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Abstract: While crushed pinecone mulch holds promise as a beneficial material for blueberry
cultivation, research on its effectiveness remains limited. Crop leaf characteristics can serve as pa-
rameters for assessing mulching effects, although there are several limitations, including the need
to analyze various distinct characteristics separately. The combination of hyperspectral data and
machine learning techniques is expected to enable the selection of only the most important features
among these characteristics. In this study, we investigated the impact of various mulching treat-
ments utilizing pine tree byproducts, including crushed pinecones. Mulching variations included
non-mulching (NM), crushed pinecones (PCs), a mixture of crushed pinecones and sulfur (PCS),
pine needles (PNs), and sulfur treatment (S). Conventional methods were employed to measure
leaf growth (length and width) and physiological characteristics (chlorophyll content, chlorophyll
fluorescence, and stomatal conductance). Hyperspectral reflectance was also measured, and
classification models using Partial Least Squares Discriminant Analysis (PLS-DA) and eXtreme
Gradient Boosting (XGBoost) were developed for crop characteristics, vegetation indices (VIs),
visible and near-infrared (VNIR), and short-wave infrared (SWIR). The results showed that using
crushed pinecones as the sole mulching material for blueberries, without sulfur treatment, had a
positive impact on blueberry growth. The PC treatment exhibited a dual effect on plant growth
by lowering the soil pH to 5.89 and maintaining soil moisture within the range of 26.33–35.20%.
We observed distinct differences in soil inorganic nutrient content, with higher concentrations of
organic matter, total nitrogen, and available P2O5 and K+, which positively influenced blueberry
growth. Mulching treatments demonstrated superior physiological characteristics, with two classi-
fication models identifying stomatal conductance (gs) as a key parameter influencing treatment
classification (VIP scores > 1 rank: 3, variable score rank: 1). The photochemical reflectance index
(PRI) emerged as a major parameter among VIs, showing potential for measuring water stress
(VIP scores > 1 rank: 2, variable score rank: 1). In the SWIR PLS-DA model, wavelength peaks
were mainly observed in the O-H overtone (1410 nm, 1450 nm, 1930 nm, 1940 nm, and 2100 nm).
Overall, crushed pinecones were found to positively impact the initial growth of blueberries by
enhancing water status (plant respiration).

Keywords: highbush blueberry; pinecone mulching; sulfur treatment; hyperspectral reflectance;
classification model

1. Introduction

The significance of highbush blueberries (Vaccinium corymbosum) in agriculture lies
in their nutritional value, such as antioxidants like anthocyanins and polyphenols, as
well as their growing consumer demand [1–3]. Not only the fruits but also the leaves are
reported to be valuable in research due to their potential as bioactive sources for medical
and pharmaceutical applications [4–6]. Leaf photosynthesis and respiration can influence

Agronomy 2024, 14, 785. https://doi.org/10.3390/agronomy14040785 https://www.mdpi.com/journal/agronomy

https://doi.org/10.3390/agronomy14040785
https://doi.org/10.3390/agronomy14040785
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/agronomy
https://www.mdpi.com
https://orcid.org/0000-0002-6861-4207
https://orcid.org/0000-0002-2576-5435
https://doi.org/10.3390/agronomy14040785
https://www.mdpi.com/journal/agronomy
https://www.mdpi.com/article/10.3390/agronomy14040785?type=check_update&version=2


Agronomy 2024, 14, 785 2 of 19

the growth and yield of fruit trees, so it is crucial to identify effective treatments [7–9].
Cultivating blueberries under specific conditions ensures optimal productivity [10]. In
blueberry cultivation, the commonplace approach involves the application of peat moss
and sulfur to modulate the soil pH, thereby enhancing productivity. However, it is
important to consider their disadvantages. The use of peat moss raises concerns owing
to its limited cost-effectiveness, while an excess of sulfur holds the potential to induce
soil acidification, consequently impeding the availability of vital nutrients. For this
reason, organic mulching materials such as pine needles, wood chips, and composted
bark are favored for their moisture retention, temperature regulation, weed control, and
nutrient enrichment [11–14].

Using pine tree byproducts as mulch presents sustainable farming opportunities [11,13].
Crushed pinecones exhibit beneficial properties, including antifungal attributes, and have
been explored by researchers for potential use in livestock [15,16] and cosmetics [17–20].
Abundant post-pine-nut harvesting, pinecones emerge as an economical mulching option
in Gangwon-do, a prominent pine-nut-producing region in Korea. Pinecones have acidity
imparted by pine resin, while blueberry cultivation requires high soil acidity. Despite
anecdotal use in blueberry cultivation in Korea, scientific evidence on crushed pinecone
mulching for blueberries is lacking.

There are various characteristics commonly used to measure plant physiology, in-
cluding biomass (leaf size), photosynthesis (chlorophyll content and fluorescence), and
respiration (stomatal conductance), among others. Diverse research is underway to mea-
sure the leaf growth and physiological parameters of blueberries and to analyze the effect
of mulching [21–24]. However, analyzing each of these characteristics requires significant
investment in acquiring specific equipment, along with a considerable amount of labor
and time for measurement. When measuring leaf size non-destructively, if the leaf size
is small, manual measurement solely by personnel may be necessary. The SPAD meter is
portable, non-destructive, and rapid. However, it is limited to specific wavelengths, poten-
tially resulting in unreliable chlorophyll content data depending on the plant species [25].
Chlorophyll fluorescence is constrained by the necessity for dark adaptation, requiring pre-
processing or limited by location [26]. Since stomatal conductance (gs) measures a plant’s
respiration, an appropriate environment conducive to measurement must be established,
which can be time-consuming [27].

In recent years, precision agriculture, applying hyperspectral technology, has been
widely practiced in modern agriculture [28,29]. Hyperspectral sensors capture a wide
range of wavelengths across the electromagnetic spectrum, enabling a more detailed
analysis of plant characteristics. Hyperspectral reflectance analysis offers insights into
plant–light interactions across wavelengths, enabling the detection of subtle physiological
changes [30]. As the hyperspectral reflectance characteristics are refined, it is possible to
acquire information about various physiological features of plants [31]. The visible and
near-infrared (VNIR) region is associated with chlorophyll content, where green foliage
exhibits the lowest variation in reflectance in the visible spectrum and the highest in the
near-infrared range (NIR). In the short-wave infrared (SWIR) region, features are associated
with water absorption, lignin, and other organic compounds [32]. Combining these two
wavelength ranges allows for a comprehensive and high-resolution analysis of various
plant characteristics.

Hyperspectral data offer the advantage of rapidly and non-destructively collecting
large volumes of data. This allows for precise analysis using various vegetation indices
(VIs) and machine learning techniques. VIs find widespread use in assessing crop growth
and plant physiology [33,34]. The Partial Least Squares (PLS) algorithm is commonly used
as one of the most prevalent machine learning techniques, particularly in the analysis that
combines plant physiological characteristics and hyperspectral features [35,36]. Moreover,
recent advances in machine learning have been applied to classify and predict plant physi-
ological responses from hyperspectral data, enhancing the accuracy of plant performance
predictions [37]. The eXtreme Gradient Boosting (XGBoost) algorithm, one of the tree-based
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ensemble learning models, provides fast computation speed on large datasets and robust
handling of nonlinear patterns, overcoming the limitations of PLS [38]. Recent studies have
reported the utilization of XGBoost models for plant physiology diagnostics based on crop
leaf data [39,40].

However, it is still challenging to completely replace hyperspectral measurement. To
achieve this, it is necessary to develop prediction models, which require a large amount of
data on plant physiological characteristics [37]. Therefore, it is necessary to collect plant
physiological data from existing measurement methods and data on hyperspectral charac-
teristics while utilizing complementary analysis methods. Therefore, one approach could
be to create separate classification models for crop characteristic data and hyperspectral
data, and then conduct a comparative analysis.

In this study, we examined the impact of various mulching materials, including
pinecones, which are under-researched for their mulching effects, on the growth of blue-
berry seedlings. The objective was to determine the most effective mulch for promoting
optimal leaf growth and physiology in the early stages of plant development. We in-
tegrated conventional parameters of leaf growth and physiological characteristics with
hyperspectral data for more precise analysis. Discriminant analysis-based PLS (PLS-DA)
and XGBoost models were employed to identify influential factors affecting blueberry
growth. This approach not only underscores the utility of hyperspectral technology but
also provides valuable insights into plant vitality, aiding informed decision making in
blueberry cultivation, particularly with regard to pinecone-based mulch.

2. Materials and Methods
2.1. Plant Materials and Treatments

The cultivar ‘Duke’ was chosen for the experiments because it grows well and
is cultivated in the Gangwon-do area. The plants were five years of age and were
planted in pots 30 cm in height and 35 cm in inner diameter (with a soil height of
25 cm) in March 2021. The soil composition solely consisted of sandy soil, eliminating
any influence of horticultural media. The sandy soil consisted of crushed granite
particles with a size of 1–4 mm. The treatments consisted of five distinct groups: non-
mulching (NM), crushed pinecones (PCs), pine needles (PNs), sulfur treatment (S), and
a mixture of crushed pinecones and sulfur (PCS). Crushed pinecones, harvested and
processed at the Hongcheon-gun Forestry Association, and fallen pine needles from
Kangwon National University’s academic forest were used for mulching treatment,
respectively. A 5 cm layer of crushed pinecones and pine needles was applied to the soil
surface. The sulfur applied to the soil was treated by mixing it with the soil at a ratio
of 140 g/m3 [41]. Granules of sulfur with a purity of 100%, with a diameter of 1–3 mm
and a thickness of approximately 1 mm, were utilized. Acclimatization occurred within
the greenhouse until August 2021, supplemented by weekly 2 L irrigations. From
September 2021, individuals with superior growth (the number of pots as replications:
NM: 8, PCs: 7, PCS: 9, PNs: 11, S: 10) were chosen for an outdoor acclimatization phase
adjacent to the greenhouse. Data collection for acclimatized seedlings was conducted in
May 2022 outdoors, when leaf flushing was nearly complete. The average temperature
throughout the acclimatization phase (September–April) and experimental period
(May) stood at 8.03 ± 9.35 ◦C (maximum: 14.65 ± 9.2 ◦C, minimum: 2.16 ± 9.64 ◦C)
(Figure 1).
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Figure 1. Meteorological data of growth environment.

2.2. Soil Characteristic Analysis

The soil moisture content (SMC) (%) was measured using a standard probe from a
universal moisture tester (HB-300, Kett, Japan) inserted into the soil surface. Prior to the
initial measurement, SMC (%) data obtained through the equation [SMC (%) = (wet soil
weight (FW) − dry soil weight (DW))/dry soil weight (DW)) × 100] were calibrated into
the device. Wet soil samples were collected immediately after irrigation, while dry soil
samples were obtained by drying the soil samples until a constant weight was achieved at
105 ◦C. After six months of planting, soil samples were collected from each pot at a depth of
0–10 cm following the removal of mulching material. These samples were collected using a
100 cc soil sample can, and after mixing by treatment group, they were quantified to 500 g
for soil analysis. This study involved assessing 10 chemical parameters of the soil, such
as pH, organic matter [42], available phosphorus [43], total nitrogen, ammonium nitrogen,
nitrate nitrogen, and exchangeable cations (K+, Ca2+, Na+, and Mg2+) [44].
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2.3. Leaf Growth and Physiological Characteristics

Two hundred leaves were measured non-destructively in the order of the longest
branch for each treatment. Thirty leaves were measured from one plant. If there were fewer
than 30 leaves on one plant, more than 30 leaves were collected from another plant. For
growth data, leaf width (LW) (cm), leaf length (LL) (cm), and the ratio of LW to LL (LW/LL)
were measured on 3 May 2022. The LW was the longest vertical length of a leaf vein, and
the LL was based on the length of a leaf vein (Figure 2). The physiological data, including
chlorophyll content, chlorophyll fluorescence, and stomatal conductance, were simultane-
ously measured during the second week (10th to 13th, 10:00 am–04:00 pm KST) of May 2022.
During the measurement period, 1–3 pots from the same treatment were measured each
day. In the same manner as leaf growth data, physiological data were collected for each
parameter, with 200 samples per treatment. Chlorophyll content was measured by SPAD
value using a chlorophyll content meter (SPAD-502 plus, Konica-Minolta, Tokyo, Japan).
One SPAD value was collected as the average value measured at three mesophyll areas
per leaf. After the SPAD measurements, the seedlings were moved to a darkroom kept at
25 ◦C and they were acclimated in the dark for 20 min. After 20 min of dark adaptation,
five chlorophyll fluorescence parameters (Fo: minimum fluorescence; Fm: maximum fluo-
rescence; Fv/Fm [Fv = Fm − Fo]: maximum quantum yield of photosystem II; ABS/RC:
absorption flux per reaction center; DIo/RC: energy dissipation per reaction center) were
collected in the darkroom using a chlorophyll fluorescence meter (FluorPen FP-100, Photon
Systems Instruments, Drásov, Czech). Chlorophyll fluorescence was measured directly
on the mesophyll area, similar to the SPAD measurements. One chlorophyll fluorescence
measurement was made per leaf, and five parameters were measured simultaneously
with one measurement. Stomatal conductance (gs) (mmol/m2/s) was measured using a
leaf porometer (Model SC-1, Decagon, Pullman, WA, USA). Before the gs measurement,
calibration was conducted daily by replacing the desiccant in the measurement chamber
for thermal equilibrium. The measurement chamber attached to the porometer was applied
to the leaf for measurement. One gs measurement was taken per leaf, the same as for the
chlorophyll fluorescence.
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2.4. Hyperspectral Data Collection

Hyperspectral reflectance spectra were measured 30 times at different mesophyll
spots per leaf until more than 2000 data (average reflectance of three measurements) were
collected for each treatment. The VNIR (range: 485–950 nm, resolution: 1 nm) and SWIR
(range: 1101–2300 nm, resolution: 3 nm) were measured during the third week (17th to 19th,
10:00 a.m.–04:00 p.m. KST) of May 2022. Measurements were conducted by utilizing a probe
to directly contact the leaf surface. The VNIR and SWIR probes (QR400-7-VIS-BX, Ocean
Optics, Orlando, FL, USA) were connected to spectrometers (USB4000; NIRQest, Ocean
Optics, Orlando, FL, USA), and the measurement setup values were set as an integration
time of “100 milliseconds”, a scan to average of “3”, and a boxcar width of “3” for graph
smoothing in the software Spectra Suite ver. 6.2 (Ocean Optics, Orlando, FL, USA). For
calibration, the tungsten halogen light source (HL-2000, Ocean Optics, Orlando, FL, USA)
was turned off, and the spectrum was saved in the dark state (0% reflectance). After that,
the reference value was set by measuring the 100% reflectance with the light source turned
on and the probe in contact with the diffuse reflectance standard (WS-1-SL, Ocean Optics,
Orlando, FL, USA).

2.5. Datasets for Classification

Before developing the classification model, datasets based on leaf growth, physiol-
ogy, vegetation indices (VIs), and full spectra data were created. The composition and
quantity of data for each dataset are specified in Table 1. All datasets were randomly
classified into training/testing = 70:30. VIs data were based on the reflectance (%) of the
corresponding wavelength in the collected raw spectra. Full spectra data were based on
Savitzky–Golay smoothing (SG smoothing; window size: 15) + Standard Normal Variate
(SNV) preprocessing spectra (Supplementary Figure S1).

Table 1. Overview of datasets for classification modeling.

Data Set
(Data Format) Parameters and Wavelengths References

Leaf growth and physiology data
(200 measured data × 5 treatments

× 10 parameters)

1. LW; 2. LL; 3. LW/LL; 4. SPAD; 5. Fo; 6. Fm; 7. Fv/Fm;
8. ABS/RC; 9. DIo/RC; 10. gs

VI data
(2000 measured data × 5 treatments × 8 VIs)

1. Normalized difference vegetation index (NDVI):
(R800 − R670)/(R800 + R670) [45]

2. Modified chlorophyll absorption ratio index (MCARI):
[(R700 − R670) − 0.2 × (R700 − R550)] × (R700/R670) [46]

3. Soil-adjusted vegetation index (SAVI):
(1 + 0.16) × (R800 − R670)/(R800 + R670 + 0.16) [47]

4. Photochemical reflectance index (PRI):
(R570 − R531)/(R531 + R570) [48]

5. Moisture stress index (MSI):
R1600/R820 [49]

6. Normalized difference water index (NDWI):
(R860 − R1240)/(R860 + R1240) [50]

7. Disease water stress index (DWSI):
(R802 + R547)/(R1657 + R682) [51]

8. Normalized soil moisture index (NSMI):
(R1800 − R2119)/(R1800 + R2119) [52]

Full VNIR spectra
(2000 measured reflectance (%) data
× 5 treatments × 466 wavelengths)

R485–950 nm (units of 1 nm)

Full SWIR spectra
(2000 measured reflectance (%) data
× 5 treatments × 378 wavelengths)

R1101–2300 nm (Units of 3 nm)
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2.6. Statistical Analysis and Machine Learning Methods

The measured data of leaf growth and physiology (n = 200) and VIs (n = 2000) for
each treatment were analyzed for statistical significance using one-way ANOVA and a
Tukey HSD test (p < 0.05) in SPSS ver. 24 (IBM, Armonk, NY, USA). PLS-DA and XGBoost
models were used to classify the effects of mulching treatment. Due to differing units
of parameters, leaf growth, physiology, and VI data were standardized before analysis.
Both machine learning methods used 10-fold Venetian blind cross-validation to create a
generalized model and avoid overfitting. Each PLS-DA and XGBoost dataset was used to
develop two models: the predicted most probable model (P.M.P model) and the predicted
strictly using threshold = 0.50 model (Thres: 0.5 model). The PLS-DA model used for
model evaluation selected the optimal number of latent variables (Num. LVs) model
based on RSME. The XGBoost model selected the optimal values for the learning rate
(eta), the max depth of each tree, and the number of boosting rounds to determine the
appropriate model. The evaluation method for these models is outlined in Table 2. The
results from each model were based on variable importance in projection scores (VIP
scores) > 1 and the variable score rank. The PLS-Toolbox ver. 8.9.1 package (Eigenvector
Research Incorporated, Manson, WA, USA) from Matlab ver. R2020 (MathWorks, Natick,
MA, USA) was used for analysis (Figure 3).

Table 2. Evaluation indices for classification models.

Actual Outcome
Types of Performance Evaluation

True False

Pr
ed

ic
te

d
ou

tc
om

e

True True positive
(Tp)

False positive
(Fp)

Precision = Tp/(Tp + Fp)
Recall = Tp/(Tp + Fn)

Accuracy = (Tp + Tn)/(Tp + Fp + Tn + Fn)
False Positive Rate (FPR) = Fp/(Tn + Fp)

F1 score = (2 × Precision ×
Recall)/(Precision + Recall)

False False negative
(Fn)

True negative
(Tn)

The best model is determined when the result shows as close as “1”: Precision, Recall, Accuracy and F1 score. The
best model is determined when the result shows as close as “0”: FPR.

Agronomy 2024, 14, x FOR PEER REVIEW  7  of  19 
 

 

2.6. Statistical Analysis and Machine Learning Methods 

The measured data of leaf growth and physiology (n = 200) and VIs (n = 2000) for 

each  treatment were analyzed  for statistical significance using one-way ANOVA and a 

Tukey HSD test (p < 0.05) in SPSS ver. 24 (IBM, Armonk, NY, USA). PLS-DA and XGBoost 

models were used to classify the effects of mulching treatment. Due to differing units of 

parameters, leaf growth, physiology, and VI data were standardized before analysis. Both 

machine  learning  methods  used  10-fold  Venetian  blind  cross-validation  to  create  a 

generalized model and avoid overfitting. Each PLS-DA and XGBoost dataset was used to 

develop two models: the predicted most probable model (P.M.P model) and the predicted 

strictly using  threshold  =  0.50 model  (Thres:  0.5 model). The PLS-DA model used  for 

model evaluation selected the optimal number of latent variables (Num. LVs) model based 

on RSME. The XGBoost model selected the optimal values for the learning rate (eta), the 

max depth of each tree, and the number of boosting rounds to determine the appropriate 

model. The evaluation method for these models is outlined in Table 2. The results from 

each model were based on variable importance in projection scores (VIP scores) > 1 and 

the  variable  score  rank.  The  PLS-Toolbox  ver.  8.9.1  package  (Eigenvector  Research 

Incorporated, Manson, WA, USA) from Matlab ver. R2020 (MathWorks, Natick, MA, USA) 

was used for analysis (Figure 3). 

 

Figure 3. Overview of study flowchart. 

Table 2. Evaluation indices for classification models. 

  Actual Outcome 
Types of Performance Evaluation 

  True  False 

P
re
d
ic
te
d
 

o
u
tc
o
m
e 

True  True positive (Tp)  False positive (Fp)  Precision = Tp/(Tp + Fp) 

Recall = Tp/(Tp + Fn) 

Accuracy = (Tp + Tn)/(Tp + Fp + Tn + Fn) 

False Positive Rate (FPR) = Fp/(Tn + Fp) 

F1 score = (2 × Precision × Recall)/(Precision + Recall) 

False  False negative (Fn)  True negative (Tn) 

The best model is determined when the result shows as close as “1”: Precision, Recall, Accuracy and 

F1 score. The best model is determined when the result shows as close as “0”: FPR. 

Figure 3. Overview of study flowchart.



Agronomy 2024, 14, 785 8 of 19

3. Results
3.1. Soil Characteristics

The analysis of soil characteristics among different mulching treatments is presented
in Figure 4 and Table 3. Three days after irrigation, the SMC ranged from 29.33% to 35.20%
in the PC and PCS treatments, and from 21.64% to 24.19% in the PN, S, and NM treatments.
However, seven days after irrigation, the SMC showed variations across treatments, ranging
from 21.27% to 30.69% in the PC, PCS, and PN treatments, and from 6.18% to 13.75%
in the S and NM treatments. The PN treatment showed differences compared to the
crushed pinecone treatments (PCs and PCS) three days after irrigation, whereas seven days
after irrigation, it exhibited differences compared to the non-pinecone-treated treatments
(S and NM).

Agronomy 2024, 14, x FOR PEER REVIEW  8  of  19 
 

 

3. Results 

3.1. Soil Characteristics 

The analysis of soil characteristics among different mulching treatments is presented 

in Figure 4 and Table 3. Three days after irrigation, the SMC ranged from 29.33% to 35.20% 

in  the  PC  and  PCS  treatments,  and  from  21.64%  to  24.19%  in  the  PN,  S,  and  NM 

treatments. However,  seven  days  after  irrigation,  the  SMC  showed  variations  across 

treatments, ranging from 21.27% to 30.69% in the PC, PCS, and PN treatments, and from 

6.18%  to  13.75%  in  the  S  and NM  treatments.  The  PN  treatment  showed  differences 

compared to the crushed pinecone treatments (PCs and PCS) three days after irrigation, 

whereas  seven  days  after  irrigation,  it  exhibited  differences  compared  to  the  non-

pinecone-treated treatments (S and NM). 

 

Figure 4. Effect of mulching on the SMC (%). 

After 6 months of mulching, the soil pH decreased in all treatments except for the 

NM treatment, as shown in Table 3. The soil acidity level ranked in the order of S, PCS, 

PNs, PCs, and NM, with the most substantial pH reduction seen in the S treatment. OM 

(%), available P2O5 (mg/kg), TN (mg/g), and NO3⁻-N (mg/g) showed the highest values in the 

PC treatment. On the other hand, the NM treatment showed the highest value for NH4⁺-N 

(mg/g). The PCS treatment showed elevated values for available P2O5 (mg/kg) and TN (mg/g) 

following the PC treatment, yet showed the lowest value for NO3⁻-N (mg/g). Compared to the 

PC  and  PCS  treatments,  the  PN  treatment  had  relatively  lower  values.  Among  the 

exchangeable  cations,  K⁺  (cmol/kg)  notably  showed  higher  values  in  the  PC  and  PCS 

treatments compared to the other treatments. In contrast, Ca2⁺ (cmol/kg) showed an opposing 

trend. Na⁺ (cmol/kg) had the highest value in the NM treatment, while Mg2⁺ (cmol/kg) showed 

the highest value in the PC treatment. 

Table 3. Soil characteristics in different mulching treatments after 6 months of blueberry cultivation. 

  pH 
OM 

(%) 

Available 

P2O5 

(mg/kg) 

TN 

(mg/g) 

NH4⁺‐N 

(mg/g) 

NO3−‐N 

(mg/g) 

Exchangeable Cation (cmol/kg) 

K⁺  Ca2⁺  Na⁺  Mg2⁺ 

NM  6.46  4.16  10.80  0.61  0.10  0.03  0.06  3.25  0.65  0.51 

PCs  5.89  7.02  29.10  1.20  0.04  0.07  0.28  2.57  0.18  0.56 

PCS  5.81  2.80  26.70  0.96  0.04  0.01  0.21  2.22  0.20  0.48 

PNs  5.87  1.79  11.40  0.68  0.05  0.03  0.06  3.10  0.22  0.48 

S  5.59  2.05  14.60  0.70  0.06  0.05  0.06  3.06  0.22  0.44 

Bold numbers indicate a superior change due to crushed pinecone mulching. NM: non-mulching, 

PCs: crushed pinecones, PCS: a mixture of crushed pinecones and sulfur, PNs: pine needles, S: sulfur 

Figure 4. Effect of mulching on the SMC (%).

Table 3. Soil characteristics in different mulching treatments after 6 months of blueberry cultivation.

pH OM
(%)

Available
P2O5

(mg/kg)

TN
(mg/g)

NH4
+-N

(mg/g)
NO3−-N

(mg/g)
Exchangeable Cation (cmol/kg)

K+ Ca2+ Na+ Mg2+

NM 6.46 4.16 10.80 0.61 0.10 0.03 0.06 3.25 0.65 0.51
PCs 5.89 7.02 29.10 1.20 0.04 0.07 0.28 2.57 0.18 0.56
PCS 5.81 2.80 26.70 0.96 0.04 0.01 0.21 2.22 0.20 0.48
PNs 5.87 1.79 11.40 0.68 0.05 0.03 0.06 3.10 0.22 0.48

S 5.59 2.05 14.60 0.70 0.06 0.05 0.06 3.06 0.22 0.44

Bold numbers indicate a superior change due to crushed pinecone mulching. NM: non-mulching, PCs: crushed
pinecones, PCS: a mixture of crushed pinecones and sulfur, PNs: pine needles, S: sulfur treatment, pH: po-
tential of hydrogen, OM: organic matter, available P2O5: available phosphorus pentoxide, TN: total nitrogen,
NH4

+-N: ammonium nitrogen, NO3
−-N: nitrate nitrogen, K+: potassium, Ca2+: calcium, Na+: sodium, and

Mg2+: magnesium.

After 6 months of mulching, the soil pH decreased in all treatments except for the
NM treatment, as shown in Table 3. The soil acidity level ranked in the order of S, PCS,
PNs, PCs, and NM, with the most substantial pH reduction seen in the S treatment. OM
(%), available P2O5 (mg/kg), TN (mg/g), and NO3

−-N (mg/g) showed the highest values
in the PC treatment. On the other hand, the NM treatment showed the highest value for
NH4

+-N (mg/g). The PCS treatment showed elevated values for available P2O5 (mg/kg)
and TN (mg/g) following the PC treatment, yet showed the lowest value for NO3

−-N
(mg/g). Compared to the PC and PCS treatments, the PN treatment had relatively lower
values. Among the exchangeable cations, K+ (cmol/kg) notably showed higher values in
the PC and PCS treatments compared to the other treatments. In contrast, Ca2+ (cmol/kg)
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showed an opposing trend. Na+ (cmol/kg) had the highest value in the NM treatment,
while Mg2+ (cmol/kg) showed the highest value in the PC treatment.

3.2. Leaf Growth and Physiological Characteristics

Parameters indicating leaf growth, such as LW and LL, showed notable increments in
the PCS, PN, and PC treatments (Table 4). In contrast, the NM and S treatments exhibited
lower growth compared to other organic mulching treatments (PCs, PCS, and PNs). The
SPAD value showed the highest value in the PC treatment. The values of Fo and Fm were
highest in the S treatment. The PC, PCS, and S treatments showed the highest Fv/Fm,
followed by the PN treatment, while the NM treatment showed the lowest values. The
PCS treatment showed the lowest ABS/RC and DIo/RC, indicating high photosynthetic
capabilities in the PCS treatment. The gs showed high values in the organic mulching
treatments (PCs, PCS, and PNs) while showing low values in the non-mulching treatments
(NM and S). The organic mulching treatments were provided with a favorable environment
for growth. However, based on these results, it was challenging to identify the most
effective treatment among the organic mulching treatments.

Table 4. Leaf growth and physiological characteristics in five different mulching treatments (n = 200).

LW
(cm)

LL
(cm) LW/LL SPAD Fo/100 Fm/100 Fv/Fm ABS/RC DIo/RC gs

(mmol/m2/s)

NM 0.81 ±
0.22 d

1.57 ±
0.42 c

0.52 ±
0.09 a

21.95 ±
6.16 bc

48.13 ±
13.48 c

195.18 ±
56.05 c

0.75 ±
0.05 c

1.81 ±
0.40 a

0.47 ±
0.19 a

148.89 ±
33.21 b

PCs 1.23 ±
0.37 c

2.67 ±
0.53 b

0.46 ±
0.11 b

24.94 ±
5.41 a

49.25 ±
7.23 bc

235.07 ±
36.54 b

0.79 ±
0.03 a

1.63 ±
0.21 c

0.35 ±
0.09 bc

195.09 ±
60.90 a

PCS 1.52 ±
0.41 a

2.97 ±
0.80 a

0.52 ±
0.07 a

23.09 ±
6.58 b

49.07 ±
6.02 bc

237.26 ±
30.62 b

0.79 ±
0.02 a

1.55 ±
0.15 d

0.32 ±
0.06 c

187.23 ±
54.93 a

PNs 1.38 ±
0.39 b

2.72 ±
0.76 b

0.52 ±
0.11 a

21.90 ±
4.38 bc

50.98 ±
7.92 b

230.17 ±
39.56 b

0.78 ±
0.02 b

1.69 ±
0.16 bc

0.38 ±
0.06 b

190.80 ±
56.11 a

S 0.85 ±
0.32 d

1.64 ±
0.59 c

0.53 ±
0.12 a

21.22 ±
4.79 c

54.52 ±
6.84 a

258.44 ±
31.26 a

0.79 ±
0.02 a

1.72 ±
0.20 b

0.37 ±
0.07 b

117.45 ±
26.72 c

Bold numbers indicate a superior change due to crushed pinecone mulching. Means ± standard deviations with
different letters are significantly different at p < 0.05, which were testified with one-way ANOVA test and Tukey
HSD test. NM: non-mulching, PCs: crushed pinecones, PCS: a mixture of crushed pinecones and sulfur, PNs:
pine needles, S: sulfur treatment, LW: leaf width, LL: leaf length, Fo: minimum fluorescence, Fm: maximum
fluorescence, Fv/Fm: maximum quantum yield of photosystem II, ABS/RC: absorption flux per reaction center,
Dio/RC: energy dissipation per reaction center, and gs: stomatal conductance.

3.3. Vegetation Indices with the Hyperspectral Measurement

Generally, when the MCARI, PRI, and MSI values are reduced, it indicates that the
plant conditions have improved (Table 5). The PC treatment showed good conditions in Vis
related to water status (MSI, NDWI, and DWSI) and soil moisture (NSMI). Furthermore,
the PC treatment showed the best results in NDVI and SAVI related to chlorophyll con-
tent. The PCS treatment was superior in VIs associated with chlorophyll and carotenoid
content (MCARI and PRI). Remarkably, in the case of the PC treatment, the highest soil
SMC was consistently maintained (Figure 4), which corresponded with VIs indicating soil
moisture. The PN treatment showed lower VIs compared to the PC and PCS treatments,
but showed higher VIs compared to the NM and S treatments. Compared to leaf growth
and physiological characteristics, it was possible to observe through VIs that certain at-
tributes improved depending on the presence or absence of sulfur treatment in the crushed
pinecone treatment.
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Table 5. Leaf VIs in five different mulching treatments (n = 2000).

NDVI MCARI SAVI PRI × 10 MSI NDWI × 10 DWSI NSMI

NM 0.86 ± 0.05 c 157.63 ± 36.24 a 1.00 ± 0.06 c 0.25 ± 0.31 c 0.60 ± 0.09 b 0.04 ± 0.66 b 1.92 ± 0.27 b 0.31 ± 0.03 d
PCs 0.88 ± 0.05 a 136.18 ± 53.38 c 1.02 ± 0.05 a 0.06 ± 0.28 d 0.56 ± 0.09 c 0.23 ± 0.59 a 2.00 ± 0.29 a 0.34 ± 0.03 a
PCS 0.87 ± 0.06 b 129.90 ± 46.08 d 1.01 ± 0.07 b −0.10 ± 0.30 e 0.60 ± 0.11 b 0.03 ± 0.76 b 1.92 ± 0.31 b 0.32 ± 0.02 c
PNs 0.86 ± 0.05 c 141.17 ± 47.38 b 0.99 ± 0.06 c 0.32 ± 0.28 b 0.60 ± 0.10 b −0.03 ± 0.68 c 1.91 ± 0.27 b 0.33 ± 0.03 b

S 0.81 ± 0.07 d 142.26 ± 43.80 b 0.94 ± 0.08 d 0.44 ± 0.34 a 0.68 ± 0.11 a −0.39 ± 0.66 d 1.73 ± 0.26 c 0.30 ± 0.03 e

Bold numbers indicate a superior change due to crushed pinecone mulching. Means ± standard deviations with
different letters are significantly different at p < 0.05, which were testified with one-way ANOVA test and Tukey
HSD test. NM: Non-mulching, PCs: crushed pinecones, PCS: a mixture of crushed pinecones and sulfur, PNs:
pine needles, S: sulfur treatment, NDVI: normalized difference vegetation index, MCARI: modified chlorophyll
absorption ratio index, SAVI: soil-adjusted vegetation index, PRI: photochemical reflectance index, MSI: moisture
stress index, NDWI: normalized difference water index, DWSI: disease water stress index, and NSMI: normalized
soil moisture index.

3.4. Classification Modeling with Leaf Growth and Physiological Data

In the PLS-DA model, parameters with VIP scores > 1 were LL, LW, and gs (Table 6).
In contrast, the XGBoost model showed higher variable scores in the order of gs, SPAD,
and ABS/RC, with LL and LW showing relatively lower rankings. This was evidenced
by the superiority of the PCS treatment in leaf growth but not being a major parameter in
selecting the superior treatment in XGBoost (Table 4).

Table 6. VIP scores and variable score rank of classification models.

PLS-DA
(“VIP Scores > 1” Rank)

XGBoost
(“Variable Scores” Rank)

Leaf growth and
physiological data 1. LL; 2. LW; 3. gs

1. gs; 2. SPAD; 3. ABS/RC;
4. Fm; 5. LW/LL; 6. Fo; 7. Fv/Fm;
8. LL; 9. DIo/RC; 10. LW

VI data 1. NSMI; 2. PRI
1. PRI; 2. MCARI; 3. NSMI;
4. NDVI; 5. NDWI; 6. MSI;
7. DWSI; 8. SAVI

Full VNIR spectra 1. 675 nm; 2. 553 nm; 3. 527 nm;
4. 737 nm; 5. 783 nm

1. 827 nm; 2. 690 nm; 3. 784 nm;
4. 514 nm; 5. 749 nm

Full SWIR spectra 1. 1401 nm; 2. 1935 nm; 3. 1660 nm 1. 1875 nm; 2. 2106 nm; 3. 1455 nm
Bold numbers and numbers indicate the most influential parameters identified through the integrated results of
both PLS-DA and XGBoost models.

In both the PLS-DA and XGBoost models, it was observed that the accuracy of the
model was higher in the treatments (S and NM) without organic mulching compared to
those with organic mulching (PCs, PCS, and PNs). Among them, the S treatment exhibited
the highest accuracy, while the PN treatment showed the lowest. The lower performance in
leaf growth and physiology in treatments without organic mulching had a greater impact
on the classification performance of the treatments (Table 4).

In the PLS-DA P.M.P model, similar to the accuracy trends, treatments without organic
mulching (S and NM) were well classified (Figure 5). The PN treatment was classified
poorly as third in order. In the PLS-DA Thres: 0.5 model, overall unassigned outcomes
were observed. Along with the PN treatment, the PCS treatment was also poorly classified.
This indicates that the PN treatment did not exhibit a distinct mulching effect compared
to the other mulch treatments. Meanwhile, the XGBoost model successfully classified all
treatments. Both the XGBoost P.M.P model and Thres: 0.5 model exhibited a tendency for
well-classified treatment without organic mulching.
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Figure 5. Result of the classification models based on the leaf growth and physiology data. (a) PLS-DA
P.M.P model (Num. LVs: 4); (b) PLS-DA Thres: 0.5 model (Num. LVs: 4); (c) XGBoost P.M.P model
(eta: 0.3, max depth: 6, num round: 200); (d) XGBoost Thres: 0.5 model (eta: 0.3, max depth: 6, num
round: 200). NM: non-mulching, PCs: crushed pinecones, PCS: a mixture of crushed pinecones and
sulfur, PNs: pine needles, and S: sulfur treatment. Red numbers mean well-classified treatment. Blue
numbers mean poorly classified treatment.

3.5. Classification Modeling with VI Data

The PRI and NSMI had VIP scores > 1 in the PLS-DA model (Table 6). The XGBoost
model exhibited highly variable scores in the order of PRI, MCARI, and NSMI, similar to
the PLS-DA model. In the PLS-DA P.M.P model, the NM treatment showed an accuracy
of around 0.5, along with the PN treatment (Table 7). In the PLS-DA Thres: 0.5 model, all
treatments exhibited an accuracy of around 0.5. In contrast, the XGBoost model showed an
accuracy of over 0.8 for all treatments. The PLS-DA P.M.P model yielded similar results to
the leaf growth and physiology data-based model, with the PN treatment poorly classified
(Figure 6). Additionally, the NM treatment was classified lower compared to the PC and
PCS treatments. This suggests that a distinct mulching effect is observed when treated with
crushed pinecones or sulfur, comparatively. However, in the PLS-DA Thres: 0.5 model, the
PC treatment was poorly classified. It was challenging to find a consistent classification
trend between the PLS-DA P.M.P model and the Thres: 0.5 model. In contrast, the XGBoost
model exhibited similar performance to the leaf growth and physiology data-based model,
with all treatments being well classified.

3.6. Classification Modeling with Full VNIR and SWIR Spectrum Data

In the PLS-DA model, VNIR wavelengths showing VIP scores > 1 were 675 nm, 553 nm,
527 nm, 737 nm, and 783 nm (Table 6). The XGBoost model showed highly variable scores
in the order of 827 nm, 690 nm, 784 nm, 514 nm, and 749 nm. In contrast to both leaf growth
and physiology-based (Figure 5) and VI data-based (Figure 6) models, the PLS-DA model
showed the highest number of correctly classified samples for each treatment (Figure 7).
This suggests that the influence of characteristics among individuals is more reflected than
that of treatments.

In the PLS-DA model, SWIR wavelengths showing VIP scores > 1 were 1401 nm,
1935 nm, and 1660 nm (Table 6). The XGBoost model showed highly variable scores in
the order of 1875 nm, 2106 nm, and 1455 nm. Overall, the PC treatment demonstrated the
highest classification performance in the PLS-DA model (Figure 8). Despite being well-
classified in other models, the PCS treatment could not be classified well. The PN treatment
showed a lower classification than the PC treatment. The treatments without organic
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mulching were unable to be classified in the PLS-DA Thres: 0.5 model. The SWIR was
capable of effectively classifying the positive effects resulting from PC treatment (Table 4).
Additionally, despite exhibiting favorable growth and physiological characteristics, the
PCS treatment demonstrated that PC treatment without sulfur could be superior due to
the SWIR feature. On the other hand, XGBoost, as a classification model technique, faced
challenges in selecting or ranking the most effective treatments.

Table 7. The evaluation results of the classification model accuracy.

Parameter Model NM PCs PCS PNs S

Leaf growth
and

physiology

PLS-DA
P.M.P 0.775 0.713 0.700 0.569 0.827

Thres: 0.5 0.621 0.583 0.502 0.513 0.742

XGBoost
P.M.P 0.827 0.758 0.752 0.692 0.867

Thres: 0.5 0.831 0.750 0.733 0.704 0.844

VIs
PLS-DA

P.M.P 0.596 0.729 0.728 0.580 0.748
Thres: 0.5 0.549 0.502 0.549 0.520 0.521

XGBoost
P.M.P 0.825 0.862 0.847 0.829 0.868

Thres: 0.5 0.803 0.855 0.837 0.810 0.860

VNIR
PLS-DA

P.M.P 0.796 0.890 0.830 0.801 0.843
Thres: 0.5 0.711 0.642 0.799 0.659 0.539

XGBoost
P.M.P 0.980 0.985 0.993 0.983 0.983

Thres: 0.5 0.980 0.985 0.993 0.983 0.980

SWIR
PLS-DA

P.M.P 0.615 0.794 0.552 0.585 0.683
Thres: 0.5 0.501 0.664 0.500 0.532 0.506

XGBoost
P.M.P 0.983 0.985 0.967 0.965 0.968

Thres: 0.5 0.984 0.984 0.965 0.962 0.968

All evaluation results (Precision, Recall, Accuracy, FPR, and F1 score) are accessible in Supplementary Tables
S1–S4. NM: non-mulching, PCs: crushed pinecones, PCS: a mixture of crushed pinecones and sulfur, PNs: pine
needles, and S: sulfur treatment.
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4. Discussion

The results indicated that crushed pinecone mulching played a dual role in aiding
plant growth by lowering soil pH and maintaining soil moisture. Albert et al. [53] reported
that peat and plastic mulch maintained a soil pH of 5.9 after seven years of application.
In our study, mulching with crushed pinecones accelerated the decrease in pH levels,
suggesting its potential for soil acidification. Notably, higher concentrations of available
P2O5 and K+ were observed, which can be attributed to their positive influence on blueberry
growth [10]. Ahn et al. [41] observed that pine needle mulching led to an increase in OM
content, a trend that aligns with our study, where the PC treatment resulted in the highest
OM content. Meanwhile, Burkhard et al. [13] reported that pine needle mulching was more
beneficial for weed suppression than nutrient availability. In the case of NH4

+, blueberries
prefer and absorb mainly inorganic nitrogen [54]. Although the TN content was found to
be high in soil mulched with pinecones, a soil environment rich in inorganic nitrogen was
not created during the experimental period. Inorganic nitrogen was expected to gradually
emerge over the long term as the crushed pinecones decomposed further.

Mulching treatment is reported to contribute to maintaining soil moisture and enhanc-
ing soil nutrients, thereby resulting in an increased leaf area [23,55,56]. This was similar
to the NM and S treatments without mulching, which showed the lowest values. Organic
mulching has been shown to contribute effectively to the increase in SPAD values compared
to non-mulching with the increase in soil nitrogen (TN content) [55,57–59]. The increase in
SPAD values can have an impact on the enhancement of photosynthetic capacity, leading
to an improvement in chlorophyll fluorescence (increase in Fv/Fm) [60,61]. Jiang et al. [62]
observed that in the ‘Chaoyue No. 1’ variety at pH 5.3, the S treatment exhibited the same
Fv/Fm, while, significantly, the highest values were recorded at pH 4.5. Furthermore, a
high-pH (pH 6) soil environment has been shown to induce long-term stress in blueberries,
emphasizing the importance of soil pH management for lowering stress [63].

Organic mulching can enhance soil water absorption and nutrient utilization effi-
ciency by promoting the micro-aggregation of soil particles [64]. These effects contribute to
increased gas exchange capacity (gs) in the leaves, resulting in a higher rate of CO2 assimi-
lation for photosynthesis [65]. Based on the modeling of leaf growth and physiological data,
the integrated results of the PLS-DA and XGBoost models identified gs as the key parameter
that influenced the classification performance of the model. The S and NM treatments,
which did not involve organic mulching, were easily classified compared to treatments with
organic mulching (PCs, PCS, and PNs). This suggests that the negative effects associated
with the absence of mulching were evident (Table 4 and Figure 5). Furthermore, the PCS
treatment was not well classified in the PLS-DA Thres: 0.5 model. This can be attributed to
the more prominent positive effects of the PC treatment rather than the negative effects of
the additional sulfur.

VIs have proven to be more effective than leaf growth and physiological characteristics
in selecting superior treatments (Table 5 and Figure 6). Oliveira et al. [66] reported decreased
water consumption in Italian zucchini (Cucurbita pepo L.) when mulched with recycled paper.
They demonstrated the utility of VIs by showing a positive/strong R2 = 0.73 relationship
between the crop coefficient and the NDVI. In this study, the VI data-based model showed
that the PRI and NSMI were significant parameters for distinguishing between mulching
treatments. In particular, the PRI achieved the most influential parameters through the
integrated results of both the PLS-DA and XGBoost models. Kovar et al. [67] reported the
PRI as a useful index for non-destructively measuring soybean leaf water content. However,
in the PLS-DA model, there was no consistent trend among organic mulching treatments
(PCs, PCS, and PNs) based on the threshold, suggesting the need for further investigation.

From the VNIR data collection, significant wavelengths were identified for mulching
treatment classification within the red spectral range (675 nm, 690 nm, 737 nm, and 749 nm)
and the green spectral range (514 nm, 527 nm, and 553 nm). Wavelengths at 675 nm and
550 nm are known to be sensitive to chlorophyll content and related to nitrogen availabil-
ity [68]. Wavelengths in the range of 500–550 nm are indicative of xanthophylls (related to
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photosynthetic efficiency), while wavelengths at 610–620 nm and 700–710 nm (associated
only with chlorophyll absorption) are related to nutrient status and phenology. Meanwhile,
it is observed that NIR reflectance tends to increase as plants undergo less water stress [69].
This trend was also evident in our study, confirmed through the 827 nm wavelength within
the NIR range. However, due to its outstanding classification performance across all
treatments, it was challenging to identify the most superior treatment (Figure 7). The
VNIR characteristics were more sensitive to leaf color than to compositional elements, thus
reflecting individual tendencies among seedlings rather than treatments.

The selected wavelengths of SWIR data were associated with features such as the C-H
combination (CH2) (1395 nm), the O-H first overtone (ROH) (1410 nm), the O-H stretch
first overtone (starch, H2O) and the C=O stretch third overtone (C=O) (1450 nm), the C-C1
stretch sixth overtone (C-C1) (1860 nm), the O-H stretch/HOH deformation combination
(starch, cellulose) (1930 nm), the O-H bend second overtone (H2O) (1940 nm), and the O-H
bend/C-O stretch combination (starch) (2100 nm) [70]. In the PLS-DA model, the mulching
effects between the PC and PCS treatments were clearly classified. In particular, in the
Thres: 0.5 model, while the PC treatment was well predicted, the PCS treatment was not
predicted at all, likely due to the positive effects of mulching (Figure 8). It is reported that
sulfur treatment reduces soil moisture in the topsoil layer [71]. Therefore, under planned
management, it may be unnecessary to mix sulfur.

The XGBoost model encountered difficulties identifying superior treatments between
the PC and PCS treatments. Unexpectedly, the classification performance of the models
in this study proved challenging for treatment discrimination. Therefore, to classify the
mulching effect, it is considered necessary to compare at least two models and apply a
simpler classification model. Considering this, using previous algorithm models such as
k-nearest neighbor (KNN) or support vector machines (SVMs) is considered one way to
properly classify treatments [72]. Additionally, there is a need to explore the discriminative
capabilities of machine learning, with a focus on distinguishing mulching effects among
treatments based on threshold strength.

In this study, the spectral data obtained through contact-based methods allowed
for rapid and bulk data collection compared to conventional physiological measurement
methods. In the future, there is a need to utilize non-contact methods such as hyperspectral
imaging to improve and support blueberry cultivation [73–76]. Currently, the high cost and
difficulty in portability of equipment present limitations, and individual measurements
in the field are challenging. Nevertheless, various studies are underway to address these
limitations, and it is anticipated that contact-based hyperspectral data will be valuable for
validating such advancements in the future [77].

Overall, this study suggests that water status (plant respiration) is a key factor influenc-
ing blueberry growth, and mulching with crushed pinecones offers promising effects [78].
Alongside physiological data, SWIR-based PLS-DA models demonstrated significant poten-
tial in advancing plant growth assessment techniques. We provided foundational data on
the initial growth effects through pot experiments, minimizing external factors in the soil
environment. Anticipating that this will offer directional insights into early management
practices, we underscore the necessity of long-term field studies to assess the durability
and adaptability of the observed effects in real-world cultivation scenarios.

5. Conclusions

Crushed pinecone mulching showed positive effects, suggesting its potential as a
sustainable strategy for blueberry cultivation, even without supplemental sulfur. The
soil pH could be decreased. The soil nutrient content also exhibited the most favorable
conditions in the PC treatment. Leaf growth was optimal in the PCS treatment; the SPAD
value was highest in the PC treatment; chlorophyll fluorescence (Fv/Fm) was best in the
PC, PCS, and S treatments; and the gs was superior in the PC, PN, and PCS treatments.
The ANOVA results of leaf growth and physiology presented challenges in selecting the
most superior treatment, but this was identified through the application of classification
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models and hyperspectral data. The combined results of the PLS-DA and XGBoost mod-
els indicated that gs is the key parameter that exerts the most significant influence on
treatment classification in physiological parameters. The PRI has emerged as one of the
key parameters among VIs. While ordinarily associated with photosynthetic activity and
efficiency, the PRI has been found to be a contender for measuring water stress as well.
In particular, the model that effectively classified the positive mulching effect of the PC
treatment was PLS-DA, with a notable contribution from the SWIR within the hyperspectral
reflectance. Even within the SWIR region, it was observed that wavelengths predominantly
associated with O-H overtone have an impact. As a result, crushed pinecone mulching was
observed to positively affect the initial growth of blueberries by enhancing water status
(plant respiration). This will alleviate growth inhibition caused by water stress, enabling
the production of higher-quality blueberry produce. While contributing fundamental data
and valuable insights, we also emphasize the importance of long-term field studies.

Supplementary Materials: The following supporting information can be downloaded at
https://www.mdpi.com/article/10.3390/agronomy14040785/s1: Figure S1: Spectra preprocess-
ing before and after; Table S1: The evaluation results of the classification model of leaf growth and
physiology; Table S2: The evaluation results of the classification model of Vis; Table S3: The evaluation
results of the classification model of VNIR; Table S4: The evaluation results of the classification model
of SWIR.
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