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The integration of vegetative cover crops and machine learning-based predictive models represents an innovative
strategy to enhance the sustainability and productivity of tropical fruit production systems. This study evaluated
the effects of four soil cover treatments, spontaneous vegetation, Arachis pintoi, Canavalia ensiformis, and Cen-
trosema macrocarpum, in addition to a no-cover control, on yield performance and soil quality in papaya (Carica
papaya L.) cultivation. Agronomic variables, vegetation indices derived from multispectral imagery, and mete-
orological factors were integrated to develop yield prediction models using Random Forest, K-Nearest Neighbors,
and Extreme Gradient Boosting algorithms. Analysis of variance revealed significant differences among treat-
ments (p < 0.05), with Centrosema macrocarpum achieving the highest yield (102.22 t ha'l), representing a 37%
increase compared to spontaneous vegetation. Furthermore, cover treatments improved soil pH, suggesting
reduced acidity and a positive contribution to the long-term sustainability of the production system. Among the
evaluated models, Extreme Gradient Boosting demonstrated the best predictive performance (R? = 0.85; RMSE =
11.56 t ha'). These findings indicate that the combined use of vegetative cover strategies and precision agri-
culture tools can optimize decision-making, enhance resource-use efficiency, and strengthen the resilience of
papaya production systems.

crops such as coffee, rice, and cocoa, which constitute the pillars of the
local economy [6]. In contrast, papaya records an average annual pro-

1. Introduction

Papaya (Carica papaya L.) is a tropical crop of great economic and
nutritional importance in hot-climate regions, characterized by a short
production cycle and high susceptibility to phytopathogenic diseases,
which can reduce yield by up to 40 % [1,2]. Global papaya production
exceeds 13.8 million tons, with major producers including India, Brazil,
Indonesia, and the Dominican Republic [3]. In Peru, papaya production
reaches approximately 175 thousand tons [4], establishing it as an
important fruit crop and an alternative to traditional agricultural sys-
tems [5].

Agricultural production in the province of Jaén is primarily based on
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duction of 489.79 tons, highlighting its relatively limited participation
in the regional agricultural landscape [5]. Nonetheless, this crop rep-
resents a strategic alternative to diversify the agricultural base and
strengthen the sustainability of local production systems [7]. Its estab-
lishment requires continuous management practices such as weeding,
fertilization, and pest control applications, which are essential for
optimal phenological development and yield maximization [8,9].
However, approximately 50 % of cultivated areas are affected by the
misuse of agronomic practices, particularly those leading to soil degra-
dation [1].
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Phytosanitary issues represent one of the main constraints in papaya
production, with the papaya ringspot virus (PRSV) capable of reducing
yield by up to 50 % [2]; anthracnose (Colletotrichum gloeosporioides),
responsible for postharvest losses of about 30 % [10]; neck and root rot
(Phytophthora spp.), associated with wilting and mortality in poorly
drained soils [11]; and pests such as fruit flies (Anastrepha spp.), which
affect both yield and commercial quality [12]. In response to these
challenges, the implementation of cover crops such as Centrosema mac-
rocarpum, Arachis pintoi, and Canavalia ensiformis has emerged as a
sustainable strategy for papaya cultivation. These species enhance soil
fertility and structure through nitrogen fixation and contribute to
greater availability of essential nutrients such as potassium (K), phos-
phorus (P), and calcium (Ca) [13,14].

These cover crop species have demonstrated positive effects in
tropical systems, particularly when associated with maize and banana
crops [15,16], where their incorporation has promoted soil recovery and
ecological fertility management. Additionally, by enhancing microbial
diversity and improving soil conditions, cover crops can reduce the
incidence of soil pathogens such as Phytophthora spp. and limit pest
pressure and alternative virus hosts [17], thereby contributing to disease
mitigation and the development of more resilient and sustainable pro-
duction systems.

Precision agriculture, on the other hand, has become a fundamental
tool for early diagnosis of crop status and for guiding management de-
cisions. In particular, unmanned aerial vehicles (UAVs) have shown
great potential for generating high-resolution geospatial data, enabling
the estimation of vegetation indices that reflect crop vigor and canopy
status [18-20]. When combined with agronomic and meteorological
data, these indices can be used to develop predictive models with strong
capacity to estimate crop yield [21,22]. In the case of papaya, moni-
toring cover crops using multispectral sensors mounted on UAVs allows
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linking the edaphic and physiological benefits of species such as Cen-
trosema macrocarpum, Arachis pintoi, and Canavalia ensiformis with
objective productivity indicators, offering a comprehensive strategy to
improve the sustainability and stability of tropical fruit systems [23,24].

In Peru, studies on papaya cultivation remain limited, and the sys-
tematic use of precision agriculture tools for yield prediction has not yet
been established. Moreover, there is no prior research integrating the
use of cover crops with multispectral monitoring and predictive ana-
lytics. Therefore, this study aimed to evaluate the effects of different
cover crops associated with papaya cultivation on agronomic perfor-
mance and soil physicochemical properties, and to predict yield using
advanced remote sensing and modeling methodologies. The ultimate
goal was to generate robust scientific evidence to improve understand-
ing of cover crop-papaya interactions and to support the design of more
resilient and sustainable agricultural systems.

2. Methods
2.1. Study area

The experimental plot was established at the Centro Experimental
Yanayacu of the Instituto Nacional de Innovaciéon Agraria (INIA)
(Fig. 1), located in the district and province of Jaén, Cajamarca region,
Peru. The site is situated at an altitude of 535 m a.s.l. and is charac-
terized by a warm, humid climate throughout the year, classified as
semi-dry with abundant moisture (C(r)A). Maximum temperatures
range from 29 °C to 33 °C, while minimum temperatures vary between
19 °C and 23 °C. Relative humidity remains between 75 % and 90 %
from January to December, and the mean annual rainfall fluctuates
between 900 mm and 1200 mm. The dry season extends from May to
October, whereas the wet season occurs from October to April [25].
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Fig. 1. Location of the papaya experimental plot at the Centro Experimental Yanayacu, Jaen province, Cajamarca region, Peru. Created by the authors and geo-
spatially represented using ArcGIS Pro v3.1.0 software (https://pro.arcgis.com/en/pro-app/latest/get-started/install-and-sign-in-to-arcgis-pro.htm). The elevation
map was downloaded from ASF Data Search Vertex (https://search.asf.alaska.edu/#/).
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2.2. Experimental design

An experimental plot of papaya (Carica papaya L.) cv. ‘Sinta F1° was
established under a completely randomized design (CRD) in an area of
3554 m?. Five treatments were evaluated, consisting of four vegetation
covers and one bare soil treatment associated with C. papaya: clean area,
spontaneous vegetation, Arachis pintoi, Canavalia ensiformis, and Cen-
trosema macrocarpum. In total, 15 experimental units of 7.5 x 9 m were
established. Nine central plants per unit were evaluated, excluding
border plants to avoid edge effects, resulting in a total of 135 plants
assessed across the entire experiment.

The experimental plot was managed under uniform fertilization and
irrigation conditions. Fertilization consisted of a total application of 300
g of nitrogen (N), 300 g of phosphorus pentoxide (P20s), and 360 g of
potassium oxide (K20), distributed over three crop development stages:
10 % during establishment, 40 % from flowering to fruit set, and 50 % at
the onset of the production phase. Nutrients were supplied using urea,
diammonium phosphate, and potassium sulfate as sources.

Irrigation was applied through a surface drip system to maintain
adequate soil moisture within the active root zone (20-40 cm depth) of
papaya plants and their associated covers. During the establishment
stage, irrigation was performed every two days for two hours per day,
divided into two sessions (morning and afternoon). In subsequent stages
of vegetative growth, flowering, and fruiting, irrigation frequency was
adjusted to every three days while maintaining the same total daily
duration and split sessions. This approach reduced direct soil evapora-
tion and promoted more efficient water use.

2.3. Methodological outline

The present study was structured in three consecutive phases aimed
at characterizing the agronomic, edaphic, and predictive performance of
papaya cultivation under different plant covers. In the first phase, sys-
tematic monitoring of agronomic variables (AG), vegetation indices
(VIs), and meteorological parameters (ME) was carried out throughout
six phenological stages of the crop. This phase sought to describe the
dynamic responses of Carica papaya L. cv. ‘Sinta F1’ under the influence
of each vegetation cover treatment. The second phase focused on the
development of yield estimation models using machine learning tech-
niques. RIDGE regression was implemented to ensure statistical
robustness and minimize multicollinearity, while the Random Forest
(RF), XGBoost (XG), and K-nearest neighbors (KNN) algorithms were
applied to enhance predictive accuracy. Model performance was eval-
uated using the coefficient of determination (R?) and root mean square
error (RMSE) as adjustment indicators. Finally, the third phase involved
the evaluation of soil physicochemical properties at two critical crop
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stages: flowering (S1) and production (S2). Soil samples were collected
directly from the experimental plots and analyzed at the Laboratorio de
Suelos, Aguas y Foliares (LABSAF). This analysis aimed to establish
correlations between soil nutrient dynamics and the agronomic perfor-
mance of the papaya crop, as summarized in Fig. 2.

2.4. Agronomic and meteorological data collection

The following agronomic variables were evaluated: stem diameter
(measured with a Vernier 6 Truper digital caliper), plant height
(measured with a Gripper 5 M Truper flexometer winch), chlorophyll
index-Soil Plant Analysis Development (measured with a MINOLTA
SPAD 502 Plus meter-2900P), number of fruits, fruit set, and flower buds
during six phenological stages, as well as fruit weight only in the final
production phase, as detailed in Fig. 3.

Yield was estimated at the end of the first harvest, 205 days after
planting C. papaya L., following the methodology established for tropical
soils. During the production stage, ten fruits per experimental unit were
selected as valid samples, collected, and individually weighed for each
treatment with three replications. From these data, the average fruit
weight was calculated and multiplied by the total number of fruits per
plant in each experimental unit. The results were expressed in tons per
hectare (t hal) and were analyzed for normality and homogeneity of
variances.

Meteorological data (temperature and relative humidity) were ob-
tained from the Automatic Meteorological Station (EMA) of SENAMHI,
located 0.8 km from the experimental plot.

2.4.1. Multispectral image collection and processing

For the processing of multispectral images, Pix4D Mapper v4.5
software was used, incorporating four ground control points (GCPs)
georeferenced in UTM Zone 17S coordinates using a GNSS South Galaxy
G7 receiver. From these data, a point cloud was generated with a spatial
resolution of 1.2 cm per pixel. Subsequently, multispectral orthomosaics
were constructed, and using the Pairwise Buffer geoprocessing tool with
radii adjusted according to the crop’s phenological stage, information
was extracted through the Zonal Statistics as Table tool in ArcGIS Pro
v3.1.0. Finally, the vegetation indices were organized and computed in
Microsoft Excel 2016 using the equations listed in Table 1.

2.5. Evaluation of the physicochemical properties of the soil

A total of 30 soil samples were collected, 15 samples at 97 days and
15 samples at 205 days after the treatments were established. The
samples were homogenized, air-dried, sieved, and analyzed at the Lab-
oratorio de Aguas, Suelos y Foliares (LABSAF) of the Centro
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Fig. 2. Methodological scheme followed to estimate the yield of papaya cultivation under four vegetation cover treatments considering a) Acquisition of monitoring
information, b) Multitemporal analysis and c) Evaluation of the physicochemical properties of the soil.
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Fig. 3. Evaluation of agronomic variables and meteorological monitoring across the six phenological stages of papaya crop development: establishment, vegetative
growth, flowering, fruiting, maturation, and production.

Table 1
Vegetation indices calculated in the study.
Indices Formula Reference
Normalized Difference NIR — Red [26]
Vegetation Index (NDVI)  NIR + Red
Modified Soil Adjusted 1 [27]
Vegetation Index 5 *[R(NIR +1) -
(MSAVI) \/(2-NIR +1)2 — 8(NIR — Red))
Enhanced Vegetation Index 25 % NIR — Red [28]
(EVD) " (NIR + 6 Red — 7.5Blue) + 1
Green Normalized NIR — Green [29]
Difference Vegetation NIR + Green
Index (GNDVI)
Normalized Difference NIR — RedEdge [30]
Red-Edge (NDRE) NIR + RedEdge

Experimental Yanayacu, part of the Instituto Nacional de Innovacién
Agraria (INIA). The physicochemical analyses detailed in Table 2 were
performed following the procedures established by the International

Table 2
Methods used to determine the physicochemical characteristics of soils.
Parameter Unit Method Reference
pH Unit. EPA method 9045D [31]
Electrical conductivity mSm?  EPA method 9045D [31]
Calcium Carbonate % Walkley & Black. [32]
Equivalent
Organic matter % Gravimetric method [33]
Phosphorus Available mg kg Kjeldahl Method [34]
1
Kjeldahl Total Nitrogen mg kg’ Bray and Kurtz Method [35]
1
Available Potassium mg kg Kjeldahl Method [34]
1
Total Organic Carbon mg kg~ Kjeldahl Method [34]
1
Sand % Bouyoucos Hydrometer [36]
Method
Clay % Bouyoucos Hydrometer [36]
Method
Silt % Bouyoucos Hydrometer [36]

Method

Organization for Standardization (ISO, 2006) and the Environmental
Protection Agency (EPA).

2.6. Modeling the yield of papaya crops

The development of the predictive model for estimating papaya yield
was based on the integration of agronomic (AG), vegetation index (VIs),
and meteorological (ME) variables. Seven modeling scenarios were
proposed (Table 3), in which the RIDGE algorithm [37] was imple-
mented. A conservative regularization parameter (o« = 1) was applied to
penalize predictors with low contribution. Following variable stan-
dardization, only those with absolute coefficients greater than 1 x 107*
were retained, thereby reducing the risk of overfitting.

First, variable selection was performed to identify the most relevant
predictors and reduce the risk of overfitting. The dataset was then
randomly partitioned into 80 % training and 20 % independent testing
subsets. Subsequently, Random Forest (RF) regression [38] was imple-
mented using the following parameters: n_estimators = 100, max_depth
= 3, max features = 'sqrt’, and random_state = 42. In parallel, the
K-Nearest Neighbors (KNN) algorithm [39] was configured with
n_neighbors = 3, and the Extreme Gradient Boosting (XGBoost) algo-
rithm [40] was set with n_estimators = 100, learning rate = 0.1,
max_depth = 5, and random_state = 42. All modeling procedures were
implemented in Python 3.10 using the Scikit-learn [41], NumPy, and
Pandas [42] libraries, which enabled the identification of the variable
set with the highest predictive capacity for yield. This methodology
allowed for a comparative evaluation of model accuracy across scenarios
and the establishment of a robust framework for papaya yield

Table 3
Proposed scenarios for estimating yield.

N Scenario

Agronomic variables (AG)
Vegetation indices (VIs)
Meteorological variables (ME)
AG + Vis

AG + ME

VIs + ME

AG + VIs + ME

N UhA WN =
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estimation.

2.6.1. RF, KNN, and XGBoost accuracy estimation and validation

After applying the Random Forest (RF), K-nearest neighbors (KNN),
and Extreme Gradient Boosting (XG) regression algorithms, the models
were validated using the coefficient of determination (R?) and the root
mean square error (RMSE) [43]. To assess the accuracy of these esti-
mation models, the corresponding equations available in the Scikit-learn
library were applied, and the models with the highest goodness of fit
were selected [41]:

R2=1-— Z?:l(yi *yi)z )
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Where yi represents the predicted value of the i th sample, and yi denotes
its corresponding observed value in a dataset of n samples. The values of
this goodness-of-fit index range from —oo to 1, where a value of 1 in-
dicates a perfect fit, while negative values suggest that the model per-
forms arbitrarily worse than the mean prediction.

_ N, s
RMSE = Hizzl:(yl— 30 (ID

Additionally, k-fold cross-validation (k = 8) was applied to assess the
performance of the best predictive model. Subsequently, the standard
deviation (c) was calculated to quantify model variability and statistical
reliability.
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Fig. 4. Agronomic variables evaluated: a) plant height, b) stem diameter, c) chlorophyll content (SPAD), d) number of fruits, e) fruit set, and f) flower buds across six
phenological phases, with five treatments: T1, clean area (light blue); T2, spontaneous vegetation (orange); T3, A. pintoi (gray); T4, C. ensiformis (yellow); and T5, C.

macrocarpum (blue).
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2.6.2. Statistical analysis of data

The estimation of papaya crop yield was analyzed using analysis of
variance (ANOVA), followed by Tukey’s multiple comparison test to
identify significant differences among treatment means. In addition, a
Student’s t-test was performed to detect significant differences in
physicochemical characteristics, and Pearson’s correlation analysis was
applied to evaluate the relationships between agronomic variables at
two phenological stages, before (S1) and after (S2) the establishment of
plant covers.

3. Results
3.1. Monitoring of variables

3.1.1. Agronomic variables

During the production phase of the papaya crop, the highest average
values were recorded in both the control and the treatments with plant
covers for the variables of plant height and stem diameter (Fig. 4).
Regarding plant height, the maximum value was obtained with
C. ensiformis (214.26 cm), while spontaneous vegetation showed the
minimum (204.81 cm) (Fig. 4a). A similar trend was observed for stem
diameter, where the highest value (93.12 cm) was recorded with
C. ensiformis, and the lowest (82.37 c¢cm) with the control treatment
(Fig. 4b).

For chlorophyll leaf content, the highest value was observed with
spontaneous vegetation (48.25 SPAD units), while A. pintoi presented
the lowest (47.17 SPAD units) during the establishment stage (Fig. 4c).
In the case of flower buds, the maximum number was reached with
C. macrocarpum (156 units), while spontaneous vegetation showed the
minimum (54 units) during the fruiting stage (Fig. 4d).

In terms of fruit set, the highest value was recorded with 193 units,
while C. ensiformis showed the lowest (170 units) during the maturation
stage (Fig. 4e). Finally, the greatest total number of fruits was obtained
with C. macrocarpum (1086 units), whereas spontaneous vegetation
presented the lowest value (827 units) during the production stage

a)
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(Fig. 4f).

3.1.2. Meteorological variables

In the evaluated period from January to June 2025, temperature and
relative humidity showed variations closely linked to crop development
(Fig. 5). The average temperature remained relatively stable between
24.9 °C and 25.7 °C, although with maximums ranging from 32.0 °C in
flowering to 36.2 °C in establishment, reflecting the warmer conditions
at the beginning of the cycle. Minimums remained constant at around 20
°C, with slight decreases towards the production phase, where they
reached 19.9 °C (Fig. 5a).

In contrast, relative humidity showed a more variable dynamic.
During the establishment, it registered an average of 62.4 %, increasing
in the vegetative growth stage to 67.2 %. In flowering, the wettest
condition was reached with 70.1 %, and then gradually decreased in
fruiting to 64.4 %, in maturation to 60.6 % and finally reached its lowest
value in the production phase with 59.5 %. These variations reflect a
greater environmental amplitude throughout the phenological cycle of
papaya (Fig. 5b).

During the phenological cycle of C. papaya L., temperature (a) and
relative humidity (b) were evaluated using the Mann-Kendall trend test.
The mean temperature ranged from 25.2 °C to 25.7 °C, with a reference
line of 25.5 °C; the test indicated p = 0.369, with no significant trend
throughout the six phenological phases (Fig. 6a).

The mean relative humidity ranged from 62.2 % to 65.0 %, with a
baseline of 64.2 %; the test yielded p = 0.428, confirming the absence of
a significant trend during the phenological cycle (Fig. 6b).

3.1.3. Vegetation indices (VIs)

Regarding crop monitoring by vegetation indices, Fig. 7 shows the
values obtained in the phenological production phase, where clear dif-
ferences in the response of each index are evident. These contrasts
reflect the different sensitivity of the indices to the physiological state of
the plant at this stage. The NDVI reached 0.98 (Fig. 7b) and the MSAVI
registered 0.96 (Fig. 7c), showing high sensitivity to vigor and
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Fig. 5. Behavior of a) temperature ( °C) and b) relative humidity ( %) during the phenological phases from establishment to production.
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vegetation cover, with less influence from the soil.

EVI reached 2.2 (Fig. 7d), reinforcing its ability to discriminate
variations in leaf vigor. On the other hand, the GNDVI obtained 0.96
(Fig. 7e), associated with chlorophyll content, while the NDRE pre-
sented 0.92 (Fig. 7f), showing better ability to characterize variations in
chlorophyll and nitrogen content. To understand more fully the dy-
namics of these indices throughout the phenological cycle, the results for
the other phases are presented in the supplementary figures (Figures S1
to S5). This behavior confirms that the indices have different capacities
to capture variations in the structure and physiological condition of the
crop.

On the other hand, Fig. 8 shows the evolution of NDVI during the six
phenological phases from establishment to production. It is observed
that the NDVI has a progressive dynamic in the vegetation cover.

From the first phenological stage of establishment to production,
NDVI values showed an increase. This behavior was homogeneous,
obtaining higher NDVI values of up to 0.98 recorded in the phenological
phases of maturation (Fig. 8e) and production (Fig. 8f), respectively,
while vegetative growth (Fig. 8b) presented the lowest value of —0.27.

The dynamics of vegetation indices showed a progressive increase
from the establishment stage to production, with notable variations
between treatments (Fig. 9). EVI and NDVI showed high sensitivity to
leaf cover and canopy structure, with EVI standing out for its accuracy in
capturing variations in foliage architecture and upper canopy definition.
The NDRE remained stable, reflecting its usefulness in characterizing
chlorophyll content and canopy integrity.

In the treatments of clean area (Fig. 9a) and spontaneous vegetation
(Fig. 9b), the indices increased steadily until fruiting and then stabilized.

A. pintoi (Fig. 9¢) maintained homogeneous values, with a GNDVI close
to 0.6, while C. ensiformis (Fig. 9d) showed the most pronounced EVI,
with peaks greater than 1.1 in flowering and fruiting. C. macrocarpum
(Fig. 9e) showed greater spectral variability, with peaks of EVI in
flowering and stability of the MSAVI throughout the cycle.

During the phenological cycle of papaya cultivation, the spectral
trends associated with its development were analyzed. Although the EVI
and MSAVI indices showed values close to significance, none of the
vegetation indices showed statistically significant trends according to
the Mann-Kendall test (p > 0.05). Fig. 10 shows the behavior of the four
treatments and the control, each with its respective trend line.

3.2. Analysis of physicochemical variables

3.2.1. Analysis of changes in physicochemical variables

After the implementation of the plant covers, Fig. 11 shows the
changes in the physicochemical variables evaluated, where significant
differences are indicated by the letters (ab) and non-significant differ-
ences by the letter (a). Soil pH showed a significant reduction from
alkaline conditions (8.17-8.33) to ranges close to neutrality
(7.83-7.93), with statistical differences between treatments. The lowest
values were recorded in C. ensiformis, A. pintoi and spontaneous vege-
tation. Organic matter showed a slight increase, reaching 2.40 % in
C. ensiformis and 2.03 % in spontaneous vegetation, although without
significant differences with respect to the cleaned area (1.53 %).

The available phosphorus showed its highest concentration in
C. ensiformis (17.50 mg kg-1), but the variability between replicates
prevented statistical differences from being established. Total nitrogen



P.A. Torres-Herrera et al.

T1: Clean area T2: Spontaneus vegetation T3: Arachis pintoi

Smart Agricultural Technology 14 (2026) 101953

N

10
meters

042

L i 3
T4: Canavalia ensiformis T5: Centrosema macrocarpum

Fig. 7. Calculated vegetation indices (b-f) and contrast in natural color (a) of the papaya crop in the phenological phase of production.

and available potassium ranged from 1.20-1.40 mg kg-1 to
167.00-213.50 mg kg-1, respectively, while total organic carbon ranged
from 0.83 to 1.89 mg kg-1, with no significant differences. The soil
texture remained constant in all treatments, preserving the sandy-loam
classification.

3.2.2. Analysis of the correlation of physicochemical variables with
agronomic variables

The correlation diagram showed that plant height was the main in-
dicator of productivity, as it was closely associated with stem diameter

(coefficient = 0.90), number of fruits (coefficient = 0.98) and flower
buds (coefficient = 0.89). Likewise, fruit sets were significantly corre-
lated with plant height (coefficient = 0.80) and stem diameter (coeffi-
cient = 0.94) (Fig. 12a). At the soil level, negative correlations of pH
with clay (coefficient = —0.64) and total nitrogen with sand (coefficient
= —0.81) stood out.

After the installation of plant covers, the correlations were reor-
ganized, reflecting a greater integration between soil fertility and
agronomic performance (Fig. 12b). Organic matter was associated with
available phosphorus (coefficient = 0.78) and organic carbon with silt
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Fig. 8. The NDVI of the six phenological phases is observed: a) establishment, b) vegetative growth, c) flowering, d) fruiting, e) maturation and f) production.

(coefficient = 0.73). In the agronomic field, yield was linked to the
number of fruits (coefficient = 0.57), flower buds (coefficient = 0.56)
and calcium carbonate (coefficient = 0.49), while notable negative as-
sociations were recorded between fruit set and fruit number and plant
height (coefficient = —0.71 and —0.86, respectively).

3.3. Yield modeling

3.3.1. Determination of yield
All experimental units were harvested and yield per hectare was

projected. The highest average was obtained with C. macrocarpum (T5),
reaching 102.22 + 13.65 t hal. On the other hand, spontaneous vege-
tation (T2) presented the lowest yield with 74.50 + 9.65 t ha'! (Fig. 13).
The Shapiro-Wilk test confirmed that the residuals conformed to a
normal distribution (W = 0.955, p = 0.608), validating the statistical
consistency of the data. The analysis of variance showed a significant
effect of the treatments on yield, and Tukey's HSD post-hoc test indi-
cated that C. macrocarpum differed significantly from spontaneous
vegetation, with an average difference of >20 t ha™l. The other com-
parisons showed no significant differences (p > 0.05), suggesting a
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Fig. 9. Behavior of vegetation indices in each phenological phase of papaya cultivation.

statistically homogeneous behavior between these treatments.

3.3.2. Determining R? from estimation models

Fig. 14 shows the predictive performance recorded by the XGBoost,
Random Forest and KNN algorithms. In the clean area treatment, the
best fit was obtained with the XGBoost algorithm and the combination of
agronomic, vegetation and meteorological variables, reaching an R? of
0.59, while the Random Forest and KNN algorithms recorded notably

lower values (Fig. 14a). In spontaneous vegetation, XGBoost with
agronomic variables achieved an R? of 0.54, surpassing Random Forest,
which barely reached an R? of 0.17 (Fig. 14b).

In A. pintoi, the most robust performance of the study was obtained,
with an R? of 0.85 with the XGBoost regression algorithm and the
combination of agronomic and meteorological variables, while KNN and
Random Forest did not exceed values of 0.68 (Fig. 14c¢). In C. ensiformis,
the KNN algorithm achieved the highest fit with an R? of 0.75 when

10
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Fig. 10. Man Kendall test (p < 0.05) with trend lines of the five vegetation indices along six phenological stages of papaya cultivation.

using agronomic variables, in contrast to Random Forest, which
decreased to 0.26 (Fig. 14d). Finally, in C. macrocarpum, the lowest
values of the entire experiment were recorded, where XGBoost with the
integration of agronomic variables, vegetation and meteorological
indices reached only an R? of 0.48, slightly surpassing KNN and Random
Forest, whose values ranged between 0.37 and 0.45 (Fig. 14e).

Yield estimation was performed in the phenological production
phase, identified as the most suitable for predictive modeling by
generating adjustment values closer to unity. In the clean area, the

11

XGBoost algorithm achieved an R* of 0.59 using the combination of
agronomic, vegetation and meteorological variables, while in sponta-
neous vegetation, the same algorithm recorded an R* of 0.54 using only
agronomic variables. For A. pintoi, the best overall performance was
obtained, reaching an R? of 0.85 with XGBoost and the combination of
agronomic and meteorological variables. In C. ensiformis, the K-NN al-
gorithm achieved an R? of 0.75 using agronomic variables, and finally,
in C. macrocarpum, XGBoost reported the lowest adjustment with an R?
of 0.48 when using the combination of agronomic variables, vegetation
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Fig. 11. Physicochemical variables of the soil before (S1) and after (S2) the installation of plant covers in the four treatments and a control, the means with letters in
common are not significantly different, according to the t-student test (p < 0.05).
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and meteorological indices (Table 4).

To better understand the most influential variables in yield estima-
tion, Fig. 15 presents a SHAP summary plot illustrating the importance
and effect of the three most relevant predictors in the model with the
highest R? using the Extreme Gradient Boosting (XGBoost) algorithm for
Arachis pintoi and Centrosema macrocarpum, respectively.

For Arachis pintoi, the most influential variable was fruit number,
followed by plant height and chlorophyll content. These input variables
exhibited greater dispersion in SHAP values (Fig. 15a). In contrast, for
Centrosema macrocarpum, fruit number was also the most influential
predictor, followed by plant height and fruit set (Fig. 15b). However,
both the magnitude and dispersion of SHAP values were lower
compared to Arachis pintoi, which may be associated with the compar-
atively reduced predictive performance of the model.

3.3.3. Determination of RMSE from prediction algorithms

Subsequently, the predictive performance of the regression algo-
rithms was evaluated using the root mean square error (RMSE). Fig. 16
shows the correspondence between the observed values (blue line) and
the values estimated by the three models, Random Forest (black line), K-
Nearest Neighbors (KNN, green line) and XGBoost (orange line), applied
to the four experimental treatments and the control. Among the models
evaluated, XGBoost exhibited the highest adjustability, achieving the
lowest prediction errors in clean area (16.19 t ha"l), spontaneous
vegetation (21.35t ha'l), A. pintoi (11.56 t hal)and C. ensiformis (32.45
t ha'l), while the treatment with C. macrocarpum performed best with
the Random Forest model, with an RMSE of 9.51 t ha™. Taken together,
these results indicate that XGBoost achieved greater accuracy and pre-
dictive stability than the other algorithms in most treatments, reflecting
its superior ability to capture yield variability under different vegetation
cover conditions.

4. Discussion

Plant height and stem diameter increased progressively throughout
the phenological cycle of papaya cultivation (Fig. 4). The highest plant
height values were observed in C. ensiformis during the production stage,
reaching 214.26 cm and 93.11 cm, respectively. Similarly, the number
of fruits was highest in C. macrocarpum, averaging 40 fruits per plant,
reflecting a strong relationship between vegetative vigor and produc-
tivity [44,45]. This positive effect is associated with the greater nitrogen
availability provided by legume species such as C. macrocarpum, which
can fix between 145 and 311 kg N ha'! year [46], enhancing protein
synthesis and enzymatic activity in the soil. Additionally, its high

Yield (t/ha)

14

13. Papaya crop yield (t ha™), expressed as mean + standard deviation and standard error (SE) per treatment.

aboveground and root biomass contributes to increased soil organic
matter and organic carbon content, thereby promoting crop develop-
ment [47]. In contrast, A. pintoi, with a limited superficial root system
mainly oriented toward weed control, and C. ensiformis, whose contri-
bution is rapid but less persistent, exert lower effects on soil fertility and
crop yield, whereas the deeper root system and resilience of
C. macrocarpum to poor or water-stressed soils explain its superior per-
formance [48].

Moreover, C. macrocarpum contributed to maintaining more stable
chlorophyll levels between 45 and 46 SPAD units compared with the
control (Fig. 4). This behavior is linked to its nitrogen-fixing capacity,
ensuring a consistent foliar nitrogen supply, essential for the synthesis of
chlorophyll and photosynthetic proteins [49,50]. Furthermore, the
microclimate generated by its abundant aboveground biomass acts as a
regulator of thermal and water stress, reducing photoinhibition and
preserving the integrity of photosynthetic pigments. This mechanism
also contributes to decreased flower and fruit drop by maintaining a
stable water balance during reproductive phases, as previously reported
in tropical crops [51,52]. These ecophysiological advantages translated
into productivity, with C. macrocarpum achieving the highest yield
(102.22 tha'l), surpassing spontaneous vegetation (74.50 t ha"l) (Figs. 4
and 13).

Although temperature and relative humidity remained within suit-
able ranges for papaya cultivation during the study period (Fig. 5), the
Mann-Kendall trend analysis (Fig. 6) indicated a gradual decrease in
relative humidity. This trend aligns with the characteristic seasonal
regime of northeastern Peru, where the dry quarter from June to August
is associated with increased temperature and reduced atmospheric hu-
midity. These subtle variations reflect growing microclimatic instability
in tropical regions, attributed to climate change [53]. Consequently,
tropical agriculture faces increasingly challenging conditions to main-
tain productivity and resilience, emphasizing the importance of adap-
tive strategies such as plant covers and crop associations, which regulate
the soil microclimate, reduce moisture loss, and enhance thermal sta-
bility and physiological efficiency [54,55].

Among the evaluated physicochemical properties, soil pH showed
significant differences (p < 0.05), decreasing from alkaline values
(8.1-8.3) to near neutrality (7.8-7.9) in several treatments (Fig. 11).
This finding is particularly relevant, as pH regulates soil fertility and
microbial activity. The shift toward neutral values indicates a buffering
effect from the organic matter contributed by the cover biomass. In
alkaline soils, essential nutrients such as phosphorus, zinc, and manga-
nese tend to precipitate, limiting their availability, whereas near-neutral
conditions enhance solubilization and absorption, reflected in a modest
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Fig. 14. Maximum R? values recorded from performance estimation models constructed from Random Forest (RF), K-Nearest Neighbors (KNN), and Extreme
Gradient Boosting (XGBoost) algorithms using the feature combinations.

increase in phosphorus and its association with growth and productivity improve organic matter quality and regulate soil fertility [60-62]. This

[56-59]. stability likely explains why C. macrocarpum excelled in yield, promot-
Although other properties such as organic matter, organic K, C, and P ing more consistent soil regulation due to its nitrogen fixation and high

did not show significant differences, they remained stable, corrobo- biomass production.

rating research indicating that root decomposition and cover biomass Pearson correlations further support this effect (Fig. 12), showing
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Tabla 4

Prediction models with better accuracy by treatments according to the highest
value of coefficient of determination (R?). The algorithm, phenological stage,
combination of variables, inputs and the corresponding R? value are presented.

Tratamient Algoritm Combination Inputs R?
Clean area XGBoost AG + VIs + High, diameter, 0.59
ME chlorophyll, Fruits, Set
Fruits, Flower Buds,
NDVI, MSAVI, EVI,
GNDVI y NDRE
Spontaneous XGBoost AG High, diameter, 0.54
vegetation chlorophyll, Fruits, Set
Fruits, Flower Buds
A. pintoi XGBoost AG + ME High, diameter, 0.85
chlorophyll, Fruits, Set
Fruits, Flower Buds
C. ensiformis KNN AG High, diameter, 0.75
chlorophyll, Fruits, Set
Fruits, Flower Buds
C. macrocarpum XGBoost AG + VIs + High, diameter, 0.48
ME chlorophyll, Fruits, Set

Fruits, Flower Buds,
NDVI, MSAVI, EVI,
GNDVI y NDRE

that before installation (S1), relationships were primarily morphological
(height-diameter-fruits), whereas after installation (S2), stronger cor-
relations emerged between organic matter, total C and N, and produc-
tivity indicators (fruits, flower buds, SPAD). This demonstrates that
improvements in soil organic quality strengthened the integration be-
tween soil fertility and agronomic performance, consistent with findings
in tropical soils where organic matter accumulation enhances nutrient
use efficiency [63].

In terms of remote sensing, vegetation indices accurately captured
phenological dynamics, with EVI reaching 2.2 and NDVI 0.98, while
MSAVI and GNDVI reached 0.96, and NDRE 0.92 (Fig. 7). EVI showed a
marked increase between flowering (V2) and production (V4), main-
taining sensitivity under high biomass conditions and exceeding the
saturation observed in NDVI (Fig. 8). This behavior is consistent with
previous studies that recognize NDVI as a general indicator of vegetation

a) Arachis pintoi - Yield

Smart Agricultural Technology 14 (2026) 101953

vigor, although it presents limitations in dense canopies due to signal
saturation [64,65], whereas EVI enhances the detection of chlorophyll
variations under conditions of high canopy cover [28], likewise, MSAVI
reduces the influence of soil background effects, making it more suitable
during early growth stages [27], GNDVI and NDRE exhibit a stronger
association with chlorophyll content and nitrogen status, enabling early
detection of nutritional stress and providing a more robust assessment of
the crop’s physiological variability throughout the phenological cycle
[30,66]. In addition, Mann-Kendall analysis (Fig. 10) revealed no sta-
tistically significant trends, though a gradual increase was observed
across all indices (Fig. 9), reflecting steady phenological development
and increasing photosynthetic activity.

In predictive terms (Fig. 14), although C. macrocarpum achieved the
highest yield (102.22 t ha'l), it exhibited the lowest model fit (R* =
0.48), suggesting a production system characterized by greater
ecophysiological complexity and nonlinear dynamics. High-biomass
cover crops modify the microenvironment and canopy architecture,
thereby generating nonlinear relationships between productivity and
spectral indices. In particular, NDVI tends to saturate under dense can-
opy conditions, losing sensitivity at high ranges of leaf area index and
biomass [28,67], which reduces the explanatory variance available for
predictive modeling. Moreover, structurally heterogeneous systems
exhibit hierarchical interactions and ecological thresholds that may
constrain the generalization capacity of machine learning algorithms
when phenological variables or explicit spatial validation are not
incorporated [68]. Although XGBoost demonstrated overall superiority
over Random Forest and K-Nearest Neighbors due to its sequential
ensemble structure and regularization capacity [40,69], its performance
may decline when predictors exhibit saturation effects or high collin-
earity. Therefore, the lower predictive performance observed in
C. macrocarpum reflects greater structural complexity rather than
reduced productive stability, highlighting the need to integrate less
saturation-prone indices such as EVI and crop-specific phenological
metrics.

The results were interpreted considering that the evaluations were
conducted during a single growing season under spatially stable climatic
conditions. Furthermore, the experiment was carried out in a tropical
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Fig. 15. SHAP summary plot showing the magnitude of influence of agronomic variables with the greatest contribution to yield prediction during the yield
phenological stage under two treatments: a) Arachis pintoi and b) Centrosema macrocarpum. The x-axis represents SHAP magnitude values, indicating the direction and
extent of the impact of each input feature on the model output. Each point corresponds to an individual observation and is color-coded according to feature value

(blue = low; pink = high).
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Fig. 16. Determination of the root mean square error (RMSE) of Random Forest regression (black line), K-Nearest Neighbors (KNN) (green line), and XGBoost
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treatment, the mean square error (RMSE) for each model is reported as a measure of accuracy.

region, which limits the extrapolation of these findings to scenarios with
different climate variability. Dependence on spectral indices susceptible
to saturation also restricts detection of physiological variations in
advanced reproductive stages. These limitations underscore the need for
multi-year evaluations across diverse agroecological contexts, incorpo-
rating hyperspectral sensors and advanced modeling approaches that
integrate XGBoost with deep neural networks and explainability tools.
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Overall, this study demonstrates that C. macrocarpum is a highly
effective plant cover for improving papaya productivity through nitro-
gen fixation, abundant biomass production, and microclimate regula-
tion, enhancing soil-plant interactions and soil physicochemical
properties. Furthermore, integration of spectral indices and machine
learning algorithms provides a robust framework for real-time yield
prediction, supporting decision-making and enabling the development



P.A. Torres-Herrera et al.
of more resilient and sustainable tropical fruit systems.
5. Conclusions

This study demonstrates that plant covers are an effective agronomic
practice to increase papaya yield under tropical conditions. Among the
treatments evaluated, C. macrocarpum achieved the highest yield with
102.22 t ha'l, surpassing spontaneous vegetation by >27 t hal, which
registered 74.50 t ha!, demonstrating the direct impact of cover on
productivity. Likewise, soil analyses revealed modifications in pH,
confirming the influence of the covers on soil acidity. Regarding yield
prediction, the XGBoost model showed the highest accuracy (R*> = 0.85
with an RMSE error = 11.56) in the treatment with A. pintoi, high-
lighting the potential of machine learning algorithms in precision agri-
culture. Taken together, these results not only validate the role of
mulches in improving productivity and soil health, but also demonstrate
that the integration of multispectral, meteorological and agronomic data
with predictive models constitutes a robust and applicable strategy to
optimize the sustainable management of papaya crops. In this context,
extension services and local governments should promote the adoption
of vegetative cover crops as productive allies through agroecological
programs and climate-smart agriculture strategies.
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