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Abstract 
Sparse angular measurements limit the prediction of solar-panel spectral bidi-
rectional reflectance distribution functions (BRDFs), particularly near local-
ized high-reflectance features. This study combines a wavelength-wise five-
parameter semi-empirical model with two ExtraTrees regressors that predict 
a log-ratio residual and a direct log-spectrum. Their predictions are fused in 
log space, with reconstruction scale and fusion weight selected exclusively 
within each outer training partition. Measurements of a small solar-panel 
model containing solar cells under a glass covering comprise 120 angular con-
figurations and 342 wavelengths from 500.08 to 759.85 nm. All configurations, 
including the highest-reflectance configuration, enter the primary evaluation; 
physically equivalent normal-view geometries remain together during split-
ting. Across 100 grouped random splits, the nested fusion model achieves 
mean global R2 of 0.7932, RMSE of 0.002421 sr−1, cosine-weighted normalized 
squared error of 4.2545%, and spectral angle of 2.1984˚. Four incidence-angle 
holdouts yield mean R2 of 0.8378 and RMSE of 0.002176 sr−1. The high-reflec-
tance configuration has mean held-out RMSE of 0.008614 sr−1 over its 15 test 
occurrences in the random protocol, indicating substantial local sensitivity de-
spite improved aggregate amplitude prediction. These results support internal 
prediction over the sampled geometry and spectral range, while limited angu-
lar coverage, nominal white-reference calibration, and unavailable repeat meas-
urements constrain physical interpretation and uncertainty assessment. 
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1. Introduction 

The bidirectional reflectance distribution function (BRDF) relates reflected radi-
ance to incident irradiance and specifies their directional dependence [1]. It is 
used in optical-scattering characterization, target radiometry, and scene simula-
tion. Rough-surface, microfacet, anisotropic, and comprehensive reflection mod-
els describe different aspects of surface appearance [2]-[5]. Diffuse-reflection 
models, alternative angular parameterizations, measured reflectance representa-
tions, and comparative studies extend these descriptions to more complex mate-
rials [6]-[10]. Their usefulness under sparse measurement depends on both the 
suitability of the model and the geometry of the available observations. 

Multiband optical observations support material characterization, while statis-
tical five-parameter models provide compact descriptions of measured BRDFs 
[11] [12]. Solar-cell and photovoltaic-module measurements show directional re-
sponses that depend on the surface and its covering; periodic structure, out-of-
plane scattering, structured glass, and wave-optics effects have been studied in this 
context [13]-[17]. Such findings motivate geometry-dependent spectral predic-
tion, but do not establish the detailed optical structure of an uncharacterized spec-
imen. Here, the specimen is a small model fitted with actual solar cells and covered 
by glass. Its cell technology, glass coating, and fine surface structure have not been 
independently characterized. 

Automated BRDF measurement and learned reflectance representations offer 
additional routes to material and appearance characterization [18]-[20]. Ex-
traTrees, random forests, boosting, and multi-output regression provide nonlin-
ear prediction tools [21]-[24], while principal components, Gaussian processes, 
and high-dimensional calibration methods offer alternative representations of 
correlated outputs [25]-[28]. This study uses two multi-output ExtraTrees regres-
sors to learn complete spectra from angular coordinates. A positive semi-empiri-
cal anchor supports multiplicative residual learning, and log-domain fusion com-
bines that representation with a direct spectral predictor. 

Evaluation must distinguish model selection from performance assessment 
[29]-[31] and respect dependence among observations [32]-[34]. We therefore 
reevaluate the model using training-only nested selection, physically grouped ran-
dom splits, and held-out incidence-angle layers. The primary analysis retains all 
120 measured configurations. A paired 119-configuration sensitivity analysis and 
explicit held-out prediction of the high-reflectance configuration assess the effect 
of the exclusion used in the earlier evaluation. The revised analysis tests aggregate 
amplitude recovery, spectral shape, and local failure modes without interpreting 
split variability as measurement repeatability. 

2. Methods 
2.1. Specimen, Measurement Data, and Prediction Task 

The specimen is a small solar-panel model fitted with actual solar cells beneath an 
external glass covering. Measurements were made using the indoor spectral BRDF 
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platform at Changchun University of Science and Technology. The acquisition 
documentation describes a solar simulator and reflecting mirror, a sample eleva-
tion platform, azimuth and zenith positioning structures, and fiber-coupled col-
lection using a 74-UV optic and an Ocean QE65 Pro spectrometer. The docu-
mented procedure includes at least 15 min of warm-up, laser-assisted alignment, 
and integration-time adjustment to avoid saturation. The listed spectrometer 
range is 199.36 - 994.96 nm, with an optical resolution specification of 0.47 nm 
FWHM. These are instrument-document specifications; they are not an uncer-
tainty estimate for this measurement batch. 

The angular coordinates are defined in Figure 1. The exported variables x, z, 
and y are in degrees, with: 

 , 0 , 90 , .i i o oz y xθ φ θ φ= = = − =   (1) 

Here, zenith angles are measured from the surface normal; x denotes observa-
tion azimuth and y is the complement of observation zenith. The grid is x = 30˚, 
60˚, 90˚, 120˚, 150˚; z = 30˚, 40˚, 50˚, 60˚; and y = 15˚, 30˚, 45˚, 60˚, 75˚, 90˚. It 
contains 120 labeled configurations. At y = 90˚, observation is normal to the sur-
face and azimuth is undefined physically. The five x labels at each fixed z are there-
fore placed in one physical group for splitting, giving 104 physical geometry 
groups. All measured spectra are retained; no averaging is performed. These 
equivalent labels are not treated as a documented repeatability experiment. 

 

 
Figure 1. Measurement geometry and angular-coordinate definitions for the glass-covered 
solar-panel model. The recorded variables map to the BRDF angles as θi = z, θr = 90˚ − y, 
φi = 0˚, and φr = x. Direction vectors are defined away from the surface. 

 
The reference was a Labsphere Spectralon SRS-99 diffuse-reflectance standard 

with nominal reflectance of 99% [35]. The individual reference’s wavelength-de-
pendent calibration spectrum was unavailable. The exported dataset uses an inte-
gration-time-normalized sample/reference ratio and the nominal Lambertian-ref-
erence conversion: 

( ) ( )
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Here, S and W denote the exported sample and white-reference signals, and t 
denotes integration time. Sample integration times were 800,000 or 2,000,000 μs; 
the reference integration time was 100,000 μs. This conversion reproduces the 
BRDF column throughout the exported dataset. The nominal 0.99 factor is applied 
once. Manufacturer information describes the standard family but does not re-
place the unavailable calibration of the individual standard. Wavelength-depend-
ent departures from 0.99, reference non-Lambertian behavior, and instrumental 
effects are not corrected by this nominal conversion. Although the acquisition 
procedure specifies background handling, its implementation cannot be inde-
pendently reconstructed from the exported signals alone. 

The analyzed dataset contains 41,040 records marked quality_flag = ok, with 
342 wavelength samples from 500.08 to 759.85 nm at every configuration. Adja-
cent exported wavelengths differ by approximately 0.74 - 0.78 nm; this sampling 
interval is distinct from optical resolution. No additional spectral resampling or 
smoothing is applied in the reevaluation. Each configuration supplies one com-
plete output vector: 

 ( ) ( ) ( ) ( ) T
1 2 342, , , , , .r r rx z y f f fλ λ λ =  y  (2) 

No dedicated repeated acquisitions at the same configuration are available. 
Consequently, measurement repeatability, a traceable combined uncertainty 
budget, and uncertainty attributable to positioning or source drift cannot be esti-
mated from these data. The retained high-reflectance configuration is (x, z, y) = 
(30˚, 30˚, 60˚), corresponding to incident zenith 30˚, observation zenith 30˚, and 
observation azimuth 30˚. No configuration is removed because of its reflectance 
magnitude. 

2.2. Five-Parameter Semi-Empirical Anchor 

At each wavelength, the five-parameter model [12] is fitted independently: 

 
( ) ( ) ( ); ; , , ,

.
cos

b r i o
Z d

o

k D k F a b G
f k

α γ θ θ φ
θ

= +  (3) 

The parameters kb and kd control directional and background components, kr 
controls the distribution shape, and a and b control an empirical Fresnel-like term. 
The half-vector inclination is α, the angle between incident direction and half-
vector is γ, and the relative azimuth is φ = φi − φo. Thus: 

 2 cos cos sin sin cos 1
cos ,
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i o i oθ θ θ θ φ
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The distribution and empirical reflection terms are: 
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 ( ) ( ); , exp 1 cos .aF a b bγ γ = −   (7) 

The statistical masking term G uses the retained implementation with constants 

sph 0.0136σ = , 0.0141rσ = , u = 9, and v = 1. Its full computational definition is 
supplied with the reproducibility code. Bounds are [ ]0,50bk ∈ , [ ]0,5dk ∈ , 

[ ]0.05,50rk ∈ , [ ]0.05,25a∈ , and [ ]120,0b∈ − . Bounded least squares uses the 
soft-L1 loss, six initializations, and at most 400 function evaluations per initiali-
zation. Residuals are weighted by ( )max cos ,0.05oθ  and scaled by the train-
ing-data standard deviation at each wavelength. The previous wavelength’s solu-
tion is one candidate initialization when available. All fits, including this initiali-
zation sequence, use only the applicable training partition. 

2.3. Geometry-Informed Correction 

A unit direction vector and the corresponding specular direction are: 

 ( ) [ ]T, sin cos ,sin sin ,cos ,θ φ θ φ θ φ θ=ω  (8) 

 ( ) [ ]Tspec 2 , 0,0,1 .i i= ⋅ − =n n nω ω ω  (9) 

The specular angular deviation is: 

 ( )spec specΔ arccos .o= ⋅ω ω  (10) 

For an in-plane reference direction φg, define: 

 
( ) ( )
( ) ( )

sin cos sin cos
.

sin sin sin sin

o o g i i gx

y o o g i i g

q
q

θ φ φ θ φ φ

θ φ φ θ φ φ

 − − −   =   − − −   
 (11) 

The retained correction functions are: 

 
2
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2g

yx
x y

x y

qq
gφ σ σ

σ σ
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= − + = =      

 (13) 

The implementation retains φg = 0˚ and 90˚. Because σx = σy, these two basis 
functions are identical under rotation. They provide a redundant, regularized cor-
rection, rather than identifying two independent structural axes or measured grid-
line directions. Their coefficients are estimated from training residuals, with 

T
spec 0 90, ,g g g =  g  and training design matrix B: 

 ( ) ( ) ( ) ( )
1T 7 T10 .Zλ λ λ
−−= + −  c B B I B y f  (14) 

The resulting anchor is: 

 ( ) ( ) ( ){ }10 T
phys max 10 , .Zf fλ λ λ−= + g c  (15) 

The subscript phys is retained as a model label. Positivity and explicit geometric 
terms do not establish energy conservation, reciprocity, or a uniquely identified 
optical mechanism. 
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2.4. ExtraTrees Branches and Training-Only Fusion Selection 

Both regressors use [x, z, y] as input and predict a 342-component vector. Input 
standardization is fitted on training configurations. Each regressor has 900 trees, 
minimum leaf size 2, and max_features = 1.0. Tree seeds equal the applicable fit 
seed plus 17 and plus 29. The same architecture and fitting settings are used 
throughout; the server executes 16 independent outer jobs concurrently with one 
computational thread per job. 

The ratio branch learns the logarithmic residual: 

 ( )ratio physlog .=r y f  (16) 

Its reconstruction uses a scale η: 

 ( )ratio phys ratioexp .ˆ ˆη= y f r  (17) 

The direct branch learns: 

 log ,= y  (18) 

and its anchored reconstruction is: 

 ( )direct physexp 1 loˆ g .ˆη η = − + y f  (19) 

The two reconstructions are fused using ratio-branch weight w: 

 ( )ratio directexp log 1 log .ˆ ˆ ˆw w= + −  y y y  (20) 

 

 
Figure 2. Nested evaluation workflow. Only inner-validation predictions select the reconstruction scale and fusion weight. Outer 
test targets are supplied to scoring after model fitting and selection. 

 
All divisions, logarithms, and exponentials are elementwise; positive values are 

clipped below at 10−10. We use η for reconstruction scale to distinguish it from the 
half-vector angle α. The two branches share η, preserving the structure of the ear-
lier 1.05/1.05 formulation. For every outer split, three inner folds evaluate  

{ }0.95,1.00,1.05,1.10η ∈  and { }0,0.25,0.50,0.65,0.75,1.00w∈ . The pair mini-
mizing pooled inner-validation RMSE in linear BRDF units is selected. Pooling 
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sums squared errors over all validation wavelengths and configurations before 
taking the square root. Ties favor η nearest 1, then w nearest 0.5, followed by as-
cending η and w. 

The five-parameter fits, correction coefficients, input scaler, and both regres-
sors are fitted afresh inside each inner training fold. After selection, the complete 
pipeline is refitted on the outer training data and evaluated on the untouched 
outer test data. Figure 2 summarizes the separation. The historical values η = 1.05 
and w = 0.65 are retained only as a labeled comparison. Their original selection 
history does not establish independence from this dataset. The candidate grid was 
frozen before the new outer results were generated; it was not expanded or rese-
lected using those results. 

2.5. Comparison Methods 

Eight variants use identical outer partitions: the five-parameter baseline; the ge-
ometry-corrected anchor; the ratio branch with w = 1; the anchored direct branch 
with w = 0; equal-weight fusion with w = 0.5; nested fusion with η and w selected 
jointly; historical fixed fusion with η = 1.05 and w = 0.65; and pure ExtraTrees 
predicting the direct log-spectrum. For the ratio, anchored-direct, and equal-fu-
sion variants, η is independently selected from the same inner folds with their 
respective w fixed. Pure ExtraTrees is obtained at η = 1 and w = 0, where the an-
chor cancels exactly. It uses the same fitted direct-log regressor, so it supplies a 
controlled anchor-free comparison. The earlier capped-ratio variant is omitted 
from the revised comparison set, which instead emphasizes explicit branch con-
trols and the historical fixed configuration. 

2.6. Evaluation Design and Metrics 

The primary evaluation comprises 100 random splits with seeds 42 - 141 and a 
test fraction of 0.15 applied to the 104 physical groups. Each split holds out 16 
physical groups, corresponding to 16 - 32 labeled configurations because normal-
view groups contain five spectra. The observed test counts are 16, 20, 24, 28, and 
32 in 51, 36, 11, 1, and 1 splits, respectively; training counts range from 104 to 88. 
Inner validation uses three shuffled physical-group folds. All wavelengths of a 
configuration and all physically equivalent normal-view labels remain on the same 
side at both levels. These random splits assess within-grid interpolation and can 
place neighboring geometries in training and test sets. 

For angularly blocked evaluation, each incidence zenith z = 30˚, 40˚, 50˚, or 60˚ 
is held out in turn: 90 configurations train and 30 test. Inner validation leaves out 
one of the three remaining incidence layers at a time. The 40˚ and 50˚ tests inter-
polate between training incidence levels; the 30˚ and 60˚ tests lie outside the inci-
dence range of their respective training folds. The azimuth and observation-ele-
vation grids remain shared, so this is an incidence-block test, not a test of an en-
tirely new angular domain. 

Two additional designs examine the high-reflectance configuration. First, 
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paired restricted-data splits remove it from whichever side contains it in each full-
data partition, then repeat inner selection and outer fitting on the remaining 119 
configurations. Separately, full-data predictions are rescored after omitting only 
this configuration from the test metric; that diagnostic makes no refit. Second, its 
predictions are reported for all 15 occasions on which it is an outer test case in the 
primary random protocol. A supplementary leave-one-configuration-out run 
trains on all other 119 spectra and tests only this configuration, using the same 
nested selection rule. This larger training set is identified explicitly and is not sub-
stituted for the matched-protocol result. 

For N test wavelength-configuration pairs, global R2 and RMSE are: 

 
( )
( )

2

12
2

1

1 ,
ˆN

j jj

N
jj

y y
R

y y
=

=

−
= −

−

∑
∑

 (21) 

 ( )2

1

1RMSE .ˆ
N

j j
j

y y
N =

= −∑  (22) 

The cosine-weighted normalized squared error is: 

 
( ) 2

,1
2

,1

cos
CW-NSE 100% .

cos

ˆN
j j o jj

N
j o jj

y y

y

θ

θ

=

=

 − = ×
  

∑
∑

 (23) 

Equation (23) is a normalized squared pointwise error with effective cos2 
weighting. It contains neither a square root nor solid-angle quadrature and must 
not be interpreted as hemispherical reflected-energy error. Its numerical defini-
tion is preserved while its name and interpretation are corrected. Spectral angle 
mapper (SAM) compares the complete spectra of individual configurations [36] 
[37]: 

 ( )
T

2 2

ˆ
SAM , arccos

ˆ
.ˆ

 
=   

 

y yy y
y y

 (24) 

SAM is converted to degrees and averaged across test configurations. Global 
metrics aggregate all test wavelength-configuration pairs within a split; reported 
protocol means then weight splits equally. Signed relative mean bias is 100 times 
mean (prediction-measurement) divided by mean (measurement). All raw spectra 
retain equal weight in the pointwise metrics, including the retained normal-view 
labels. Split distributions are descriptive sensitivity summaries: repeated splits 
overlap, and neither their spread nor their count represents independent meas-
urement replication. All 205 outer jobs use the existing specimen dataset, making 
this a retrospective internal reevaluation rather than validation on newly acquired 
independent data. 

3. Results 
3.1. Full-Dataset Within-Grid Interpolation 

Table 1 reports all eight variants using the complete 120-configuration dataset. 
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The primary nested fusion model achieves mean global R2 of 0.7932, RMSE of 
0.002421 sr−1, CW-NSE of 4.2545%, and SAM of 2.1984˚. Relative to the five-pa-
rameter baseline, the mean amplitude-sensitive errors decrease substantially. Pure 
ExtraTrees has lower SAM, showing that improvements in amplitude and spectral 
direction are distinct objectives. 

 
Table 1. Mean test metrics across 100 grouped random splits of all 120 configurations. 

Model R2 RMSE (sr−1) CW-NSE (%) SAM (˚) 

Five-parameter −0.0389 0.005568 23.0735 5.8621 

Geometry-corrected −0.0022 0.005405 21.6780 5.6710 

Ratio branch (tuned) 0.6568 0.003021 9.1964 3.0197 

Direct anchored (tuned) 0.6571 0.003195 8.9503 1.2002 

Equal fusion (tuned) 0.7904 0.002440 4.4555 1.7276 

Nested fusion (primary) 0.7932 0.002421 4.2545 2.1984 

Historical fixed fusion 0.8063 0.002315 3.8223 2.0881 

Pure ExtraTrees 0.6732 0.003113 8.4699 1.1300 

 

 
Figure 3. Distributions across the 100 full-data grouped random splits. Boxes show the interquartile 
range and median; whiskers extend to observations within 1.5 interquartile ranges and points show 
the remaining observations. “Nested” denotes training-only fusion selection; “Fixed” denotes the 
historical configuration. These distributions describe partition sensitivity, not measurement uncer-
tainty. 

 
The historical fixed configuration has slightly better mean R2, RMSE, and CW-
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NSE than nested fusion in these random splits. This comparison does not establish 
an independently selected optimum because those fixed values arose during the 
earlier development on the same dataset. The primary result remains the training-
only selection procedure. Figure 3 shows the observed split distributions. Nested-
fusion R2 has median 0.8259, interquartile range 0.7414 - 0.8593, and range 0.4227 
- 0.9511. Its RMSE ranges from 0.000925 to 0.005187 sr−1, indicating substantial 
dependence on which geometries are withheld. 

3.2. Fusion and Selection Sensitivity 

Geometry correction alone raises mean R2 from −0.0389 to −0.0022. The larger 
gain accompanies ExtraTrees prediction: ratio and anchored-direct branches 
achieve mean R2 of 0.6568 and 0.6571, respectively, while equal fusion and nested 
fusion achieve 0.7904 and 0.7932. The pure direct-log ExtraTrees baseline 
achieves 0.6732. Thus, combining the two representations improves mean ampli-
tude metrics over either branch alone in this evaluation, although nested fusion 
does not minimize SAM or outperform every comparison on every metric. 

Across the 100 full-data random splits, inner validation selects η = 0.95, 1.00, 
1.05, and 1.10 in 1, 4, 13, and 82 cases. Selected w values are 0.50, 0.65, 0.75, and 
1.00 in 16, 30, 45, and 9 cases. Frequent selection of the upper η boundary indi-
cates sensitivity to the bounded search; it does not show that 1.10 is a global opti-
mum. The frozen search is retained to preserve the interpretation of the outer 
evaluation. 

3.3. Incidence-Angle Holdouts 

Table 2 reports nested fusion for the four angular blocks. The four-fold mean R2 
is 0.8378, RMSE is 0.002176 sr−1, CW-NSE is 3.5922%, and SAM is 1.6736˚. The 
60˚ block has the largest RMSE and SAM. Figure 4 compares the amplitude met-
rics with the five-parameter and pure ExtraTrees baselines; their four-fold mean 
R2 values are −0.0038 and 0.7239, respectively. 
 
Table 2. Nested fusion with each incidence zenith layer held out. Each fold uses 90 training 
and 30 test configurations. 

Held-out z R2 RMSE (sr−1) CW-NSE (%) SAM (˚) 

30˚ 0.8510 0.002404 2.8639 0.9954 

40˚ 0.8727 0.002037 2.4360 1.1257 

50˚ 0.8776 0.001574 2.0852 1.0910 

60˚ 0.7498 0.002687 6.9837 3.4822 

Four-fold mean 0.8378 0.002176 3.5922 1.6736 

 
Inner validation selects w = 0.5 in every blocked fold, and nested and equal-

fusion predictions coincide in these four tests. The historical fixed fusion gives 
mean R2 of 0.8269 and RMSE of 0.002252 sr−1. The higher blocked mean R2 than 
the random-split mean does not imply that blocked prediction is generally easier: 
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the test composition, target variance, and training geometry differ. The result sup-
ports the specific incidence-layer transfers evaluated here, including two bound-
ary-layer tests, rather than unrestricted angular extrapolation. 

 

 
Figure 4. Incidence-angle holdout results for the five-parameter model, pure ExtraTrees, and nested fusion. 
Each bar represents one outer fold; the remaining incidence levels alone supply training and inner valida-
tion. 

3.4. Sensitivity to the High-Reflectance Configuration 

Table 3 separates the primary full-data result, a scoring-only diagnostic, and the 
paired 119-configuration refit. Removing the high-reflectance test spectrum from 
scoring lowers mean RMSE to 0.002296 sr−1. Removing it from the dataset and 
repeating selection and fitting lowers mean RMSE further to 0.002268 sr−1, with 
SAM of 1.2468˚. These are different operations and cannot be treated as inter-
changeable estimates. Changes in R2 are not necessarily monotonic because re-
moval also changes the test-set variance used in its denominator. In the restricted-
data refits, equal fusion has mean R2 of 0.8065 and RMSE of 0.002205 sr−1, again 
precluding a claim that free weight selection wins universally. 
 
Table 3. Nested-fusion sensitivity analysis, averaged over 100 paired random partitions. 

Analysis R2 RMSE (sr−1) CW-NSE (%) SAM (˚) 

Full 120 (primary) 0.7932 0.002421 4.2545 2.1984 

Full fit; peak omitted from scoring 0.7909 0.002296 3.9799 2.1817 

Restricted 119; retuned and refitted 0.7939 0.002268 3.9459 1.2468 
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Figure 5 summarizes each configuration’s mean RMSE over its actual test oc-
currences. The high-reflectance configuration has the second-highest mean 
RMSE among the 120 labeled configurations; the largest occurs at (x, z, y) = (150˚, 
60˚, 90˚), at 0.008657 sr−1. Thus, a large absolute error is not unique to the reflec-
tance peak. Higher-magnitude configurations can contribute strongly to squared-
error aggregates, but magnitude alone does not identify the physical cause of a 
local response. This diagnostic is descriptive and retains all configurations in the 
primary metrics. 

 

 
Figure 5. Configuration-level error for nested fusion in the full-data random protocol. (a) Mean held-out 
RMSE ranked across 120 labeled configurations. (b) The same errors against each configuration’s mean meas-
ured BRDF. The red point is (x, z, y) = (30˚, 30˚, 60˚). Each point averages its own test occurrences; occurrence 
counts are supplied with the figure data. 

3.5. Explicit Held-Out Prediction of the High-Reflectance 
Configuration 

The configuration (x, z, y) = (30˚, 30˚, 60˚) appears in 15 test partitions of the 
primary random protocol. Its mean RMSE is 0.008614 sr−1, with a range of 
0.003295 - 0.015678 sr−1; mean CW-NSE is 8.0652% and mean SAM is 3.1826˚ 
(Table 4). Relative mean bias ranges from −41.48% to +47.18%, despite its average 
being −6.49%. Thus, a modest average signed bias conceals substantial variation 
between training partitions. Figure 6(a) shows all 15 predictions and their range, 
which is not a confidence interval. 

The supplementary 119-training fit selects η = 1.05 and w = 0.65. Its RMSE is 
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0.002514 sr−1, compared with 0.023350 sr−1 for the five-parameter baseline and 
0.021013 sr−1 for pure ExtraTrees. Its relative mean bias is −1.94%, but SAM is 
4.2392˚. Figure 6(b) shows that the prediction contains a localized spectral dis-
continuity near 704 nm that is absent from the measured curve. Wavelength-wise 
anchor fitting does not enforce spectral continuity, and this fitted artifact is not 
interpreted as a material feature. The favorable amplitude result with 119 training 
configurations does not resolve the variability observed under the smaller 
matched-protocol training sets. 

 
Table 4. Held-out peak-configuration metrics. The first row averages 15 matched-protocol 
test cases; the second is one supplementary fit with all other 119 configurations for training. 

Peak test design R2 
RMSE 
(sr−1) 

CW-NSE 
(%) 

SAM (˚) 
Mean bias 

(%) 

Matched random (15 cases) −14.4059 0.008614 8.0652 3.1826 −6.49 

119-training holdout (1 case) −0.1032 0.002514 0.5775 4.2392 −1.94 

 

 
Figure 6. Explicit held-out predictions for (x, z, y) = (30˚, 30˚, 60˚). (a) All 15 primary-protocol test 
predictions, their pointwise range, their arithmetic mean, and the measured spectrum. (b) A separate 
leave-one-configuration-out test using all other 119 spectra for training. The two panels use different 
training-set sizes and therefore answer different questions. 

 
For this single spectrum, mean random-protocol curve R2 is −14.4059 and the 

supplementary fit gives −0.1032. Within-spectrum variation is small relative to 
the dataset’s between-configuration variation, so curve R2 and global R2 are not 
comparable. The negative curve values nevertheless document residual error and 
are retained alongside RMSE, CW-NSE, SAM, and signed bias. Sparse angular 
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sampling still prevents determination of the local angular width or gradient of the 
high-reflectance feature. 

4. Discussion 

The full-data reevaluation supports improved aggregate BRDF-amplitude predic-
tion from the combined representations relative to the five-parameter model and 
pure ExtraTrees. It also narrows the interpretation of that improvement. Nested 
fusion is the primary procedure because its scale and weight are selected without 
outer test targets; historical fixed fusion is a transparent development-era com-
parator. Differences between metrics and between partition designs show that a 
single preferred weight cannot be inferred as a general property of the specimen. 

The geometry correction supplies a positive semi-empirical anchor, but its 
equal-width in-plane functions do not identify anisotropy, and positivity does not 
enforce physical conservation laws. The glass covering and actual solar cells es-
tablish the broad specimen class. Unknown cell technology, glass thickness or 
coating, and fine geometry prevent attribution of the isolated response to a par-
ticular interface, diffraction process, or grid structure. The current angle grid does 
not resolve that response locally. Prediction on another specimen, illumination 
spectrum, spectral band, or azimuthal domain has not been demonstrated. 

Measurement and statistical uncertainties must also remain separate. The re-
ported BRDF scale assumes nominal 99% reference reflectance and a Lambertian-
reference conversion. Manufacturer specifications cannot recover the missing in-
dividual calibration spectrum. No repeated-acquisition series or complete batch-
level uncertainty budget is available; train/test variation measures sensitivity of 
the fitted predictor to the sampled data rather than instrument precision. Com-
putational reevaluation cannot replace these missing physical measurements. Re-
peated angular measurements, an individual reference calibration, and denser lo-
cal angular sampling would be needed for stronger metrological claims. 

The nested design prevents outer test targets from entering the new fitting and 
selection steps. It does not undo the prior use of the same dataset to develop the 
architecture and select retained settings. Moreover, the η search frequently 
reaches its upper boundary, and the wavelength-wise anchor can introduce dis-
continuities. Future evaluation should freeze any revised search or spectral regu-
larization before testing it on independently acquired data. These limitations favor 
reporting the present results as retrospective internal evidence with explicit local 
failure analysis. 

5. Conclusion 

A five-parameter-anchored ExtraTrees fusion model was evaluated using all 120 
measured configurations of a glass-covered solar-panel model. Training-only 
nested selection gives mean R2 of 0.7932 and RMSE of 0.002421 sr−1 over 100 
grouped random splits; four incidence-angle holdouts give mean R2 of 0.8378 and 
RMSE of 0.002176 sr−1. The corrected CW-NSE metric is a normalized squared 
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pointwise error and carries no reflected-energy interpretation. Explicit prediction 
of the high-reflectance configuration reveals substantial partition sensitivity, with 
mean matched-protocol RMSE of 0.008614 sr−1. The results support aggregate 
amplitude prediction over the evaluated geometry and wavelength range, while 
calibration limitations, missing repeat measurements, local angular undersampling, 
and spectral fitting artifacts constrain broader physical and predictive claims. 

Reproducibility Materials 

The accompanying materials contain the input dataset, retained model implemen-
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