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A B S T R A C T

This study investigated the effect of different red:blue (R:B) spectral light ratios on the performance of a multi- 
task convolutional neural network (CNN) model developed for the automatic classification of four horticultural 
species and their corresponding phenological stages under controlled artificial lighting conditions. The model 
was trained and tested using RGB images acquired under five distinct spectral treatments (R:B 1, 3, 5, 7, and 9), 
and its performance was evaluated using accuracy, precision, recall, F1-score, and Matthews correlation coef
ficient (MCC). For species classification, the best results were obtained with an R:B 1, achieving an accuracy of 86 
%, precision of 87 %, recall of 85 %, F1-score of 85 %, and MCC of 0.81. In terms of phenological stage clas
sification, the highest performance was observed at R:B 3 and R:B 5, both yielding 93 % accuracy and F1-score, 
precision and recall above 92 %, and an MCC of 0.86. These findings demonstrate that the multi-task CNN model 
is capable of learning robust and generalizable representations, maintaining high classification performance even 
under non-optimal spectral conditions. The integration of optimized artificial lighting with intelligent classifiers 
proves to be a strategic approach for automated monitoring systems in indoor and precision agriculture. Future 
research should explore the impact of additional spectral components (e.g., green or far-red wavelengths) and the 
adoption of more advanced neural architectures to further enhance the system’s robustness and scalability.

1. Introduction

In recent decades, agriculture has faced unprecedented challenges, 
primarily driven by the growth of the global population and the effects 
of climate change. By 2050, the global population is projected to reach 
9.7 billion, resulting in a 70 % increase in food demand compared to 
current levels (United Nations, 2017). The rising demand for food places 
pressure on agricultural systems already compromised by urbanization, 
soil degradation, and intensive farming practices [1]. Climate change 
exacerbates these challenges by increasing crop vulnerability to extreme 
weather events, posing serious risks to global food security [2,3]. This 

situation demands a significant shift in agricultural practices, adopting 
more sustainable and efficient technologies to proactively address these 
challenges. One of the most promising recent proposals is precision 
agriculture, which leverages advanced technologies to monitor and 
optimize resources in real-time. Research has shown that these tech
niques can reduce water usage by up to 50 % and fertilizer use by up to 
30 % in open-field agriculture [4]. However, the application of such 
solutions is not limited solely to extensive open-field agriculture but is 
also particularly relevant in controlled environment systems (indoor 
farming), where the integration of advanced technologies enables pre
cise control of environmental parameters and optimized resource 
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utilization [5,6]. Recent studies indicate that new cultivation systems, 
supported by automation and artificial intelligence technologies, are 
essential for effectively addressing global challenges [7].

Vertical farms (VFs), or Plant Factories with Artificial Lighting 
(PFAL), represent a promising response to global agricultural chal
lenges, offering a sustainable solution through cultivation in indoor 
environments [8]. This agricultural production model overcomes the 
limitations of traditional farming by eliminating the influence of vari
able climatic factors and allowing for continuous production throughout 
the year [6]. Vertical farms efficiently utilize limited urban spaces, 
employing advanced technologies to manage environmental parame
ters, lighting, irrigation, and nutrient delivery, thereby improving pro
ductivity per area unit [9]. Resource efficiency is one of the main 
advantages of vertical farms. These systems employ soil-less cultivation 
techniques, such as hydroponics, aeroponics, and aquaponics, to dras
tically reduce water consumption and fertilizers compared to traditional 
agriculture [6]. According to [10], hydroponic systems can reduce water 
usage by up to 90 % while maintaining high productivity levels. Addi
tionally, the aeroponic system, which directly nebulizes nutrients to the 
plant roots, has proven even more efficient in water and nutrient usage, 
further increasing sustainability [11]. VFs are particularly suited for 
urban farming, helping to reduce the distance between production sites 
and consumers, thus lowering transportation costs and decreasing food 
distribution-related emissions [9]. This approach supports the growth of 
local food economies, enhancing access to fresh and nutritious food. 
Integrating these indoor cultivation systems with Internet of Things 
(IoT) technologies allows for real-time monitoring of critical variables, 
such as plant growth, environmental conditions, and nutrient levels, 
optimizing decision-making processes and minimizing waste [12]. 
However, the effectiveness of these techniques strongly depends on the 
accurate management of resources, as any errors in nutrient delivery can 
severely compromise crop health [13].

Although vertical farms offer innovative solutions for indoor culti
vation, they still face significant challenges that limit their large-scale 
adoption. One of the main issues is the high energy cost, primarily 
related to the intensive use of artificial lighting required to support 
photosynthesis and ensure optimal plant growth. Despite advances in 
light-emitting diode (LED) technology, lighting remains one of the most 
energy-consuming components, significantly impacting operational 
costs [14]. Managing the controlled environment also requires constant 
monitoring and adjustment of temperature, humidity, and CO₂ levels, 
resulting in additional energy consumption to maintain optimal condi
tions for crop growth [15]. Another critical aspect is the integrated 
management of resources such as water and nutrients. While hydroponic 
technologies reduce resource use compared to traditional agriculture, 
dynamic and efficient management of these resources requires advanced 
control technologies capable of adapting in real-time to the plants’ 
needs. However, the success of these systems depends on optimizing the 
cultivation parameters to meet the physiological needs of the plants. 
One of the most relevant challenges is the adaptation of these parame
ters based on the cultivated species and its specific phenological stage, as 
each growth phase requires different environmental conditions to 
ensure optimal development (Kozai, 2019). Regulating cultivation 
conditions in vertical farming systems is mainly based on experimental 
data and manual or semi-automatic control systems [16]. Although 
these approaches have proven somewhat effective, they present signif
icant limitations regarding efficiency and scalability. The need to 
continuously adapt the settings based on the species and growth phase of 
the plant consumes time and resources, making it difficult to implement 
fully automated systems on a large scale [17].

Furthermore, the variability of lighting conditions can compromise 
the quality of images acquired by computer vision systems, negatively 
affecting the performance of recognition algorithms [18]. This aspect 
represents a particularly relevant challenge, as the reliability of analyses 
strongly depends on the system’s ability to compensate for lighting 
variations and extract accurate information from images [19]. To 

address these issues, developing an advanced monitoring system 
capable of automatically identifying the cultivated species and its cor
responding phenological stage is essential, providing real-time infor
mation to optimize growth conditions.

Integrating computer vision into indoor farming offers a unique 
opportunity to overcome the limitations of traditional methods, 
enhancing efficiency and automation in crop management [20]. 
Implementing a computer vision system for species and phenological 
stage classification in indoor cultivation represents an essential step 
toward the automation of precision agriculture. The main objective of 
this study is to develop a classification system based on a computer 
vision algorithm that is robust to variations introduced by different light 
treatments used in indoor farming. Specifically, the aims are: 

• To evaluate how different light spectra affect the quality of images 
captured under indoor conditions.

• To determine which light spectrum provides the most reliable data 
for classifying horticultural species and their phenological stages, 
while minimizing visual distortions.

The approach combines RGB imaging techniques with algorithmic 
analysis to significantly contribute to the existing literature on the 
interaction between lighting and computer vision in indoor farming, as 
lighting conditions can alter the appearance of objects or the overall 
content of images, negatively impacting the performance of recognition 
algorithms. By analyzing how different light spectra influence image 
quality and developing classification algorithms that are robust to 
lighting variations, the study aims to provide practical guidelines for 
optimizing lighting systems and optical sensors. The expected results 
will enhance the efficiency and reliability of automated monitoring 
systems in indoor farming, promoting more sustainable and productive 
precision agriculture.

2. Materials and methods

2.1. Experimental setup and design

The experiment was conducted at AlmaVFarm, the experimental 
vertical farm (Fig. 1A) at the Department of Agricultural and Food Sci
ences at the University of Bologna (Bologna, Italy). The experiment was 
divided into germination (2 weeks) and growth (3 weeks), with envi
ronmental parameters optimized for each phase. During the germination 
phase, the facility maintained a relative humidity of 85 ± 5 % and a 
temperature of 22 ± 1 ◦C. The lighting conditions included a 16-hour 
photoperiod with a light intensity of 180 ± 10 µmol m⁻² s⁻¹, ensuring 
uniform and optimal seedling emergence and early root development 
conditions. In the subsequent growth phase, the relative humidity was 
reduced to 65/70 ± 10 % day/night to support transpiration and 
photosynthesis, while the temperature was regulated to 24/21 ± 1 ◦C 
(day/night). The light intensity was increased to 215 ± 10 µmol m⁻² s⁻¹, 
maintaining the same 16-hour photoperiod. Additionally, supplemental 
CO₂ was provided inside the growth chamber to maintain a stable con
centration of 850 ppm. An ebb-and-flow hydroponic system was used, 
divided into five sectors with a 3-level tray layout (each tray covering an 
area of 0.53 m²). The system operated with a closed water cycle: the 
nutrient solution from the main reservoir circulated daily for 10 min, 
flooding each tray and returning to the main reservoir when not 
absorbed by the plants or substrate. The nutrient solution’s electrical 
conductivity (EC) and pH were manually checked three times a week 
using a tester (HI98130, Hanna Instruments Italia Srl, Ronchi di Villa
franca Padovana, Italy) in the main reservoir. Adjustments were carried 
out through a fertigation system (Nido One Pro, Nido Srl, Rimini, Italy), 
ensuring consistent maintenance of the desired values without the need 
for continuous manual intervention. The nutrient solution used 
throughout the growth cycle had the following composition: N–NO₃: 
15.44 mM; N–NH₄: 1.93 mM; P: 1.93 mM; K: 9.65 mM; S-SO₄: 2.32 mM; 
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Ca: 4.34 mM; Mg: 0.97 mM; Fe: 45.7 µM; Cu: 15.1 µM; Zn: 14.8 µM; B: 
30.0 µM; Mn: 46.3 µM; Mo: 0.7 µM.

The study focused on four horticultural species at the seedling stage: 
basil (Ocimum basilicum var. Genovese), cucumber (Cucumis sativus var. 
Marketmore 76), aubergine (Solanum melongena var. Violetta lunga di 
Romagna), and tomato (Solanum lycopersicum var. ciliegino). The plants 
were cultivated for the entire duration of the study (5 weeks) in 104-cell 
trays (0.02 L cell-1), using a substrate mix composed of peat and 
vermiculite in a 70:30 (v/v) ratio to provide an optimal environment for 
root development during germination and vegetative growth.

2.2. Light treatments: intensity, quality, and photoperiod

Five different light spectra (Table 1) were provided by dimmable 
LED lamps (Flygrow®, Flytech Srl, Belluno, Italy) from the start of the 
cycle (0 Days After Sowing, DAS) until the final harvest (36 DAS). Each 
light treatment was replicated on three trays. Specifically, the light 
spectra were characterized by the exclusive application of light within 
the red (peak at 663 nm) and blue (peak at 470 nm) regions, resulting in 
the following incremental R:B ratios: R:B 1, R:B 3, R:B 5, R:B 7, and R:B 9 
(Fig. 1B). Before the experiment began, a handheld spectrophotometer 
was used to determine the spectral properties (CL-500A, Konica Minolta, 
Chiyoda, Tokyo, Japan) of each treatment. Both photoperiod (expressed 
as light duration per day, h d⁻¹) and light intensity (expressed as 
Photosynthetic Photon Flux Density, PPFD, in µmol m⁻² s⁻¹) remained 
constant for all light treatments, set to 16 h d⁻¹ and 215 ± 10 µmol m⁻² 
s⁻¹, respectively. The PPFD was accurately measured using a PAR meter 
(Apogee Instruments, Logan, UT, USA).

2.3. Image acquisition

Images of the plants (Fig. 1B) were taken daily (excluding weekends) 
from the moment of sowing until the end of the study. Two growth 
stages were considered: the germination phase (going from 1 to 14 DAS) 

and the vegetative phase (from 15 to 36 DAS). For each species and 
growth stage, images were acquired from different angles to ensure a 
complete representation of the morphological characteristics of the 
plants, which is crucial for the subsequent classification step using the 
CNN algorithm. The RGB images were captured using the ESP32-CAM 
module (ESP32-CAM, Espressif Systems, Shanghai, China), a versatile 
device offering ease of use, low cost, and operational flexibility. The 
ESP32-CAM was equipped with a CMOS OV2640 image sensor (Omni
Vision Technologies, Santa Clara, USA), supporting a maximum reso
lution of 1600 × 1200 pixels; however, a resolution of 640 × 480 pixels 
was selected for the experiment. This resolution was sufficient for 
capturing the morphological details of the plants while optimizing 
acquisition time. The captured images were stored directly on an SD 
card integrated into the ESP32-CAM module, ensuring secure and local 
data storage. After each acquisition session, the photos were transferred 
to a central database, facilitating subsequent analyses and management 
of the entire dataset. The ESP32-CAM allowed manual adjustment of 
parameters such as lighting and focus, adapting to different environ
mental conditions. This enabled the creation of a complete and diverse 
dataset, essential for training and validating a robust CNN model for 
plant species classification. The choice of the Arduino ESP32-CAM 
module reduced costs. It allowed testing of the classification algo
rithm’s effectiveness with low-resolution images, demonstrating that 
the model is sufficiently robust for low-cost applications while main
taining good accuracy.

2.4. Dataset annotation

The entire image dataset was manually structured through an 
annotation system, categorizing each file based on the plant species 
(basil, cucumber, aubergine, or tomato) and the growth stage (germi
nation or vegetative). As a result, two main folders were created for each 
plant species: 

• Plant images in the germination phase, from day 1 to day 14 after 
sowing (DAS);

• Plant images in the vegetative phase, from day 15 to day 36 DAS.

The final dataset consisted of a total of 2400 images for the germi
nation phase and 4800 images for the vegetative phase. The vegetative 
phase was thus overrepresented compared to the germination phase, 
leading to an imbalanced dataset. To address this imbalance and ensure 
better model generalization, a data augmentation strategy was applied 
to the minority class (germination phase). Data augmentation [21] was 

Fig. 1. (a) Experimental vertical farm at the department of agricultural and food sciences, University of Bologna. (b) Example photos captured for each species (from 
left to right: basil, cucumber, aubergine, and tomato) and for each light treatment (R:B 1, R:B 3, R:B 5, R:B 7, R:B 9).

Table 1 
Experimental lighting treatments.

Light 
Treatments

Red 
(%)

Blue 
(%)

Light Intensity PPFD 
(µmol m⁻² s⁻¹)

Photoperiod (h 
d⁻¹)

R:B 1 50 50 215 ± 10 16
R:B 3 75 25 215 ± 10 16
R:B 5 83.3 16.7 215 ± 10 16
R:B 7 87.5 12.5 215 ± 10 16
R:B 9 90 10 215 ± 10 16
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carried out through geometric transformations (rotations, translations, 
zooms, horizontal and vertical flips) to generate 2400 new variants of 
the existing images without the need to collect new data. This approach 
increased the number of images in the germination class, balancing the 
dataset and improving the model’s performance in recognizing plants 
during this initial phase. The images were labeled following a hierar
chical directory structure, facilitating the integration of the dataset into 
the convolutional neural network architecture.

2.5. CNN algorithm architecture

The architecture of the convolutional neural network developed in 
this study was designed to address a multi-task learning problem, with 
the goal of simultaneously classifying both the plant species and its 
phenological stage (Table 2). This approach allows for the leveraging of 
shared information between the two tasks, improving model efficiency 
and prediction quality [22].

The model follows a hierarchical architecture where the initial 
convolutional layers extract general representations from the input 
images. The input consists of RGB images with dimensions of 256 × 192 
× 3, which are processed through a series of transformations. Batch 
normalization, applied after each convolutional layer, ensures a uniform 
distribution of pixel values, promoting faster and more stable conver
gence during training [23]. The initial convolutional layers capture 
simple features such as edges and textures, while deeper layers learn 
more complex morphological patterns, including leaf shape and plant 
structure [24]. Dimensionality reduction is achieved through max 
pooling and global average pooling operations, which compress the 
feature maps while retaining the most salient information for classifi
cation. This approach enhances computational efficiency by reducing 
the number of parameters and mitigating overfitting without sacrificing 
critical information [25]. An additional regularization mechanism is 
provided by spatial dropout applied at the third convolutional block, 
which helps prevent overfitting the training data. Following feature 
extraction, the two-dimensional feature maps are reduced to a 
one-dimensional vector via global average pooling, eliminating the need 
for a traditional flattening layer. The network subsequently branches 
into two heads, each dedicated to a specific multi-task classification 
objective. The first head predicts the plant species, concluding with an 
output layer comprising four units corresponding to the species under 
study, employing a softmax activation function to convert raw outputs 
into class probabilities. The second head is responsible for classifying the 
phenological stage, with a final output layer consisting of two units, and 
softmax activation is utilized to distinguish between the two stages 
considered.

Integrating multi-task learning within this architecture allows the 
shared convolutional layers to learn more generalizable and transferable 
representations, thereby improving classification robustness and 
reducing the demand for extensive training datasets [26]. Moreover, 
jointly optimizing both tasks reduces the risk of overfitting, particularly 
in scenarios with limited data, as the model is encouraged to identify 
features relevant to both objectives [27]. From a computational stand
point, this solution enables both classifications to be performed in a 
single inference pass, decreasing processing time compared to separate 
models and enhancing overall system efficiency [22].

2.6. Training and evaluation

The multi-task learning CNN model was trained on an RGB image 
dataset of 9.600 samples, including original images and images gener
ated through data augmentation. This process improved the diversity of 
the training data, helping the model generalize better on new images 
and reducing the risk of overfitting. The dataset was split into two sets to 
ensure the model’s good generalization ability: 80 % for training and 20 
% for evaluation of unseen data. This splitting strategy is widely adopted 
in literature to improve the generalization ability of neural networks and 
prevent overfitting [24]. As the model was designed to perform two 
classification tasks simultaneously—identifying the plant species and 
determining its phenological stage—two separate loss functions were 
adopted, one for each output. Categorical cross-entropy was used for 
both classifications. It is ideal for multi-class classification problems as it 
minimizes the divergence between the predicted probability distribution 
and the actual class distribution [28]. A cross-validation strategy was 
implemented to obtain more robust and reliable results. Since the 
dataset was balanced through data augmentation, K-Fold 
Cross-Validation was adopted, which divides the dataset into K subsets 
(folds) and iteratively uses each fold as a test set. In contrast, the 
remaining K-1 folds are used for training. This method ensures a more 
reliable evaluation of the model’s performance, reducing dependency on 
a single data split and improving generalization ability [29]. In this 
study, K = 5 was chosen as it represents a good compromise between 
evaluation stability and computational cost. The model optimization 
was carried out using the Adam algorithm, known for its ability to 
combine the advantages of Adaptive Gradient Descent (AdaGrad) and 
Root Mean Square Propagation (RMSProp), making it particularly 
effective for managing deep networks and ensuring rapid convergence 
without unstable oscillations [30]. The learning rate was set to 0.001, a 
value commonly used for deep CNNs, which balances the learning speed 
with optimization stability [31]. The training was performed with a 
batch size of 32 images, a choice that allows for a good trade-off between 
model accuracy and computational efficiency. The learning process was 
conducted for a maximum of 200 epochs, with early stopping imple
mented. This was configured to halt training if validation accuracy 
showed no significant improvements for 50 consecutive epochs, thus 
avoiding the risk of overfitting to the training data.

2.7. Confusion matrix

A confusion matrix was used to evaluate the multi-task CNN model’s 
performance more in-depth, an essential tool for analyzing the classi
fier’s behavior concerning different classes [32]. The confusion matrix 
was built separately for each classification task (plant species and 
phenological stage) and for each lighting condition, allowing for iden
tifying any systematic error trends and the degree of confusion between 
classes. For each iteration of K-Fold Cross-Validation, a confusion matrix 
was generated for the test fold, and subsequently, an aggregated average 
matrix was calculated across all folds. This methodology provided a 
more stable and reliable evaluation of the model’s performance, 
reducing variability due to the dataset splitting into training and test 
sets. In the confusion matrix, each row represents the actual instances 
belonging to a specific class, while each column indicates the number of 

Table 2 
List of layers in the CNN classification algorithm architecture.

No. Layer Description

1 Input Layer RGB images 256 × 192 × 3
2 Conv Layer 1 32 filters 3 × 3, ReLU, “same” padding
3 Batch Normalization 1 Batch normalization
4 Max Pooling 1 2 × 2 pooling
5 Conv Layer 2 64 filters 3 × 3, ReLU, “same” padding
6 Batch Normalization 2 Batch normalization
7 Max Pooling 2 2 × 2 pooling
8 Conv Layer 3 128 filters 3 × 3, ReLU, “same” padding
9 Batch Normalization 3 Batch normalization
10 Spatial Dropout Spatial dropout 0.3
11 Max Pooling 3 2 × 2 pooling
12 Conv Layer 4 256 filters 3 × 3, ReLU, “same” padding
13 Batch Normalization 4 Batch normalization
14 Global Average Pooling Dimensionality reduction
15 Dense Layer 1 256 neurons, ReLU
16 Dropout Dropout 0.5
17 Dense Layer 2 128 neurons, ReLU
18 Output Layer 1 (Species) 4 units, softmax
19 Output Layer 2 (Phenology) 2 units, softmax
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times the model assigned those instances to each of the predicted classes. 
The following elements were calculated: 

• True Positives (TP): instances correctly classified in their respective 
class.

• False Positives (FP): instances incorrectly assigned to a different 
class.

• False Negatives (FN): instances belonging to a class but incorrectly 
assigned to another.

• True Negatives (TN): instances correctly excluded from a given class.

For a more intuitive representation of the model’s performance, 
normalized confusion matrices were produced, where each value was 
divided by the total number of samples belonging to the respective true 
class. This approach allowed for a more easily interpretable distribution 
of the predictions. This analysis provided a more detailed understanding 
of the errors made by the model, highlighting possible classes more 
prone to misclassification, the degree of separability between categories, 
and the influence of different lighting treatments on the recognition 
quality [33].

2.8. Evaluation metrics

The performance of the CNN model was evaluated using specific 
metrics for multi-class classification and potentially imbalanced data
sets. Since the model performs two distinct classifications (plant species 
and phenological stage), the metrics were calculated separately for each 
task. After each cross-validation iteration, the evaluation metrics were 
derived based on the confusion matrix averaged across different folds. 
The primary metric used is accuracy (Eq. (1)), which represents the 
fraction of correctly classified instances out of the total [34]: 

Accuracy =
TP + TN

TP + TN + FP + FN
(1) 

Precision (Eq. (3)) is a metric that quantifies the fraction of elements 
classified as positive that are actually positive. This value is particularly 
relevant in problems where false alarms must be minimized, such as 
disease classification or recognizing rare species [35]. The formula is: 

Precision =
TP

TP + FP
(2) 

Recall (Eq. (4)), which measures the model’s ability to correctly 
identify positive instances [36], is calculated as: 

Recall =
TP

TP + FN
(3) 

Another key metric is the F1-score (Eq. (2)), which provides a trade- 
off between precision and recall [35] and is calculated as: 

F1Score =
2 × Precision × Recall

Precision + Recall
(4) 

For a more comprehensive evaluation, the Matthews Correlation 
Coefficient (MCC) (Eq. (5)) was also calculated, which provides an 
indication of classification quality considering all elements of the 
confusion matrix: 

MCC =
(TP × TN) − (FP × FN)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(TP + FP)(TP + FN)(TN + FP)(TN + FN)

√ (5) 

This metric is considered particularly robust in classification as it 
considers all elements of the confusion matrix [36]. The metrics were 
calculated separately for each lighting condition (red:blue light ratio) to 
understand the influence of different environmental conditions on the 
model’s ability to distinguish between species and growth stages.

2.9. Development environment

The multi-task classification algorithm was developed using Python 
3.8, chosen for its compatibility with the advanced libraries required to 
implement and train convolutional neural networks. Python is a de facto 
standard in the field of artificial intelligence and machine learning, 
thanks to its versatility and the wide range of tools available for data 
manipulation and deep learning. The TensorFlow and Keras libraries 
were used to construct the multi-task CNN model, providing a flexible, 
high-performance framework for deep learning. TensorFlow efficiently 
manages the computational flow required for training the network, 
while Keras simplifies the definition of the architecture and facilitates 
optimization with its high-level interface [37]. The model training was 
accelerated through support for NVIDIA GPUs, allowing a significant 
reduction in processing time compared to execution on CPUs. Numerical 
data management and manipulation were handled by NumPy, which is 
essential for normalizing input data and efficiently representing multi
dimensional arrays. OpenCV was employed for image processing oper
ations, including resizing, format conversion, and normalization, and it 
is a widely used library for image processing in computer vision appli
cations. The algorithm implementation and model training were con
ducted on a Windows 11 workstation with an Intel Core i7 processor, 16 
GB of RAM, and an NVIDIA RTX 3060 GPU with 6 GB of RAM.

3. Results

The analysis of the performance of the multi-task learning-based 
CNN model allowed the evaluation of the accuracy in classifying hor
ticultural species and their phenological stages under different lighting 
conditions. The results were obtained by evaluating the accuracy, pre
cision, recall, F1-score and Matthews Correlation Coefficient (MCC) 
metrics for each considered light treatment.

3.1. Confusion matrices

The average confusion matrix was computed for each lighting 
treatment by aggregating the results obtained across the five cross- 
validation folds. This procedure enables a more stable and reliable 
evaluation of the distribution of correct and incorrect predictions made 
by the model. The confusion matrices related to horticultural species 
classification (Fig. 2) show a marked concentration of values along the 
main diagonal, indicating the model’s strong ability to distinguish be
tween classes. Misclassifications are limited and primarily involve 
confusion between species with similar morphological characteristics. 
Lighting treatments with R:B ratios of 1 and 5 exhibit the highest density 
of correct predictions, consistent with the elevated accuracy and F1- 
score metrics observed. Regarding phenological stage classification 
(Fig. 3), the matrices also display an intense diagonal concentration of 
predictions, with marginal errors occurring mostly between adjacent 
stages, where visual distinctions can be subtler. Treatments with R:B 
ratios of 3 and 5 show the best distribution, characterized by clear class 
separation and reduced misclassifications.

3.2. Performance of R:B spectral ratios

The model’s performance in classifying horticultural species is 
summarized in Table 3, which reports the average values of accuracy, 
precision, recall, F1-score, and MCC for each light treatment. Contrary 
to initial hypotheses based on preliminary data, the metrics demonstrate 
a remarkable robustness of the model, even in the presence of significant 
variations in the light spectrum. Classification accuracy for species 
ranged between approximately 70 % and 86 %, with the highest values 
observed under the R:B 1 treatment. This stability is also reflected in the 
other metrics. Precision and recall remained high and consistent with 
the overall trend, generally exceeding 71 % and reaching approximately 
87 % in the best-performing treatment (R:B 1). The F1-score, which 
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balances precision and recall, followed a similar pattern, with the 
highest value (85 %) again recorded under R:B 1. The Matthews Cor
relation Coefficient further confirmed this robustness, with values above 
0.71 across all treatments and peaks reaching 0.81 under R:B 1.

3.3. Performance of growth stages

The results related to phenological stage classification, presented in 
Table 4, show a trend consistent with that observed for species classi
fication, with high and relatively stable performance across the different 
light treatments.

Fig. 2. Species classification - normalized confusion matrices for each light treatment: R:B 1 (a), R:B 3 (b), R:B 5 (c), R:B 7 (d), R:B 9 (e).
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Classification accuracy ranged between approximately 82 % and 93 
%, with the highest values recorded under the R:B 3 and R:B 5 treat
ments, indicating a superior ability of the model to recognize pheno
logical stages under intermediate or balanced lighting conditions. 
Precision and recall also exhibited high values, ranging from approxi
mately 82 % to 93 %, with the best results again observed under the R:B 
3 and R:B 5 treatments. The F1-score, which balances precision and 
recall, remained high across all treatments, reaching peak values of 93 % 

and 92 % for R:B 3 and R:B 5, respectively. Finally, the Matthews Cor
relation Coefficient (MCC) ranged from 0.77 to 0.86, with the highest 
values once again obtained under the R:B 3 and R:B 5 conditions.

4. Discussion

Analysis of the performance metrics demonstrates that the multi-task 
convolutional neural network classification model maintained high and 

Fig. 3. Phenology classification - normalized confusion matrices for each light treatment: R:B 1 (a), R:B 3 (b), R:B 5 (c), R:B 7 (d), R:B 9 (e).
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relatively stable performance across all light treatments, for both hor
ticultural species and phenological stage classification. The observed 
variability among different red:blue spectral ratios was limited, indi
cating the model’s general robustness to variations in artificial lighting 
conditions. This behavior can be attributed to two main factors: first, the 
visual characteristics of the species and phenological stages remain 
sufficiently distinctive despite changes in lighting conditions; second, 
the employed multi-task CNN architecture effectively learned robust 
and generalizable features, minimizing the impact of illumination- 
induced spectral variability.

Although lighting affects the chromatic properties of RGB images, 
interspecific and phenological stage differences remain pronounced 
enough to be reliably detected by the model. Consequently, the captured 
images contain rich visual information adequate to support effective 
classification, as reflected by the consistently high performance metrics 
across all treatments.

From a computer vision and artificial intelligence perspective, CNNs 
equipped with architectural enhancements such as batch normalization, 
dropout, and global average pooling are designed to learn features 
invariant to minor visual domain transformations (Krizhevsky et al., 
2012; [23]. This confers resilience against variations in illumination, 
viewpoint, and other small image perturbations. Specifically, the 
multi-task approach promotes intermediate feature sharing between 
species and phenological stage classification tasks, enhancing learning 
efficiency and generalization capability. Shared, more abstract feature 
representations are less sensitive to non-structural spectral variations, 
such as those caused by different R:B ratios. This aligns with previous 
findings showing that multi-task models can acquire more robust and 
generalizable representations than single-task counterparts [26,38].

These findings suggest that CNN-based computer vision systems can 
operate reliably in controlled environments with variable artificial 
lighting, provided that essential visual information is preserved. This 
has important implications for deploying automated monitoring systems 
in indoor agriculture and vertical farming, where lighting is often 
optimized for plant growth rather than image acquisition.

5. Conclusions

This study evaluated the influence of different red:blue spectral ra
tios on the performance of a multi-task CNN model for the automatic 
classification of horticultural species and their phenological stages, 
using RGB images acquired under controlled lighting conditions. The 

results demonstrated that the model maintains high and stable perfor
mance across all tested light treatments, with limited variability 
attributable to spectral composition. Morphological differences among 
horticultural species are sufficiently pronounced to allow accurate vi
sual classification even under varying illumination conditions. It is 
plausible to hypothesize that spectral variations could have a greater 
impact in the case of classification at the variety level within a single 
species, making automatic discrimination more challenging due to the 
reduced morphological distance between classes. Furthermore, the 
multi-task CNN architecture proved capable of learning robust and 
generalizable feature representations, effectively compensating for 
illumination-induced variability. This study showed that CNN-based 
computer vision systems can operate reliably under suboptimal light
ing conditions. Such robustness is particularly relevant in controlled 
agricultural environments (e.g., vertical farming, automated green
houses), where lighting is often designed primarily for plant physiology 
rather than optical image acquisition. The implications of these findings 
are twofold. On one hand, they confirm the effectiveness of combining 
low-cost RGB sensors with deep learning models for automatic crop 
classification. On the other hand, they highlight the importance of an 
integrated approach to lighting design that considers both plant physi
ological needs and the requirements of computer vision systems.

Future research could investigate the effect of additional spectral 
components, such as green light or the far-red band, assessing their in
fluence on image quality and consequently on the performance of 
automatic classification models. These components may be especially 
relevant when addressing classification between species and among 
varieties within the same species, where morphological differences are 
subtler and more susceptible to illumination effects. Concurrently, 
integrating advanced deep learning approaches, such as self-supervised 
learning, reinforcement learning, or generative models for data 
augmentation, could enhance model generalization under variable or 
suboptimal environmental conditions. Overall, this study lays the 
foundation for developing resilient and scalable systems for precision 
agriculture, emphasizing the critical importance of deliberate lighting 
design in synergy with artificial intelligence architectures to maximize 
the reliability of automatic crop classification.
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