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Abstract: Precision agriculture aims to improve crop management using advanced analytical tools.
In this context, the objective of this study is to develop an innovative predictive model to estimate
the yield and morphological quality, such as the circularity and length–width ratio of potato tubers,
based on phenotypic characteristics of plants and data captured through spectral cameras equipped
on UAVs. For this purpose, the experiment was carried out at the Santa Ana Experimental Station in
the central Peruvian Andes, where advanced potato clones were planted in December 2023 under
three levels of fertilization. Random Forest, XGBoost, and Support Vector Machine models were used
to predict yield and quality parameters, such as circularity and the length–width ratio. The results
showed that Random Forest and XGBoost achieved high accuracy in yield prediction (R2 > 0.74). In
contrast, the prediction of morphological quality was less accurate, with Random Forest standing
out as the most reliable model (R2 = 0.55 for circularity). Spectral data significantly improved the
predictive capacity compared to agronomic data alone. We conclude that integrating spectral indices
and multitemporal data into predictive models improved the accuracy in estimating yield and certain
morphological traits, offering key opportunities to optimize agricultural management.

Keywords: crop monitoring; machine learning; precision agriculture; remote sensing; agricultural
innovation

1. Introduction

Agriculture continues to be a crucial development engine for most countries world-
wide [1,2]. In this context, potato (Solanum tuberosum L.) stands out as a highly diverse
crop in terms of physicochemical characteristics, ranking fourth globally in production and
establishing itself as one of the most important and representative crops in the world [3,4].
This tuber is widely consumed in Europe, the United States, and Latin America, where
it forms an essential part of the diet and agricultural economy [2,5]. Likewise, potato
production is fundamental in the central Andean region of Peru, where various varieties
adapted to local microclimates are cultivated [6]. We know its importance, but in the face
of accelerated population growth, food scarcity, and climate change, it is urgent to improve
the yield and quality of this crop, as well as reduce post-harvest losses. Moreover, with the
population projected to reach 9.7 billion by 2050, increasing agricultural production will
be essential to meet the growing demand for food [7]. Therefore, it is crucial to promote
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its development to offer not only better yield and quality but also greater resistance to
environmental, biotic, and abiotic stressors [8–10]. These characteristics are represented
through its phenotyping [11].

Obtaining crop phenotypic traits encompasses methodologies and protocols to accu-
rately measure plant growth, architecture, and composition at different scales [12], being
fundamental for selecting optimal phenotypes through precise measurement of crop traits.
Phenotyping continues to be a challenge in plant breeding, as current techniques for ac-
curately recording important agronomic traits and monitoring crops have not advanced
sufficiently [13]. The traditional phenotyping method has been a significant limitation in
recent decades due to its high labor demand, the prolonged time it requires, and its low
efficiency [14].

However, recent technological advances offer promising solutions to overcome these
challenges, allowing the exploration of advanced methods for large-scale phenotypic
data acquisition and processing [8,15]. Image-based phenotyping has the potential to
dramatically improve our ability to characterize crop phenotypes [13]. These variables,
such as compound leaf area (CLA), leaf area (LA), plant height (H), number of stems (S),
and the Soil Plant Analysis Development (SPAD) index, are fundamental for understanding
crop health and productivity [16]. UAV-based plant phenotyping allows the analysis of
various phenotypes with greater precision and efficiency, without the need for intensive
human labor, facilitating the study of gene expression in response to current and future
agricultural challenges [17–19].

The integration of multitemporal phenotypic data and aerial images to predict crop
yield and quality parameters is a rapidly growing field within precision agriculture [20].
Recent studies have shown that spectral indices derived from remote sensors are highly
effective for monitoring crops, such as wheat [21,22] and rice [23], allowing accurate
estimates of agricultural yield [24–26]. Regarding quality parameters, such as circularity
and the length–width ratio, these are essential for accurate phenotyping of external crop
attributes, which is crucial for their improvement. Currently, the evaluation of tuber
shape, especially in potato crops [27,28], along with density, is based on subjective visual
assessment. However, this type of manual evaluation hinders reliable phenotyping of
these and other important geometric traits, such as shape uniformity [29]. Therefore, the
integration of phenotypic data, such as leaf area, height, and quality parameters, along
with aerial images, provides a more comprehensive view of the crop status, improving the
accuracy of predictions [30–32].

Furthermore, the use of deep learning techniques and growth models integrated with
remote data has increased the precision of these predictions [33–35]. This conglomerate
of methodologies has been applied to various crops, demonstrating its versatility [36–38].
Similarly, the integration of crop coefficient data and coverages captured with UAVs, such
as NDVI, has also improved estimates in crops, such as sugarcane [39,40], corn [41], and
other crops.

In the last decade, UAVs have become a key tool for collecting high-spatial-resolution
data in real time [42]. Although they have been widely used in plant phenotyping and
crop improvement, few studies have explored their use for mapping phenotypic traits of
potatoes. Sankaran et al. [43] analyzed the correlation between characteristics captured
from multispectral and thermal UAV images and variables, such as stomatal conductance,
plant height, and yield, under different irrigation conditions. Ivushkin et al. [44], for their
part, demonstrated that the combination of LiDAR, thermal camera, and multispectral
data mounted on UAVs improved the prediction of stomatal conductance using a multiple
linear regression model.

However, apart from these studies, there is not much research using UAVs to predict
phenotypic traits of potatoes. The integration of emerging technologies, such as unmanned
aerial vehicles (UAVs), offers an advanced solution to overcome these limitations. UAVs
equipped with multispectral sensors provide high spectral, spatial, and temporal resolution
data that can be correlated with variables such as plant height and other phenotypic
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characteristics [45]. These data allow for rapid and non-destructive assessment of crop
status, thus optimizing resource use and improving production [46].

Based on this approach, this study aims to develop an innovative predictive model to
estimate the yield and morphological quality, such as circularity and the length–width ratio,
of potato tubers based on phenotypic characteristics of plants and data captured through
spectral cameras equipped on UAVs. This direction will not only allow optimization of
cultivation practices and maximize both tuber yield and quality but will also contribute
to the UN’s Sustainable Development Goals (SDGs), specifically SDG 2: Zero Hunger, by
increasing agricultural productivity and improving food security, and SDG 13: Climate
Action, by promoting resilient agricultural practices that increase adaptability to climate
change [47,48].

2. Materials and Methods
2.1. Study Site

The study was conducted in the central region of Peru, at the Santa Ana Experimental
Station of the Instituto Nacional de Innovación Agraria (INIA), located in the district of
El Tambo, province of Huancayo, department of Junín in Peru (Figure 1). The geodesic
coordinates are 75◦13′17.60′′ W and 12◦0′42.36′′ S, with an altitude ranging between 3303
and 3325 m above sea level. The region’s climate has a rainy season from November to
March, a transition phase between April and October, and a dry season from May to August,
accumulating a total annual precipitation of 477 mm. Average temperatures range between
3.90 and 20.2 ◦C, with the lowest temperatures and frequent frosts recorded during the
months of May to August [49–51].
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Figure 1. Location of the experimental plot in this study.

The experiment’s harvest was conducted on 11 June 2024. In this study, four advanced
potato clones were planted along with the Canchan cultivar on 16 December 2023. The
clones were obtained from crosses between selected parents, specifically the native potato
“Muru Vaccapa Ccallun” and “RC 1445.43B”. The evaluated clones were CL1 (13PN83.103),
CL2 (Duraznillo 703352.1), CL3 (13PN4.6), and CL5 (13PN68.12). The Canchan cultivar
was used as a reference in this study, as its phenotypic characteristics are known. These
clones, developed by INIA, are distinguished by their agronomic characteristics and pro-
ductive potential.
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2.2. Experimental Design

For the study, a Randomized Complete Block (RCB) experimental design was used
with three fertilization levels. The ‘Low’ fertilization treatment did not include added
amounts of nitrogen (N), phosphorus (P), or potassium (K). For the ‘Medium’ level, the
formula N (160), P (180), and K (160), in kg/ha, was applied, while for the ‘High’ level, the
formula N (180), P (240), and K (180) kg/ha was used. These treatments were applied to
the crop plots, as represented in Figure 2. The terrain was subdivided into 9 homogeneous
blocks, each with 6 sampling rows. The treatments were assigned so that each potato clone
would be replicated in each block, maintaining uniform growth conditions and controlling
unwanted variability.

Agriculture 2024, 14, x FOR PEER REVIEW 4 of 25 
 

 

known. These clones, developed by INIA, are distinguished by their agronomic charac-
teristics and productive potential. 

2.2. Experimental Design 
For the study, a Randomized Complete Block (RCB) experimental design was used 

with three fertilization levels. The �Low’ fertilization treatment did not include added 
amounts of nitrogen (N), phosphorus (P), or potassium (K). For the �Medium’ level, the 
formula N (160), P (180), and K (160), in kg/ha, was applied, while for the �High’ level, the 
formula N (180), P (240), and K (180) kg/ha was used. These treatments were applied to 
the crop plots, as represented in Figure 2. The terrain was subdivided into 9 homogeneous 
blocks, each with 6 sampling rows. The treatments were assigned so that each potato clone 
would be replicated in each block, maintaining uniform growth conditions and control-
ling unwanted variability. 

Each experimental plot had dimensions of 7 m wide by 21 m long, with 20 potato 
plants per row. Five plants from each row were selected as samples, choosing them rep-
resentatively. For this, visible colored ropes were used to mark lines from the center of the 
plot, measuring 2.5 m toward the edges to identify the plants. Additionally, control points 
were established with colored tags to recognize each sampled plant, as shown in Figure 
2. This design ensured an accurate evaluation of the effect of different fertilization levels 
on the crops, ensuring a randomized and controlled approach. 

 
Figure 2. Experimental design with 6 sampling rows (S) and 3 treatments (T), each with 3 replica-
tions (R), developing a Randomized Complete Block (RCB) design. 

2.3. Methodological Framework 
Figure 3 presents the comprehensive methodological approach of the study, offering 

an overview of the sequential and integrated processes. The study was structured in sev-
eral main phases. The first focused on collecting phenotypic data from the crops, while 
the second was focused on obtaining information through UAV flights with incorporated 
multispectral cameras. The third phase was dedicated to taking photographs of the tubers 
to extract phenotypic metrics. The fourth phase encompassed the extraction of spectral 

Figure 2. Experimental design with 6 sampling rows (S) and 3 treatments (T), each with 3 replications
(R), developing a Randomized Complete Block (RCB) design.

Each experimental plot had dimensions of 7 m wide by 21 m long, with 20 potato
plants per row. Five plants from each row were selected as samples, choosing them
representatively. For this, visible colored ropes were used to mark lines from the center of
the plot, measuring 2.5 m toward the edges to identify the plants. Additionally, control
points were established with colored tags to recognize each sampled plant, as shown in
Figure 2. This design ensured an accurate evaluation of the effect of different fertilization
levels on the crops, ensuring a randomized and controlled approach.

2.3. Methodological Framework

Figure 3 presents the comprehensive methodological approach of the study, offering
an overview of the sequential and integrated processes. The study was structured in several
main phases. The first focused on collecting phenotypic data from the crops, while the
second was focused on obtaining information through UAV flights with incorporated
multispectral cameras. The third phase was dedicated to taking photographs of the tubers
to extract phenotypic metrics. The fourth phase encompassed the extraction of spectral
indices and photogrammetric processes and, finally, integrating all the previous processes,
the training and validation of predictive models were carried out.



Agriculture 2024, 14, 1876 5 of 23

Agriculture 2024, 14, x FOR PEER REVIEW 5 of 25 
 

 

indices and photogrammetric processes and, finally, integrating all the previous pro-
cesses, the training and validation of predictive models were carried out. 

 
Figure 3. The global methodological approach of the study. 

2.4. Image Acquisition and Preprocessing 
The experiment was conducted with a MicaSense Red Edge M multispectral camera 

(Seattle, WA, USA) mounted on a DJI Matrice 300 RTK drone (DJI Technology Co., Ltd., 
Shenzhen, China). This camera captures 16-bit digital multispectral images in 5 spectral 
bands: blue (475 ± 32 nm), green (560 ± 27 nm), red (668 ± 14 nm), near-infrared (NIR, 842 
± 40 nm), and red edge (RE, 717 ± 12 nm), with a resolution of 1.6 megapixels (1456 × 1088 
pixels). To improve the geospatial accuracy, a GNSS receiver (DJI D-RTK2 Mobile Station, 
China) was used as a real-time kinematic (RTK) base station. Figure 4 shows the equip-
ment used for capturing multispectral images in the field evaluation. 

The flight was executed around noon at a height of 40 m, capturing images every 2 s, 
with a 75% front and side overlap in 16-bit .tiff format. Eight ground control points were 
used to geolocate the images and correct possible deviations. Subsequently, the images 
were integrated into a continuous mosaic, correcting distortions and perspective differ-
ences. The MicaSense Red Edge M camera performed an average of 5 flights during key 
phenological stages of the crop, with an approximate flight time of 3 min and 45 s per 
flight. Radiometric calibration was performed to adjust variations in lighting and atmos-
pheric conditions, and photogrammetric processing with the Pix4D Pro Mapper produced 
a high-resolution orthomosaic with a Ground Sample Distance (GSD) of 2.8 cm. Finally, 
spectral index maps were generated, such as the NDVI (Normalized Difference Vegetation 
Index), among others, to analyze the crop status, which would be the necessary inputs for 
subsequent modeling. 

Figure 3. The global methodological approach of the study.

2.4. Image Acquisition and Preprocessing

The experiment was conducted with a MicaSense Red Edge M multispectral camera
(Seattle, WA, USA) mounted on a DJI Matrice 300 RTK drone (DJI Technology Co., Ltd.,
Shenzhen, China). This camera captures 16-bit digital multispectral images in 5 spectral
bands: blue (475 ± 32 nm), green (560 ± 27 nm), red (668 ± 14 nm), near-infrared (NIR,
842 ± 40 nm), and red edge (RE, 717 ± 12 nm), with a resolution of 1.6 megapixels
(1456 × 1088 pixels). To improve the geospatial accuracy, a GNSS receiver (DJI D-RTK2
Mobile Station, China) was used as a real-time kinematic (RTK) base station. Figure 4
shows the equipment used for capturing multispectral images in the field evaluation.

The flight was executed around noon at a height of 40 m, capturing images every
2 s, with a 75% front and side overlap in 16-bit .tiff format. Eight ground control points
were used to geolocate the images and correct possible deviations. Subsequently, the
images were integrated into a continuous mosaic, correcting distortions and perspective
differences. The MicaSense Red Edge M camera performed an average of 5 flights during
key phenological stages of the crop, with an approximate flight time of 3 min and 45 s
per flight. Radiometric calibration was performed to adjust variations in lighting and
atmospheric conditions, and photogrammetric processing with the Pix4D Pro Mapper
produced a high-resolution orthomosaic with a Ground Sample Distance (GSD) of 2.8 cm.
Finally, spectral index maps were generated, such as the NDVI (Normalized Difference
Vegetation Index), among others, to analyze the crop status, which would be the necessary
inputs for subsequent modeling.
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2.4.1. Extraction and Processing of Spectral Images of the Plants

For the extraction of indices, derived spectral bands were used based on bibliographic
equations from the Terra package [52]. With the calculated indices, a 30 cm buffer was
generated around the central point of each plant, and within this area, zonal statistics were
applied to extract the maximum values of all pixels contained in the buffer.

To develop the reference models, a set of 11 spectral indices was initially generated,
including vegetation and soil indices, all related to crop biomass. For each sampled point,
a circular buffer with a radius of 0.25 m was used. Vegetation indices were calculated
through different reflectance combinations and compiled as predictors, along with pure
spectral bands (Table 1).

Table 1. Spectral indices derived from UAV-acquired multispectral images.

Indices Expression Reference

Green Normalized Difference Vegetation Index GNDVI Nir−Green
Nir+Green [53]

Renormalized Difference Vegetation Index RDVI Nir−Red√
Nir+Red

[54]

Visible Difference Vegetation Index VDVI Nir−Red
Nir+Red+Green [55]

Wide Dynamic Range Vegetation Index WDRDVI (Nir−Red)√
Nir+Red

[56]

Modified Soil Adjusted Vegetation Index MSAVI 2×Nir+1
√
(2 × Nir+1)2−8×(Nir−Red)

2
[57]

Normalized Pigment Chlorophyll Reflectance Index NPCI Red−Blue
Red+Blue [58]

Anthocyanin Reflectance Index ARI 1
Green − 1

Red [59,60]
Enhanced Normalized Difference Vegetation Index ENDVI 2×Nir−Red−Blue

2×Nir+Red+Blue [61]
Normalized Difference Index NDI Green−Red

Green+Red [60]
Excess Green ExG 2 − Green − Red − Blue [60]
Difference Vegetation Index DVI NIR − Red [62]

Note. Multispectral imagery central wavelengths—Blue, Green, Red, and NIR: 474, 560, 668, and 840 nm, respectively.
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For multispectral data processing, Pix4D Pro Mapper v4.8.4 software (Prilly, Switzer-
land) was used, which allowed the creation of detailed orthomosaics from the images
captured by the UAV. During this process, digital elevation models were generated, and
spectral data were merged to improve image resolution.

The analysis and manipulation of geospatial data were carried out in R Studio v 4.4.1
(R Core Team, Vienna, Austria), using the Terra package [52]. Additionally, Quantum
Geographic Information System software (QGIS 2.18.14, QGIS Development Team, Raleigh,
NC, USA) was used for image processing and vectorization.

2.4.2. Images of the Tubers

Here, 450 high-quality photographs were captured in JPEG format with a resolution of
300 dpi and dimensions of 4000 × 6000 pixels using a Nikon D7500 DSLR camera with an
18–140 mm lens (Nikon Corporation, Tokyo, Japan). The images were taken in a lightbox
with a white background and diffused natural light, and each photograph included a
1 × 1 cm scale. The study included four potato clones and an additional variety, with ten
tubers photographed per plant sample. In total, 90 tuber photographs were captured for
each clone and variety. The images were cropped to delimit the area and were used to
extract tuber phenotypic variables, such as length, width, area, length–width ratio, and
circularity, through Equation (1), established in [63]:

Circularity =

(
Perimeter2

4π

)
× Area (1)

The extraction of tuber phenotypic variables was performed using Python v3.10
programming language (Python Software Foundation) in the Spyder v5 development
environment (Spyder Project Contributors). In the image analysis, various packages were
used to ensure precise and efficient processing: OpenCV [64] for advanced image processing
operations, NumPy [65] for handling and manipulating data arrays, and Matplotlib [66]
for image visualization and annotation. These packages provided the necessary tools for
detailed analysis of the captured images.

First, the images were processed by converting them to grayscale. Then, an average
filter with a 21-pixel window was applied to smooth them, using a convolution operation.
Subsequently, binarization was carried out based on a threshold determined after inspecting
the histogram of intensity values. This procedure facilitated segmentation and allowed
clear identification of the present elements, such as the scale, the tuber, and the background.
To determine the scale and calculate the pixel size in centimeters, Equation (2), referenced
in [67], was used:

Pixel Size =


((

1
w

)
+
(

1
h

))
2

 (2)

Using the scale as a reference, the pixels that make up the tuber were calculated, and
the corresponding metrics were extracted. Subsequently, a linear regression analysis was
performed with the data measured with the vernier to evaluate the degree of correspon-
dence. These parameters are fundamental for evaluating tuber quality according to their
intended use, whether for industrial or food applications [67,68].

2.5. Field Data Acquisition

The collection of phenotypic traits in potato plants was carried out at three different
times during crop development, selecting crucial phenological stages for data collection:
tuber initiation, flowering, and maturity. These stages were established at 59, 79, and
95 days after planting, respectively [69,70].

At each of these stages, phenotypic data, such as leaf area, compound leaf area, stem
count, chlorophyll index, and plant height, were recorded. Additionally, supplementary
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data were collected, including stem, flower, and leaf color, flower count, and the number of
berries formed by each evaluated plant.

For phenotypic data collection, flexometers were used to measure the height and
radii of leaf area and compound leaves, following the methodology proposed in [71] and
expressed in Equation (3). To measure the chlorophyll index, SPAD 502 PLUS equipment
(Minolta Camera Co., Ltd., Tokyo, Japan) was used.

AL = π×
(a

2

)
×
(

b
2

)
= π

(
a × b

4

)
(3)

2.6. Data Analysis and Selection of Predictor Variables

For data analysis and predictor variable selection, several detailed procedures were
carried out. Initially, flights were conducted with the DJI Matrice 300 RTK UAV (DJI
Technology Co., Ltd., Shenzhen, China) at different intervals after planting: at 76, 82, 86,
108, and 128 days. Once the images were captured and obtained, they were aligned and
corrected using georeferenced control points established on the ground to ensure precision
in geolocation.

Subsequently, 11 spectral indices were extracted from each set of images, along with the
original spectral bands. These indices and bands were combined to construct a correlation
matrix that integrated field variables, organized in columns corresponding to days 59,
79, and 95, taking into account each variable and spectral index. This matrix was key to
identifying the variables most related to the metrics of interest. Subsequently, a principal
component analysis (PCA) was carried out. This approach allowed for reducing the
dimensionality [72] of the data and identifying variables that significantly contributed to
data variability. The PCA facilitated the selection of optimal variables for predictive models,
allowing for a more precise evaluation of predictor variables that influence crop quality
and yield.

2.7. Modeling and Prediction Algorithms

Among the chosen prediction algorithms, Support Vector Machine (SVM) is a machine
learning algorithm widely used in precision agriculture for crop prediction and manage-
ment. SVM stands out for its ability to analyze and classify complex data by creating an
optimal hyperplane that separates different classes in the dataset. In agriculture, SVM
is used to predict crop yields, identify diseases, and classify the quality of agricultural
products. Its ability to handle large volumes of data with multiple variables makes it a
crucial tool for optimizing production and managing resources efficiently [73–75].

Random Forest (RF) is a machine learning model widely used in agriculture to forecast
yield and manage crops. This model generates several decision trees from random subsets
of the original dataset and then combines the predictions of these trees to improve accuracy
and reduce the risk of overfitting. The robustness of RF makes it particularly effective in
addressing the variability of agricultural data and providing reliable predictions on crop
yield, soil conditions, and pest or disease detection [76,77].

Extreme Gradient Boosting (XGBoost) is used in the agricultural field due to its ability
to handle large volumes of heterogeneous data, such as phenotypic, meteorological, and
aerial image measurements, improving the accuracy of predictions in crops, such as wheat,
rice, and potatoes. Its main virtues include efficient data handling, its ability to identify
the importance of key variables, treatment of missing values, and prevention of overfit-
ting thanks to regularization. This allows for generating robust and precise predictions,
optimizing agricultural management, and facilitating informed decision-making regarding
crop yield and management [78–80].
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2.8. Optimization and Evaluation of Models

In the process of optimizing and training the Random Forest, SVM, and XGBoost
models, K-fold cross-validation was applied to evaluate performance and select the best
hyperparameters [81–83]. In this approach, the dataset was divided into k subsets or “folds”
of equal size; in this study, 10 of these sets were used. For each set of hyperparameters
tested, the model was trained on K − 1 of these subsets and validated on the remaining
fold. This procedure was repeated K times, ensuring that each fold was used as a validation
set exactly once.

This cross-validation method not only helps adjust hyperparameters to obtain the
best performance but also ensures that the model is robust and generalizes well to unseen
data. By averaging the performance metrics (R2, RMSE, and MAE) obtained in each fold,
an optimal estimate of performance in the test dataset was obtained. Thus, the trained
model was evaluated on multiple subsets of the dataset, reducing bias and variance in the
evaluation of its performance.

2.9. Model Evaluation Metrics

The metrics R2 (coefficient of determination), RMSE (root mean square error), and
MAE (mean absolute error) were employed to evaluate the accuracy and performance
of the prediction models [84]. R2 indicates how well the model captures the variability
of the observed data by measuring the proportion of variance in the dependent variable
explained by the independent variables.

An R2 value close to 1 indicates a strong fit, while values close to 0 suggest that the
model does not adequately explain the data [85,86]. RMSE reflects the average magnitude of
errors in predictions, placing a greater penalty on larger errors by squaring the differences
between observed and predicted values, making it a useful metric when large errors are
especially undesirable.

On the other hand, MAE provides a direct measure of average error and is less sensitive
to extreme errors than RMSE, making it suitable when a robust metric against outliers is
sought [87,88]. These metrics provide a comprehensive view of model performance, aiding
in the selection of the best model based on the context and nature of the data.

3. Results
3.1. Descriptive Statistics of Agronomic Variables

Table 2 shows the descriptive analysis of phenotypic traits related to crop growth
taken in the field, as well as the morphological quality parameters of the potato determined
from the photometric process.

Table 2. Descriptive statistics of agronomic variables.

Agronomic Variable Prom. Mean Min. Max. σ

Height (meters) (H) 0.29 0.28 0.02 0.70 0.13
Tillers (T) 3.09 3.00 1.00 22.00 1.30
Leaflet area (square meters) (CLA) 0.01 0.01 0.00 0.16 0.01
Leaf area (square meters) (LA) 0.11 0.09 0.00 0.55 0.08
SPAD 42.80 43.30 20.60 66.20 7.08
Tuber weight (kilograms) (WP) 0.04 0.04 0.01 0.20 0.03
Tubercle area (square meters) (A) 15.90 14.50 1.70 53.30 8.14
Axismajor (centimeter) (MA) 4.86 4.60 1.20 9.60 1.45
Minoraxis (centimeter) (mA) 3.93 3.90 0.90 6.90 0.93
Length and width (LW) 1.08 1.00 0.40 1.80 0.25
Circularity (CIR) 1.21 1.18 0.58 2.95 0.17
Total tuber weight (kilograms) (W) 0.59 0.52 0.12 1.40 0.30

Note: Standard deviation (σ).
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The average plant height was 0.29 m, with slight variability (σ = 0.13), while the
number of stems showed greater dispersion, with an average of 3.09 and a standard
deviation of 1.30. The average leaf area was 0.11 m2 (σ = 0.08), and the SPAD index, which
measures chlorophyll, had an average value of 42.80 (σ = 7.08). The average weight of
the tubers was 0.04 kg (σ = 0.03), and their area and dimensions (major and minor axes)
showed considerable variability. The total weight of the tubers was 0.59 kg, with a high
standard deviation (σ = 0.30), reflecting a great diversity in the size and weight of the
analyzed tubers. In general, some variables showed greater consistency, while others, such
as the area and weight of the tubers, showed high dispersion.

3.2. Analysis of Treatments

Figure 5 compares the three treatments applied to potato crops (T1, T2, and T3) using
box plots that illustrate the height and leaf area. Treatment T2 presented the highest
median in height, while T3 stood out in leaf area, with the highest median in this variable.
Although T2 excelled in height, T3 showed competitive performance in both metrics,
suggesting that it could be the most balanced and effective treatment for optimizing potato
crop development.
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3.3. Spectral Signatures

Figure 6 shows the spectral reflectance curves of different potato clones across a
range of wavelengths, spanning from 400 to 900 nanometers (nm). Each line in the graph
represents the reflectance of a specific clone: (CL1) 13PNTN83103 (gray), (CL2) 703352.1
(purple), (CL3) 13PN4.6 (blue), (CL5) 13PN68.12 (orange), and CANCHAN (green). These
images were obtained using a Spectral Evolution PSR + 3500 spectroradiometer (‘PSR’,
Spectral Evolution) at 15 cm from the lens for each evaluation.

Each potato clone responded differently to radiation at different wavelengths, which
may be related to the composition and structure of their leaves, such as chlorophyll content
and other pigments. A significant increase in reflectance was observed within the range
of 700 to 900 nm, which is characteristic of the phenomenon known as “Red Edge”. This
particularity is typical in vegetation and reflects the transition between the visible and
near-infrared regions of the spectrum, often associated with plant phenology, health, and
vigor [73,89,90]. In particular, the curve corresponding to clone 13PNTN83103 presented
the highest reflectance throughout the entire range, which could indicate a greater light
absorption capacity or structural differences compared to other clones.
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3.4. Analysis of Spectral Variables
Comparison of Photographic Metrics with Field Data

Figure 7 presents four scatter plots that reveal a strong correlation between photo-
graphic and manual measurements of potato phenotypic variables. In the upper graphs,
the comparison of the minor and major axes, measured manually and from photographs,
shows coefficients of determination (R2) of 0.76 and 0.88, respectively, indicating a positive
and significant relationship. These results suggest that photographic measurements are a
reliable tool for estimating these dimensions.

Agriculture 2024, 14, x FOR PEER REVIEW 12 of 25 
 

 

 
Figure 7. Scatter plots for the comparison of photographic and manual measurements. 

3.5. Correlation Analysis 
Figure 8 shows the Pearson correlation matrix [72] for phenotypic and spectral vari-

ables related to tuber growth and characteristics. The morphological quality variable, cir-
cularity (CIR), showed low or no correlations with most variables, suggesting that tuber 
shape did not significantly depend on the evaluated growth characteristics. However, CIR 
showed moderate negative correlations with the indices NDI_86 (−0.50) and NPCI_86 
(−0.40), indicating a possible influence of these indices on the circular shape of the tubers. 
Similarly, the length and width (LW) variable, which was also related to tuber shape, 
showed negative correlations with the same indices, suggesting that variations in shape 
were partially associated with these spectral indicators. 

On the other hand, the yield variable, total tuber weight (W), showed stronger posi-
tive correlations with various variables, notably, leaf area (LA, 0.70), plant height (H, 0.50), 
and the spectral indices RDVI_86 (0.70) and VDV_108 (0.50). These correlations suggest 
that both vegetative growth characteristics and some vegetation indices related to infrared 
reflectance are good predictors of tuber yield. Furthermore, these results indicate that 
while agronomic quality (tuber shape) seemed to be less influenced by the measured var-
iables, yield (tuber weight) was strongly associated with vegetative vigor and certain spec-
tral indices. 

Figure 7. Scatter plots for the comparison of photographic and manual measurements.

In the lower graphs, the area measured from photographs shows a strong correlation
(R2 = 0.82) with potato weight, suggesting that area is a good predictor of this parameter.
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However, the relationship between circularity and the length/width ratio of potatoes
did not show a linear trend, indicating a possible non-linear relationship and suggesting
that other factors could influence tuber shape. This analysis confirms the effectiveness
of photographic measurements in automated phenotyping, as the data captured through
photometric analyses were used to predict tuber yield and quality.

3.5. Correlation Analysis

Figure 8 shows the Pearson correlation matrix [72] for phenotypic and spectral vari-
ables related to tuber growth and characteristics. The morphological quality variable,
circularity (CIR), showed low or no correlations with most variables, suggesting that tuber
shape did not significantly depend on the evaluated growth characteristics. However, CIR
showed moderate negative correlations with the indices NDI_86 (−0.50) and NPCI_86
(−0.40), indicating a possible influence of these indices on the circular shape of the tubers.
Similarly, the length and width (LW) variable, which was also related to tuber shape,
showed negative correlations with the same indices, suggesting that variations in shape
were partially associated with these spectral indicators.

Agriculture 2024, 14, x FOR PEER REVIEW 13 of 25 
 

 

 
Figure 8. Correlation matrix between phenotypic and spectral variables. 

3.6. Model Performance 
3.6.1. Yield Estimation 

Figure 9 shows the comparison of estimated potato crop yield using three prediction 
models: Random Forest (RF), Support Vector Machine (SVM), and XGBoost. In the train-
ing set, the RF model achieved high accuracy, with an R2 value of 0.82 and an RMSE of 
0.14, indicating a good fit. However, in the test set, its performance slightly decreased, 
with an R2 value of 0.74, suggesting that the model remained reliable for predicting potato 
crop yield. The SVM model, on the other hand, had moderate accuracy in training (R2 
value of 0.72) but experienced a considerable drop in the test set, with an R2 value of 0.56, 
indicating that it might not be as suitable for generalizing yield prediction in potato crops. 

The XGBoost model offered a more robust balance, presenting a good fit in both train-
ing (R2 value of 0.80) and the test set, where it achieved an R2 value of 0.75 and an RMSE 
of 0.17, making it the most effective model of the three for estimating potato crop yield. 
These results suggest that while all models were useful, XGBoost performed better at ac-
curately predicting yield in new samples, making it more suitable for prediction applica-
tions in precision agriculture. 

Figure 8. Correlation matrix between phenotypic and spectral variables.

On the other hand, the yield variable, total tuber weight (W), showed stronger positive
correlations with various variables, notably, leaf area (LA, 0.70), plant height (H, 0.50),
and the spectral indices RDVI_86 (0.70) and VDV_108 (0.50). These correlations suggest
that both vegetative growth characteristics and some vegetation indices related to infrared
reflectance are good predictors of tuber yield. Furthermore, these results indicate that
while agronomic quality (tuber shape) seemed to be less influenced by the measured
variables, yield (tuber weight) was strongly associated with vegetative vigor and certain
spectral indices.
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3.6. Model Performance
3.6.1. Yield Estimation

Figure 9 shows the comparison of estimated potato crop yield using three prediction
models: Random Forest (RF), Support Vector Machine (SVM), and XGBoost. In the training
set, the RF model achieved high accuracy, with an R2 value of 0.82 and an RMSE of 0.14,
indicating a good fit. However, in the test set, its performance slightly decreased, with an
R2 value of 0.74, suggesting that the model remained reliable for predicting potato crop
yield. The SVM model, on the other hand, had moderate accuracy in training (R2 value of
0.72) but experienced a considerable drop in the test set, with an R2 value of 0.56, indicating
that it might not be as suitable for generalizing yield prediction in potato crops.
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The XGBoost model offered a more robust balance, presenting a good fit in both
training (R2 value of 0.80) and the test set, where it achieved an R2 value of 0.75 and
an RMSE of 0.17, making it the most effective model of the three for estimating potato
crop yield. These results suggest that while all models were useful, XGBoost performed
better at accurately predicting yield in new samples, making it more suitable for prediction
applications in precision agriculture.

3.6.2. Circularity Estimation

The evaluation of potato circularity prediction was performed using two distinct
datasets: the first included agronomic data and spectral indices, while the second was
based solely on phenotypic traits. The models were evaluated with data from 79 and
95 days, closer to harvest. Circularity, a crucial indicator of tuber morphological quality,
for the first dataset showed that the Random Forest model was the most effective. With an
R2 value of 0.76 in the training set and 0.55 in the test set, Random Forest demonstrated a
solid ability to fit the data and generalize to new sets, suggesting a moderate capacity to
predict potato circularity accurately (Figure 10a).

In contrast, SVM and XGBoost showed inferior performances. SVM showed a low R2

value of 0.44 in training and 0.38 in testing, indicating significant difficulties in prediction.
XGBoost, despite having an R2 value of 0.63 in training, suffered from overfitting, with
an R2 value of only 0.06 in the test set. This limited its effectiveness in predicting potato
circularity, highlighting RF as the most reliable option for evaluating the morphological
quality of tubers.
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For the second dataset, potato circularity estimation was performed using only pheno-
typic traits. Figure 10b shows the results of the models in terms of predictive accuracy, both
in the training and test sets. The RF model presented a high R2 value in the training set
(0.79) but suffered a significant drop in the test set (0.25), suggesting possible overfitting. In
contrast, XGBoost showed greater stability between both sets, with an R2 value of 0.77 in
training and 0.27 in testing. The SVM model had a lower performance, with an R2 value of
0.35 in the training set and 0.27 in the test set. Error metrics, such as RMSE and MAE, were
similar among the models, indicating slight differences in their predictive capacity.

3.6.3. Estimation of Plant Length–Width Ratio

The evaluation of the prediction of the potato length and width ratio was performed
using two distinct datasets: the first included agronomic data and spectral indices, while
the second was based solely on phenotypic traits. The models were evaluated with data
from 79 and 95 days, closer to harvest.

Figure 11 shows the comparison of the predictive capacity of Random Forest, Support
Vector Machine, and XGBoost models for the length–width ratio of potatoes. In the training
set, RF and XGBoost showed a good fit, with R2 values of 0.78 and 0.75, respectively, while
Support Vector Machine reached a value of 0.76. However, all models presented moderate
errors (RMSE and MAE), suggesting that, although they fit well with the training data,
there was still dispersion in the predictions.
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In the test set, all three models suffered a decrease in their performance. RF showed
a significant drop in its R2 value to 0.42, while Support Vector Machine and XGBoost de-
creased to 0.28 and 0.38, respectively. This indicates that the models did not generalize well
to new data, possibly due to overfitting. Although Random Forest and XGBoost performed
slightly better, all models showed difficulties in correctly predicting the length–width ratio
of potatoes in unseen data.

In the second group of data, in training, XGBoost had the best R2 value, with 0.77,
followed by RF with 0.75, both with low errors in RMSE and MAE, indicating a good fit.
SVM, on the other hand, showed an R2 value of 0.41, reflecting difficulties in capturing the
length–width ratio of potatoes. In testing, RF reached an R2 value of 0.44, XGBoost fell to
0.27, and SVM obtained the worst result, with 0.19, suggesting that the models, although
effective in training, did not generalize well to new data, indicating possible overfitting,
especially in XGBoost.

3.7. Predictor Estimation

Table 3 shows the hyperparameters used for the predictive models used for potato
yield and quality prediction (Random Forest, Support Vector Machine, and XGBoost).
For the Random Forest model, hyperparameters, such as node size, number of trees, and
number of variables per node, were established, with optimal values adjusted for each
objective. For example, for weight (W) prediction, 500 trees and a node size of 45 were
used, reaching an explained variance value of 65.55%. In contrast, for other objectives, such
as CIR, IND, LW, and PT, the hyperparameters were adjusted to find a better response.
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Table 3. Characteristics and estimation of predictors.

Models Targets Hyperparameters

RF

Node size Trees No. var Mean of squared % var

W 45 500 6 0.0307 65.55

CIR
IND 50 500 6 0.0115 65.51
PT 50 500 3 0.0137 59.04

LW
IND 50 500 3 0.0375 40.74
PT 50 500 3 0.0375 40.74

MSV

Cost γ ε No. of vectors SVM

W 0.5 0.1 0.1 394 Radial

CIR
IND 0.5 0.1 0.1 191 Radial
PT 1 0.1 0.1 404 Radial

LW
IND 0.5 0.1 0.1 271 Radial
PT 1 0.1 0.1 403 Radial

XGBoost

Nrounds Max. depth η γ Colsample_bytree Min_child_weight Subsample

W 100 6 0.1 0.5 0.8 1 0.8

CIR
IND 100 1 0.2 0.5 0.8 1 0.8
PT 100 6 0.1 0.5 0.8 1 0.8

LW
IND 100 6 0.2 0.5 0.8 1 0.8
PT 50 6 0.2 0.5 0.8 1 0.8

Note: CIR = circularity; IND = spectral indices; PT = phenotypic traits; W = total tuber weight; LW = length
and width.

As for SVM, parameters such as cost, γ (gamma), ε (epsilon), and the number of
support vectors were used, with a radial kernel function for all metrics. The values
varied according to the objective, such as a cost of 0.5 and γ of 0.1 for W prediction.
Finally, XGBoost was configured with parameters such as the number of rounds (Nrounds),
maximum tree depth (max. depth), and learning rate (η), showing specific adjustments
for each objective. For example, 100 rounds and a maximum depth of 6 were used for W
prediction, achieving optimized accuracy. These adjustments allowed each model to better
adapt to the specific characteristics of the input data and improve the prediction accuracy.

Table 4 shows the performance of the predictive models (Random Forest, Support Vec-
tor Machine, and XGBoost) in estimating potato weight, circularity, and the length–width
ratio. Random Forest offered solid results, with an R2 value of 0.82 in training and 0.74 in
testing for weight prediction, but its performance in circularity with spectral indices CIR
and IND decreased in the test data (R2 = 0.55). Prediction using only agronomic data, CIR
and PT, had even lower accuracy in testing (R2 = 0.25), suggesting that spectral indices are
more useful for this task.

Support Vector Machine presented varied performance, with the best results in CIR
and IND (R2 = 0.38 in testing), while CIR and PT had lower performance (R2 = 0.27).
XGBoost also stood out in weight (W) prediction, with an R2 value of 0.80 in training
and 0.75 in testing. However, it had difficulties with circularity, where CIR and IND
showed a very low R2 value in testing (0.06), while CIR and PT had moderate performance
(R2 = 0.27). This indicates that both Random Forest and XGBoost were effective in predicting
weight, but faced challenges with circularity, especially when integrating spectral indices.
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Table 4. Performance of predictive models in estimating weight, circularity, and the length–width
relationship of potatoes.

Models Targets
Training Test

R2 RMSE MAE R2 RMSE MAE

RF

W 0.82 0.1385 0.1073 0.74 0.1707 0.1327

CIR
IND 0.76 0.1637 0.1282 0.55 0.1887 0.1427
PT 0.79 0.098 0.0443 0.25 0.1 0.0439

LW
IND 0.78 0.1557 0.1202 0.42 0.1905 0.1471
PT 0.75 0.1555 0.1205 0.45 0.1865 0.1441

MSV

W 0.72 0.1711 0.1098 0.56 0.2171 0.1553

CIR
IND 0.44 0.1617 0.0444 0.38 0.0677 0.0377
PT 0.35 0.1597 0.0484 0.27 0.1014 0.0408

LW
IND 0.76 0.1352 0.0828 0.28 0.1996 0.1468
PT 0.41 0.198 0.1412 0.19 0.2177 0.1588

XGBoost

W 0.8 0.1491 0.1707 0.75 0.1192 0.1352

CIR
IND 0.63 0.1271 0.0812 0.06 0.0646 0.0503
PT 0.77 0.0991 0.0566 0.27 0.1053 0.0513

LW
IND 0.75 0.1159 0.1897 0.38 0.1202 0.1479
PT 0.7 0.1578 0.1262 0.47 0.1813 0.1421

Note: CIR = circularity; IND = spectral indices; PT = phenotypic traits; W = total tuber weight; LW = length
and width.

3.8. Yield Estimation in Plots

Figure 12 shows the prediction map of the final weight of tubers, highlighting the
performance of treatments (T1, T2, and T3). The weight was estimated using the Random
Forest model, which showed the best performance in predicting both yield and quality. The
results are represented by a color scale, ranging from red (0.05–0.2 kg) to dark green and
blue (0.9–1.066 kg), indicating the predicted values in kilograms per 0.5 m2 quadrant. These
quadrants were vectorized considering the maximum leaf area (LA) of the potato crop.
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The descriptive statistics of tuber weight (W), such as median and average, were
0.56 kg and 0.52 kg, respectively. These values reflect the predictive capacity of the Random
Forest (RF) model, as they predominated throughout the prediction plot. This behavior
further reinforced the performance of the model, which obtained a determination coefficient
R2 value of 0.72 in the testing phase, demonstrating a high prediction capacity. Additionally,
the observed minimum and maximum values did not present considerable dispersion
concerning the descriptive statistics, which confirmed the accuracy of the model.

4. Discussion

Spectral indices have a variable impact on the predictive capacity of models [60,62,91],
especially in morphological quality, such as circularity and the length–width ratio. The
prediction of circularity using CIR and IND spectral indices showed a more significant
performance, with Random Forest achieving an R2 value of 0.55 in testing, while XGBoost
only achieved 0.06, indicating that these indices moderately captured the variability nec-
essary for this metric. On the other hand, CIR and PT agronomic data were less effective,
with an R2 value of 0.25 in testing for Random Forest and 0.27 for SVM, suggesting that
agronomic data alone were not sufficient to accurately predict the various morphological
quality parameters of potatoes. These results highlight the need to optimize the integration
of spectral indices and agronomic data in predictive models to improve the accuracy of
estimating morphological quality.

In the present study, Random Forest and XGBoost showed high accuracy in predicting
weight (W), with R2 values of 0.74 and 0.75 in testing, respectively. Additionally, various
studies have highlighted that Random Forest offers a considerable advantage in the op-
timal selection of variables for yield prediction in different crops [19,92]. Among them,
Yiguang et al. [93] proposed an HLM linear model to estimate potato yield using vegetation
indices and environmental variables.

The model showed ranges between 0.57 and 0.60 in different growth stages, surpassing
conventional methods. This highlighted that vegetation indices in the integration of
predictive models and the integration of multitemporal data have shown a significant
improvement in the accuracy of yield prediction and the morphological quality of tubers,
such as the use of the “substor-potato” model with temporal data of up to nine years, with
an R2 value of 0.97 [94]. Other methods for predicting potato yield, such as the use of
physical properties, with the integration of neural networks and other non-linear regression
algorithms, have achieved notable results [17].

The accurate estimation of morphological parameters remains a crucial challenge
for agriculture, as predicting characteristics such as crop yield and biomass is essential
for efficient resource management and optimization of agricultural practices. Despite
significant advances in modern techniques, such as remote sensing and machine learning,
the transfer and applicability of these models to diverse environmental conditions and
growth stages remains limited [95–97]. However, the integration of multitemporal data and
the inclusion of specific environmental variables could considerably improve the accuracy
of predictions [98–100]. Furthermore, the use of advanced techniques, such as those
presented in this study, and the optimal selection of variables offer a key opportunity to
overcome these challenges, allowing for more adapted and reliable estimations in different
agricultural contexts.

In this study, Random Forest and XGBoost models were used due to their proven ef-
fectiveness in predictive tasks and handling high-dimensional data, such as those obtained
from multispectral images. While the results showed good performance in predicting
potato yield, the accuracy in predicting more complex morphological traits, such as cir-
cularity, was relatively low. This limitation may be attributed to the intrinsic nature of
morphological traits, which require models capable of capturing more complex, non-linear
relationships. Future studies should explore the use of advanced techniques, such as deep
learning, which could enhance the predictive capacity for morphological traits, as well as
optimizing the current models’ hyperparameters. Nonetheless, this work established a solid
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foundation from which more sophisticated approaches can be developed, highlighting the
potential of integrating multispectral imagery and phenotypic data in precision agriculture.

5. Conclusions

The integration of spectral indices in estimating the physical characteristics of potatoes,
such as circularity, significantly influenced the precision and efficiency of morphological
evaluation of crops. By incorporating these indices, the ability to characterize key aspects
of the tuber was improved, resulting in a more accurate estimation of important parameters
for agricultural management and product quality. Advanced techniques, such as the use of
hyperspectral images and machine learning models, have proven to be particularly effective
in capturing details that traditional methodologies might overlook. These approaches not
only optimize the detection of morphological characteristics but also allow for better
adaptation to different environmental conditions and growth stages.

The prediction of tuber quality, evaluated through circularity and the length–width
ratio, showed the lowest determination coefficients in the XGBoost and SVM models.
However, for circularity, the RF model performed better, although it presented significant
overfitting. This suggests the need for further research to identify optimal predictive
variables that allow accurate prediction of circularity, a key phenotypic trait related to
potato quality.

Yield and quality prediction using UAVs face several limitations, including the influ-
ence of environmental conditions, such as cloud cover and variations in sunlight, which
can affect the quality of captured images. Additionally, the surface information provided
by UAVs may not accurately reflect the internal conditions of the crop, limiting the accu-
racy of estimating key parameters. The selection of predictive variables also presented
challenges, with the risk of overfitting or lack of generalization in the models. Moreover,
the high demand for computational resources and the need to validate results with field
data made it difficult to apply these models on a large scale. This highlights the importance
of continuing research to improve both the accuracy and efficiency of predictive models.
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