 7.26%
nMBE = +0.81% |7
1A = 0.9962

| . . N N n
40 50 60 70 80 90

LGVS experimental (klux)

T
30 100

Fig. 6. Comparison between experimental and estimated LGV values for the training (2024) and testing (2025) datasets.
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Table 2
Comparison of error metrics between M2 (DNI and cos(0)) and M3 (DNI, cos(0), and DHI) for the combined six-year independent evaluation dataset (750,294 records).
Orientation nRMSE M2 nRMSE M3 nRMSE Relative reduction nMAE M2 nMAE M3 nMAE
Relative reduction
East 26.82% 14.39% 46.4% 19.14% 8.33% 56.5%
West 24.01% 12.17% 49.3% 17.74% 7.57% 57.3%
North 41.02% 16.60% 59.5% 32.74% 11.57% 64.7%
South 23.72% 11.16% 53.0% 17.73% 7.09% 60.0%

for model training, whereas measurements collected in 2025 were used
as an independent test dataset. In addition, data from 2019 to 2023 were
used for an additional temporal reproducibility assessment. During the
2019-2025 period, the Vaulx-en-Velin station provided online mea-
surements at 1-min intervals. These data were first filtered using the
standard CIE [28] quality control. Moreover, invalid records and data
for which the solar altitude was lower than 5° were removed. Fig. 1
presents an exploratory Pearson correlation analysis between the
candidate radiometric, atmospheric, and geometric variables and the
global vertical illuminance measured on the east-, west-, north-, and

south-facing facades in the 2024 training dataset.

As can be observed in Fig. 1, for the east-facing facade, the highest
positive correlations appear for Kt, DNI, cos(0), GHI, BHI, and e, indi-
cating a clear influence of the direct component and the incidence ge-
ometry. D and m show negative correlations, consistent with more
diffuse conditions or higher optical air mass. For the west-facing facade,
the pattern is very similar to that observed for the east-facing facade: Kt,
DNI, cos(0), ¢, BHI, and GHI dominate. This confirms that the east- and
west-facing orientations are strongly conditioned by the available direct
radiation and by the angle of incidence on the facade. On the other hand,
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Fig. 8. Three-dimensional distribution of the DNI-cos(6)-DHI input space, with experimental and ANFIS-estimated LGV values represented by color, for the east- and

west-facing orientations in the training dataset (2024).

for the north-facing facade, the highest correlation corresponds to DHI,
followed by zenith luminance, solar altitude, GHI, and A. This is phys-
ically consistent, since the north-facing facade receives little or no direct
component for much of the time, so its vertical illuminance mainly de-
pends on diffuse sky light. Finally, for the south-facing facade, the
highest positive correlations are observed for Kt, GHI, DNI, BHI, and e.
This reflects the predominance of clear-sky conditions and direct radi-
ation, although incidence geometry remains important.

The lower Pearson correlations between DHI and LGV for the east-,
west-, and south-facing facades indicate that the diffuse component is
not the dominant source of their annual linear variability. However,
these lower Pearson coefficients do not demonstrate that DHI lacks
predictive information. The predictor set was selected by combining
physical relevance, availability at radiometric stations, and the objective
of using a common input structure for four independently trained
orientation-specific ANFIS models. Consequently, each model uses DNI,
DHI, and the value of cos(0) calculated for the corresponding facade.
DNI and cos(0) jointly describe the available direct component and its
incidence geometry, whereas DHI provides information on the diffuse
sky component, which is relevant in the present study because diffuse
vertical illuminance measurements were not available. DHI was retained
for all four orientations because the models were designed to estimate
LGV under all-sky conditions. DNI and cos(0) alone cannot distinguish
observations with similar direct-radiation and geometric conditions but
different diffuse levels. DHI is particularly informative under overcast
and partly cloudy conditions, when DNI is low, and when cos(6) is
negative. When cos(0) < 0, the Sun is behind the facade, so the direct
beam contribution on the outward-facing vertical surface is zero.
However, diffuse sky light, as well as reflected light from the sur-
roundings, may still contribute to the global vertical illuminance, and

therefore LGV may remain positive. Although DHI is not equivalent to
diffuse irradiance on the vertical plane, it is a commonly available in-
dicator of diffuse sky availability. Since the four ANFIS models were
trained independently, each model can learn a different nonlinear
relationship between DHI and LGV through its membership functions
and fuzzy-rule consequents.

Variables such as GHI, BHI, Kt, ¢, and D were not included because
they combine or duplicate radiometric information already represented
by DNI and DHI, or are derived from it. Their inclusion would increase
the dimensionality and complexity of the ANFIS models. The selected
variables therefore provide a common and physically grounded repre-
sentation of the direct component, the diffuse component, and the
orientation-specific incidence geometry, while limiting the number of
model inputs.

The derived radiometric and geometric variables used in Fig. 1 were
calculated using Egs. (1)-(7). The incidence angle was calculated from
the general expression for a tilted surface, shown in Eq. (1), where Z is
the solar zenith angle, y, is the solar azimuth angle, and y is the facade
azimuth angle [29]. In Eq. (1), 6 is the angle between the solar beam and
the surface normal for a surface inclined in an arbitrary direction. For
vertical facades, p = 90°; therefore, cos(0) represents the geometric
projection factor of the direct solar beam onto the vertical facade.

cos(0) = cos(Z)cos(p) + sin(Z)sin(f)cos(y, — y) 1)
The clearness index (Kt), which is defined as the ratio of horizontal

global irradiance at ground level to horizontal extraterrestrial irradi-
ance, was calculated using Eq. (2),

GHI

K= sin(@)

@



M.I Dieste-Velasco

ANFIS input space - Train (2024): DNI vs cos(#) vs DHI

LGV (Klux)

=]

(3]

cos() 0.5 DNI (W/mz)

ANFIS input space - Train (2024): DNI vs cos(f) vs DHI

100
90
80
500
70
o~ 400 =
e 60 3
= 300 =
% 50 2
200 o
e 40
100
30
05 20

cos(0)

DNI (W/m?)

Energy & Buildings 373 (2026) 118361

Experimental input space - Train (2024): DNI vs cos(6) vs DHI

25
20
)
152
z
>
9]
-l
10
5
0
cos(f) 0.5 DNI (W/m2)
Experimental input space - Train (2024): DNI vs cos(f) vs DHI
100
90
80
500
70
~ 400 =
NE 60 é
= 300 =
= 50
200 9
e 40
100
30
0.5 20
\\ ‘ ™ 10
-~ <~ 600
05 g0 0
cos(d) DNI (W/m?)

Fig. 9. Three-dimensional distribution of the DNI-cos(6)-DHI input space, with experimental and ANFIS-estimated LGV values represented by color, for the north-

and south-facing orientations in the training dataset (2024).

where a is the solar altitude angle. The extraterrestrial normal irradi-
ance, Iy, is given by Eq. (3), and I, = 1361.1 W/m? corresponds to the
solar constant [30]. In addition, E, is the correction factor for the Sun-
Earth distance, as shown in Eq. (4).

Iy =1 Eo 3

4

2nd,
Ey =1-+0.033cos ( 365)
On the other hand, sky clearness (¢) is defined by Eq. (5), as pro-
posed by Perez et al. [31], where Z is the solar zenith angle in radians.
Likewise, the sky brightness (A) [31] is given by Eq. (6).

_ (DHI + DNI s 5
= < oEp T 1041Z >/(1 +1.0412%) 5)
HI
4 ™MD ©)
I

Moreover, the diffuse fraction (D), which is defined as the ratio of
horizontal diffuse irradiance to horizontal global irradiance, can be
obtained from Eq. (7).

DHI

D= Gm @

2.2. Statistical metrics for model evaluation

Model performance was evaluated using nRMSE (%), nMBE (%), and
nMAE (%), which were selected as the main comparative error metrics
in this study. Egs. (8)-(10) show these statistics, where ¥j denotes the

measured values, and y; denotes the corresponding estimated values,
and n denotes the number of data points.

1 n
=% ®)
n ; J
; (?j —}';)
nMBE (%) = 100———— 9)
2
=

MAE 1 . 1¢
nMAE(%):1007,whereMAE:HZ’yj—yj’,andy:HZyj
j=1 j=1
(10)

The coefficient of determination shown in Eq. (11) and Willmott's
index of agreement (IA) shown in Eq. (12) were also used. IA ranges
from O to 1, where 1 indicates perfect agreement, and provides an
overall measure of the discrepancies between observations and esti-
mates [33].

n _\2

R*=1 J%; (y, —y,-)z amn
S (-y
Jj=1
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2.3. Baseline model comparisons

Temporal robustness was assessed by training the models with data
from 2024 and evaluating them on data from six independent years
rather than on randomly mixed samples, thereby providing a more
demanding test of model generalization under different interannual
conditions. To provide a direct baseline comparison, the ANFIS models
were compared with a feedforward artificial neural network and a
quadratic response-surface regression model. For each method, the same
three input configurations were considered: M1, based on DNI; M2,
based on DNI and cos(0); and M3, based on DNI, cos(0), and DHI. All
models used the same filtered records, predictors, training period, and
independent evaluation periods. The models were trained using the
115,250 records from 2024 and evaluated using the 750,294 records
from 2019 to 2023 and 2025. The six independent years were not used
for architecture selection, hyperparameter adjustment, or selection of
the best training run.

The ANN consisted of a feedforward network with one hidden layer,
a hyperbolic tangent sigmoid transfer function in the hidden layer, and a
linear output function. The ANN was trained using the scaled conjugate
gradient algorithm. For each model configuration, the ANN used the
same training and independent evaluation datasets and the same input
and output variables as the corresponding ANFIS and regression models,
while maintaining approximately equivalent numbers of trainable

parameters. All valid records from 2024 were used for training, and the
input normalization parameters derived exclusively from the 2024
dataset were subsequently applied to the independent years without
recalculation. The number of hidden neurons was fixed before exam-
ining the independent evaluation results. Accordingly, M1, M2, and M3
used 4, 8, and 17 hidden neurons, respectively, as shown in Table 1,
resulting in 13, 33, and 86 trainable parameters.

The regression baseline consisted of quadratic response surfaces
fitted by ordinary least squares with an intercept. The models included
linear terms, squared terms, and all two-factor interactions. The result-
ing M1, M2, and M3 models contained 3, 6, and 10 regression param-
eters, respectively, as shown in Table 1. These models are shown in Egs.
(13)-(15).

M1 : LGV = f, + f, DNI + 8, DNI? 13)

M2 : LGV = f, + ; DNI + $,c05(6) + 5 DNI? + f,c0s>(6) + ffs DNIcos(6)

as
M3 : LGV = §, + f, DNI + f3,c0s(6) -+ fi; DHI + 8, DNI? + f;cos>(6)
+ f3s DHI? + 3, DNIcos(6) + 8 DNIDHI
+ fBycos(6) DHI
(15)

3. Modeling of global vertical solar illuminance

As previously mentioned, adaptive neuro-fuzzy inference systems
(ANFIS) were used to model the global vertical illuminance measured on
the four building facades. Four independent models were trained, cor-
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Fig. 11. Three-dimensional distribution of the DNI-cos(6)-DHI input space, with experimental and ANFIS-estimated LGV values represented by color, for the north-

and south-facing orientations in the test dataset (2025).

responding to the north-, east-, south-, and west-facing facades. In all
cases, the same reduced set of input variables was used: direct normal
irradiance (DNI), diffuse horizontal irradiance (DHI), and the cosine of
the incidence angle, cos(0), defined by Eq. (1). As indicated above, these
variables were selected because they represent the main physical
mechanisms governing vertical illuminance: the available direct
component, the diffuse sky contribution, and the incidence geometry on
each facade. The facade azimuth angles were defined as 0°, 90°, 180°,
and 270° for the north-, east-, south-, and west-facing facades, respec-
tively. Direct normal irradiance was calculated from beam horizontal
irradiance, as shown in Eq. (16):

BHI

sin(a) a6

DNI =

where BHI is the beam horizontal irradiance. The initial fuzzy inference
systems were generated by grid partitioning using the genfis function in
Matlab® R2022b and the Fuzzy Logic Toolbox™ [27]. A zero-order
Sugeno FIS was used [32], with Gaussian membership functions for
the input variables and constant output functions. Gaussian membership
functions were selected because they provide smooth transitions be-
tween fuzzy sets. The Gaussian membership function used for each input
is defined as shown in Eq. (17).

u(x)-exp(——("z;f) )

where ¢ and o are the center and width of the Gaussian membership
function, respectively. A type-1 fuzzy set can be defined over a universe
X, as shown in Eq. (18):

17

A= {(xpa(x))x €X,0<pu(x) <1} 18
where 1, (x) represents the degree of membership of x in the fuzzy set A
[27]. For each facade, the ANFIS model was constructed with three in-
puts and four Gaussian membership functions per input. In this config-
uration, the input space is divided into four fuzzy regions for each input
variable, generating the initial membership functions and all possible
combinations among them. As a result, grid partitioning generates 43 =
64 fuzzy rules, each associated with a specific combination of input
membership functions. These fuzzy rules have the general form shown in
Eq. (19).

If (DNI is A;) and (cos(6) is B; ) and (DHI is Cy), then LGV = cj 19
where A;, B; and Cy are the fuzzy sets associated with DNI, cos(6) and
DHI, respectively, and cy is the constant consequent of the corre-
sponding zero-order Sugeno rule. For each rule, the firing strength (o)
was calculated as the product of the membership degrees, as shown in

Eq. (20).
o = pi5, (DNI) p (cos(6) ) pc, (DHI) (20)

In Eq. (21), @ represents the normalized firing strength of rule 1,
where i,j,k =1,...,4, and each combination (i, j, k) corresponds to one
rule indexed by 1 =1,...,64.

(21)

Finally, the output of the zero-order Sugeno system was obtained as
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Fig. 12. Three-dimensional distribution of the standard deviation of

the weighted average of the constant consequents using Eq. (22), where
y is the estimated global vertical illuminance (LGV).

64
y=LGV = mecm (22)

=1

Different ANFIS configurations were tested, including first-order
Sugeno models with linear consequents and zero-order Sugeno models
with constant consequents. Finally, a zero-order Sugeno configuration
with four Gaussian membership functions per input was selected. This
structure was chosen to maintain a balance between predictive capa-
bility, physical interpretability, and computational simplicity, avoiding
an excessive increase in the number of model parameters. ANFIS
training was performed for 50 epochs, using an initial step size of 0.01, a
step-size decrease rate of 0.9, and a step-size increase rate of 1.1. The
predictor variables were used in their original scales without normali-
zation. The ANFIS models were trained using data from 2024 and
independently evaluated using data from 2019 to 2023 and 2025. Fig. 2
shows the architecture of the constant Sugeno FIS used in the ANFIS
models. The system uses three input variables, each described by four
Gaussian membership functions. In the rule layer, the firing strength o,
is calculated as the product of the membership degrees. These firing
strengths are then normalized to obtain ;. Since this is a zero-order
Sugeno system, each rule has a constant consequent c;, so that the
final output is obtained as the weighted sum of the constant
consequents.

Since global vertical illuminance cannot take physically negative
values, the negative predictions generated by the ANFIS models for
estimating global vertical illuminance on facades were truncated to
zero, as shown in Eq. (23). Based on the above, four ANFIS models were
developed, one for each orientation, so that, using a similar scheme,
global vertical illuminance values were obtained for the four cardinal
orientations (N, E, S, and W).
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experimental LGV for the N- and S-facing orientations in 2024 and 2025.

10

LGV, = max{o, ¥ aneis j},where j e {N,E,S,W} (23)

Across the six independent evaluation years, negative predictions
occurred only for the north-facing facade: 79 cases, corresponding to
0.0105% of the north-facing predictions. No negative predictions
occurred for the east-, south-, or west-facing facades. For the north-
facing facade, truncation to zero reduced nRMSE and nMAE, corre-
sponding to relative reductions of 1.63% and 0.17%, respectively, con-
firming that its influence on the overall results was very small.

The comparison between the initial and trained membership func-
tions shown in Fig. 3 indicates that ANFIS training produced only slight
changes in the premise parameters. The general shape and distribution
of the input membership functions remain almost unchanged, indicating
that the model adjustment was mainly performed through the conse-
quent parameters rather than by substantially modifying the input fuzzy
partitions.

Figs. 4-7 show the comparison between the experimental values of
global vertical illuminance under all-sky conditions, for the four orien-
tations considered, and the results obtained using the proposed ANFIS
models. As indicated above, these models were developed from three
variables that can be easily obtained at conventional measurement
stations: direct normal irradiance, diffuse horizontal irradiance, and the
cosine of the angle of incidence on the facade.

Fig. 4 shows a good agreement between the experimental and esti-
mated values of global vertical illuminance for the east-facing orienta-
tion (LGVg), for both the training and testing datasets. The coefficients of
determination are high in both cases, with R? = 0.9823 for 2024 and R?
= 0.9882 for 2025, indicating the high predictive capability of the
model. The slope close to 1 confirms that the estimates adequately
follow the trend of the experimental data. A high level of fit is also
observed for the west-facing orientation in Fig. 5 and for the south-
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Fig. 13. Three-dimensional distribution of the standard deviation of experimental LGV for the E- and W-facing orientations in 2024 and 2025.

facing orientation in Fig. 6, with R? values close to or greater than 0.98
and slopes close to 1, confirming the good stability of the model between
training and testing. Likewise, for the north-facing orientation, shown in
Fig. 7, although the fit is somewhat lower and the dispersion is greater,
the model still adequately reproduces the general trend of the experi-
mental data.

4. Results and discussion

This section presents and discusses the results obtained with the
proposed ANFIS approach. First, the influence of the selected input
variables on model performance is examined, followed by an analysis of
the two-dimensional response curves and three-dimensional response
surfaces. The statistical performance of the final ANFIS models is then
evaluated using the 2024 training dataset and the six independent
evaluation years, 2019-2023 and 2025. Their performance is subse-
quently compared with that obtained using quadratic response-surface
regression and ANN models. Finally, the errors are analyzed under
different sky, seasonal, and solar-geometry conditions to identify the
situations associated with increased dispersion or systematic bias.

4.1. Influence of the selected input variables on ANFIS performance

To determine the influence of DHI on LGV prediction, its contribu-
tion was first evaluated by comparing the reduced M2 model, based on
DNI and cos(0), with the complete M3 model, based on DNI, cos(6), and
DHI. Both models were trained using the 2024 data and evaluated using
exactly the same 750,294 records corresponding to the six independent
years. The results are shown in Table 2.

As shown in Table 2, incorporating DHI into the models reduced both
nRMSE and nMAE for all four orientations. The relative reduction in
nRMSE ranged from 46.4% to 59.5%, whereas that in nMAE ranged from

56.5% to 64.7%. The greatest improvement was obtained for the north-
facing facade, which is consistent with the greater relative contribution
of diffuse radiation to this orientation. In addition, both errors decreased
in all 24 combinations formed by the four orientations and the six in-
dependent years. Therefore, the improvement was not specific to a
particular orientation or year, and the results quantitatively support
retaining DHI as a predictor.

The remaining metrics also improved when DHI was included in the
models. Specifically, nMBE decreased from 2.17% to 0.85% for the east-
facing facade, from 2.01% to 0.71% for the west-facing facade, from
6.12% to 2.66% for the north-facing facade, and from 2.39% to 0.68%
for the south-facing facade. Similarly, R? increased from 0.95 to 0.98,
from 0.96 to 0.99, from 0.38 to 0.90, and from 0.94 to 0.99, respectively.
IA increased from 0.99 to 1.00 for the east-, west-, and south-facing
facades and from 0.75 to 0.97 for the north-facing facade. Further-
more, DHI represents the availability of diffuse sky radiation, which
cannot be determined using DNI and cos(6) alone. When cos(0) is
negative, the Sun is behind the facade plane and there is no direct solar
incidence, although LGV may remain significant because of diffuse
daylight. In addition, DHI is more commonly available at radiometric
stations than vertical diffuse irradiance, allowing LGV to be estimated
without requiring additional vertical measurements. Based on the
above, DNI, cos(0), and DHI were selected as the final model inputs.

4.2. Analysis of ANFIS response surfaces

The results obtained for the E-, W-, N-, and S-facing orientations
using the ANFIS models described in the previous section are presented.
The experimental input-output domain was visualized with DNI, DHI,
and cos(0) represented on the three spatial axes and global vertical
illuminance (LGV) encoded by color. Each point corresponds to an exact
combination of DNI, DHI, and cos(6). When two or more experimental
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Fig. 14. 2D projections of the input space and mean experimental and ANFIS-estimated LGV values for the training dataset (2024): DNI-cos(0), cos(6)-DHI, and

DNI-DHI.

observations had exactly identical values of the three inputs, their LGV
measurements were averaged to avoid the overlap of coincident points.
Input combinations occurring only once retained their original experi-
mental LGV value. Because ANFIS is deterministic, identical input
combinations produce the same estimated LGV value.

Fig. 8 shows the three-dimensional distribution of the input space
defined by DNI, DHI, and cos(6), with experimental and ANFIS-
estimated LGV values represented by color for the east- and west-
facing orientations in the 2024 training dataset. Both orientations
exhibit similar response patterns, consistent with their comparable
incidence geometry relative to the daily solar path, although the direct

12

contribution is concentrated in the morning for the east-facing facade
and in the afternoon for the west-facing facade. Higher LGV values
generally occur when high DNI coincides with large positive values of
cos(0), reflecting the combined effect of available direct radiation and
favorable incidence geometry. DHI accounts for the diffuse contribution
throughout the input domain, including conditions in which the direct
component is limited by the facade orientation.

Fig. 9 shows the three-dimensional distribution of the input space
defined by DNI, DHI, and cos(6#) with experimental and ANFIS-estimated
LGV values represented by color for the north- and south-facing orien-
tations in the 2024 training dataset. The two orientations exhibit clearly
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Fig. 15. 2D projections of the input space and mean experimental and ANFIS-estimated LGVyy values for the training dataset (2024): DNI-cos(0), cos(6)-DHI, and

DNI-DHI.

different response patterns. The north-facing facade presents lower LGV
values, consistent with its limited direct solar contribution and the
greater relative importance of diffuse radiation. In contrast, the south-
facing facade reaches higher LGV values, particularly when high DNI
coincides with large positive values of cos(d), indicating favorable
incidence geometry. Compared with the east- and west-facing facades,
the south-facing orientation exhibits a broader region of high LGV
values, whereas the north-facing facade presents the lowest illuminance
levels.

Fig. 10 shows the three-dimensional distributions for the east- and
west-facing orientations in the 2025 independent test dataset. Their

13

general patterns are similar to those observed for the 2024 training
dataset in Fig. 8. Higher LGV values generally occur when high DNI
coincides with positive and high cos(0), whereas lower values are
associated with less favorable incidence geometry.

Fig. 11 shows that, in the 2025 test dataset, the three-dimensional
distributions for the north- and south-facing orientations maintain a
structure very similar to that observed in the 2024 training data, shown
in Fig. 9. For the north-facing orientation, LGV values remain lower and
dominated by a more diffuse response, whereas for the south-facing
orientation, the higher-illuminance regions associated with high DNI
and cos(0) values are preserved.
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Fig. 16. 2D projections of the input space and mean experimental and ANFIS-estimated LGV values for the training dataset (2024): DNI-cos(60), cos(6)-DHI, and

DNI-DHI.

To characterize the experimental dispersion associated with iden-
tical combinations of DNI, DHI, and cos(6), the standard deviation of the
measured LGV values was calculated. Figs. 12 and 13 show the exact
combinations that occurred more than once. No equivalent representa-
tion is included for ANFIS because, as a deterministic model, it assigns a
single output to each input combination. As can be observed, the stan-
dard deviation of experimental LGV is generally low, with only a few
localized values of greater magnitude. No extensive region of the input
space exhibits high variability. Therefore, averaging coincident obser-
vations does not conceal substantial local dispersion and supports the
qualitative interpretation of the color distributions shown in Figs. 8-11.

14

The standard deviations of the ANFIS estimates were not included
because, as deterministic models, they produce identical values under
identical input conditions.

In addition to the results shown in Figs. 8-11, two-dimensional
projections were included to assess whether the trends estimated by
ANFIS reproduce those observed in the experimental LGV values aver-
aged within each cell of the projected input space, thereby facilitating
comparison between the experimental data and the model estimates.
Fig. 14 shows the two-dimensional projections of the input space for the
east-facing orientation, comparing the mean experimental and esti-
mated LGVg values. The DNI-cos(0) projection clearly shows the
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Fig. 17. 2D projections of the input space and mean experimental and ANFIS-estimated LGVy values for the training dataset (2024): DNI-cos(6), cos(6)-DHI, and
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Table 3 Table 4
Normalized performance metrics of the ANFIS models for the 2024 training Normalized performance metrics of the ANFIS models for the 2025 independent
dataset in the four orientations. test dataset in the four orientations.
Orientation nRMSE (%) nMBE (%) nMAE (%) R? 1A Orientation nRMSE (%) nMBE (%) nMAE (%) R? 1A
E 16.3799 0.0000 9.6963 0.9823 0.9955 E 12.7619 —0.4812 7.3155 0.9882 0.9970
w 13.2359 0.0000 8.3114 0.9882 0.9970 w 12.0687 0.0368 7.4817 0.9899 0.9974
N 13.2844 0.0000 9.6002 0.9338 0.9826 N 15.4101 —1.4233 9.5110 0.8964 0.9725
S 12.2176 0.0000 7.5422 0.9885 0.9971 S 12.0921 0.8134 7.2552 0.9844 0.9962
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Fig. 18. Comparison of the nRMSE, nMBE, and nMAE performance metrics for the training (2024) and test (2025) datasets in the four orientations.
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Table 5 Table 7

Normalized performance metrics of the ANFIS models for 2019. Normalized performance metrics of the ANFIS models for 2021.
Orientation nRMSE (%) nMBE (%) nMAE (%) R? 1A Orientation nRMSE (%) nMBE (%) nMAE (%) R? 1A
N 18.1611 7.2043 13.5371 0.8975 0.9729 N 16.0821 1.6785 11.1461 0.8964 0.9726
E 13.8149 1.9544 8.0893 0.9863 0.9966 E 15.7601 0.8377 9.0539 0.9826 0.9957
S 10.6400 1.3709 6.9144 0.9887 0.9972 S 11.3958 0.0409 7.2270 0.9874 0.9969
w 12.4997 1.9048 7.6751 0.9899 0.9975 w 12.3923 0.2169 7.8628 0.9887 0.9971

Table 6 Table 8

Normalized performance metrics of the ANFIS models for 2020. Normalized performance metrics of the ANFIS models for 2022.
Orientation nRMSE (%) nMBE (%) nMAE (%) R? 1A Orientation nRMSE (%) nMBE (%) nMAE (%) R? 1A
N 22.5976 5.6428 15.8250 0.8551 0.9596 N 13.5361 2.8444 10.0191 0.9195 0.9789
E 14.6454 1.4721 8.5824 0.9847 0.9962 E 13.1617 0.5697 7.6990 0.9862 0.9965
S 11.0609 0.9010 7.0797 0.9886 0.9972 S 9.9087 0.4349 6.4406 0.9892 0.9973
w 12.5398 1.6252 7.7389 0.9899 0.9975 w 10.8542 0.4496 6.7586 0.9905 0.9976
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Table 9

Normalized performance metrics of the ANFIS models for 2023.
Orientation nRMSE (%) nMBE (%) nMAE (%) R? 1A
N 13.2161 0.1707 9.6024 0.9283 0.9809
E 16.5043 0.5671 9.4815 0.9792 0.9948
S 12.1706 0.3678 7.7546 0.9858 0.9965
w 12.7815 —0.0038 7.9924 0.9879 0.9969

increase in LGV associated with high values of both variables, while the
cos(0)-DHI and DNI-DHI projections reflect the contribution of the
diffuse component under different geometric conditions.

The similarity between the experimental maps and those obtained
using ANFIS confirms that the model adequately reproduces the mean
patterns observed in the input space. The figure shows that high DNI
values do not necessarily imply high vertical illuminance values on the
east-facing facade. DNI represents the direct radiation available in the
direction of the Sun, measured normal to the solar beam, but by itself it
does not indicate whether this radiation effectively strikes a specific
facade. For the direct component to contribute effectively to LGV, high
DNI must coincide with favorable incidence geometry, that is, with

Table 10

positive and high values of cos(8). When cos(6) is low, close to zero, or
negative, direct radiation is not effectively projected onto the east-facing
facade, even if DNI is high. Under these conditions, LGVE remains low or
is mainly dominated by the diffuse component.

Fig. 15 shows, for the west-facing orientation, a pattern very similar
to that previously observed for the east-facing facade. This similarity is
consistent with the comparable geometric behavior of both orientations,
since in each case cos(0) is calculated with respect to the corresponding
facade. Therefore, although the direct contribution occurs at different
times of the day, the relationship among DNI, DHI, cos(6), and LGV
shows a similar structure for both facades. In addition, the correspon-
dence between the experimental maps and those estimated using ANFIS

Absolute RMSE and MAE values (lux) of the ANFIS models for the four facade orientations during the training year (2024) and the six independent evaluation years

(2019-2023 and 2025).

Year RMSE (lux) MAE (lux)
E w N S E w N S
2019 2607.6 2177.4 1274.4 2648.9 1526.9 1337.0 949.9 1721.4
2020 2606.9 2154.8 1637.7 2607.2 1527.6 1329.8 1146.9 1668.8
2021 2583.6 2361.1 1275.6 2567 1484.2 1498.1 884.1 1628
2022 2561.9 2375.4 1104.7 2572.7 1498.6 1479.1 817.7 1672.3
2023 2915.1 2411.2 1086.1 2823.1 1674.7 1507.7 789.1 1798.8
2024 2315.8 2130.5 1032.2 2420.4 1370.9 1337.8 745.9 1494.2
2025 2470.3 2202.2 1287.7 2565.3 1416.1 1365.2 794.8 1539.2
Table 11
Comparison of the M3 models over the six independent evaluation years.
Orientation Method nRMSE (%) nMBE (%) nMAE (%) R? 1A
East ANFIS 14.4414 0.8200 8.3703 0.9845 0.9961
East ANN 15.7019 0.9396 9.7987 0.9820 0.9955
East Regression 32.8755 —0.3899 25.0765 0.9205 0.9788
West ANFIS 12.1894 0.7049 7.5849 0.9894 0.9973
West ANN 14.4013 1.1422 9.8951 0.9853 0.9963
West Regression 32.3135 —0.5440 24.5721 0.9259 0.9805
North ANFIS 16.5005 2.6862 11.6068 0.8989 0.9729
North ANN 18.4973 2.6201 13.1748 0.8746 0.9653
North Regression 24.2395 2.9718 17.1124 0.7814 0.9354
South ANFIS 11.2113 0.6548 7.1119 0.9873 0.9969
South ANN 11.4125 0.5829 7.7893 0.9871 0.9968
South Regression 14.1714 0.6069 10.0533 0.9798 0.9950
Table 12
Comparison of the M3 models for the 2024 training dataset.
Orientation Method nRMSE (%) nMBE (%) nMAE (%) R? 1A
East ANFIS 16.3799 0.0000 9.6963 0.9823 0.9955
East ANN 18.0805 0.2666 11.5266 0.9784 0.9945
East Regression 37.0284 0.0000 28.1681 0.9095 0.9758
West ANFIS 13.2359 0.0000 8.3114 0.9882 0.9970
West ANN 15.6167 0.2694 10.3720 0.9836 0.9958
West Regression 32.3109 0.0000 24.4598 0.9298 0.9815
North ANFIS 13.2844 0.0000 9.6002 0.9338 0.9826
North ANN 14.8044 —0.0164 10.5128 0.9178 0.9782
North Regression 19.1094 0.0000 13.5485 0.8631 0.9620
South ANFIS 12.2176 0.0000 7.5422 0.9885 0.9971
South ANN 12.8788 0.1090 8.5051 0.9872 0.9968
South Regression 15.1260 0.0000 10.5983 0.9824 0.9955
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Fig. 20. Coefficient of determination (R?) obtained by the ANFIS, ANN, and quadratic response-surface regression models for the north-, east-, south-, and west-

facing facades.

is very high, confirming that the model also adequately reproduces the
mean LGV patterns for the west-facing orientation.

The 2D projections for the south- and north-facing orientations,
shown in Fig. 16 and Fig. 17, respectively, present more contrasting
behaviors than those previously observed for the east- and west-facing
orientations. For the south-facing orientation, the maps show a more
intense and broader LGV response, with high values extending across the
regions of higher DNI and cos(0), confirming the greater weight of the
direct component when the incidence geometry is favorable. This
pattern is more marked than in the east- and west-facing orientations,
where the response was similar between both facades but somewhat
more balanced in its distribution. For the north-facing orientation, in
contrast, the LGV range is clearly lower, and the response appears less
dominated by the DNI-cos(6) combination. The distribution shows a
greater influence of DHI, consistent with an orientation where the
diffuse component has greater relative weight. Unlike the east- and
west-facing orientations, which present comparable patterns due to
their geometric symmetry, the north- and south-facing orientations
represent the two extremes of radiative behavior: Fig. 16 concentrates
the highest values and Fig. 17 the lowest ones. In both cases, the simi-
larity between the experimental and ANFIS maps confirms that the
model adequately reproduces these differentiated patterns.

4.3. Statistical performance and independent evaluation of the ANFIS
models

This Section presents the statistical results obtained with Egs. (8)-
(12). Table 3 and Table 4 show the performance of the ANFIS models for
the four orientations, for both the training dataset and the independent
test dataset. In training, the nRMSE values range from 12.2% to 16.4%,
while in testing they remain between 12.1% and 15.4%, indicating
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consistent performance between the training and the independent test
datasets. In addition, the nMAE values are lower than the nRMSE values
in all cases, with values ranging from 7.3% to 9.5%, indicating that the
mean absolute error remains relatively low. The nMBE is practically zero
in training and very low in testing, with small deviations between
—1.4% and 0.8%. This indicates that the models do not show any rele-
vant systematic bias, although a slight underestimation is observed for
the north-facing orientation in the test dataset. The R? and IA values are
high for all orientations, especially for E, W, and S, with R? values close
to or greater than 0.98 and IA values above 0.996 in most cases. The
north-facing orientation shows the lowest fit, especially in testing, with
R? = 0.8964 and IA = 0.9725, although these values still indicate
adequate predictive capability considering the lower availability of the
direct component and the greater influence of diffuse radiation on this
facade. Overall, the results confirm that the ANFIS models reproduce
global vertical illuminance accurately for the four orientations.

Fig. 18 summarizes the normalized performance metrics obtained for
the ANFIS models in the four orientations, using 115,250 training re-
cords (year 2024) and 118,775 independent test records for the year
2025. The nRMSE values obtained for the test set remain within a nar-
row range, which indicates robust predictive performance considering
the large size and variability of the dataset, including different sky
conditions, solar geometries, and illuminance levels. In addition, the
nMAE values are lower and the nMBE values are also close to zero, with
only small positive or negative deviations depending on the orientation,
indicating limited mean systematic bias. These results show that the
proposed ANFIS models provide accurate and stable predictions of
global vertical illuminance across all facade orientations. In view of the
results obtained for the training and test data shown in Fig. 18, the
reproducibility of the developed models was analyzed over five years
prior to 2024, which were therefore not used in model fitting.
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Fig. 21. nRMSE obtained by the ANFIS, ANN, and quadratic response-surface regression models for the north-, east-, south-, and west-facing facades.

As shown in Fig. 19, the ANFIS models exhibit overall stable
behavior between 2019 and 2025, although only 2024 was used for
model training. In the normalized error metrics, nRMSE and nMAE, the
N orientation shows somewhat higher values, indicating that it is the
most difficult orientation to reproduce. This is consistent with a greater
dependence on diffuse and reflected radiation and on more variable sky
conditions. The E, S, and W orientations show lower and more stable
errors, with the S orientation generally among the best-performing
cases. These results indicate that the proposed approach can estimate
global vertical illuminance (LGV) with good accuracy using only basic
radiometric and geometric variables, namely DNI, DHI, and cos(0). This
is especially relevant because it does not require measured global ver-
tical irradiance values as input and facilitates its application to data-
bases where only horizontal solar irradiance components are available.
The consistent interannual performance, together with the high R2
values and low normalized errors, indicates that the models consistently
represent the empirical relationship among direct irradiance, diffuse
irradiance, and solar geometry at the study site. Tables 3-9 show the
results graphically represented in Fig. 19.

To complement the normalized error metrics, Table 10 reports the
absolute RMSE and MAE values, expressed in lux, for the four facade
orientations. Across the six independent evaluation years, RMSE ranged
from 1086.1 to 2915.1 1x, whereas MAE ranged from 789.1 to 1798.8 Ix.
In the 2024 training year, RMSE ranged from 1032.2 to 2420.4 1x, while
MAE ranged from 745.9 to 1494.2 Ix.

4.4. Baseline comparison with regression and ANN models

Table 11 reports the arithmetic mean of the six annual values ob-
tained for each performance metric during the independent evaluation
period for the comparison using DNI, cos(8), and DHI as predictors.
Considering the 24 combinations formed by the four orientations and
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the six independent years, the mean nRMSE was 13.59% for ANFIS,
15.00% for ANN, and 25.90% for quadratic regression. The corre-
sponding mean nMAE values were 8.67%, 10.16%, and 19.20%,
respectively. As can be observed, ANFIS and ANN therefore provided
substantially lower errors than the quadratic response-surface models.
The differences between ANFIS and ANN were comparatively small.
ANFIS produced lower nRMSE and nMAE values than ANN for all four
orientations, although the difference was particularly small for the
south-facing facade. Across all orientations and independent years, the
mean differences between ANN and ANFIS were 1.42 percentage points
in nRMSE and 1.50 percentage points in nMAE, with ANFIS providing
the lower mean errors. These results indicate that the two nonlinear
methods provide broadly comparable predictive performance when ar-
chitectures of approximately equivalent complexity are used, although
ANFIS yielded lower mean errors during independent evaluation. A
similar behavior was observed for the models with fewer input variables.

Likewise, the results obtained for the 2024 training dataset are
shown in Table 12. ANFIS and ANN again exhibited similar perfor-
mance, with nRMSE values ranging from 12.22% to 16.38% for ANFIS
and from 12.88% to 18.08% for ANN. As in the independent evaluation,
ANFIS produced lower nRMSE and nMAE values than ANN for all four
facades. The quadratic regression model showed substantially higher
errors for the east-, west-, and north-facing facades, with nRMSE values
of 37.03%, 32.31%, and 19.11%, respectively. Its performance was
closer to that of the nonlinear models for the south-facing facade,
although its nRMSE and nMAE remained higher. The training results
reproduce the same relative behavior observed during independent
evaluation: ANFIS and ANN provide comparable performance, whereas
the quadratic response surface has insufficient flexibility to represent the
relationship between DNI, DHI, cos(6), and LGV, particularly for the
east- and west-facing facades.

The results show a moderate predictive advantage of ANFIS over
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Fig. 22. nMBE obtained by the ANFIS, ANN, and quadratic response-surface regression models for the north-, east-, south-, and west-facing facades.

ANN. In addition, the relevance of ANFIS lies in combining predictive
performance with a more interpretable neuro-fuzzy structure. In the M3
model, each input is represented by four partially overlapping Gaussian
membership functions, producing 64 Sugeno rules associated with spe-
cific regions of the DNI-cos(8)-DHI input space. This structure makes it
possible to examine which rules are activated for a particular observa-
tion, their relative activation strengths, and the consequent values
contributing to the final estimate.

Figs. 20-24 show the annual performance of the M3 models for the
training year and the six independent evaluation years. ANFIS and ANN
exhibit similar interannual patterns. In contrast, quadratic regression
produces consistently higher nRMSE and nMAE values, particularly for
the east- and west-facing facades. Its performance is comparatively
better for the south-facing facade but remains below that of ANFIS and
ANN. The similar relative behavior observed during training and inde-
pendent evaluation indicates that the differences between the methods
are not limited to a particular evaluation year.

As shown above, considering the mean values obtained over the six
independent evaluation years, the nRMSE of the ANFIS model ranged
from 11.21% to 16.50%, that of the ANN ranged from 11.41% to
18.50%, and that of quadratic regression ranged from 14.17% to
32.88%, depending on the orientation analyzed. The mean nMAE values
ranged from 7.11% to 11.61% for ANFIS, from 7.79% to 13.17% for the
ANN, and from 10.05% to 25.08% for quadratic regression.

Regarding published models that use an equivalent definition of
relative RMSE, the best conventional model developed by Kong and Kim
[20] obtained annual values of 24.79%, 22.68%, 15.97%, and 21.37%
for the north-, east-, south-, and west-facing orientations, respectively.
Aghimien and Li [18] reported monthly values ranging from 10.6% to
39.9%, depending on the month and orientation. The ANFIS models
generally yielded lower errors than these conventional models.
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In contrast, the machine-learning models evaluated by Li and Aghi-
mien [25] using independent data obtained values ranging from 7.7% to
16.8%. The results of the present study are therefore of the same order of
magnitude, although they are not lower for all orientations. It should
also be noted that the models developed by Li and Aghimien [25] use
measured vertical irradiance, whereas the proposed methodology esti-
mates LGV directly from DNI, DHI, and incidence geometry.

According to the accuracy classification adopted by Li and Aghimien
[25], 23 of the 24 results corresponding to the four orientations and the
six independent years can be classified as good or excellent. The only
exception is the north-facing facade in 2020, whose nRMSE of 22.60% is
classified as acceptable. Therefore, the accuracy achieved in the present
study can be considered adequate for estimating LGV at the study site
when direct measurements are unavailable, particularly for the east-,
south-, and west-facing orientations.

4.5. Error analysis under different sky, seasonal, and solar-geometry
conditions

To examine the robustness of the three-input ANFIS models in
greater detail, an error analysis was performed using exclusively the six
independent evaluation years, 2019-2023 and 2025. The same all-sky
models developed using the 2024 data were retained without retrain-
ing and analyzed according to sky condition, season, solar altitude, and
cos(0). This makes it possible to examine the extent to which the re-
lationships learned from the 2024 data are maintained under different
sky conditions, seasons, and solar-geometry configurations.

Sky conditions were classified using the eight intervals of the Perez
et al. [31] sky-clearness index, from P1 (1 < ¢ < 1.065), corresponding
to the most overcast conditions, to P8 (¢ > 6.2), associated with the
clearest conditions. The seasonal analysis considered winter, spring,
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Fig. 23. nMAE obtained by the ANFIS, ANN, and quadratic response-surface regression models for the north-, east-, south-, and west-facing fagades.

summer, and fall. Solar geometry was evaluated using four solar-altitude
intervals and four cos(0) intervals, together with a joint analysis of both
variables. For each orientation and subset, nRMSE and nMBE were
calculated.

Analysis of Fig. 25 shows a clear dependence of the error on the Perez
sky-clearness interval. For all four orientations, the highest nRMSE
values occur in the first intervals, corresponding to lower-clearness
conditions, and progressively decrease toward P8. The maximum
value is generally obtained in P2, reaching approximately 24% for the
north-facing facade, 31% for the east-facing facade, 26% for the south-
facing facade, and 23% for the west-facing facade. From P3 onward, the
error decreases steadily, particularly for the east-, south-, and west-
facing facades, for which nRMSE reaches values close to 6%, 5%, and
6%, respectively, in P8. For the north-facing facade, the reduction is less
pronounced, and nRMSE remains around 13% in the highest-clearness
intervals.

The behavior of nMBE is more dependent on orientation. For the
east-, south-, and west-facing facades, a marked underestimation is
observed in P2, with values ranging approximately from —14% to
—17%. Its magnitude decreases in P3 and changes to slight over-
estimation from P4 onward. In the P4-P8 intervals, the bias generally
remains close to zero. The north-facing facade shows small positive
biases in the first intervals, which progressively increase toward higher-
clearness conditions and reach approximately 6% in P8. The results
show a general improvement in accuracy as sky clearness increases,
although the transition between the first intervals is not strictly mono-
tonic and the bias behavior depends on orientation.

The seasonal analysis shown in Fig. 26 indicates that the highest
errors occur in winter for all four orientations. This effect is particularly
pronounced for the north-facing facade, where nRMSE reaches
approximately 32%, compared with values of about 12% to 17% during
the rest of the year. For the east- and west-facing facades, winter nRMSE
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is around 20%, whereas in spring, summer, and fall it decreases to
approximately 10% to 15%. The south-facing facade shows the most
stable behavior and the lowest seasonal errors, with an nRMSE close to
14% in winter and below 11% during the other seasons.

The nMBE results confirm that the deterioration in winter is not due
solely to greater dispersion, but also to systematic overestimation. The
positive bias reaches approximately 10% for the north-facing facade, 5%
for the east-facing facade, 3% for the south-facing facade, and 6% for the
west-facing facade. In spring, the bias decreases markedly, while in
summer it becomes slightly negative for all orientations. During fall,
nMBE remains close to zero, except for the north-facing facade, where
moderate overestimation is still observed.

The joint analysis of solar altitude and incidence geometry shown in
Fig. 27 indicates that the highest errors generally occur within the solar-
altitude interval from 5° to 15°. This effect is particularly pronounced
for the north-facing facade, where nRMSE reaches approximately 39%
when the Sun is clearly behind the facade, with —1 < cos(6) < —0.5.
Increased errors at low solar altitudes are also observed for the east-,
south-, and west-facing facades, although the most unfavorable combi-
nations depend on orientation. For the south-facing facade, for example,
nRMSE increases to approximately 28% under highly positive incidence
conditions, whereas the maximum values for the east- and west-facing
facades are approximately 23% and 19%, respectively.

As solar altitude increases, the errors decrease for most geometric
combinations. At solar altitudes above 30°, nRMSE values generally
remain between approximately 6% and 15%, except under some unfa-
vorable conditions for the north-facing facade. This indicates that the
model reproduces LGV more accurately when the solar position is higher
and the relationship among direct irradiance, diffuse irradiance, and
incidence geometry is better defined.

The nMBE results show a similar trend. The largest positive biases
occur mainly at low solar altitudes, reaching approximately 16% for the
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Fig. 24. Index of agreement (IA) obtained by the ANFIS, ANN, and quadratic response-surface regression models for the north-, east-, south-, and west-facing facades.

north-facing facade and values close to 10% to 14% for some combi-
nations corresponding to the east-, south-, and west-facing facades. At
medium and high solar altitudes, the bias generally remains close to
zero, although some moderate positive or negative deviations are
observed depending on orientation and cos(6). Cells marked as NA
correspond to geometric combinations with no valid records, as a
consequence of the available solar geometry and the filtering criteria
applied.

The separate analysis of solar altitude shown in Fig. 28 confirms the
trend observed in the joint geometric analysis. For all four orientations,
the highest nRMSE and nMBE values occur at solar altitudes between 5°
and 15°, with a particularly pronounced effect for the east- and south-
facing facades. As solar altitude increases, both error and bias gener-
ally decrease, reaching their lowest values at solar altitudes above 30°.
The west-facing facade shows a slight deviation from this trend at solar
altitudes above 45°, although its errors remain clearly lower than those
obtained under low-sun conditions.

The separate analysis of cos(0) shows that the effect of solar inci-
dence depends on orientation. As shown in Fig. 29, the north-facing
facade exhibits the highest error when the Sun is clearly behind the
surface, whereas for the east- and west-facing facades, nRMSE tends to
decrease as the incidence changes from negative to positive. The south-
facing facade likewise shows lower errors for positive values of cos(6).
The nMBE generally remains close to zero, except under some unfa-
vorable incidence conditions, particularly for the north-facing facade.

The highest errors occur under overcast skies, during winter, and at
solar altitudes between 5° and 15°, particularly for the north-facing
facade. The geometric analysis confirms that the influence of cos(6)
depends on orientation and that combinations of low solar altitude and
unfavorable incidence represent the most demanding conditions. This
behavior may be related to the greater relative contribution of the
diffuse and reflected components and to the greater sensitivity of

vertical illuminance to small changes in solar geometry. In addition, the
lower mean LGV values in some of these subsets may increase the
normalized errors. Under the remaining conditions, nMBE generally
remains close to zero, indicating limited systematic bias.

Therefore, the results obtained for the independent years
(2019-2023 and 2025), which were not used during model training,
indicate consistent temporal performance of the developed models at
the study site. However, spatial generalization cannot be established
from the present results because the developed models need to be vali-
dated using independent datasets from other measurement sites to assess
their transferability under different environmental conditions.

5. Conclusions

This study developed four ANFIS models to estimate global vertical
illuminance (LGV) on north-, east-, south-, and west-facing facades
under all-sky conditions. The models use three radiometric and geo-
metric predictors that can be measured or calculated from data
commonly available at radiometric stations: direct normal irradiance,
diffuse horizontal irradiance, and the facade-specific cosine of the
incidence angle. The main contribution of the proposed methodology is
the direct estimation of LGV without requiring measured vertical irra-
diance, explicit sky classification, or an intermediate luminous-efficacy
calculation.

The models were trained exclusively with 115,250 records from
2024 and evaluated with 750,294 records from six independent years,
corresponding to 2019-2023 and 2025. For the training dataset, nRMSE
ranged from 12.22% to 16.38% and nMAE from 7.54% to 9.70%. Across
the six independent years, nRMSE ranged from 9.91% to 22.60%, nMAE
from 6.44% to 15.83%, R? from 0.855 to 0.991, and IA from 0.960 to
0.998. The east-, south-, and west-facing models maintained nRMSE
values of 16.50% or lower, whereas the north-facing model presented
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Perez sky-clearness bins - Independent evaluation (2019-2023 and 2025): nRMSE (%)
(a) North-facing facade (b) East-facing facade
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Fig. 25. nRMSE and nMBE of the M3 ANFIS models for the eight sky-clearness intervals defined by Perez et al. [31] during the six independent evaluation years.
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Seasonal error analysis - Independent evaluation (2019-2023 and 2025): nRMSE (%)
(a) North-facing facade (b) East-facing facade
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Fig. 26. Seasonal nRMSE and nMBE of the M3 ANFIS models during the six independent evaluation years.
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Joint solar-geometry analysis - Independent evaluation (2019-2023 and 2025): nRMSE (%)
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Fig. 27. nRMSE and nMBE of the M3 ANFIS models as functions of solar altitude and cos(0) during the six independent evaluation years.

the highest errors, particularly in 2020. This orientation was therefore
the most difficult to reproduce, which is consistent with its lower direct
contribution and greater relative dependence on diffuse radiation.

The contribution of DHI was quantified by comparing the reduced
M2 models, based on DNI and cos(0), with the complete M3 models,
based on DNI, cos(6), and DHI. For the combined six-year independent
dataset, including DHI reduced nRMSE by 46.4% to 59.5% and nMAE by
56.5% to 64.7%, depending on fagade orientation. Both errors decreased
in all 24 orientation-year combinations, with the largest relative
improvement obtained for the north-facing facade. These results
confirm that DHI provides predictive information that cannot be

25

represented using only DNI and incidence geometry and support its in-
clusion in the proposed models.

The baseline comparison showed that ANFIS and ANN achieved
comparable predictive accuracy, whereas quadratic regression produced
substantially higher errors, particularly for the east- and west-facing
facades. The condition-based analysis showed that the largest errors
occurred under low sky-clearness conditions, during winter, and at solar
altitudes between 5° and 15°, especially for the north-facing facade.
Under the remaining conditions, the models generally maintained
limited systematic bias.

The results support the use of the proposed ANFIS models to estimate
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Error analysis by solar altitude - Independent evaluation (2019-2023 and 2025): nRMSE (%)
(a) North-facing facade (b) East-facing facade
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Fig. 28. nRMSE and nMBE of the M3 ANFIS models for different solar-altitude intervals during the six independent evaluation years.
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Error analysis by incidence geometry - Independent evaluation (2019-2023 and 2025): nRMSE (%)
(a) North-facing facade (b) East-facing facade
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Fig. 29. nRMSE and nMBE of the M3 ANFIS models for different cos(6) intervals during the six independent evaluation years.
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