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ABSTRACT
Reliable estimation of rice leaf nitrogen, chlorophyll, and SPAD supports precision nutrient management and crop 
phenotyping. However, measurements of narrow leaves are susceptible to background interference when the sen-
sor footprint exceeds the target area. This study compared black and white backgrounds on the same rice leaves 
under a wide measurement geometry in 2023 and descriptively evaluated SPAD prediction using a redesigned 
narrow-geometry housing on an independent sample set collected in 2026. Spectra were collected from IR64 rice 
leaves at four growth stages and paired with SPAD, Kjeldahl nitrogen (%N), chlorophyll a, chlorophyll b, and 
total chlorophyll measurements. Under wide geometry, an 110 mm sensor-to-leaf distance and ±20.5° field of 
view produced an approximately 82 mm footprint, exposing an estimated 68–85% of the measurement area to the 
background. The white background increased raw signals by up to 10–11-fold in the blue region. Using five-fold 
outer and three-fold inner nested cross-validation, paired full 18-channel analyses of 140 leaves yielded pooled 
OOF R² values for black versus white backgrounds of 0.620 versus 0.588 for SPAD, 0.262 versus 0.371 for %N, 
0.619 versus 0.434 for chlorophyll a, 0.486 versus 0.267 for chlorophyll b, and 0.567 versus 0.399 for total chloro-
phyll. Paired bootstrap comparisons showed no clear background-dependent difference for SPAD or %N, whereas 
the black background consistently improved chlorophyll a, chlorophyll b, and total chlorophyll predictions, with 
95% confidence intervals for paired differences in R², RMSE, MAE, and CCC excluding zero. Fold-local Random 
Forest selection retained 2–17 wavelengths across folds and targets but did not consistently outperform the full 
18-channel scenario. Under narrow geometry, a 10 mm sensor-to-leaf distance produced a nominal 7.5 mm opti-
cal footprint within a 30 mm sample opening. Using the full 18-channel scenario, SPAD prediction reached R² =
0.665, RMSE = 2.720, MAE = 2.122, and CCC = 0.810. Overall, background exposure was associated with target-
dependent differences in prediction performance under the wide geometry, while the numerical SPAD performance
of the independent narrow-geometry dataset cannot establish a geometry effect.

Keywords: proximal sensing; miniature multispectral sensor; optical footprint; background interference; rice leaf; 
leaf nitrogen; chlorophyll.
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INTRODUCTION

Rice (Oryza sativa L.) is a major staple crop 
for more than half of the global population. In 
irrigated lowland systems, rice productivity de-
pends strongly on balanced and timely nutrient 
management, particularly nitrogen (N) fertiliza-
tion. However, blanket fertilizer recommenda-
tions may not adequately account for crop de-
mand, growth stage, or field variability, potential-
ly resulting in low nitrogen use efficiency (NUE), 
increased production costs, and reactive N losses 
to the environment (Govindasamy et al., 2023). 
Recent field evidence indicates that optimizing N 
application rates can maintain rice productivity 
while reducing ammonia volatilization and as-
sociated environmental burdens (Bi et al., 2025). 
Site-specific nutrient management (SSNM) ad-
dresses this limitation by adjusting nutrient inputs 
according to crop requirement, fertilizer source, 
and field condition. A recent on-farm study in 
Indonesian lowland rice showed that SSNM us-
ing locally available compound NPK fertilizer 
and urea increased grain yield by 0.4 mg ha⁻¹ and 
gross return above fertilizer cost by 173 USD ha⁻¹ 
compared with farmers’ fertilizer practice, while 
using less N and P and only slightly more K (Gir-
sang et al., 2025). These findings emphasize the 
need for timely crop-status information to support 
more efficient and environmentally responsible 
nutrient management.

Leaf nitrogen concentration, chlorophyll 
content, and SPAD value are important indica-
tors of rice nutritional status and photosynthetic 
capacity. These traits are closely associated with 
plant N uptake and have been used to support N 
diagnosis and fertilizer decision-making in rice 
(Wang et al., 2024). However, conventional labo-
ratory methods, including Kjeldahl digestion and 
solvent-based chlorophyll extraction, are destruc-
tive, labor-intensive, and unsuitable for repeated 
in-season monitoring. Rapid, non-destructive op-
tical sensing may contribute to estimating crop 
nitrogen status, including indices such as the Ni-
trogen Nutrition Index (NNI; Lizana et al., 2025). 
However, translating sensor-derived estimates 
into fertilizer decisions requires independent vali-
dation against nitrogen-sufficiency thresholds and 
observed crop responses. 

The Konica Minolta SPAD-502 is widely 
used as a benchmark for non-destructive chlo-
rophyll assessment and N fertilizer timing. This 
approach measures light transmittance through 

the leaf tissue at two specific wavelengths 650 
nm (red) and 940 nm (near infrared), to calculate 
a relative index expressed in non-dimensional 
SPAD units. Unlike this leaf-clamped transmis-
sion measurement, the AS7265x configuration 
used here measures light reflected from the leaf. 
The silicon-based AS7265x multispectral triad 
provides 18 channels spanning 410–940 nm and 
has a nominal aperture-limited field of view of 
±20.5° (SparkFun Electronics, 2023). Its three 
spatially separate sensor devices each have an 
optical aperture; consequently, the area sampled 
on the leaf depends on sensor-to-leaf distance and 
device alignment (OSRAM, 2018).

Under the wide-footprint geometry evaluated 
in the present study, the AS7265x was positioned 
110 mm above the leaf surface. Combined with 
its nominal ±20.5° field of view, this distance 
produced a calculated optical footprint of ap-
proximately 82 mm in diameter. For rice leaves 
10–20 mm wide, the exposed background was 
estimated to occupy approximately 69–85% of 
the measurement area. Background effects are 
also recognized in multispectral imaging, where 
soil, shadows, crop residues, and other nontarget 
surfaces can influence spectral information (Hale 
et al., 2023; Tian et al., 2024). However, imaging 
systems can partly address this problem through 
segmentation or masking because target and 
background pixels are spatially separated (Pei et 
al., 2025). In contrast, non-imaging point sensors 
such as the AS7265x record a single integrated 
signal from all surfaces within the field of view. 
Consequently, when the sensor footprint exceeds 
the leaf area, the resulting spectrum represents a 
mixture of leaf and background responses.

Previous work has reported spectral variabil-
ity when the AS7265x measures narrow leaves 
and suggested that its separate sensor apertures 
may contribute to this variability (Lopin et al., 
2025). However, how a change in the exposed 
background affects both the recorded signals and 
trait-prediction performance under a wide foot-
print remains insufficiently characterized. The 
present study addresses this gap by comparing 
black and white backgrounds on the same rice 
leaves. It also reports SPAD prediction using a re-
designed, shorter-distance configuration on an in-
dependent sample set; this comparison is descrip-
tive and cannot isolate the effect of footprint size.

Accordingly, this study evaluated two practical 
optical-control strategies for a miniature AS7265x 
multispectral reflectance sensor: (1) background 
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control using black and white surfaces under a 
wide measurement geometry and (2) optical-foot-
print control by reducing the sensor-to-leaf dis-
tance through housing redesign. Under the wide 
geometry, wavelength-dependent background ef-
fects and prediction performance were evaluated 
for SPAD, leaf nitrogen, chlorophyll a, chlorophyll 
b, and total chlorophyll using full- and selected-
wavelength models. A complementary narrow-
geometry experiment evaluated SPAD prediction 
using the redesigned housing with a shorter sensor-
to-leaf distance. 

MATERIALS AND METHODS

Rice leaf sampling and reflectance 
measurements

Rice leaves of the IR64 variety, an irrigated 
lowland rice type, were collected in Yogyakar-
ta, Indonesia, during two independent sampling 
campaigns. For the wide-geometry experiment, 
leaves were collected in 2023 from four separate 
rice-field plots within the same sampling area, 
with one plot representing each growth stage: 
tillering, maximum tillering, panicle initiation, 
and maturity. The coordinates 7°44′52.0″ S and 
110°25′18.4″ E indicate the approximate center 
of the sampling area rather than a single sampling 
point. For the narrow-geometry experiment, an 
independent set of IR64 leaves was collected 
from the same general sampling area in 2026 to 
evaluate the redesigned housing.

The 2023 wide-geometry experiment in-
cluded 141 biological leaf samples. White-back-
ground measurements were available for 141 
leaves across tillering (n = 30), maximum tiller-
ing (n = 40), panicle initiation (n = 25), and ma-
turity (n = 46). Black-background measurements 
were available for 140 of the same leaves, with 
stage counts of 30, 40, 24, and 46, respectively, 
yielding 140 complete black–white pairs. The 
2026 narrow-geometry experiment included 228 
biological leaf samples across the same stages (n 
= 70, 49, 40, and 69, respectively). The experi-
ments differed in sampling year and sample set 
and were analyzed independently. Leaf sampling 
and growth-stage identification were conducted 
by an agronomist specializing in rice physiology.

In both experiments, measurements were 
obtained from the fourth fully expanded leaf 
from the top. Each leaf was assigned a unique 

biological-sample ID, which was retained on its 
SPAD record, spectral measurements, and, where 
applicable, labelled laboratory samples. At the 
field site, three SPAD readings were taken at the 
two-thirds position of each leaf (Yuan et al., 2016) 
using Konica Minolta SPAD-502 chlorophyll 
meter. The readings were averaged to obtain one 
SPAD reference value per biological sample. The 
leaf was then excised and immediately placed 
in an opaque black container before spectral 
measurement.

SPAD and spectral measurements were per-
formed consecutively within the same sampling 
session. In the 2023 wide-geometry experiment, 
spectral readings were acquired first with the black 
background and then with the white background. 
In both experiments, at least three spectral read-
ings were acquired per leaf under each applicable 
measurement configuration. Following spectral 
acquisition, each 2023 leaf was divided into two 
portions: one for chlorophyll extraction and the 
other placed in a labelled bag for drying and nitro-
gen analysis. The corresponding biological-sample 
ID was used to match each leaf’s SPAD value, 
spectral profile, and laboratory reference values. 
SPAD was the reference trait measured in the 2026 
narrow-geometry experiment; nitrogen and chlo-
rophyll reference measurements were obtained for 
the 2023 wide-geometry experiment only.

Leaf nitrogen concentration (%N) was deter-
mined by the semi-micro Kjeldahl method (Sáez-
Plaza et al., 2013). Leaf samples were oven-dried 
at 80 °C for 24 h and ground. A 0.2 g portion 
of dried tissue was digested with concentrated 
H₂SO₄ and a selenium catalyst until a clear di-
gest was obtained. Following alkalinization with 
NaOH, the released ammonia was distilled into 
boric acid and titrated with standard H₂SO₄. Ni-
trogen concentration was expressed as a percent-
age of dry weight.

Chlorophyll a (Chl a), chlorophyll b (Chl b), 
and total chlorophyll (Total Chl) were determined 
from the fresh leaf portion using Arnon’s spectro-
photometric method (Arnon, 1949). After remov-
al of the midrib, approximately 0.1 g of fresh leaf 
tissue was weighed individually for each sample 
and extracted with 80% acetone to a final volume 
of 20 mL. Absorbance at 663 and 645 nm was 
measured three times per sample, and the read-
ings were averaged. Chlorophyll concentrations 
were calculated using the recorded fresh mass of 
each sample and expressed as mg g⁻¹ fresh weight 
(Lichtenthaler & Buschmann, 2001).
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Sensing system and optical configuration

Spectral data were obtained using a portable 
non-imaging multispectral sensing system based 
on the AS7265x sensor (SparkFun Electronics, 
Niwot, CO, USA), which provides 18 spectral 
channels across 410–940 nm. Measurements 
were acquired using an integration time of 140 
ms and a gain setting of 64×. Before measure-
ments, it was powered on and allowed to warm 
up for at least 10 min. The light-shielded housing 
maintained the specified sensor-to-leaf distance 
and reduced exposure to ambient light.

A dark-reference measurement was first ac-
quired with the onboard LEDs switched off and 
the housing closed. No signal was recorded across 
the spectral channels under these conditions. A 
Spectralon® 99% diffuse reflectance standard 
was then measured with the sensor illumination 
active to provide the white reference. Spectralon 
was measured periodically during leaf acquisition 
in each sampling period (2023 and 2026). For 
leaf measurements, the onboard white, ultravio-
let, and infrared LEDs were activated. Spectral 
readings were acquired per leaf under each ap-
plicable measurement configuration. In the 2023 
wide-geometry experiment, readings with the 
black background preceded those with the white 
background. Normalized reflectance at each out-
put wavelength was calculated using white- and 
dark-reference correction (Yang et al., 2020).

	 R = ( Isample−Idark
Ispectralon−Idark

) × 0.99  (1) 

RMSE𝑚𝑚 = 1
𝐽𝐽 ∑ RMSE𝑚𝑚,𝑗𝑗,𝐽𝐽

𝑗𝑗=1  𝐽𝐽 = 3 (2) 

𝑆𝑆𝑆𝑆 = 𝑠𝑠𝑚𝑚
√𝐽𝐽

     (3) 

RMSE̅̅ ̅̅ ̅̅ ̅̅ m ≤  RMSE̅̅ ̅̅ ̅̅ ̅̅ min + SEmin  (4) 

𝑦𝑦𝑖̂𝑖OOF = 𝑓𝑓𝑘𝑘(𝑖𝑖)
∗ (𝐱𝐱𝑖𝑖)   (5) 

𝑅𝑅𝑂𝑂𝑂𝑂𝑂𝑂2 = 1 −
∑ (𝑦𝑦𝑖𝑖−𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂)

2𝑛𝑛
𝑖𝑖=1
∑ (𝑦𝑦𝑖𝑖−𝑦̅𝑦)2𝑛𝑛
𝑖𝑖=1

  (6) 

RMSE𝑂𝑂𝑂𝑂𝑂𝑂 = √1
𝑛𝑛∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂)

2𝑛𝑛
𝑖𝑖=1  (7) 

MAE𝑂𝑂𝑂𝑂𝑂𝑂 = 1
𝑛𝑛∑ |𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂|𝑛𝑛

𝑖𝑖=1   (8) 

RPIQ𝑂𝑂𝑂𝑂𝑂𝑂 = 𝑄𝑄0.75(𝑦𝑦)−𝑄𝑄0.25(𝑦𝑦)

√1
𝑛𝑛∑ (𝑦𝑦𝑖𝑖−𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂)

2𝑛𝑛
𝑖𝑖=1

  (9) 

𝜌𝜌𝑐𝑐 = 2𝑠𝑠𝑂𝑂𝑂𝑂
𝑠𝑠𝑂𝑂2+𝑠𝑠𝑃𝑃2+(𝑂̅𝑂−𝑃̅𝑃)2 = 𝑟𝑟𝐶𝐶𝑏𝑏  (10) 

𝐶𝐶𝑏𝑏 = 2
𝑣𝑣+𝑣𝑣−1+𝑢𝑢2 , 𝑣𝑣 = 𝑠𝑠𝑃𝑃

𝑠𝑠𝑜𝑜
, 𝑢𝑢 = 𝑃̅𝑃−𝑂̅𝑂

√𝑠𝑠𝑃𝑃𝑠𝑠𝑜𝑜
  (11) 

 

	 (1)

where:	 Isample, Ispectralon, and Idark represent the raw 
intensities of the leaf sample, Spectralon® 

reference. 

Because the recorded dark-reference values 
were zero across the spectral channels in this 
study, the dark-reference terms did not change the 
calculated reflectance. At the repeat level, normal-
ized channel values were checked before sample-
level averaging. A reading was excluded if any of 
its 18 normalized channels exceeded 1.0. Eight 
white-background readings were excluded on this 
basis; none were excluded from the black-back-
ground or narrow-geometry datasets, and no bio-
logical sample was lost (Table S1). The retained 
raw readings were averaged within each biologi-
cal sample and measurement configuration, and 
the mean raw spectrum was normalized using the 
Spectralon and dark references to obtain one re-
flectance profile per sample and configuration. 

For the wide-geometry experiment, the sen-
sor was mounted in a fixed light-shielded black 
housing with an approximately 110 mm sensor-
to-sample distance. The optical sampling foot-
print was defined by the AS7265x field of view 
(FoV; ±20.5°, equivalent to a 41° full cone an-
gle), the footprint diameter (d) was estimated as 
d = 2 h tan(20.5°). For centrally positioned leaves 
10 and 20 mm wide, the estimated fractions of 
the circular footprint occupied by exposed back-
ground were approximately 84.6% and 69.4%, re-
spectively. These values describe geometric area, 
not the measured contribution of background-
reflected energy. For the narrow-geometry ex-
periment, the redesigned housing incorporated 
an approximately 30 mm circular sample open-
ing and reduced the sensor-to-leaf distance to 10 
mm, yielding a nominal footprint diameter of ap-
proximately 7.5 mm per sensor device (Fig. 1). 
Because the narrow-geometry experiment used 
an independent sample set collected in a different 
year, comparisons of predictive performance be-
tween the two geometries were descriptive.

To evaluate background interference experi-
mentally, black and white office paper were used 
as controlled backgrounds during reflectance ac-
quisition. The black background showed L* = 
36.27 ± 0.19, a* = 0.20 ± 0.06, and b* = 5.56 ± 
0.05, whereas the white background showed L* 
= 95.77 ± 0.84, a* = 1.04 ± 0.13, and b* = 2.89 
± 0.13. Their mean lightness value differed by 
59.50 L* units.

Machine learning modelling, feature 
selection, and agreement analysis

Machine learning models were developed 
using normalized AS7265x reflectance data for 
regression tasks. Regression models, including 
linear regression, ridge, lasso, support vector re-
gression (SVR), k-nearest neighbors regression 
(k-NN), random forest (RF), and gradient boost-
ing (GB), were used to predict SPAD, %N, chlo-
rophyll a, chlorophyll b, and total chlorophyll.

All complete biological samples were evalu-
ated using stratified nested cross-validation, com-
prising a five-fold outer loop and a three-fold in-
ner loop. In each outer fold, approximately 80% 
of the samples were assigned to outer training 
and 20% to held-out outer validation. Within the 
outer-training data, two parallel modelling sce-
narios were evaluated: the full 18-wavelength 
set and RF-selected wavelength subsets. All 
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preprocessing, Random Forest-based wavelength 
ranking, progressive subset selection, model fit-
ting, and hyperparameter tuning were performed 
exclusively within the inner cross-validation loop 
to prevent data leakage. GridSearchCV was used 
for the full-wavelength scenario, whereas Ran-
domizedSearchCV jointly optimized the wave-
length selector and regression-model hyperpa-
rameters in the selected-wavelength scenario. 
For each candidate pipeline  model selection was 
based on the mean inner-cross-validation RMSE:

	

R = ( Isample−Idark
Ispectralon−Idark

) × 0.99  (1) 

RMSE𝑚𝑚 = 1
𝐽𝐽 ∑ RMSE𝑚𝑚,𝑗𝑗,𝐽𝐽

𝑗𝑗=1  𝐽𝐽 = 3 (2) 

𝑆𝑆𝑆𝑆 = 𝑠𝑠𝑚𝑚
√𝐽𝐽

     (3) 

RMSE̅̅ ̅̅ ̅̅ ̅̅ m ≤  RMSE̅̅ ̅̅ ̅̅ ̅̅ min + SEmin  (4) 

𝑦𝑦𝑖̂𝑖OOF = 𝑓𝑓𝑘𝑘(𝑖𝑖)
∗ (𝐱𝐱𝑖𝑖)   (5) 

𝑅𝑅𝑂𝑂𝑂𝑂𝑂𝑂2 = 1 −
∑ (𝑦𝑦𝑖𝑖−𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂)

2𝑛𝑛
𝑖𝑖=1
∑ (𝑦𝑦𝑖𝑖−𝑦̅𝑦)2𝑛𝑛
𝑖𝑖=1

  (6) 

RMSE𝑂𝑂𝑂𝑂𝑂𝑂 = √1
𝑛𝑛∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂)

2𝑛𝑛
𝑖𝑖=1  (7) 

MAE𝑂𝑂𝑂𝑂𝑂𝑂 = 1
𝑛𝑛∑ |𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂|𝑛𝑛

𝑖𝑖=1   (8) 

RPIQ𝑂𝑂𝑂𝑂𝑂𝑂 = 𝑄𝑄0.75(𝑦𝑦)−𝑄𝑄0.25(𝑦𝑦)

√1
𝑛𝑛∑ (𝑦𝑦𝑖𝑖−𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂)

2𝑛𝑛
𝑖𝑖=1

  (9) 

𝜌𝜌𝑐𝑐 = 2𝑠𝑠𝑂𝑂𝑂𝑂
𝑠𝑠𝑂𝑂2+𝑠𝑠𝑃𝑃2+(𝑂̅𝑂−𝑃̅𝑃)2 = 𝑟𝑟𝐶𝐶𝑏𝑏  (10) 

𝐶𝐶𝑏𝑏 = 2
𝑣𝑣+𝑣𝑣−1+𝑢𝑢2 , 𝑣𝑣 = 𝑠𝑠𝑃𝑃

𝑠𝑠𝑜𝑜
, 𝑢𝑢 = 𝑃̅𝑃−𝑂̅𝑂

√𝑠𝑠𝑃𝑃𝑠𝑠𝑜𝑜
  (11) 

 

	 (2)

where:	RMSEm,j is the validation RMSE of can-
didate pipeline m in inner fold j. 

The corresponding standard error was calcu-
lated as

 	

R = ( Isample−Idark
Ispectralon−Idark

) × 0.99  (1) 

RMSE𝑚𝑚 = 1
𝐽𝐽 ∑ RMSE𝑚𝑚,𝑗𝑗,𝐽𝐽

𝑗𝑗=1  𝐽𝐽 = 3 (2) 

𝑆𝑆𝑆𝑆 = 𝑠𝑠𝑚𝑚
√𝐽𝐽

     (3) 

RMSE̅̅ ̅̅ ̅̅ ̅̅ m ≤  RMSE̅̅ ̅̅ ̅̅ ̅̅ min + SEmin  (4) 

𝑦𝑦𝑖̂𝑖OOF = 𝑓𝑓𝑘𝑘(𝑖𝑖)
∗ (𝐱𝐱𝑖𝑖)   (5) 

𝑅𝑅𝑂𝑂𝑂𝑂𝑂𝑂2 = 1 −
∑ (𝑦𝑦𝑖𝑖−𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂)

2𝑛𝑛
𝑖𝑖=1
∑ (𝑦𝑦𝑖𝑖−𝑦̅𝑦)2𝑛𝑛
𝑖𝑖=1

  (6) 

RMSE𝑂𝑂𝑂𝑂𝑂𝑂 = √1
𝑛𝑛∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂)

2𝑛𝑛
𝑖𝑖=1  (7) 

MAE𝑂𝑂𝑂𝑂𝑂𝑂 = 1
𝑛𝑛∑ |𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂|𝑛𝑛
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Figure 1. Schematic diagram of the AS7265x measurement setup and estimated background contribution 
under background and geometry configuration
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 is the pipeline selected and refitted 
using only the corresponding outer-train-
ing data. 

Predictions from all five outer folds were 
pooled to calculate the overall nested OOF per-
formance. Predictive performance was quantified 
using the coefficient of determination (R2)
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 are the reference and nested 
OOF-predicted values for sample i, re-
spectively, y̅ is the mean reference value, 
and n is the total number of biological 
samples. 

The complete nested cross-validation work-
flow is illustrated in Figure 2.

To express prediction error relative to the dis-
persion of the reference values, the ratio of perfor-
mance to interquartile distance (RPIQ) was calcu-
lated from the pooled nested OOF predictions,
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where Q0.75(y) and Q0.25(y) are the 75th and 25th 
percentiles of the reference values, respectively. 
Higher RPIQ values indicate smaller prediction 

errors relative to the interquartile spread of the 
reference data. RPIQ was included as a scale-
adjusted descriptor of prediction error (Bellon-
Maurel et al., 2010).

Agreement between nested out-of-fold 
(OOF) predictions and reference measurements 
was evaluated using Lin’s concordance correla-
tion coefficient (CCC) (Lin, 1989):

	

R = ( Isample−Idark
Ispectralon−Idark

) × 0.99  (1) 

RMSE𝑚𝑚 = 1
𝐽𝐽 ∑ RMSE𝑚𝑚,𝑗𝑗,𝐽𝐽

𝑗𝑗=1  𝐽𝐽 = 3 (2) 

𝑆𝑆𝑆𝑆 = 𝑠𝑠𝑚𝑚
√𝐽𝐽

     (3) 

RMSE̅̅ ̅̅ ̅̅ ̅̅ m ≤  RMSE̅̅ ̅̅ ̅̅ ̅̅ min + SEmin  (4) 

𝑦𝑦𝑖̂𝑖OOF = 𝑓𝑓𝑘𝑘(𝑖𝑖)
∗ (𝐱𝐱𝑖𝑖)   (5) 

𝑅𝑅𝑂𝑂𝑂𝑂𝑂𝑂2 = 1 −
∑ (𝑦𝑦𝑖𝑖−𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂)

2𝑛𝑛
𝑖𝑖=1
∑ (𝑦𝑦𝑖𝑖−𝑦̅𝑦)2𝑛𝑛
𝑖𝑖=1

  (6) 

RMSE𝑂𝑂𝑂𝑂𝑂𝑂 = √1
𝑛𝑛∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂)

2𝑛𝑛
𝑖𝑖=1  (7) 

MAE𝑂𝑂𝑂𝑂𝑂𝑂 = 1
𝑛𝑛∑ |𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂|𝑛𝑛

𝑖𝑖=1   (8) 

RPIQ𝑂𝑂𝑂𝑂𝑂𝑂 = 𝑄𝑄0.75(𝑦𝑦)−𝑄𝑄0.25(𝑦𝑦)

√1
𝑛𝑛∑ (𝑦𝑦𝑖𝑖−𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂)

2𝑛𝑛
𝑖𝑖=1

  (9) 

𝜌𝜌𝑐𝑐 = 2𝑠𝑠𝑂𝑂𝑂𝑂
𝑠𝑠𝑂𝑂2+𝑠𝑠𝑃𝑃2+(𝑂̅𝑂−𝑃̅𝑃)2 = 𝑟𝑟𝐶𝐶𝑏𝑏  (10) 

𝐶𝐶𝑏𝑏 = 2
𝑣𝑣+𝑣𝑣−1+𝑢𝑢2 , 𝑣𝑣 = 𝑠𝑠𝑃𝑃

𝑠𝑠𝑜𝑜
, 𝑢𝑢 = 𝑃̅𝑃−𝑂̅𝑂

√𝑠𝑠𝑃𝑃𝑠𝑠𝑜𝑜
  (11) 

 

	 (10)

	

R = ( Isample−Idark
Ispectralon−Idark

) × 0.99  (1) 

RMSE𝑚𝑚 = 1
𝐽𝐽 ∑ RMSE𝑚𝑚,𝑗𝑗,𝐽𝐽

𝑗𝑗=1  𝐽𝐽 = 3 (2) 

𝑆𝑆𝑆𝑆 = 𝑠𝑠𝑚𝑚
√𝐽𝐽

     (3) 

RMSE̅̅ ̅̅ ̅̅ ̅̅ m ≤  RMSE̅̅ ̅̅ ̅̅ ̅̅ min + SEmin  (4) 

𝑦𝑦𝑖̂𝑖OOF = 𝑓𝑓𝑘𝑘(𝑖𝑖)
∗ (𝐱𝐱𝑖𝑖)   (5) 

𝑅𝑅𝑂𝑂𝑂𝑂𝑂𝑂2 = 1 −
∑ (𝑦𝑦𝑖𝑖−𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂)

2𝑛𝑛
𝑖𝑖=1
∑ (𝑦𝑦𝑖𝑖−𝑦̅𝑦)2𝑛𝑛
𝑖𝑖=1

  (6) 

RMSE𝑂𝑂𝑂𝑂𝑂𝑂 = √1
𝑛𝑛∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂)

2𝑛𝑛
𝑖𝑖=1  (7) 

MAE𝑂𝑂𝑂𝑂𝑂𝑂 = 1
𝑛𝑛∑ |𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂|𝑛𝑛

𝑖𝑖=1   (8) 

RPIQ𝑂𝑂𝑂𝑂𝑂𝑂 = 𝑄𝑄0.75(𝑦𝑦)−𝑄𝑄0.25(𝑦𝑦)

√1
𝑛𝑛∑ (𝑦𝑦𝑖𝑖−𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂)

2𝑛𝑛
𝑖𝑖=1

  (9) 

𝜌𝜌𝑐𝑐 = 2𝑠𝑠𝑂𝑂𝑂𝑂
𝑠𝑠𝑂𝑂2+𝑠𝑠𝑃𝑃2+(𝑂̅𝑂−𝑃̅𝑃)2 = 𝑟𝑟𝐶𝐶𝑏𝑏  (10) 

𝐶𝐶𝑏𝑏 = 2
𝑣𝑣+𝑣𝑣−1+𝑢𝑢2 , 𝑣𝑣 = 𝑠𝑠𝑃𝑃

𝑠𝑠𝑜𝑜
, 𝑢𝑢 = 𝑃̅𝑃−𝑂̅𝑂

√𝑠𝑠𝑃𝑃𝑠𝑠𝑜𝑜
  (11) 

 

	 (11)

where O and P denote the reference (observed) 
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 are their means; sOP is their covariance; 
sO

2 and sP
2 are their variances; r is Pearson’s cor-

relation coefficient, representing precision; and 
Cb is the bias-correction factor, representing lo-
cation and scale agreement. In Eq. (11), v=sP/sO 
denotes the relative scale shift, and u denotes the 
standardized location shift. Perfect agreement is 
obtained when r = 1, v = 1, and u = 0, resulting in 
Cb = 1 and ρc. Values of ρc approaching 1 indicate 
closer agreement with the 1:1 line. The 95% confi-
dence intervals were estimated using 2000 paired 
percentile-bootstrap resamples of the reference-
prediction pairs (Carpenter & Bithell, 2000). Dif-
ferences in pooled OOF R², RMSE, MAE, and 
CCC were calculated as RF Selected − Full 18 
within each dataset and as white − black using the 
140 shared biological IDs. Within each of 2000 
paired bootstrap resamples of biological IDs, R², 
RMSE, MAE, and CCC were recalculated for 
both compared scenarios on the same sampled 
IDs, and the difference between scenarios was re-
corded. The 2.5th and 97.5th percentiles of these 
paired differences formed the 95% CI; intervals 
excluding zero were interpreted as evidence of 
a directional difference (Tables S8 and S9). Be-
cause the white-background dataset included one 
additional biological sample, its 141-sample OOF 
metrics in Table 1 may differ slightly from those 
calculated on the 140 matched samples for the 
paired comparison.
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RESULTS AND DISCUSSION

Physiological phenotypes of rice leaves 
across growth stages

Validation variables, including SPAD val-
ues, nitrogen content (%N), chlorophyll a (Chl 
a), chlorophyll b (Chl b), and total chloro-
phyll (Total Chl), showed substantial variation 
across the four sampled rice growth stages. 
According to previous studies, rice SPAD val-
ues generally fall within the range of 25–45 
(Ghosh et al., 2020), although the IR64 variety 
has been reported to exhibit relatively lower 
SPAD values than some other genotypes, and 

SPAD values are typically higher during tiller-
ing and decline toward maturity (Vijayaragha-
vareddy et al., 2020). 

Table 2 and Supplementary Figure S1 also 
show differences between the independently 
collected SPAD datasets. The 2026 narrow-ge-
ometry dataset (n = 228) spanned 21.98–50.96, 
whereas the 2023 wide-geometry dataset (n = 
140) spanned 10.30–44.10. At maturity, SPAD 
variability was greater in the 2023 dataset (SD 
= 8.89) than in the 2026 dataset (SD = 3.13). 
Such differences are plausible between inde-
pendent sampling campaigns, although their 
specific causes were not determined. Because 
differences in reference-value distributions 

Figure 2. Nested cross-validation workflow used to compare Scenario A (the full 18-channel wavelength set) 
and Scenario B (RF–MDI-selected wavelengths). Feature selection, preprocessing, model tuning, and pipeline 
selection were performed within the inner three-fold cross-validation. The selected pipeline for each scenario 
was refitted on the complete outer-training set and evaluated on the held-out oute r-validation set. Predictions 

from the five outer folds were pooled to calculate out-of-fold R², RMSE, and MAE

Table 1. Model performance for predicting rice physiological traits using the full 18-channel input under black 
and white background configurations

Variable Tillering Max. tillering Panicle init. Mature Range

SPAD – 2026 narrow (n = 228) 36.85 ± 4.23 37.05 ± 3.51 34.33 ± 3.41 30.01 ± 3.13 21.98–50.96

SPAD – 2023 wide (n = 140) 39.74 ± 1.49 36.88 ± 2.92 31.22 ± 3.27 28.20 ± 8.89 10.30–44.10

N (%) (n = 140) 2.55 ± 0.89 2.73 ± 0.56 2.26 ± 0.34 1.77 ± 0.38 0.69–4.24

Chl a (mg/g) (n = 140) 3.23 ± 0.48 4.24 ± 0.69 3.44 ± 1.09 1.78 ± 0.85 0.21–5.05

Chl b (mg/g) (n = 140) 1.69 ± 0.53 2.56 ± 0.67 2.16 ± 1.11 0.92 ± 0.45 0.14–4.23

Total Chl (mg/g) (n = 140) 4.92 ± 0.98 6.80 ± 1.18 5.60 ± 2.07 2.70 ± 1.27 0.35–9.15

R = ( Isample−Idark
Ispectralon−Idark

) × 0.99  (1) 

RMSE𝑚𝑚 = 1
𝐽𝐽 ∑ RMSE𝑚𝑚,𝑗𝑗,𝐽𝐽

𝑗𝑗=1  𝐽𝐽 = 3 (2) 

𝑆𝑆𝑆𝑆 = 𝑠𝑠𝑚𝑚
√𝐽𝐽

     (3) 

RMSE̅̅ ̅̅ ̅̅ ̅̅ m ≤  RMSE̅̅ ̅̅ ̅̅ ̅̅ min + SEmin  (4) 

𝑦𝑦𝑖̂𝑖OOF = 𝑓𝑓𝑘𝑘(𝑖𝑖)
∗ (𝐱𝐱𝑖𝑖)   (5) 

𝑅𝑅𝑂𝑂𝑂𝑂𝑂𝑂2 = 1 −
∑ (𝑦𝑦𝑖𝑖−𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂)

2𝑛𝑛
𝑖𝑖=1
∑ (𝑦𝑦𝑖𝑖−𝑦̅𝑦)2𝑛𝑛
𝑖𝑖=1

  (6) 

RMSE𝑂𝑂𝑂𝑂𝑂𝑂 = √1
𝑛𝑛∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂)

2𝑛𝑛
𝑖𝑖=1  (7) 

MAE𝑂𝑂𝑂𝑂𝑂𝑂 = 1
𝑛𝑛∑ |𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂|𝑛𝑛

𝑖𝑖=1   (8) 

RPIQ𝑂𝑂𝑂𝑂𝑂𝑂 = 𝑄𝑄0.75(𝑦𝑦)−𝑄𝑄0.25(𝑦𝑦)

√1
𝑛𝑛∑ (𝑦𝑦𝑖𝑖−𝑦𝑦𝑖̂𝑖𝑂𝑂𝑂𝑂𝑂𝑂)

2𝑛𝑛
𝑖𝑖=1

  (9) 

𝜌𝜌𝑐𝑐 = 2𝑠𝑠𝑂𝑂𝑂𝑂
𝑠𝑠𝑂𝑂2+𝑠𝑠𝑃𝑃2+(𝑂̅𝑂−𝑃̅𝑃)2 = 𝑟𝑟𝐶𝐶𝑏𝑏  (10) 

𝐶𝐶𝑏𝑏 = 2
𝑣𝑣+𝑣𝑣−1+𝑢𝑢2 , 𝑣𝑣 = 𝑠𝑠𝑃𝑃

𝑠𝑠𝑜𝑜
, 𝑢𝑢 = 𝑃̅𝑃−𝑂̅𝑂

√𝑠𝑠𝑃𝑃𝑠𝑠𝑜𝑜
  (11) 
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can affect model-performance metrics, the 
wide-versus-narrow SPAD comparison should 
be interpreted descriptively.

Nitrogen content in the present samples 
was also within biologically plausible ranges 
reported for rice leaves, including 0.52-3.69% 
under typical conditions (Miao et al., 2023) 
and up to 3.95-4.65% during active vegeta-
tive development (Xu et al., 2023). Likewise, 
chlorophyll-related variables remained within 
acceptable biological variation reported for 
rice (Liu et al., 2024; Mia et al., 2012; Weng et 
al., 2005). Nitrogen and chlorophyll reference 
values were measured only in the 2023 wide-
geometry experiment and therefore cannot be 
compared between the two experiments. Taken 
together, these distributions indicate that the 
reference variables covered physiologically 
relevant ranges suitable for evaluating the 
sensing performance of the AS7265x system 
under the measurement conditions examined 
in this study.

Background contribution to mixed spectral 
signals in rice leaves

White-background measurements gener-
ated consistently higher raw spectral signals 
than black-background measurements across 
all rice growth stages (Fig. 3a-d), indicating 
that the AS7265x output was influenced by 
non-target surfaces within the sensor footprint. 
Therefore, the recorded signals represent back-
ground-affected sensor responses rather than 

true leaf reflectance. The white-to-black signal 
ratio was highest in the blue region, reaching 
approximately 10–11×, followed by the green 
region at 7.59–8.98×. Lower ratios were ob-
served in the red, red-edge, and NIR regions, 
with values of approximately 4.23–4.66×, 
5.01–5.74×, and 4.11–4.83×, respectively.

In true leaf reflectance, strong absorption 
in the blue and red regions results in low re-
flectance, while reflectance increases toward 
the red-edge and NIR regions as pigment ab-
sorption decreases. However, the AS7265x 
raw signal represents a mixed response from 
the leaf and exposed background within the 
sensor footprint. The higher signal measured 
with the white background is consistent with a 
greater contribution from the exposed surface 
within the sensor footprint. However, the sepa-
rate leaf and background contributions were 
not quantified.

The red-edge region around 680–730 nm 
represents the transition from strong chloro-
phyll absorption in the red region to increased 
scattering in the near-infrared region. Because 
680 nm is closely associated with chlorophyll 
absorption, changes in chlorophyll content 
can alter the slope toward the red-edge re-
gion, making this region a useful indicator of 
plant physiological status. However, in this 
study, the apparent red-edge pattern was also 
affected by background configuration. The 
transition appeared around 680v705–730 nm 
under the black background but shifted toward 
705–730–760 nm under the white background. 

Table 2. Range of measured physiological phenotypes of rice leaves; SPAD, nitrogen (%N), and chlorophyll 
components (Chl a, Chl b, and total Chl), across four growth stages

Set-up Prediction 
target

Best model 
(folds) Inner-CV R² Nested OOF R² 

(95% CI)
OOF 

RMSE
OOF 
MAE Best parameters

Black SPAD Lasso (3/5) 0.628 ± 0.048 0.620 (0.426–0.754) 4.432 3.154 α = 0.1–0.3

White SPAD LR (3/5) 0.552 ± 0.047 0.580 (0.426–0.684) 4.661 3.577 Default

Black %N KNN (3/5) 0.328 ± 0.049 0.262 (0.060–0.439) 0.593 0.41
k = 7–9; 

Manhattan; 
distance

White %N Lasso (3/5) 0.321 ± 0.042 0.371 (0.207–0.518) 0.545 0.394 α = 0.01–0.03

Black Chl a KNN (2/5) 0.612 ± 0.025 0.619 (0.496–0.711) 0.774 0.607
k = 3–5; 

Manhattan; 
distance

White Chl a LR (5/5) 0.400 ± 0.057 0.440 (0.248–0.576) 0.944 0.76 Default

Black Chl b KNN (4/5) 0.485 ± 0.048 0.486 (0.341–0.592) 0.677 0.535 k = 3–9; distance

White Chl b LR / ridge (2/5 each) 0.232 ± 0.061 0.265 (0.090–0.403) 0.824 0.648 Default / α = 1

Black Total Chl KNN (4/5) 0.583 ± 0.045 0.567 (0.425–0.671) 1.398 1.085 k = 3–7; distance

White Total Chl LR (4/5) 0.348 ± 0.054 0.408 (0.215–0.550) 1.652 1.325 Default
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Because the same leaf samples were measured 
under both configurations, this finding indi-
cates that background interference can induce 
an apparent spectral shift in the recorded re-
flectance pattern.

Under the black-background configuration, 
the spectra showed a relatively weak NIR re-
sponse and did not form the broad, stable high-
reflectance plateau typically observed in leaf 
reflectance spectra (Fig. 4a-d). This pattern 
was comparable to that reported by Lopin et 
al. (2025) where the IR-region response was 
also reduced when the IR light source was not 
used. In contrast, the white-background con-
figuration produced a higher but less stable 
long-wavelength response, which may partly 
reflect additional background contribution 
within the sensor footprint. Therefore, the NIR 
pattern observed in this study should be inter-
preted cautiously, as it may be influenced by 
illumination conditions and background ef-
fects rather than leaf reflectance alone.)

Effect of background configuration on 
model performance for predicting rice 
physiological traits

Model performance under black and white 
backgrounds is summarized in Table 2. Paired 
bootstrap comparisons on the 140 shared biologi-
cal IDs supported higher full-channel OOF R² un-
der black for Chl a, Chl b, and total chlorophyll. 
The SPAD and %N differences were inconclusive 
(Table S9). This pattern shows that the black-
background measurements were associated with 
better predictive performance for chlorophyll a, 
chlorophyll b, and total chlorophyll; it does not 
identify which change in the measured signal ac-
counts for that difference. This interpretation is 
consistent with observations in narrow rice leaves, 
where incomplete coverage of the optical path 
may introduce mixed contributions from the leaf 
and underlying background (Lopin et al., 2025).

With all 18 channels, pooled OOF R² under 
black versus white was 0.620 versus 0.580 for 
SPAD, 0.619 versus 0.440 for Chl a, 0.486 versus 

Figure 3. Effect of white and black background configurations on rice leaf raw reflectance spectra across four 
growth stages: tillering (a), maximum tillering (b), panicle initiation (c), and mature stage (d), with shaded 

spectral regions and average white-to-black signal ratios
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0.265 for Chl b, and 0.567 versus 0.408 for total 
chlorophyll (Table 2). Paired white − black dif-
ferences in R² were −0.186 (95% CI: −0.367 to 
−0.035), −0.219 (−0.377 to −0.074), and −0.168 
(−0.326 to −0.022) for the three chlorophyll traits, 
respectively; the intervals for SPAD and %N in-
cluded zero (Table S9). According to the back-
ground-interference energy-transfer framework, 
the recorded spectral energy comprises both leaf-
reflected energy and background-derived energy. 
When the target does not fully occupy the sen-
sor field of view, a highly reflective background 
can therefore increase the background compo-
nent and distort the leaf spectral response (Chen 
et al., 2024). The higher signals measured with 
the white background are consistent with a great-
er background contribution. However, without a 
spectral-mixture or background-correction analy-
sis, this study cannot determine whether back-
ground contribution, changes in leaf–background 
contrast or signal magnitude, or their combined 
effects primarily explain the difference in predic-
tive performance.

Leaf nitrogen (%N) showed lower predictive 
performance than the chlorophyll-related traits. 
With all 18 channels, OOF R² was 0.262 under 
black and 0.371 under white. In the paired com-
parison, ΔR² (white − black) was 0.109 (95% CI: 
−0.045 to 0.256); the interval included zero. This 
result contrasts with Nogueira et al. (2025), who 
reported R² values of approximately 0.61–0.79 
across maize growth stages and approximately 
0.75 using multivariate PLSR with an AS7265x-
based system. Their measurements were conduct-
ed on broader maize leaves, which may have pro-
vided more consistent target coverage within the 
sensor field of view and reduced the relative con-
tribution of surrounding background. This com-
parison suggests that measurement configuration 
and target coverage may substantially influence 
the nitrogen-related information recoverable from 
AS7265x measurements (Nogueira et al., 2025).

Chlorophyll-related traits were predicted more 
successfully than leaf nitrogen, with OOF R² val-
ues of 0.619, 0.486, and 0.567 for Chl a, Chl b, 
and total chlorophyll, respectively, under the black 
background using all 18 channels. Their stronger 

Figure 4. Reflectance spectra of rice leaves measured under white and black background configurations at four 
growth stages: tillering (a), maximum tillering (b), panicle initiation (c), and mature stage (d
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performance is consistent with the pronounced 
optical sensitivity of chlorophyll within the vis-
ible and red-edge regions (Kushwaha et al., 2024), 
covered by the AS7265x. The specific spectral 
regions contributing to these predictions are dis-
cussed further in relation to wavelength selection.

Prediction performance and wavelength 
selection under wide and narrow 
measurement geometries

Prediction performance is summarized in 
Table 3, with complete OOF metrics in Supple-
mentary Table S7. For SPAD, the full 18-chan-
nel models achieved OOF R² values of 0.665 in 
the narrow setup and 0.620 in the black wide 
setup, compared with 0.591 and 0.534 using RF-
selected wavelengths, respectively. Here, ΔR² is 
defined as the R² for RF-selected wavelengths 
minus that for all 18 channels; a negative value 
favors the full-channel model. Paired bootstrap 
analysis gave ΔR² = −0.074 (95% CI: −0.143 to 
−0.006) for narrow and −0.086 (95% CI: −0.160 
to −0.024) for black wide (Table S8), supporting 
higher OOF R² with all 18 channels within both 
datasets. Under the white background setup, RF 
selection also yielded lower OOF R² for %N (ΔR² 
= −0.138, 95% CI: −0.240 to −0.044) and chloro-
phyll a (ΔR² = −0.127, 95% CI: −0.232 to −0.020). 
The remaining selected–full R² intervals included 
zero (Table S8).The confidence intervals describe 
uncertainty in each model’s R² estimate but do 

not provide an inferential comparison of perfor-
mance between the two geometries. Because the 
wide- and narrow-geometry experiments used in-
dependent samples collected in 2023 and 2026, 
respectively, and differed in other acquisition and 
preprocessing conditions, their numerical perfor-
mance comparison is descriptive and cannot iso-
late the effect of measurement geometry.

The housing redesign altered both the nominal 
per-device field-of-view projection and the hous-
ing opening. The AS7265x consists of three spa-
tially separated sensor devices, each with a built-
in optical aperture of approximately 0.75 mm and 
a nominal field of view of ±20.5 (Sparkfun Elec-
tronics, 2023). Using the angular field of view 
about each device’s optical axis D=2h tan20.5, re-
ducing the sensor-to-leaf distance from 110 to 10 
mm decreased the calculated per-device footprint 
from approximately 82.3 to 7.5 mm. The hous-
ing opening was simultaneously reduced from 
approximately 80 to 30 mm. Previous AS7265x 
studies have primarily used housings to limit un-
wanted illumination, maintain sensor alignment, 
and stabilize the optical path (Lopin et al., 2025; 
Morales-Guerra et al., 2026; Sutherland et al., 
2024). In the present study, the redesign addition-
ally modified the sensor-to-leaf distance, nominal 
per-device footprint, and exposed opening area. 
For leaves 10–20 mm wide, a 7.5-mm footprint 
would be fully covered when the optical axis of 
each device was positioned over the leaf. How-
ever, because the three devices are spatially sepa-
rated, the effective combined sampling area also 

Table 3. Predictive performance of full-channel and selected-wavelength models under narrow and wide 
measurement geometries. Complete results are provided in Supplementary Tables S7–S9

Geometry Scenario Target
Best 

model 
(folds)

Inner-CV R² Nested OOF R² 
(95% CI)

OOF 
RMSE

OOF 
MAE

Best 
parameters

Narrow  
(n = 228) Full 18 SPAD LR (4/5) 0.641 ± 0.028 0.665 

(0.573–0.737) 2.72 2.122 Default

Narrow  
n = 228)

410, 435, 460, 
485, 560, 585, 
610, 645, 680, 
730, 760, 860, 
900, 940 nm

SPAD LR (4/5) 0.652 ± 0.033 0.591 
(0.490–0.670) 3.005 2.302 Default

Wide, black
 (n = 140) 460, 730, 760 nm SPAD RF (2/5) 0.598 ± 0.067 0.534 

(0.311–0.679) 4.909 3.575 Fold-specific

Wide, black 
(n = 140) 460, 485, 510 nm %N LR / KNN 

(2/5 each) 0.314 ± 0.079 0.202 
(0.003–0.380) 0.616 0.442 Default / k = 7

Wide, black 
(n = 140) 510, 730 nm Chl a 

(mg/g)
RF / KNN 
(2/5 each) 0.615 ± 0.028 0.604 

(0.447–0.715) 0.789 0.612 Fold-specific

Wide, black 
(n = 140)

510, 535, 585, 
610, 730, 760 nm

Chl b 
(mg/g) KNN (4/5) 0.448 ± 0.050 0.395 

(0.241–0.519) 0.735 0.573 k = 3–7

Wide, black 
(n = 140) 510, 730 nm Total Chl 

(mg/g) KNN (4/5) 0.594 ± 0.034 0.571 
(0.408–0.692) 1.391 1.062 k = 3–7
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depends on device spacing and leaf alignment, 
which were not quantified. Assuming a straight, 
centrally positioned leaf spanning the 30-mm cir-
cular opening, 22–58% of the opening remained 
uncovered, as shown in Figure 1. This percent-
age represents exposed opening area rather than 
background directly contained within an indi-
vidual device footprint. The footprint and open-
ing reductions were intended to constrain direct 
leaf–background mixing and stray illumination, 
respectively, but their individual contributions to 
prediction error were not quantified. The remain-
ing error may therefore reflect residual optical in-
terference together with biological heterogeneity 
and reference-measurement variability.

The selected wavelengths generally corre-
sponded to spectral regions previously associated 
with leaf pigment status. For SPAD, RF selection 
retained 2–9 channels across the five black wide-
geometry outer folds and 13–16 channels across 
the narrow-geometry folds. The 460-, 730-, and 
760-nm channels appeared in both experiments, al-
though their selection frequencies differed (Fig. 5). 
The red-edge and near-infrared regions have pre-
viously been associated with rice-leaf SPAD (Yu 
et al., 2022). Because wavelength selection was 
repeated within each outer-training set, no single 
fixed subset generated all pooled OOF predictions. 

For chlorophyll a, chlorophyll b, and total 
chlorophyll, 510 and 730 nm were selected in 
all five black-background outer folds, while ad-
ditional wavelengths varied among folds. The 
selected subsets contained 2–5, 2–10, and 2–9 
channels, respectively (Fig. 5). The 730-nm chan-
nel lies in the red-edge region and 510 nm in the 
green region, broadly consistent with reported 
chlorophyll-sensitive wavelengths (Guo et al., 
2020; Huang et al., 2015). The broader selection 

pattern for Chl b may reflect overlap among the 
optical responses of chlorophyll a, chlorophyll b, 
and other leaf constituents (Zhang et al., 2019).

Chlorophyll b exhibited a more dispersed 
selection pattern than chlorophyll a, involv-
ing additional wavelengths in the blue, red, and 
near-infrared regions. This agrees with the re-
ported sensitivity of chlorophyll b estimation 
to 630–660, 670–710, and 800–810 nm. The 
broader pattern may reflect spectral overlap be-
tween chlorophyll a, chlorophyll b, and other leaf 
constituents (Huang et al., 2015; H. Zhang et al., 
2019). Although the final Chl b subset was also 
510 and 730 nm, its fold-wise selection pattern 
was more dispersed than those of Chl a and to-
tal chlorophyll. This may reflect the substantial 
overlap between the optical responses of Chl 
a, Chl b, and other leaf constituents, which can 
make Chl b more difficult to resolve indepen-
dently (H. Zhang et al., 2019).

In contrast, wavelength selection for leaf ni-
trogen was less stable across folds. The selected 
subsets contained 2–8 channels; 510 nm appeared 
in all five outer folds and 460 nm in four. These 
green and blue channels may provide indirect 
information about leaf %N through variation 
in chlorophyll and other pigments. In a recent 
leaf-level study of rice, green reflectance near 
550 nm varied with nitrogen application, while 
leaf nitrogen concentration was associated with 
SPAD values (Zhang et al., 2024). More direct 
protein-related spectral information occurs in the 
short-wave infrared, including regions around 
2060–2180 nm, beyond the 410–940 nm range of 
the AS7265x (Féretet al., 2021; Li et al., 2018). 
The absence of these protein-related bands may 
partly explain why leaf %N was predicted less ac-
curately than the pigment-related traits.

Figure 5. Wavelength-selection frequency across the five outer folds for RF-based feature selection. Rows 
represent SPAD under the narrow and wide geometries and %N, chlorophyll a, chlorophyll b, and total 

chlorophyll under the wide geometry. Higher counts indicate more stable wavelength selection across folds
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Agreement between nested OOF 
predictions and reference measurements

The narrow-geometry SPAD model showed 
the highest numerical agreement between nested 
OOF predictions and reference measurements 
(CCC = 0.810, 95% CI: 0.756–0.849; OOF R² = 
0.665), followed by the full-channel black-back-
ground wide-geometry SPAD model (CCC = 
0.778, 95% CI: 0.667–0.859; OOF R² = 0.620), 
as shown in Fig. 6a–f. The 95% CI spanned 0.093 
for the narrow-geometry model and 0.192 for the 
wide-geometry model. This difference in interval 
width may partly reflect the larger sample size in 
the narrow experiment (n = 228 vs. n = 140). The 
corresponding RPIQ values were 2.340 and 1.737, 
respectively. Thus, relative to the interquartile 
spread of each reference dataset, the full-channel 
narrow model had a smaller OOF prediction error. 
The two geometries were evaluated using indepen-
dently collected sample sets, so their numerical 

performance difference is descriptive and cannot 
be attributed solely to measurement geometry.

The CCC was used as a complementary mea-
sure of agreement rather than as a standalone indi-
cator of predictive performance. It was originally 
proposed to evaluate reproducibility between re-
peated measurements and has subsequently been 
applied together with error-based metrics in envi-
ronmental modelling and proximal soil sensing, 
including soil-property mapping for precision lim-
ing (Schmidinger et al., 2024)clay and pH. These 
maps can be generated with digital soil mapping 
models fitted on covariates observed by proximal 
soil sensors. However, the quality of the derived 
maps depends on the applied methodology. We as-
sessed the effects of (i. However, CCC alone does 
not distinguish the relative contributions of correla-
tion and bias, is sensitive to the variability of the 
evaluated data, and should not be compared direct-
ly across independent datasets with different dis-
tributions (Wadoux & Minasny, 2024)we illustrate 

Figure 6. Agreement between reference values and nested out-of-fold predictions using all 18 wavelength 
channels. Panel (a) shows SPAD under the narrow geometry. Panels (b–f) show the wide geometry with a 
black background: (b) SPAD, (c) %N, (d) chlorophyll a, (e) chlorophyll b, and (f) total chlorophyll. Dotted 
lines indicate 1:1 agreement; solid lines show ordinary least-squares fits, and shaded bands show their 95% 
bootstrap confidence intervals. Corresponding results using RF-selected wavelength subsets are presented in 

Supplementary Figure S4
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with synthetic examples three undesirable statisti-
cal properties of this coefficient. We argue that ig-
norance of these properties have led to a frequent 
misuse of this coefficient in modelling and mapping 
studies. The stand-alone use of the concordance 
correlation coefficient is insufficient because i. Ac-
cordingly, CCC was interpreted here together with 
nested OOF R2, RMSE, and MAE and was decom-
posed into Pearson’s correlation coefficient  and the 
bias-correction factor  Because nested OOF R2 was 
calculated using the prediction-error formulation in 
Eq. (6), it also penalizes discrepancies between pre-
dicted and reference values. The additional contri-
bution of CCC was therefore its decomposition into 
correlation and location–scale agreement.

Under the black-background wide geometry 
using all 18 channels, agreement was higher for 
chlorophyll a (CCC = 0.765), total chlorophyll 
(CCC = 0.734), and chlorophyll b (CCC = 0.664) 
than for leaf nitrogen (CCC = 0.470). For leaf ni-
trogen, the limited precision ( = 0.523) was the pri-
mary contributor to the lower CCC, whereas the 
bias-correction factor  = 0.900) indicated a small-
er additional departure from perfect location–
scale agreement. More specifically, the estimated 
scale ratio ( = 0.627) together with the near-zero 
location shift (= 0.019) showed that the standard 
deviation of the predictions was approximately 
63% of that of the reference measurements. The 
predictions were therefore compressed toward the 
reference mean rather than systematically shifted 
upward or downward. Although linear recalibra-
tion could potentially reduce this scale mismatch, 
it would not address the limited correlation; con-
sequently, the improvement achievable through 
recalibration alone is likely to remain limited. 

This distinction is relevant when sensor pre-
dictions are intended to support nutrient-manage-
ment decisions because compressed or weakly 
correlated predictions may misclassify samples 
near nutrient-status thresholds. Nevertheless, 
agreement with reference measurements is a 
necessary but insufficient condition for fertilizer 
recommendation. Sensor-based nutrient-man-
agement studies have additionally validated suf-
ficiency indices against observed crop responses, 
for example, aerial and proximal vegetation in-
dices were evaluated against rice yield responses 
to top-dress N application across six site-years 
(Rehman et al., 2023). The %N model predicts 
laboratory-measured leaf nitrogen concentra-
tion under the study conditions, but its limited 
accuracy and the absence of validation against 

nitrogen-sufficiency thresholds or fertilizer re-
sponses preclude its use as a diagnosis of plant 
nitrogen status or a basis for fertilizer recommen-
dations. The model has also not been externally 
validated on an independent rice sample set.

Study limitation

This study was limited to the IR64 rice va-
riety and one general sampling area in Yogya-
karta, which included several rice-field plots. The 
wide- and narrow-geometry experiments used 
different biological samples collected in 2023 and 
2026, respectively. Differences in sampling year, 
reference-value distributions, and acquisition 
conditions therefore prevent the observed differ-
ence in SPAD prediction performance from be-
ing attributed specifically to measurement geom-
etry. Model performance was estimated by nested 
cross-validation within each dataset; none of the 
models was externally validated on a separate 
sample set collected under additional conditions. 
Finally, the study did not assess whether the sen-
sor estimates improve nitrogen-sufficiency clas-
sification, fertilizer application decisions, or crop 
responses to fertilization. These applications re-
quire dedicated validation before the system can 
be used for nutrient-management decisions.

CONCLUSIONS

Under the 2023 wide geometry, background 
configuration was associated with target-depen-
dent differences in AS7265x prediction perfor-
mance. In the 140 paired leaves, the full 18-chan-
nel models achieved higher OOF R² under black 
than white for chlorophyll a, chlorophyll b, and 
total chlorophyll, with 95% CIs for the paired 
differences excluding zero. The differences for 
SPAD and %N were inconclusive. White-back-
ground readings also showed higher raw signals, 
particularly in the blue region. These findings 
support monitoring and controlling the exposed 
background during spectral acquisition.

In the independent 2026 narrow-geometry da-
taset, the full 18-channel SPAD model achieved 
OOF R² = 0.665, RMSE = 2.720, MAE = 2.122, 
and CCC = 0.810. The black-background wide-
geometry full-channel model achieved OOF R² = 
0.620 and CCC = 0.778. This numerical differ-
ence cannot establish an advantage of the nar-
row geometry because the experiments differed 
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in year, biological samples, and other acquisi-
tion conditions. RF-based wavelength selection 
did not provide a supported improvement in R² 
over the full 18-channel scenario. For SPAD, the 
selected-wavelength models produced lower R² 
values in both the narrow-geometry and black-
background wide-geometry datasets, while the 
wavelengths retained varied across folds and tar-
get traits. Prediction of leaf nitrogen was less ac-
curate than that of the chlorophyll-related traits, 
with the black-background full-channel model 
yielding OOF R² = 0.262 and CCC = 0.470. Be-
cause this study involved IR64 rice from one gen-
eral sampling area and lacked external validation, 
the findings require evaluation under additional 
conditions. The sensor outputs estimate measured 
leaf traits under the study conditions; independent 
validation on new rice samples and testing against 
nitrogen-sufficiency thresholds and fertilizer re-
sponses are required before their use for nitrogen 
diagnosis or fertilizer decisions.
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