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Abstract

Sorghum (Sorghum bicolor L.) is a resilient crop with high relevance in tropical and semi-arid
regions, where nutritional deficiencies, particularly of nitrogen (N) and potassium (K),
limit yield. This study evaluated the potential of RGB imagery combined with machine
learning to detect N and K deficiencies in sorghum at different phenological stages. The
traditional models showed significant limitations in distinguishing nutritional status, es-
pecially at the early V4 stage, where accuracies remained below 40%. At the flowering
stage, their performance improved for nitrogen detection, reaching up to 58% accuracy, but
remained insufficient for potassium (below 30%). In stark contrast, the CNN demonstrated
substantially superior performance, effectively identifying even subtle visual symptoms.
For nitrogen deficiency, the CNN achieved high accuracies of 76% at the V4 stage and 87%
at flowering. While potassium classification proved more challenging overall, the CNN
still outperformed traditional models, reaching 55% accuracy at flowering. These results
indicate that deep learning is a powerful and viable low-cost tool for the early and accurate
diagnosis of nutrient deficiencies in sorghum, overcoming the limitations of conventional
machine learning approaches.

Keywords: agriculture; CNN; KNN; nutrients; Random Forest; SVM

1. Introduction

The growing demand for food, driven by global population expansion, imposes the
need for sustainable and highly efficient agriculture. In this global context, precision
agriculture emerges as a fundamental strategy, enabling more rational management of
inputs. Proper management of macronutrients, especially nitrogen (N) and potassium (K),
is a pillar of sustainable intensification, as it directly governs the physiological processes
that determine crop productivity. The judicious application of these nutrients mitigates
adverse environmental impacts, such as nitrate leaching and resource depletion [1].

At a regional scale, particularly in tropical and semiarid environments, agriculture
faces additional challenges related to soil fertility limitations and recurrent water deficits.
In these regions, the adoption of resilient crops and technologies that improve resource-use
efficiency is essential for food security and the sustainability of production systems [2].
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Within the national context of Brazil, grain sorghum (Sorghum bicolor L.) plays a
strategic role due to its exceptional hardiness, drought tolerance, and adaptability to soils
of limited fertility. These characteristics consolidate sorghum as an essential crop, both for
animal feed and for the diversification of production systems, especially in regions where
other cereals face higher risks of productivity reduction [2].

Optimizing sorghum nutritional management depends on the ability to diagnose
deficiencies early and accurately. Nitrogen and potassium deficiencies trigger profound
metabolic disorders that manifest phenotypically through visual symptoms in the leaves,
such as chlorosis, necrosis, loss of turgor, marginal discoloration, and consequent plant
dwarfism. The intensity and morphology of these symptoms are, however, complex
and influenced by an interplay of factors, including the plant genotype, the severity and
duration of the nutritional deficiency, and, crucially, the phenological stage at which the
stress occurs [3,4].

For example, the high mobility of nitrogen in the phloem causes deficiency symptoms,
such as progressive yellowing, to appear first in older leaves [5]. In contrast, potassium
deficiency, a vital cation for osmotic regulation and enzyme activation, typically manifests
itself through necrosis or “burns” on the margins and tips of older leaves [6].

Historically, crop nutritional status assessment has relied on conventional laboratory
methods, such as chemical analysis of leaf tissue. Although they provide accurate measure-
ments, these techniques are inherently destructive, require specialized labor, are relatively
costly, and have a significant time lag between sampling and results, hindering real-time
decision-making and the implementation of site-specific management practices. To over-
come these limitations, a new paradigm based on proximal sensing and computer vision is
emerging. The use of digital images in the visible spectrum (RGB), captured by low-cost
cameras, enables non-invasive digital phenotyping and objective quantification of visual
leaf symptoms, creating the necessary database for the development of computational
models for automated diagnostics [7,8].

Machine Learning algorithms are used to translate these visual data into practical
diagnoses. Among the various approaches, models such as K-Nearest Neighbors (KNN),
Support Vector Machines (SVM), and Random Forest (RF) have been widely explored for
plant stress classification. KNN, an instance-based classifier, stands out for its simplicity of
implementation, but its performance is sensitive to noise and data dimensionality. SVM,
in turn, is recognized for its ability to construct complex and robust decision boundaries
in high-dimensional feature spaces, although its performance depends on the choice of
an appropriate kernel and the optimization of its hyperparameters [9,10]. Random Forest,
an ensemble technique that combines multiple decision trees, offers high accuracy and
remarkable robustness to noise and overfitting, being particularly effective in modeling
complex non-linear relationships between visual characteristics and nutritional status [11].

A critical factor that modulates the effectiveness of these models is symptom ex-
pressivity, which varies dynamically with plant development. In early vegetative stages,
such as V4 (fourth fully expanded leaf), deficiency symptoms can be subtle, incipient,
or visually ambiguous, posing a significant challenge for discrimination by classification
algorithms [12,13]. As the cycle progresses, especially at flowering, accumulated nutritional
stress tends to intensify symptoms, making them more evident, distinct, and distributed
throughout the canopy, potentially facilitating differentiation between deficiency levels
and increasing the accuracy of predictive models [4,7].

The challenge posed by subtle and visually ambiguous symptoms, particularly in early
growth stages, often exposes the limitations of traditional machine learning models. While
powerful, algorithms like KNN, SVM, and Random Forest can struggle when chromatic
and textural distinctions are minimal. To address this specific gap, modern deep learning
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approaches have emerged as a superior alternative. Convolutional Neural Networks
(CNNs), in particular, are designed to automatically learn hierarchical features directly
from images, enabling them to identify complex patterns even from subtle symptoms that
are difficult for other models to discriminate, making them a highly promising tool for
plant stress detection [7,8].

Thus, the objective of this study was to investigate and compare the performance
of RGB image-based machine learning models to classify nitrogen (IN) and potassium
(K) deficiencies in sorghum at two contrasting phenological stages (V4 and flowering).
Specifically, we sought to: (i) develop and evaluate classification models using traditional
algorithms (K-Nearest Neighbors, SVM, and Random Forest); and (ii) develop and assess
a Convolutional Neural Network (CNN) as a more advanced approach, comparing its
diagnostic accuracy against the traditional models, especially in addressing the challenge
of early-stage symptom expressivity.

2. Materials and Methods

To evaluate the isolated effects of nitrogen (N) and potassium (K) deficiencies, two
independent single-factor experiments were conducted under field conditions. The experi-
ments were installed and monitored during the 2024 harvest in the experimental area of
the School of Animal Science and Food Engineering of the University of Sao Paulo (Uni-
versidade de Sao Paulo—FZEA /USP), in Pirassununga, SP (Latitude 21°59'S, Longitude
47°25" W, altitude 627 m). The climate of the region, according to the Képpen—Geiger
classification, is Cwa, characterized as humid subtropical with dry winters and hot sum-
mers. The soil of the experimental area was classified as a Typical Orthic Quartzipsamment,
corresponding to a Typical Quartzipsamment according to the Soil Taxonomy (USDA). This
soil class was intentionally selected for its low cation exchange capacity (CEC) and low
natural nutrient reserve, a condition that allows minimizing soil interference in nutritional
supply (background effect) and, consequently, maximizing the phenotypic expression of
deficiencies induced by treatments.

The biological material used in both trials was the grain sorghum (Sorghum bicolor
L.) hybrid BM 767, provided by Biomatrix. This commercial genotype is characterized by
its early maturity, medium size (final height between 1.40 m and 1.60 m), and high yield
potential. The seeds had a germination rate of 75%, a value that was used as a reference for
calculating the seeding density to ensure the population stand planned for the experiment.

Sowing was carried out mechanically, with a row spacing of 0.50 m and a seed
deposition depth of approximately 3 cm. The mechanized system consisted of a Massey
Ferguson tractor, model MF4275, pulling a Jumil seeder-fertilizer spreader, model POP
2670, configured with four rows (Figure 1A). The seeding density was calibrated to achieve
a planned final population of 140,000 plants ha~!, adjusting the seed distribution per linear
meter to compensate for the 75% germination rate of the plot. To ensure maximum stand
uniformity between plots, manual thinning was performed at 21 days after emergence
(DAE), adjusting the plant population to the target value in all experimental units.

Each trial, one focused on nitrogen (N) and the other on potassium (K), was im-
plemented independently, following a randomized block design to control soil spatial
variability. Each design consisted of five treatments (nutrient rates) with four replicates
(blocks), totaling 20 plots per trial.

The experimental unit (plot) was sized at 4.0 m wide by 4.0 m long, comprising eight
seeding rows and a total area of 16 m2. To eliminate the border effect during the evaluations,
the useful area was defined as the central 6 m? of each plot, corresponding to the four
central rows, disregarding 0.5 m at each end (Figure 1B). Considering the final population
of 140,000 plants ha~!, the useful area of each plot contained approximately 110 plants,
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Sowing of the experimental field

which were the focus of sampling and image acquisition. During the experiment period,
the site had an average temperature of 24.9 °C and total precipitation of 543 mm.

Staking of the experimental field Experimental field during the flowering phase

Figure 1. Chronological sequence of the experimental field: (A) Sowing, (B) staking, and (C) flower-
ing phase.

Data collection occurred at two phenological stages: Vegetative (V4), at 28 days
after emergence (DAE), and Reproductive (full flowering), at 65 DAE. At each stage, ten
diagnostic leaves were sampled per plot (leaf + 3 at V4; leaf below the panicle at flowering)
(Figure 1C). The sampling protocol, conducted between 10:00 a.m. and 12:00 p.m., consisted
of first acquiring a digital image (RGB, 24 MP) of each leaf individually. For standardization,
the capture was made at a perpendicular angle (nadir), at a distance of 30 cm, and using a
white panel as a contrast background.

Nutritional management and treatment definition were meticulously planned to
isolate the effects of Nitrogen and Potassium, using as a basis the low natural fertility of
the Quartzarenic Neosol, confirmed by chemical and physical analysis (Tables 1 and 2).

Table 1. Chemical analysis of the soil used in the experiment.

pH P (res) S K (res) K Ca Mg Al H + Al O.M. C.T.
CaCl, mg-dm—3 (ppm) mmolc-dm—3 gkg1
4.6 10 5 0.5 ns 7 3 5.5 22 16 9.1
Table 2. Complementary analysis of the soil used in the experiment.
SB CEC V m Ca/CEC Mg/CEC K/CEC H+Al/CEC Ca/Mg Ca/K Mg/K Ca + Mgl/K
mmolc-dm—3 % CEC% Basis Relationship
10 32 33 34 22 9 2 67 2.3 14 6 20

CEC: Cation Exchange Capacity; SB: Sum of Basis.

Aiming for a high productivity goal (>8 t ha~!), soil correction was initially carried out
according to the guidelines of [14], which included the application of limestone to increase
base saturation to 70% and the application of agricultural gypsum to supply 30 kg ha~! of
sulfur (S). From this, the reference “complete dose” (100%) was established at 150 kg ha~!
of N, 120 kg ha~! of P,0s, and 120 kg ha~! of K,0, using Urea, Simple Superphosphate,
and Potassium Chloride as sources, respectively. The treatments for the single-factor trials
consisted of variations of this dose (0%, 50%, 100%, 150%, and 200%). In the Nitrogen trial,
rates of 0, 75, 150, 225, and 300 kg ha—! of N were applied, keeping the basal fertilization of
P,0s5 and KO constant at 120 kg ha™! for all plots. Similarly, in the Potassium trial, rates
of 0, 60, 120, 180, and 240 kg ha~! of K,O were evaluated, with fixed basal fertilization of
N (150 kg ha~!) and P,Os5 (120 kg ha~1). All fertilizer quantities were calculated for 16 m?
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plots, weighed individually, and applied fractionally, with a portion applied at planting
and the remainder a s top dressing, the latter being carried out immediately after data and
image collection at the V4 stage, to ensure that the initial assessment reflected only the
effect of base fertilization. Doses calculated are showed at Table 3.

Table 3. Distribution of the nutrients according to the doses and phases.

N (kg-ha—1) P (kg-ha—1) K (kg-ha—1)

% of Recommended

Planting Top Dressing Planting Top Dressing Planting Top Dressing

Dose
DO 0% - - - - - -
D1 50% 20 55 60 0 20 40
D2 100% 40 110 120 0 40 80
D3 150% 60 165 180 0 60 120
D4 200% 80 220 240 0 80 160

Crop nutritional status assessments were performed at two key phenological stages,
selected for their physiological importance and relevance for fertilizer management. The
first assessment occurred at the V4 vegetative stage, defined by the moment when the
fourth leaf from the coleoptile was fully expanded with the ligule visible, observed at
28 days after emergence (DAE). The selection of this stage is critical because it precedes the
period of greatest biomass accumulation and the recommended window for topdressing
with nitrogen and potassium, which is generally between V5 and V6 [14]. This chronology
allowed for an accurate diagnosis of the effect of planting fertilization on initial crop
establishment, before the interference of the second fertilizer application. The second
assessment was conducted at the full flowering stage, at 65 DAE, a crucial point that
reflects the nutritional status accumulated by the plant throughout the vegetative cycle
and directly influences the definition of production potential, especially in grain formation
and subsequent filling. The joint analysis of these two critical moments, therefore, allows a
comprehensive understanding of the nutritional dynamics of the crop and the expression
of deficiency symptoms throughout its development.

The digital image acquisition procedure at the V4 and Flowering stages was standard-
ized to ensure data quality and consistency. The rear-facing camera of an Apple iPhone
11 smartphone, with 12-megapixel resolution, was used to capture images in Jpeg format.
For each sample, the diagnostic leaf was carefully fixed to a clipboard on a white bond paper
background, using elastic bands to keep the leaf surface flat and free of wrinkles (Figure 2).
The camera was positioned at a fixed distance of 23 cm from the sample, according to the
methodology described by [15]. All captures were taken between 10:00 a.m. and 12:00 p.m.
under natural light, in the growing environment itself, to minimize external variations and
ensure that chromatic differences were attributed to nutritional effects. Fifteen samples
were collected per plot, totaling 300 images per phenological stage for each nutrient.

The images were acquired using the camera’s default automatic white balance, without
any subsequent adjustments or corrections. This approach ensures that field lighting
conditions are realistically represented, preserving the spectral fidelity of the samples and
avoiding the introduction of artificial chromatic biases. Furthermore, the camera’s native
calibration provides consistency between images, a key factor for comparative analyses of
different nutritional levels.

The processing of this image database was conducted at the Agricultural Machinery
and Precision Agriculture Laboratory (LAMAP) at FZEA /USP, using a custom script devel-
oped in Python. This script automated the entire pipeline, including image normalization
and, crucially, the implementation of the machine learning models.
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Figure 2. Original images captured of sorghum leaves at the V4 stage.

The input data model consists of normalized RGB images (0-1), resized to 1024 x 1024 pix-
els and organized into high-dimensional 1D vectors, with their respective categorical labels.
For the Convolutional Neural Network (CNN) model, images were provided directly as a
3D matrix (height x width X color channels), which is the appropriate input format for deep
learning models.

For classifier training and validation, the dataset was partitioned into 75% for training
and 25% for validation. This division was performed randomly and stratified by dose,
a fundamental practice to prevent overfitting and enable a robust assessment of model
generalization [16,17]. The performance of each algorithm was evaluated using confusion
matrices, from which performance metrics, such as accuracy (1), precision (2), recall (3),
and fl-score (4), were calculated based on true, false, and negative values, following the
approach outlined by [9].

The traditional algorithms (KNN, SVM, and Random Forest) were implemented using
the Scikit-learn library in a Python environment, while the Convolutional Neural Network
(CNN) was built with TensorFlow /Keras [18]. To optimize the traditional models, a grid
search with 5-fold cross-validation was conducted exclusively on the training set. The final
hyperparameters selected were as follows: for KNN, the optimal number of neighbors
was k = 5; for SVM, a Radial Basis Function (RBF) kernel was used with a regularization
parameter C of 10 and a gamma of 0.1; and for Random Forest, the model was configured
with 100 trees and a maximum depth of 20.

The CNN architecture was designed as a sequential model. The input layer was followed
by three convolutional blocks. The first block contained a convolutional layer with 32 filters
(8 x 3 kernel size) and a ReLU activation function, followed by a 2 x 2 MaxPooling layer.
The second and third blocks repeated this structure but with 64 and 128 filters, respectively.
After the convolutional blocks, the feature maps were flattened and passed through a dense
layer of 256 neurons with ReLU activation. The final output layer consisted of 5 neurons
with a Softmax activation function for multi-class classification. The network was trained for
20 epochs using the Adam optimizer, a learning rate of 0.001, and the categorical crossentropy
loss function to ensure convergence. After identifying the best hyperparameters, the final
model of each algorithm was trained with the entire training dataset and then evaluated
independently on the validation set (25%), which did not participate in any training or
calibration stage.
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It is important to emphasize that, although chemical analyses of leaves were not
performed to confirm nutritional status, the experimental design was structured to ensure
the induction of deficits. The use of a soil with low natural fertility, confirmed by chemical
analysis, and the application of widely contrasting N and K doses (from 0 to 300 kg-ha~?
of N and from 0 to 240 kg-ha~! of K,O) allow us to confidently infer that the different
treatments resulted in distinct nutritional statuses in the plants, which were manifested
phenotypically through visual symptoms captured in the images.

3. Results and Discussion
3.1. Confusion Matrices

The performance evaluation of the classification models—K-Nearest Neighbors (KNN),
Support Vector Machines (SVM), and Random Forest (RF)—as well as the Convolutional
Neural Network (CNN) was systematically carried out through the construction of confu-
sion matrices, whose visual representations are presented in Figures 3-6. The interpretation
of these matrices indicates that the positive values located on the main diagonal line repre-
sent the correct classifications (true positives and true negatives), that is, where the model
correctly predicted the real class of the objective treatment of the study.

Confusion Matrix - KNN
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I - 4 3 3 1 1
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P - 4 2 2 3 1
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1 1 0 0
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Figure 3. Cont.
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Figure 3. Confusion matrices from the N experiment at the V4 stage, comparing the predictive
performance of KNN (a), Random Forest (b), and SVM (c) models.



AgriEngineering 2025, 7, 367 9of17

Confusion Matrix - KNN

9
> - 1 8
7
&P - 0
6
. 5
S Vv
o E
=V E
Q
< 4
L3
- 0
L2
S - 2 .
T | ; ' -0
< ¢ N Na
Expected Class
(@)
Confusion Matrix - Random Forest
10

Real Class

l -0
> & N g N
Expected Class

(b)

Figure 4. Cont.



AgriEngineering 2025, 7, 367 10 of 17

Confusion Matrix - SVM
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Figure 4. Confusion matrices from the N experiment at the Flowering stage, comparing the predictive
performance of KNN (a), Random Forest (b), and SVM (c) models.
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Figure 5. Confusion matrices from the K experiment at the V4 stage, comparing the predictive
performance of KNN (a), Random Forest (b), and SVM (c) models.
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Figure 6. Confusion matrices from the K experiment at the flowering stage, comparing the predictive
performance of KNN (a), Random Forest (b), and SVM (c) models.

3.2. Performance of Classification Models for Nitrogen (N)

According to the detailed data in Table 4, the models’ performance in the V4 phase of
crop development, although initial, revealed the algorithms’ discriminatory potential. The
KNN model, for example, achieved an accuracy of 26.7% and an F1-score of 25.4%. Despite
this being an initial phase where the phenotypic manifestation of nutritional deficiency
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symptoms is incipient or non-discriminatory, Random Forest demonstrated promising
performance, presenting the best results among the three models, with an accuracy of 31.7%
and an Fl-score of 31.1%. This superior performance of Random Forest in the V4 phase
suggests greater pattern extraction capacity and robustness to noise, indicating its potential
for detecting subtle phenotypic manifestations, even in the early stages of nutritional
deficiency. However, a deeper analysis reveals that the Convolutional Neural Network
(CNN) achieved a significantly superior performance, with an accuracy of 76% and an
F1-score of 74.33% at this stage, highlighting its superior ability to capture subtle visual
patterns from the images. This superiority stems from the CNN'’s ability to learn not just
color and texture, but also spatial patterns, such as the characteristic yellowing gradient
that begins in the older leaves, a classic symptom of N deficiency, even when it is too subtle
for other models to detect [7].

Table 4. Performance of Classification Models with Nitrogen (N).

N V4 Model Accuracy Precision Recall F1-Score
KNN 0.2667 0.2761 0.2667 0.2537
SVM 0.2333 0.2078 0.2333 0.1980
Random Forest ~ 0.3167 0.3501 0.3167 0.3106
CNN 0.7600 0.7639 0.7401 0.7433

N  Flowering Model Accuracy  Precision Recall F1-Score
KNN 0.3833 0.3792 0.3833 0.3509
SVM 0.4833 0.4157 0.4833 0.4349
Random Forest ~ 0.5833 0.5854 0.5833 0.5733
CNN 0.8700 0.8523 0.8751 0.8797

The significant and encouraging improvement in the performance of all models in the
Flowering stage compared to the V4 stage is noteworthy, as evidenced in Table 4. KNN
achieved an accuracy of 38.3% and an F1-score of 35.1%, demonstrating an increasing ability
to distinguish between classes as visual symptoms become more evident and pronounced.
Similar results have been reported in other crops, such as in the study by [8], which
evaluated the use of neural networks in predicting nitrogen nutritional status in strawberry
plants. The authors observed that the CNN-based architecture was able to identify subtle
visual patterns related to nitrogen nutrition, outperforming conventional approaches and
demonstrating high predictive accuracy. This convergence of results across different species
reinforces the robustness of CNNs as a tool for nutritional diagnosis based on RGB images,
corroborating the superior performance observed in this study for sorghum.

SVM showed a considerably improved performance in the flowering stage, with an
accuracy of 48.3% and an Fl-score of 43.5%, corroborating the premise that the more pro-
nounced visual symptoms at this stage facilitate class separation and model learning. This
significant leap in performance also suggests that hyperparameter tuning, including kernel
selection, is especially critical in early stages like V4, where high class overlap demands
more complex decision boundaries to effectively discriminate between nutrient levels.
However, the CNN model surpassed all traditional approaches, achieving an outstanding
accuracy of 87% and an Fl-score of 87.97% for nitrogen classification at the flowering
stage. This significant leap in performance reinforces the ability of deep learning models
to effectively capture complex discriminative patterns related to different nitrogen doses,
indicating its suitability for practical applications and its feasibility in the development of
automated diagnostic systems based on RGB images for nitrogen management in sorghum.
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3.3. Performance of Classification Models for Potassium (K)

In phase V4 (Table 5), the KNN, SVM, and Random Forest models showed similar
initial performance, with an accuracy of 30% for all models and similar F1 scores (29.7% for
KNN, 29.9% for SVM, and 28.9% for Random Forest). Although SVM demonstrated a slight
advantage in accuracy (32.0%), the overall performance indicates a uniform ability to begin
capturing visual patterns of potassium doses at this early stage. The Convolutional Neural
Network (CNN), however, showed a superior initial performance at this stage, achieving
an accuracy of 45% and an F1-score of 43%.

Table 5. Performance of Classification Models with Potassium (K).

K V4 Model Accuracy Precision Recall F1-Score
KNN 0.3000 0.3010 0.3000 0.2965
SVM 0.3000 0.3199 0.3000 0.2992
Random Forest 0.3000 0.3271 0.3000 0.2885
CNN 0.4500 0.4432 0.4500 0.4300

K Flowering  Model Accuracy Precision Recall F1-Score
KNN 0.2833 0.2639 0.2833 0.2637
SVM 0.3000 0.2789 0.3000 0.2818
Random Forest 0.2667 0.2715 0.2667 0.2675
CNN 0.5500 0.5421 0.5500 0.5200

The fact that Random Forest, a model recognized as robust and effective in modeling
non-linear relationships, performed similarly to the others at this stage suggests that visual
manifestations are incipient, but that there is significant potential to be explored with
methodological improvements and the acquisition of more expressive datasets. Refer-
ence [19] highlights the superior performance of Random Forest in leaf classifications, even
in RGB images with high overlap between classes.

At the flowering stage, although the results for potassium remained at levels that sug-
gest the need for improvement, with accuracies of 28.3% (KNN), 30.0% (SVM), and 26.7%
(Random Forest), it is important to note that each model contributed to understanding the
complexity of visual detection of K deficiencies. The CNN model, in turn, demonstrated a
more pronounced improvement, achieving a significant increase in accuracy to 55% and an
F1-score of 52%. The SVM, for example, maintained a slightly superior performance, with
an Fl-score of 28.2%, indicating that, even with the challenges inherent in the variability
of potassium symptoms and their inconsistency across samples, there is a latent discrimi-
nation capacity that can be improved through hyperparameter optimizations and more
sophisticated model approaches.

The greater difficulty in classifying potassium deficiency may be directly linked to
the visual nature of its symptoms. Unlike the more uniform chlorosis associated with N
deficiency, K deficiency typically manifests as necrosis or ‘burns’ on the margins and tips
of older leaves. These symptoms can exhibit greater variability in shape, size, and location
across different samples, creating visually more complex and ‘noisy’ patterns that challenge
even the CNN, particularly with a limited dataset.

According to [13], a recurring challenge in the assertiveness of image analysis models
lies in the limitations of databases, which often do not cover all the environmental and
phenotypic conditions required for robust training. This restriction on training data vari-
ability can compromise the models” generalization ability. To mitigate this limitation, the
application of data augmentation techniques emerges as an effective strategy, allowing
the simulation of greater visual diversity and, consequently, the expansion of the training
set. Actions such as rotations, brightness changes, and random cropping of images are
examples of transformations that significantly contribute to expanding the variability of
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the dataset, which, in turn, can reduce the risk of overfitting and improve the models’
generalization ability.

Additionally, the image collection method is a critical factor to consider. Although the
image acquisition procedures in this study were standardized, the outdoor field environ-
ment where the images were acquired is inherently susceptible to uncontrollable variables,
such as fluctuations in natural lighting. These environmental factors can introduce un-
wanted variability into the images, directly interfering with processing performance and
model accuracy.

Although this study was developed using an image database considered suitable for
the evaluated models, the validation process revealed that the models struggled to achieve
higher levels of accuracy in image classification. According to [9], the performance of image
analysis models tends to improve proportionally to the increase in the number of images in
the database, a particularly relevant aspect for early phenological stages, such as V4, where
the visual distinction of symptoms is more subtle. The exclusive use of RGB images may
have further limited the models’” discriminatory ability, highlighting the pressing need to
incorporate more robust approaches in future studies for a more complete characterization
of nutritional stresses. Additionally, the application of feature engineering techniques,
such as texture analysis or the extraction of vegetation indices from RGB channels, could
increase the distinction between subtle symptoms, improving classification performance in
the early stages—an alternative that deserves further investigation.

Specifically, regarding the behavior of nutrients in plants, the displacement of nutrients
during periods of deficiency can present a challenge to image analysis. Nitrogen deficiency
stress reduces leaf area and photosynthetic rate, as it promotes the remobilization of N
from leaves [20]. Behaviors like this can obscure the true classification of models. Therefore,
variables related to other traits, such as relative leaf area, in addition to RGB vectors, should
be considered in the analysis.

Considering technological advances in image classification, it is crucial to recognize
that traditional supervised learning models, such as KNN, SVM, and Random Forest,
can have limitations when attempting to capture the more subtle and complex visual
patterns present in agricultural images, especially when symptom expressivity is a limiting
factor. Contemporary studies have consistently demonstrated that Convolutional Neural
Networks (CNNs) offer superior performance in image classification tasks, particularly
in scenarios with less expressive visual symptoms, due to their intrinsic ability to learn
hierarchical features directly from images.

It is noteworthy that this study was conducted using affordable and widely available
tools, such as smartphone cameras and RGB images, which reinforces the practical applica-
bility and potential for democratization of such technologies for field diagnostics. Even
under challenging experimental conditions, the CNN model demonstrated a remarkable
ability to identify useful patterns, achieving high levels of accuracy that surpass the tradi-
tional models and underscoring the potential for incorporating these tools into decision
support systems for agricultural management. This can result in significant reductions in
operational costs, streamlined field diagnostics, and, consequently, the implementation
of faster and more efficient management interventions. Although challenges inherent in
validation and symptom expressivity exist, the lessons learned and future directions for the
use of more advanced techniques are extremely promising for the continued advancement
of precision agriculture.

It is crucial to consider the practical ramifications of low model accuracy at the V4
stage. This assessment point was selected because it is crucial for decisions about topdress-
ing. Consequently, a high rate of classification errors at this stage has direct economic
significance. False negatives could lead to uncorrected deficiencies and subsequent loss
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of productivity, while false positives could result in unnecessary fertilizer expenditures
and increased environmental risk. Therefore, while the traditional models demonstrate
potential, their current accuracy level at the V4 stage is insufficient for implementation, a
limitation that is addressed by the superior performance of the CNN model.

4. Conclusions

This study successfully demonstrated that a deep learning approach using a Convolu-
tional Neural Network (CNN) is a highly effective tool for classifying nitrogen (N) deficiency
in sorghum from RGB images, significantly outperforming traditional machine learning
models (KNN, SVM, and Random Forest). The CNN achieved high accuracy for nitrogen
classification at both the flowering stage (87%) and, crucially, at the early V4 stage (76%), where
symptoms are subtle and visual diagnosis is most critical for management interventions.

In contrast, the traditional models proved insufficient for reliable early diagnosis, with
accuracies below 40% at the V4 stage. While their performance improved at flowering, the
best traditional model, Random Forest, reached only 58.3% accuracy for nitrogen—a result
decisively surpassed by the CNN. This finding highlights the limitations of conventional
machine learning in handling the complex patterns of early-stage nutrient deficiencies
and confirms that deep learning is a superior strategy for this diagnostic challenge. Potas-
sium (K) classification proved more challenging for all models, though the CNN again
demonstrated a substantial advantage, achieving 55% accuracy.

These results validate the use of low-cost RGB images combined with deep learning
as a powerful and practical pathway for developing accurate diagnostic tools. Future
work should focus on expanding the training dataset and exploring the integration of
multispectral data and data augmentation techniques to further increase the robustness and
generalizability of the models, contributing to the advancement of precision agriculture for
sorghum management.
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