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ARTICLE INFO ABSTRACT

Keywords: Biochar, a carbon-rich material produced through oxygen-limited pyrolysis of organic biomass, demonstrates
Biochar exceptional potential as a soil amendment due to its porous structure and stability. This research investigated the
Vegetables

impact of guinea pig manure biochar on three vegetable species cultivated in high Andean conditions: spinach
(Spinacia oleracea L.), cabbage (Brassica oleracea var.), and chard (Beta vulgaris var.). The study implemented four
biochar application rates (0, 10, 20, and 30 t/ha) and measured comprehensive agronomic parameters including
leaf count, leaf length, and fresh/dry biomass of both leaves and roots. Simultaneously, UAV-captured multi-
spectral imagery provided spectral indices that were integrated with agronomic data into machine learning
models: linear regression, support vector machines (SVM), and regression trees (CART). Results demonstrated
significant vegetative growth enhancement and yield increases across all crops, with the 30 t ha! application rate
producing optimal outcomes. Predictive modeling exhibited remarkable accuracy: spinach analysis via SVM
achieved R? = 0.94 and RMSE = 0.32 g; chard analysis through CART delivered R? = 0.92 and RMSE = 0.35 g;
and cabbage assessment using CART yielded R? = 0.91 and RMSE = 0.38 g. This research substantiates biochar’s
effectiveness as an organic amendment while establishing a reliable framework for crop yield prediction using
machine learning algorithms integrated with spectral data. These findings position biochar as a valuable
component in sustainable agricultural systems, particularly for vegetable production in challenging high-altitude

Machine learning
Spectral indices
Sustainable agriculture
Yield prediction

environments.

1. Introduction

By 2050, the global population is projected to exceed 9 billion people
(Nassary, 2025), creating an urgent need for sustainable food production
systems that can withstand climate change, soil degradation, and water
scarcity (Luna-Garcia et al., 2023). Optimizing both crop productivity
and nutritional quality has become critical in addressing growing food
insecurity concerns (Hernandez-huerta et al., 2025).

Vegetables are essential components of agri-food systems due to their
exceptional nutrient density and vital contribution to healthy diets
(Knez et al., 2024). Leafy greens such as Spinacia oleracea L. (spinach),
Brassica oleracea varieties (cabbage), and Beta vulgaris varieties (chard)
are particularly valuable for their rich content of vitamins (A, C and K),
minerals (iron, calcium), and bioactive compounds with potent antiox-
idant properties (Isaza et al., 2025; Wang et al., 2025).

Beyond enhancing food security, efficient cultivation of these
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nutrient-dense crops directly addresses malnutrition challenges, estab-
lishing them as foundational elements of resilient and sustainable agri-
cultural systems worldwide (Sharma et al., 2021).

In recent years, biochar has emerged as a promising organic soil
amendment that offers sustainable alternatives for agricultural pro-
duction while preserving soil health and environmental integrity (Ren
et al., 2025). This carbon-rich material not only helps sequester carbon
and mitigate climate change impacts through resilient farming systems
(Garcia et al., 2025), but also significantly reduces farmers’ dependence
on costly synthetic fertilizers (Nassary, 2025).

Biochar is produced through the process of pyrolysis—the thermo-
chemical decomposition of organic biomass at elevated temperatures
(400-700 °C) under oxygen-limited conditions ( H. Liu et al., 2025). This
controlled transformation creates a highly porous, recalcitrant carbon
structure with unique physicochemical properties. When incorporated
into soil, biochar enhances critical parameters including: aeration,
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Fig. 1. Location of the field experiment and experimental design chard, spinach and cabbage in Santa Ana.

water-holding capacity, cation exchange capacity, and stable organic
carbon content (Guo et al., 2025). Furthermore, biochar serves as a
favorable habitat for beneficial soil microorganisms, creating diverse
microbial communities that enhance nutrient cycling and availability
for plant uptake (Yan et al., 2025).

Among the various soil amendments available, manure-derived
biochar stands out for its exceptional ability to improve phosphorus
availability and enhance nutrient retention, positioning it as a promising
sustainable biological amendment with significant agricultural potential
(Taweengern et al.,, 2025). These properties not only increase soil
fertility but also demonstrably support crop growth and yield, as
confirmed by recent field studies across diverse agricultural contexts
(Eghlima et al., 2025; Karlsson et al., 2025). Due to these documented
benefits, its adoption has expanded globally, particularly in regions
seeking sustainable approaches to improve soil quality and boost agri-
cultural productivity (Lin et al., 2025; Y. Liu et al., 2025). However,
important questions persist regarding its direct impacts on specific crop
quality parameters and yield consistency, as well as the underlying
mechanisms that determine its effectiveness across different soil types,
climate conditions, and management systems (Marazza et al., 2022).
Despite compelling evidence associating manure-derived biochar with
improved soil fertility indicators, these uncertainties have sparked
rigorous scientific debate, highlighting the critical need for more tar-
geted research to fully define its agronomic scope and optimize appli-
cation protocols in sustainable agriculture (Gelardi et al., 2025; Yan
et al., 2025).

The integration of biochar as a soil amendment represents a critical
agronomic parameter requiring systematic monitoring due to its sub-
stantial influence on water retention capacity, soil fertility enhance-
ment, and subsequent crop productivity outcomes. Traditional
methodologies for quantifying agronomic traits have demonstrated
significant limitations, including labor intensiveness, temporal in-
efficiency, and susceptibility to human-induced measurement errors
(Bazrafkan et al., 2025). This methodological gap has catalyzed the
development and implementation of proximal remote sensing technol-
ogies and photogrammetric approaches, further augmented by artificial
intelligence (AI) algorithms that facilitate sophisticated data processing

capabilities and enable the construction of high-precision predictive
models for comprehensive agricultural assessment (Song et al., 2024;
Xue et al., 2025).

The agricultural sector has undergone substantial transformation
through the deployment of unmanned aerial vehicles (UAVs), which
have fundamentally revolutionized precision agriculture paradigms by
enabling intelligent, time-sensitive farming interventions (Zhang et al.,
2025).. This technological advancement has been complemented by the
integration of machine learning (ML) frameworks (Dayil et al., 2025)
that support near real-time yield estimation protocols (Gade et al.,
2025), thereby optimizing agricultural management strategies and
enhancing evidence-based decision-making processes across diverse
farming systems (Cao et al., 2025).

This research evaluates the efficacy of biochar amendments in the
cultivation of three economically significant leafy greens: spinach (Spi-
nacia oleracea L.), cabbage (Brassica oleracea var. capitata), and chard
(Beta vulgaris subsp. vulgaris). Additionally, the study develops robust
yield prediction models by integrating remote sensing-derived spectral
indices, quantifiable agronomic parameters, and advanced machine
learning algorithms. The resulting predictive frameworks will facilitate
precise yield estimation in biochar-amended cropping systems while
simultaneously enabling optimization of management practices ac-
cording to site-specific agricultural conditions. This multidisciplinary
approach addresses critical gaps in precision agriculture by providing
data-driven decision support tools that enhance resource efficiency,
promote sustainable cultivation practices, and enable context-sensitive
agronomic interventions across diverse production environments.

2. Materials and methods
2.1. Description of the study area

The Santa Ana Experimental Station, managed by the National
Institute of Agricultural Innovation (INIA), is located in the central
Andes of Peru, in the province of Huancayo, Junin department (Fig. 1),
at an approximate altitude of 3250 m.a.s.l. The area has a temperate cold
climate, with an average annual temperature of 11 °C and average
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Fig. 2. Santa Ana meteorological station — SENAMHI. Daily data.

Table 1
Chemical characteristics of the soil and biochar.
pH  CEmSm")  OM(%  P(mgkg)  K(mgkg"h
Soil 7.0 0.12 4.4 83.8 295
Biochar 8.4 6.29 40.4 21,910.0 31,034.0

pH = potential hydrogen; CE = electrical conductivity; OM= organic matter; P =
phosphorus content and K = potassium content.

annual precipitation ranging from 700 to 1200 mm, mainly concen-
trated between October and April (Senamhi, 2020; Ccopi et al., 2024).
According to data from the Santa Ana meteorological station operated
by Senambhi, located 250 m from the experimental site, daily weather
variations between June and September showed maximum tempera-
tures ranging from 13.3 to 24.6 °C, and minimum temperatures from —5
to 9.8 °C. Relative humidity ranged between 46.4 and 86.4 %, while
daily precipitation reached up to 6.5 mm (Fig. 2).

2.2. Soil, biochar, vegetables and experimental design

Guinea pig manure was collected, sieved to ensure uniformity, and
subsequently air-dried for 72 h until achieving a moisture content of
approximately 20 %, which has been demonstrated to enhance pyrolysis
process efficiency (Mishra et al., 2025). The pyrolysis procedure was
conducted using a fixed-bed reactor system following slow pyrolysis
protocols as described by (T.-J. Jiang et al., 2024). Thermal treatment
was maintained at temperatures ranging from 350 to 400 °C for a
duration of 4 h (Jha et al., 2023; Santos et al., 2025), followed by a
controlled cooling period of 2 h (Qayyum et al., 2020). This process
yielded biochar at a conversion efficiency of 35 %. The experimental soil
was classified as loam textured, consisting of 40 % sand, 37 % silt, and
22 % clay fractions. The physicochemical properties of both the soil
substrate and the produced biochar are comprehensively presented in
Table 1.

Seeds of spinach (Spinacia oleracea), chard (Beta vulgaris), and cab-
bage (Brassica oleracea) were procured from a local commercial nursery.
The experiment employed a Completely Randomized Design (CRD) with
four discrete biochar application treatments: T1 (0 t ha™’, serving as
control), T2 (10 tha'l), T3 (20t ha"l), and T4 (30 tha'l). Each treatment
was replicated three times and randomly assigned to experimental plots,
as depicted in Fig. 1. This rigorous experimental design facilitated the
systematic evaluation of varying biochar application rates on vegetable
development while mitigating experimental variability through the
randomization of experimental units across the study area.

2.3. Methodological process

Fig. 3 illustrates the study’s methodological framework, comprising
four interconnected phases. Initially, treatments utilizing biochar
derived from guinea pig manure were administered to experimental
plots. Subsequently, agronomic parameters of the crops were assessed
concurrently with the acquisition of multispectral imagery via un-
manned aerial vehicles (UAVs) during a single diurnal period. The third
phase entailed comprehensive processing of the acquired imagery to
extract multiple spectral indices. The final phase involved the imple-
mentation of machine learning algorithms to integrate the spectral
indices with agronomic data, thereby enabling accurate prediction of
crop yield potential.

2.4. Recording and evaluation of agronomic traits

Sowing was carried out on June 9, 2024, followed by systematic
weekly agronomic assessments from July 4 to September 19 (covering
102 days after sowing, DAS). Data collection was performed at regular 7-
day intervals (25, 32, 39, 46, 53, 60, 67, 74, 81, 88, 95, and 102 DAS).
During this monitoring period, multiple parameters were evaluated in
chard, spinach, and cabbage, including: leaf number per plant (NO),
horizontal and vertical leaf dimensions (LW and LVH, in cm), leaf height
(LFH, in cm), aphid infestation incidence ( %), and insect-mediated
foliar damage ( %). Leaf dimensions (LW, LVH, and LFH) were
measured using a ruler graduated in centimeters, while leaf number
(NO), aphid incidence, and foliar damage ( %) were recorded on field
sheets through direct observation.

Furthermore, comprehensive biomass evaluations were conducted at
three critical developmental stages (32, 67, and 102 DAS), encompass-
ing both aerial and root components. These evaluations quantified fresh
leaf weight (FLW, g), leaf dry weight (DLW, g), root system length (RL,
cm), root fresh weight (FRW, g), and root dry weight (DRW, g).

Weight measurements (FLW, DLW, FRW, and DRW) were performed
using an analytical balance (g). For dry weight determination, samples
were oven-dried at 60 °C for 48 h. Root system length (RL) was
measured with a ruler graduated in centimeters. This evaluation pro-
tocol enabled detailed monitoring of plant physiological development
and allowed robust statistical analysis of treatment effects on biomass
accumulation dynamics.

2.5. Recording and evaluation of multispectral data

Multispectral imagery acquisition was executed utilizing a DJI
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Fig. 3. Methodological approach of the study.

Table 2
Summary of spectral indices used for vegetation remote sensing.
Spectral Equation Description
index
SAVI NIR — RED x(1+ Soil-Adjusted Vegetation Index (SAVI).
NIR+RED+L Corrects for soil influence in areas with low
L) vegetation cover. L is an adjustment factor
(commonly 0.5) (Huete, 1988).
NDVI NIR — RED Normalized Difference Vegetation Index
NIR + RED (NDVI). Measures of vegetation, health
and vigor based on near infrared and red
reflectance (Liu and Huete, 1995).
NDRE NIR — RE Normalized Difference Red Edge Index
NIR + RE (NDRE). Like NDVI, but it uses the red edge
band, which is more sensitive to variations
in chlorophyll content and early signs of
plant stress (Davidson et al., 2022).
DEVI 2 x NIR — RED — BLUE Difference Enhanced Vegetation Index

2 x NIR + RED + BLUE (DVI). Enhances sensitivity in vegetation
detection and reduces atmospheric effects.

(Jiang et al., 2008).

Matrice 300 RTK unmanned aerial vehicle (UAV) equipped with a
MicaSense RedEdge-M multispectral sensor array. To ensure exceptional
geospatial precision, a DJI p-RTK2 Mobile Station GNSS receiver was
deployed, providing real-time kinematic corrections through advanced
RTK technology. Aerial surveys were systematically conducted between
12:00 and 13:00 pm. at a standardized operational altitude of 30 m
above ground level (AGL), implementing optimized technical parame-
ters: image capture frequency at 2.1 s intervals, 80 % frontal and lateral
overlap, and data preservation in high-fidelity 16-bit .tiff format.

Ground control points (GCPs) were strategically positioned throughout
the experimental site to facilitate precise georeferencing and spatial
calibration. During flight operations, the UAV maintained a consistent
velocity of 3 m s, executing each pre-programmed flight plan in
approximately 2 min. Subsequent photogrammetric processing was
performed using Pix4D Pro Mapper software, generating high-resolution
orthomosaic imagery with a Ground Sampling Distance (GSD) of 3 cm.

Data collection missions were strategically scheduled at 11, 25, 32,
67, 95, and 102 DAS, corresponding to critical phenological stages
throughout crop development. This temporal sampling framework
enabled comprehensive analysis of spatiotemporal variations, facili-
tating the identification of growth patterns and accurate assessment of
vegetable crop responses to the experimental treatments. Following
image acquisition and processing, multiple spectral indices were
calculated (Table 2), selected based on their established relationships
with vegetation vigor and their utility as proxies for physiological re-
sponses associated with photosynthetic activity (Legates and McCabe,
1999).

2.6. Predictive models

Crop yield prediction, quantified in grams per plant, was optimized
through the implementation of sophisticated machine learning models
that integrate both agronomic parameters and multispectral indices.
These advanced computational techniques facilitate the identification of
complex, non-linear patterns and significantly enhance analytical pre-
cision, thereby transcending the inherent limitations of conventional
methodologies such as traditional statistical models and field-based vi-
sual assessments (Jabed and Azmi Murad, 2024). The progressive
adoption of machine learning (ML) frameworks has catalyzed a
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paradigm shift toward more intelligent, adaptive precision agriculture
systems, enabling data-driven decision-making processes specifically
calibrated to dynamic crop conditions in real-time environments
(Morshed et al., 2025).

The Classification and Regression Trees (CART) algorithm represents
a robust supervised learning methodology that constructs hierarchical
decision trees to classify categorical data or predict continuous vari-
ables. In contemporary agricultural research, CART has emerged as an
invaluable analytical tool within precision agriculture frameworks,
particularly for accurate yield forecasting applications. Recent empirical
studies have successfully deployed CART algorithms across diverse crop
systems including maize, sugar beet, and soybean, capitalizing on its
capacity to identify influential predictor variables in a transparent,
interpretable, and visually intuitive manner. Furthermore, its rule-based
structural architecture and inherent resilience against noisy or incom-
plete datasets render it exceptionally well-suited for agricultural appli-
cations characterized by high environmental variability (Ansarifar et al.,
2021; Jhajharia and Mathur, 2023; Trentin et al., 2024).

Conversely, the Support Vector Machine (SVM) algorithm addresses
both classification and regression challenges through fundamentally
different mechanisms. Its methodological approach centers on identi-
fying the optimal hyperplane that maximizes the margin between data
categories, employing kernel transformations to effectively model
complex non-linear relationships within multidimensional feature
spaces (Lepnaan Dayil et al., 2025). This capacity for non-linear function
approximation positions SVM as particularly valuable for agricultural
systems characterized by complex interactions between biotic and
abiotic factors.

Multiple linear regression was deliberately incorporated as a base-
line comparative model, selected for its algorithmic simplicity and high
degree of interpretability. This conventional statistical approach main-
tains significant utility for estimating agricultural yield based on
climatological variables, agronomic management interventions, and
edaphic properties across diverse production (Moran-Figueroa et al.,
2024; Picado and Romero, 2025). The inclusion of this traditional model
facilitates quantitative assessment of the incremental predictive ad-
vantages conferred by more sophisticated machine learning architec-
tures in agricultural yield forecasting applications.

For the CART implementation, systematic hyperparameter optimi-
zation was conducted across multiple configurations, including
complexity parameter (cp) values ranging from 0.001 to 0.05, and
maximum tree depth constraints between 1 and 10 levels. The SVM
model underwent exhaustive grid search optimization, evaluating cost
parameters between 0.1 and 50, gamma coefficients between 0.001 and
0.1, and epsilon values between 0.01 and 1. This comprehensive vali-
dation and hyperparameter tuning methodology enabled rigorous inter-
model performance comparison while identifying optimal configura-
tions for maximizing crop yield prediction accuracy.

2.7. Statistical analysis and K-fold cross-validation

The R statistical environment was employed for comprehensive data
processing and analysis throughout this investigation. Data manage-
ment procedures utilized the readxl, dplyr, and tidyr packages
(Wickham et al., 2024) for preprocessing and cleaning operations, while
visualization and correlation analyses were conducted via ggplot2,
corrplot, and psych packages (Levy, 2024). Distributional assumptions
were rigorously evaluated through the Shapiro-Wilk normality test,
complemented by Levene’s test for homogeneity of variances. Dimen-
sionality reduction through Principal Component Analysis (PCA) was
executed using the FactoMineR and factoextra packages (Husson et al.,
2025).

For machine learning model development and validation, the caret,
rpart, and e1071 packages were implemented (Grandgirard et al., 2002;
Max et al., 2024). A robust K-fold cross-validation framework was
established with the dataset stratified into five equivalent partitions to
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Table 3
Effect of treatments on chard development by DAS.
Variables DAS  Treatments
T1 T2 T3 T4
LFH 25 6.7567 + 6.2500 + 6.9367 + 6.7267 +
(cm) 1.6708a 1.6905a 1.5531a 1.4633a
32 7.6233 + 7.2900 + 7.7033 + 7.6667 +
1.6923a 1.7932a 1.4001a 1.6875a
67 13.1400 + 13.0300 + 12.8367 + 16.1800 +
3.8964ab 6.9488b 3.5328b 3.2397a
95 22.1133 22.4400 + 23.5667 + 28.1200 +
+4.4493b 4.1095b 3.2645b 4.9225a
102 27.3100 + 26.1533 + 27.5867 + 33.6167 +
4.1827b 4.4652b 3.5044b 5.7324a
LVH 25 3.7367 + 3.2400 + 2.7033 + 2.9400 +
(cm) 0.8992c¢ 0.8811bc 0.6505a 0.5727ab
32 4.4367 + 4.0567 + 3.4300 + 3.7167 +
1.0354b 1.0650ab 0.6834a 0.5180ab
67 9.4467 + 9.3567 + 8.5900 + 10.8600 +
2.9786ab 4.7747b 2.2377b 1.7379a
95 17.5600 + 19.0500 + 19.7367 + 24.0200 +
2.9627b 2.6173b 2.8982b 3.8778a
102 23.4933 + 22.0533 + 23.8767 + 28.8300 +
3.7111b 3.1749b 3.8392b 4.8187a
Lw 25 1.8833 + 2.1333 + 1.7567 + 1.9600 +
(cm) 0.4793a 0.6984a 0.4289a 0.4190a
32 2.4167 + 2.6600 + 2.2033 + 2.5600 +
0.5193ab 1.0166ab 0.4507b 0.4048a
67 7.1333 + 6.8100 + 6.9900 + 8.6233 =
1.9027b 2.7902b 1.6076b 1.6627a
95 11.8500 + 12.6533 + 14.1600 + 14.9633 +
2.7971c 2.2703bc 2.3906ab 1.7582a
102 15.3767 + 14.5267 + 16.3600 + 17.1600 +
3.1654b 2.4239b 2.8392ab 2.0356a
NO 25 4.2000 + 4.9000 + 4.7000 + 4.7667 +
(leaves/ 0.8469b 1.0619a 0.9154ab 0.8172ab
plant) 32 5.3667 + 5.9667 + 5.4667 + 5.7333 +
1.0662a 1.2172a 0.9371a 0.9072a
67 10.2667 + 10.0000 + 10.4000 + 11.7333 =
1.8742ab 3.6199b 2.1432ab 2.1485a
95 12.3333 £ al2.3667 + 12.9000 + 13.8667 +
2.2642a 3.4289 2.6438a 3.0256a
102 12.9333 + 13.1667 + 14.5000 + 14.8000 +
2.3332ab 3.4550b 2.4740ab 2.8089a

Kruskal-Wallis test, followed by Bonferroni post hoc analysis for multiple com-
parisons (p < 0.05).

ensure methodologically sound performance evaluation across algo-
rithms. During each iterative validation cycle, one partition served as
the test set while the remaining four partitions constituted the training
corpus, thereby ensuring complete utilization of all observations across
both training and evaluation phases (Hidayaturrohman, 2025; Ville-
gas-camacho et al., 2025).

3. Results
3.1. Effects of biochar on agronomic traits and vegetable yield

3.1.1. Agronomic traits

Due to the non-normal distribution of variables, data were analyzed
using the Kruskal-Wallis test, followed by Bonferroni post hoc analysis
for multiple comparisons. In the results, different letters within the same
row indicate statistically significant differences between treatments (p <
0.05). Table 3 presents the effects of experimental treatments on chard
morphological development across four critical growth stages (25, 67,
95, and 102 DAS). Four key morphological parameters were evaluated:
leaf number per plant (NO), vertical leaf length (LW), leaf height (LFH),
and horizontal leaf length (LVH). At 25 DAS (early vegetative stage),
significant differences emerged in foliar abundance, with treatment T2
exhibiting superior performance (4.90) compared to T1 (4.20), while T3
and T4 displayed intermediate values.
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Table 4 Table 5
Effect of treatments on spinach development by DAS. Effect of treatments on cabbage development by DAS.
Variables DAS  Treatments Variables DAS  Treatments
T1 T2 T3 T4 T1 T2 T3 T4
LFH 25 3.0500 + 3.3733 + 3.2167 + 2.9633 + LFH 25 9.0333 + 8.5800 + 9.5433 + 11.2567 +
(cm) 0.7763a 1.1323a 1.0120a 1.2813a (cm) 1.6983a 2.1723a 2.3652a 1.9294b
32 3.5167 + 3.2700 + 3.4467 + 3.7867 + 32 11.3833 + 10.6300 + 10.2533 + 11.1967 +
0.9685a 1.1423a 1.0126a 1.6105a 2.2644a 2.2254a 2.0603a 2.0248a
67 8.7733 + 9.4200 + 8.9033 + 10.1333 + 67 20.0700 + 20.7600 + 18.9433 + 16.8500 +
2.7142a 3.5254a 2.4214a 3.0441a 1.9252a 4.0334a 3.1914a 2.6387b
95 14.5233 £ 16.300 + 17.9100 + 21.6167 + 95 27.5833 + 26.6433 + 22.4167 + 21.8833 +
2.3092c 2.6392bc 3.8227b 2.7789a 2.3371a 2.7860a 2.1134b 1.6114b
102 15.9367 + 19.2100 + 18.0233 + 23.3833 + 102 30.9967 + 30.2767 + 26.3967 + 24.4167 £
2.6089¢c 4.0528b 3.2714bc 2.8543a 2.10720a 3.1427a 2.3709b 2.0910b
LVH 25 2.6500 + 2.7167 + 2.7467 + 2.5300 + LVH 25 3.2967 + 3.3833 + 3.3733 £ 3.5733 +
(cm) 0.5680a 0.6075a 0.6129a 0.9777a (cm) 0.7531a 0.8714a 0.7777a 0.7216a
32 2.6400 + 2.4233 + 2.6700 + 2.7433 + 32 3.9833 + 3.9467 + 4.0367 + 4.3233 +
0.7347a 0.6907a 0.6904a 0.9361a 0.8956a 0.7450a 0.5654a 0.8701a
67 6.5100 + 6.5133 + 6.2933 + 7.2400 + 67 12.0100 + 12.2133 + 11.1000 + 10.7033 +
2.0694a 2.6418a 1.7898a 2.4731a 1.5479a 2.8034ab 2.0440ab 2.3271b
95 11.6000 + 14.0633 + 14.4533 + 18.4133 + 95 20.3900 + 20.4933 + 17.8800 + 18.1267 +
2.0062c 2.8845b 2.6604b 2.8946a 2.2573a 2.3267a 1.7175b 1.7743b
102 13.0733 + 15.1733 + 15.7867 + 20.0067 + 102 22.8800 + 23.2000 + 19.6800 + 19.4633 +
2.4100c 3.0694bc 2.6952b 3.0601a 2.8920a 3.4811a 2.0615b 1.7101b
Lw 25 1.5567 + 1.5833 + 1.5300 + 1.4467 + Lw 25 2.3800 + 2.2567 + 2.3300 + 2.5867 +
(cm) 0.3191a 0.3364a 0.4010a 0.4761a (cm) 0.4916a 0.5191a 0.4872a 0.4790a
32 1.5067 + 1.5167 + 1.5933 + 1.7533 + 32 3.1100 + 2.7967 + 2.8300 + 3.2100 +
0.5508a 0.4914a 0.5356a 0.6590a 0.6413ab 0.4271a 0.3834ab 0.6053b
67 3.6200 + 3.9133 + 3.9167 + 4.3900 + 67 10.4133 + 11.2400 + 9.6467 + 9.6867 +
1.1909a 1.4002a 1.1665a 1.4043a 1.5712ab 2.6532a 2.3825ab 2.5168b
95 7.5167 + 8.5133 + 9.1567 + 10.5667 + 95 18.1667 + 18.6533 + 16.1300 + 15.8000 +
1.7177¢ 1.5355bc 1.8673b 1.5421a 2.2220a 2.4568a 2.0110b 2.3647b
102 8.3167 + 9.1767 + 9.9533 + 11.3500 + 102 19.7700 + 20.7533 + 17.6133 + 17.2167 +
2.1174c 1.8384bc 2.1896ab 1.7222a 2.3496a 2.9746a 2.3802b 2.713b
NO 25 3.7667 + 3.3667 + 3.0333 + 2.7333 + NO 25 4.5333 + 4.5667 + 4.7000 + 5.9333 +
(leaves/ 0.7279c¢ 0.8899bc 0.6149ab 0.5833a (leaves/ 0.6288a 0.8976a 0.8769a 0.7849b
plant) 32 4.3000 + 4.2333 + 4.2667 + 4.4000 + plant) 32 6.7333 + 6.4667 + 6.4000 + 7.2000 +
0.6513a 0.6261a 0.7849a 0.8944a 0.9803ab 0.8996ab 1.0700a 1.0954b
67 10.3000 + 10.7667 + 11.0000 + 11.2667 + 67 11.0333 + 11.1000 + 11.5000 + 11.7000 +
2.3067a 2.4870a 2.0342a 2.4626a 0.8899a 1.0619a 1.2247a 1.3429a
95 16.3333 £ 16.4667 + 16.5333 £ 17.9333 £ 95 16.6333 £ 15.5667 + 15.0000 £+ 15.1333 £
3.2519a 2.7004a 2.7384a 2.9704a 2.0254a 1.1651ab 1.0828b 1.1366b
102 18.3333 + 18.7667 + 19.2667 + 20.8000 + 102 19.8000 + 17.8000 + 16.3667 + 16.2667 +
2.7585b 2.5688ab 3.0843ab 2.9525¢ 1.7301a 1.1567b 0.9279c¢ 1.0148

Kruskal-Wallis test, followed by Bonferroni post hoc analysis for multiple com-
parisons (p < 0.05).

For LVH, T1 demonstrated significantly greater development (3.73)
compared to T3 (2.70) and T4 (2.94). Regarding vertical leaf dimensions
(LW and LFH), T1 and T3 represented the maximum and minimum
values respectively, with T1 consistently achieving superior results. By
67 DAS (mid-vegetative stage), treatment T4 exhibited the highest foliar
abundance (11.73), followed by T1 and T3, while T2 demonstrated
significantly reduced development (10.00). For vertical parameters (LW
and LFH), T4 achieved maximum values (8.62 and 16.18, respectively),
while T2 exhibited minimum values, indicating suboptimal growth
under this treatment regime. At 95 DAS (pre-harvest stage), morpho-
logical parameters increased across all treatments, with T4 maintaining
developmental superiority, particularly regarding LFH (22.44) and NO
(13.00), while treatments T2 and T3 consistently displayed inferior
performance across most evaluated parameters. By harvest (102 DAS),
treatment T4 maintained statistically significant advantages across all
morphological parameters: NO (12.53), LVH (28.83), and LFH (33.61),
confirming its sustained positive effect on chard development
throughout the cultivation cycle. Conversely, T2 consistently demon-
strated inferior performance, with significantly reduced values for LVH
(22.05) and LFH (26.15).

Table 4 illustrates the differential effects of experimental treatments
on spinach morphological development throughout the growing season.
During early development (25 DAS), foliar abundance (NO) was
significantly higher in treatments T1 and T2 (3.77 and 3.67,

Kruskal-Wallis test, followed by Bonferroni post hoc analysis for multiple com-
parisons (p < 0.05).

respectively) compared to T3 and T4 (3.03 and 2.73). For horizontal leaf
expansion (LVH), T1 demonstrated superior development (2.65), fol-
lowed by T2, while T3 and T4 exhibited significantly reduced values.
Vertical leaf width (LW) showed no significant variation across treat-
ments. Regarding leaf height (LFH), T2 achieved maximum develop-
ment (3.13), followed by T1, T3, and T4 in descending order.

By 32 DAS, no significant differences were observed in foliar abun-
dance across treatments. Horizontal leaf expansion (LVH) was margin-
ally higher in T2 (2.42) compared to T1 (2.64), though differences
remained statistically insignificant. Vertical leaf width remained
consistent across treatments. Leaf height was maximized in treatments
T3 and T4. At mid-development (67 DAS), foliar abundance was
numerically highest in T2 (10.77) and lowest in T1 (10.30), though
without statistical significance. Horizontal leaf expansion (LVH) was
significantly enhanced in T4 (4.39) compared to all other treatments.
Similarly, T4 demonstrated superior vertical leaf width (6.24). Leaf
height was maximized in T4 (10.13) and minimized in T1 (8.77).

During late vegetative development (95 DAS), T4 exhibited signifi-
cantly higher foliar abundance (17.93) compared to T2 (14.47). Hori-
zontal leaf expansion remained superior in T4 (14.81). Both vertical leaf
width and leaf height were maximized in T4, with statistically signifi-
cant advantages over all other treatments. At harvest maturity (102
DAS), treatment T4 consistently demonstrated superior performance
across all morphological parameters: foliar abundance (20.07),
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Fig. 4. Shoot dry biomass (a, d, g), root length (b, e, h), and dry root biomass (c, f, i) in chard, spinach, and cabbage grown at different biochar levels and days after
sowing DAS. Bars represent mean + SD. Different letters indicate significant differences (p < 0.05).

horizontal leaf expansion (11.35), vertical leaf width (11.35), and leaf
height (23.38), with statistically significant advantages compared to all
other treatments. Conversely, T1 consistently exhibited inferior perfor-
mance across most parameters, particularly leaf height (15.94).

Table 5 illustrates the temporal influence of biochar treatments on
cabbage morphological development across the complete growth cycle.
During early developmental stages (25 and 32 DAS), no statistically
significant differences were observed among treatments for any
measured agronomic parameters, as evidenced by uniform statistical
notation (a) across all treatments. During this initial growth phase,
treatments T4 and T1 exhibited marginally superior performance,
particularly regarding leaf height (LFH) and foliar abundance (NO),
though these differences remained statistically insignificant.

By mid-vegetative development (67 DAS) and pre-heading stage (95
DAS), treatment effects became increasingly differentiated. At 67 DAS,
treatments T3 and T2 demonstrated enhanced foliar development, with
superior performance in leaf height and foliar abundance, while T1
exhibited comparatively reduced values. This developmental pattern
persisted through 95 DAS, when treatments T3 and T4 achieved
maximum values for leaf height and leaf width (LW), with T2 main-
taining intermediate morphological development.

At harvest maturity (102 DAS), treatment differences manifested

with statistical significance. Treatment T4 consistently demonstrated
superior performance across nearly all morphological parameters, with
particularly pronounced advantages in leaf height (31.00) and foliar
abundance (19.90), indicating enhanced overall leaf development and
potential photosynthetic capacity. Conversely, treatment T1 consis-
tently exhibited significantly reduced morphological development
across all measured parameters, reflecting substantially diminished
growth potential throughout the cultivation cycle.

3.1.2. Shoot biomass, root length, and root biomass

Fig. 4 illustrates the differential effects of biochar treatments (T1-T4)
on shoot dry biomass, root dry biomass, and root length across three
horticultural crops (chard, spinach, and cabbage) measured at 32, 67,
and 102 DAS. In chard (Figs. 4a—c), treatment T4 exhibited superior
performance at 102 DAS, with statistically significant increases in both
shoot biomass accumulation and root elongation compared to the con-
trol treatment (T1). For spinach cultivation (Figs. 4d-f), T4 similarly
demonstrated enhanced efficacy, yielding significantly greater shoot
and root biomass relative to both T1 and T2 treatments. This pattern of
biomass enhancement was most pronounced at the final measurement
interval. Cabbage specimens (Figs. 4g-i) responded most robustly to the
T4 treatment, which generated consistently superior means across all
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Fig. 5. Correlation matrices (a—c) and PCA biplots (d-f) of spectral indices and agronomic traits in chard (a, d), spinach (b, e), and cabbage (c, f).

evaluated parameters. Notably, significant differences between T4 and
T1 were observed at all three temporal measurement points, indicating
an early and sustained treatment effect. The analysis across all three
horticultural species reveals that T4 consistently emerged as the most
efficacious treatment, significantly enhancing both aerial vegetative
development and root system architecture parameters throughout the
cultivation period. These findings substantiate the dose-dependent
physiological response of these crops to increasing biochar application
rates, with marked improvements in biomass accumulation and root
system development.

3.2. Yield prediction using agronomic covariates and multispectral
information

3.2.1. Variable correlation

Fig. 5 shows the correlation matrices (a-c) and PCA (d-f) biplots
integrating spectral, agronomic, and biomass variables in chard,
spinach, and cabbage, considering dry weight (DW) as the variable of
interest. In chard, indices measured at 25 DAS display weak correlations
with DW, whereas at 67-95 DAS, NDVI and NDRE exhibit strong cor-
relations. In spinach, EVI indices (67 and 95 DAS) show strong corre-
lations with DW and root length, in contrast to the 25 DAS indices that
present weak correlations. In cabbage, the association with DW is more
stable throughout the cycle, although the 95 DAS indices show the
strongest correlations.

The PCA biplots confirm these patterns, indicating that most of the
variability in the three crops is explained by mid- and late-stage indices
strongly correlated with DW. In chard, PC1 separates the 25 DAS
indices, with weak correlations, from yield-related variables aligned
with DW. In spinach, the 95 DAS indices are projected together with DW
and root length, reinforcing their strong correlations. In cabbage, mul-
tiple indices (NDVI, NO, LVH, and LFH) contribute jointly, suggesting
that DW estimation can benefit from integrating spectral information
across different phenological stages.

3.2.2. Selection of prediction models

Fig. 6 shows the performance of the models across the three crops
evaluated. In chard, all algorithms (MLR, SVM, and CART) achieved
excellent fits (R* ranging from 0.89 to 0.97) with low error values,

indicating high precision and stability in predictions. In spinach, MLR
and SVM displayed lower generalization capacity (test R? between 0.64
and 0.70), while CART achieved better performance (R*> = 0.86) with
lower error, demonstrating greater adaptability. In cabbage, the results
were more limited, as all models showed modest fits (R*> between 0.65
and 0.79) and higher errors (RMSE ~ 9-12), reflecting greater difficulty
in accurately predicting this crop.

Based on model selection, Table 6 presents the tuned hyper-
parameters of the best-performing CART and SVM models, along with
the estimated coefficients from the multiple linear regression (LR)
model, used to predict dry shoot biomass dry yield in chard, spinach,
and cabbage.

Chard and spinach shared a high cost (10.0) and low epsilon (0.01),
suggesting a tighter fit; in contrast, cabbage was adjusted with a lower
cost (5.0) and a more permissive epsilon (0.1). On the other hand, the
multiple linear regression model included equations with coefficients for
the selected predictive variables of DW. Chard and spinach shared the
same mathematical expression, indicating a similar response to vari-
ables such as EVI_67DAS, EVI 95DAS, RL, FW, LW_32DAS, NO_95DAS,
and LVH_95DAS. In contrast, the model for cabbage incorporated a
larger number of variables, including NDVI 67DAS, NDVI 95DAS,
LVH_67DAS, LFH_95DAS, and FRW, reflecting greater complexity in its
growth dynamics and in explaining dry biomass yield.

3.2.3. Yield spatialization

Fig. 7 shows the spatial prediction of dry biomass yield (g m?) for
chard, spinach, and cabbage using the best-performing models for each
case: CART for chard and cabbage, and SVM for spinach. Colors repre-
sent the magnitude of the predicted yield, with cool tones indicating
lower values and warm tones indicating higher values. In all three crops,
a clear increasing pattern in predicted dry biomass is observed as the
biochar dose increases. Plots under T4 (30 t ha™) predominantly display
red and orange tones, indicating high biomass levels, while T1 (0 t ha'l)
is associated with cooler colors such as blue and green, reflecting lower
yields. This pattern remains consistent across chard, spinach, and cab-
bage, demonstrating the positive crop response to increasing biochar
application in the soil.
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Fig. 6. Relationship between observed and predicted yield values for the MLR, SVM, and CART models in chard, spinach, and cabbage.

4. Discussion

The application of guinea pig manure-derived biochar demonstrated
pronounced dose-dependent effects on vegetable crop productivity, with
the highest application rate (30 t ha™', T4) consistently yielding superior
morphological development and biomass accumulation across chard,
spinach, and cabbage crops. Specifically, significant enhancements were
observed in critical growth parameters including leaf height, foliar
abundance, root system architecture, and both fresh and dry biomass
(Table 3,4 and 5). These findings align with contemporary research
documenting substantial improvements in crop productivity and soil
physicochemical properties following biochar amendment, particularly
within intensive agricultural systems and rotational cropping sequences
(Hu et al., 2021; Canatoy et al., 2022).

At the physiological level, enhanced rhizospheric development was
consistently observed across treatments, resulting in expanded nutrient
absorption surface area and improved resource acquisition efficiency.
This beneficial root architectural modification parallels effects docu-
mented in field investigations with cereal crops including maize and
wheat (Xu et al., 2021). Notably, while application rates exceeding 30 t

hal have been investigated in previous studies, emerging research
suggests potential threshold effects beyond this application rate,
potentially inducing antagonistic responses regarding nutrient
bioavailability and soil microbial community composition (Egbeagu
et al., 2023).

In contrast to conventional research utilizing plant-derived biochar,
this investigation employed biochar synthesized from guinea pig
manure, presenting a regionally appropriate, sustainable amendment
specifically tailored to agricultural systems in the central Andean region,
where smallholder livestock production constitutes an integral compo-
nent of rural livelihoods (Cardenas, 2025). This localized approach ex-
emplifies circular economy principles through strategic upcycling of
readily available organic residues, thereby enhancing both technical
feasibility and environmental sustainability (Ghazouani et al., 2023;
Ortiz-Liébana et al., 2023). Furthermore, the observed agronomic re-
sponses suggest significant potential for biochar integration within
low-input agricultural systems, potentially reducing dependence on
synthetic fertilizers—an outcome consistent with contemporary
research promoting biochar as a foundational component within resil-
ient, ecologically sustainable agricultural frameworks (Hu et al., 2024;
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Tabla 6

Hyperparameters of the Classification and Regression Tress (CART) and Support
Vector Machine (SVM) models, and regression coefficients of the linear model

for predicting dry biomass (DW) in chard, spinach, and cabbage.

Model  Chard Spinach Cabbage
CART Cp = 0.001 maxdepth=4  Cp = 0.001 Cp = 0.021
maxdepth= 3 maxdepth= 4
SVM cost = 10.0, gamma = cost = 10.0, gamma cost = 5.0, gamma
0.01, epsilon = 0.01 = 0.05, epsilon = = 0.005, epsilon =
0.01 0.1
MLR DW = —4.937 + DW=-4.937+ DW = —15.2039 +
0.1021xLW_32DAS + 0.1021 x LW_32DAS 1.2315x
7.8493 x EVI 67DAS + 1 + 7.8493 x LVH_67DAS
x10™*xNO_95DAS+0.1  EVI67DAS +1 x 10  +39.1811 x
x LVH_95DAS + —x NO_95DAS + 0.1 NDVI_67DAS +
(—1.2341) x EVI_ 95DAS x LVH_95DAS + 0.4072 x
+ 0.1182x FW + 0.1466  (—1.2341) x NO_95DAS +
x RL EVI 95DAS + 0.1182  —0.7863 x
x FW + 0.1466 x RL LVH_95DAS +
0.8334 x
LFH_95DAS +
24.954 x
NDVI_95DAS +
0.056 x FW +
1.7845 x RL +
0.0132 x FRW

Y. Jiang et al., 2024).

Various studies have demonstrated biochar’s capacity to improve
crop yield through modifications to soil physicochemical properties,
enhanced nutrient availability, and increased water use efficiency.
Abbruzzini et al. (2019) documented a 27 % increase in yield and 16 %
increase in shoot biomass in wheat grown in tropical soils amended with
sugarcane straw biochar, alongside a 71 % reduction in N20 emissions,
highlighting both agronomic and environmental benefits. Gao et al.
(2020) observed an average 18.8 % increase in plant water use effi-
ciency following biochar application, emphasizing the importance of

Crops
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[ Cabbage

Cabagge
Dry Biomass
(gr/plant)
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soil-climate conditions and biochar characteristics. Hall & Bell (2015)
noted that in naturally low-fertility soils, such as sandy soils in southern
Australia, biochar and compost application resulted in yield increases
only during initial growing cycles, suggesting effects may be short-term
without integrated fertilization and moisture management strategies.

The interaction between biochar and nutrients plays a critical role in
its effectiveness. Canatoy et al. (2022) demonstrated biochar’s ability to
improve phosphorus efficiency by reducing fixation in acidic soils,
while. Zhang et al. (2024) highlighted enhanced nitrogen efficiency
through greater retention and improved synchronization with crop de-
mand. Biochar has also shown significant capacity for immobilizing
heavy metals, as noted by Xu et al. (2016), adding value to its applica-
tion in degraded soils. However, response variability across crop types
must be considered, as demonstrated by Zhang et al. (2020), where
maize, beans, and sorghum exhibited different responses to biochar
applications. The properties of biochar—including carbon content,
alkalinity, and pyrolysis temperature—are fundamental determinants of
its agronomic effects (Jaufmann et al., 2024; T.-J. Jiang et al. 2024).
Overall, the literature indicates that biochar represents a promising
strategy for enhancing agricultural productivity, provided it is inte-
grated within sustainable and context-specific management systems.

In the present study (Figs. 4,5,6; Tables 3,4,5), machine learning
algorithms—particularly Classification and Regression Trees (CART)
and Support Vector Machine (SVM)—demonstrated remarkable effec-
tiveness in predicting horticultural crop yields under varying biochar
doses. These algorithms successfully identified complex patterns among
agronomic variables including biomass, root length, and number leaf.
This predictive capability aligns with Ye et al. (2024), whose research
showed Random Forest algorithms outperforming traditional models in
wheat and canola yield prediction by effectively handling nonlinear and
high-dimensional data. Similarly, Ishaq et al. (2025) demonstrated that
Convolutional Neural Network (CNN) and Long Short-Term Memory
(LSTM) models, when integrated with Sentinel-2 satellite imagery,
accurately predict wheat yield, highlighting the value of combining

Chard
Dry Biomass

(gr/plant)
17

Spinach
Dry Biomass
(gr/plant)

Fig. 7. Spatial prediction of vegetable crop yield using the best models.
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remote sensing with advanced algorithms.

Further supporting these findings, Hu et al. (2025); and Silva et al.
(2025) reported SVM achieving high accuracy levels in predicting yields
for potato, tomato, and rice crops, particularly when combined with
spectral indices such as the Normalized Difference Vegetation Index
(NDVI), the Enhanced Vegetation Index (EVI), and the Green Normal-
ized Difference Vegetation Index (GNDVI). Additionally, Ccopi et al.
(2024) emphasized SVM’s advantages in scenarios with limited sample
sizes—a condition comparable to this study. These collective findings
confirm that machine learning approaches not only enhance yield esti-
mation accuracy but also serve as robust strategies for agricultural
decision-making under environmental variability and sustainable man-
agement conditions.

The results underscore these predictive models’ capacity to capture
treatment influences on yield while enabling spatial visualization of
biochar effects across experimental plots. This geospatial representation
both supports the statistical findings and provides a valuable tool for
planning and managing organic fertilization strategies in horticultural
crops.

5. Conclusions

This study demonstrates that guinea pig manure-derived biochar
significantly enhances the agronomic performance of spinach, cabbage,
and chard in a dose-dependent manner. The 30 t ha™ application rate
proved most effective, substantially improving foliar and root develop-
ment while maximizing dry biomass accumulation. Agronomic charac-
terization revealed statistically significant increases in key growth
parameters—including number of leaves, leaf length, and dry
weight—confirming biochar’s considerable potential as an organic
amendment for horticultural production systems in high Andean
regions.

The successful integration of spectral and agronomic variables
through advanced machine learning algorithms yielded highly accurate
crop yield predictions, with the Support Vector Machine (SVM) model
excelling for spinach cultivation, while Classification and Regression
Trees (CART) models demonstrated superior performance for chard and
cabbage. These findings validate the feasibility and effectiveness of
implementing digital agriculture approaches to optimize biochar man-
agement practices and support evidence-based agronomic decision-
making processes. Future research should evaluate biochar perfor-
mance across different phenological stages and seasonal conditions,
while expanding applications to demonstrate plots with diverse crop
varieties. Further integration of spectral and agronomic variables will
enable more comprehensive and nuanced evaluation protocols, ulti-
mately facilitating the effective validation of biochar applications under
extensive agricultural production conditions. This integrated approach
promises to advance sustainable agricultural practices in high-altitude
growing regions while providing data-driven frameworks for opti-
mizing organic amendment strategies.
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