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Abstract. Salvinia biloba Raddi (Salviniaceae) is used in phytoremediation sys-
tems and requires monitoring to avoid pollutant release during senescence. This
paper reports a preliminary computer vision approach to classify three growth
stages (young, intermediate, and advanced) from images using CNNs. We eval-
uated DenseNet, ResNet, MobileNet, and a custom CNN with transfer learning
and data augmentation on a dataset of 312 labeled images. All models achieved
accuracy above 89%, and MobileNet obtained the best performance (95.74%
accuracy; 0.95 macro Fl-score). Errors occurred only between adjacent stages,
suggesting an ordinal pattern. Results indicate that lightweight CNNs can sup-
port automated monitoring in phytoremediation contexts.

1. Introduction

The presence of organic and inorganic pollutants has significantly compromised the qual-
ity of water resources. In this context, concern has intensified regarding the availability of
water under suitable conditions for use, especially in light of the increase in the generation
and discharge of effluents into water bodies. This process contributes to environmental
stress and the degradation of aquatic ecosystems due to the continuous input of pollutant
loads [Ansari et al. 2020].

As a sustainable alternative for the treatment of these effluents, phytoremediation
techniques stand out, as they use plants as biological agents for contaminant removal. This
approach is characterized as a simple, low-cost, and environmentally friendly technology
[Pawaiya and Suthar 2025].

Among the plant species employed in this process, aquatic macrophytes exhibit a
high capacity for the removal of organic and inorganic contaminants [Wang et al. 2021,
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Choudhury et al. 2024]. As an example, species of the genus Salvinia (Salviniaceae)
stand out, such as Salvinia biloba Raddi, which has been used in different contexts for
pollutant removal [Zevallos et al. 2018, Freitas et al. 2025].

The application of these species integrates nature-based solutions (NbS) strate-
gies, grounded in the use of ecosystem services to promote environmental conserva-
tion and the sustainable management of natural resources [Chairat and Gheewala 2024].
[Mancuso et al. 2021] emphasize that the use of NbS to mitigate diffuse contamination
problems in water bodies represents a sustainable alternative, particularly with regard to
nitrogen removal in impacted areas. However, the authors highlight the need for proper
management of these systems to ensure their long-term efficiency.

In this context, to enable the application of aquatic plants in phytoremediation
techniques, the adoption of appropriate management practices in effluent treatment sys-
tems becomes essential. The maintenance and monitoring of plant biomass are funda-
mental steps, since, upon reaching the senescence stage, plants may release back into the
aquatic environment the pollutants previously assimilated, thereby compromising treat-
ment efficiency [Kroger et al. 2007].

Macrophyte identification technologies based on image analysis can be employed
in environmental monitoring, especially in the assessment of water resource quality.
These tools enable the detection, classification, and monitoring of vegetation cover in
aquatic environments, contributing to the management and conservation of these ecosys-
tems [Levachou and Stonevicius 2025, Palanikkumar et al. 2025].

Considering this context, image-based identification techniques already used in
the monitoring of water bodies show potential to be adapted to effluent treatment sys-
tems that employ macrophytes. The use of artificial intelligence (Al) tools to identify the
degree of maturation and the physiological stage of these plants may contribute to the
optimization of management practices and to the strengthening of NbS strategies.

Thus, the objective of this study is to conduct a preliminary investigation aimed at
developing a model capable of determining the maturation stage of Salvinia biloba based
on images.

For this purpose, four Convolutional Neural Network (CNN) models were evalu-
ated: ResNet, DenseNet, MobileNet, and a custom CNN, using a dataset of 312 images
distributed among maturation stages 1, 2, and 3. Model performance was analyzed using
the metrics of precision, recall, F1-score, and accuracy.

The results demonstrated that all models achieved satisfactory performance, with
accuracy above 88%. The best performance was obtained by MobileNet with transfer
learning, achieving an accuracy of 95.74%, a macro F1-score of 0.9546, and the lowest
loss value (0.1221). These findings highlight the potential of applying deep learning
techniques for the automatic identification of the maturation stage of Salvinia biloba,
contributing to the improvement of monitoring and management of macrophytes in NbS-
based systems.

2. Related Work

The study conducted by [Francisco et al. 2024] present an evaluation of the maturation
stage of Banana Prata Catarina (Musa spp. Musaceae) through the development of Con-
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volutional Neural Network (CNN) models for the classification of different stages, using
an image dataset of the cultivar.

In turn, [Boas et al. 2025] propose an Al-based approach for the classification
of diseases in coffee leaves, integrating deep learning and computer vision techniques.
The study employs CNNs with the application of transfer learning and data augmen-
tation, using architectures such as DenseNet, MobileNet, and ResNet. Additionally,
[Machado et al. 2025] investigated the automatic classification of coffee leaf rust, con-
sidering both binary and multiclass classification strategies. For this purpose, they eval-
uated different CNN architectures, including AlexNet, DenseNet, Inception, ResNet,
SqueezeNet, and VGG.

For the image-based assessment of aquatic macrophytes,
[Palanikkumar et al. 2025] propose a hybrid machine learning approach integrated
with IoT, combining temporal analysis and data clustering. The Hybrid Machine
Learning System (HMLS) achieved better performance when employing Graph Neural
Networks (GNN) and Long Short-Term Memory (LSTM) networks.

In their study,[Bai and Bai 2024 ] applied CNNs to a dataset constructed through
web crawling techniques for the acquisition of aquatic plant images. For modeling, they
employed the DenseNet169 architecture to develop the EFL-DenseNet model. After pre-
training on the ImageNet dataset, transfer learning was applied to adapt the model to the
internal dataset intended for aquatic plant recognition.

In contrast, [Patil et al. 2025] employed pre-trained CNNs (ResNet50, VGG16,
and InceptionV3) with transfer learning to more accurately identify the growth stages
of the macrophyte Eichhornia crassipes (Mart.) Solms (Pontederiaceae). The models
were integrated with a customized SimpleCNN through Ensemble Learning, enhancing
classification robustness.

It is observed that the use of CNNs and transfer learning strategies for plant clas-
sification is widespread, enabling applicability and advancements in the automatic esti-
mation of the maturation stage of aquatic macrophytes applied to phytoremediation.

3. Material and Methods

The methodology adopted in this study was structured into three main stages: (1) data
collection, (2) model training, and (3) results evaluation. This organization was defined
to ensure clarity in the experimental design and reproducibility of the process. In the first
stage, the image dataset was organized and prepared. In the second stage, experiments
were conducted using the DenseNet, MobileNet, ResNet, and CNNProper architectures,
employing transfer learning and data augmentation techniques. Finally, in the third stage,
the models were evaluated using quantitative metrics, enabling a systematic comparison
of their performance. Figure 1 presents the overall workflow of the stages that compose
the experimental procedure.
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1. Data collection 2. Model training 3. Results evaluation
e (a)stage 1; e DenseNet; ¢ Precision;
¢ (b) stage 2; e MobileNet; e Recall;
* (¢ ) stage 3. * ResNet; e F1-Score;
e CNNProper * Accuracy.

Figure 1. Steps of the methodology.

3.1. Data Collection

The present study used a proprietary dataset of Salvinia biloba images as the data source.
The plants were cultivated in a polyethylene (PVC) tank with a capacity of 350 liters.
For image acquisition, specimens at different maturation stages were selected, washed,
dried, and transported to the laboratory, where they were placed on a white background to
standardize the images. Image collection was carried out in January and February 2026,
using a mobile phone as the capture device.

The repository is publicly available on the Zenodo platform
(https://doi.org/10.5281/zenodo.18825469) and contains labeled images categorized
into three maturation stages, classified as “stage 1,” “stage 2,” and ‘“‘stage 3.” The dataset
comprises 312 images, with 100 corresponding to stage 1 (young plants), 90 to stage
2 (early senescence stage), and 122 to stage 3 (advanced senescence stage), all with a
resolution of 3024 x 4032 pixels.

The classification of maturation stages 1, 2, and 3 was performed based on leaf
coloration, considering stage 1 as plants predominantly green in color; stage 2 as those
presenting a mixture of tones ranging from green to brown; and stage 3 as plants pre-
dominantly brown, as shown in Figure 2. The selection and definition of the stages were
carried out through visual inspection.

(a) stage 1 (b) stage 2 (c) stage 3

Figure 2. Samples of macrophytes exemplifying the observed maturation stages
of the collected specimens: (a) stage 1, (b) stage 2, and (c) stage 3.

3.2. Model Training

The images were organized into separate directories according to their respective stages
(1, 2, and 3). The dataset was split using a stratified approach, preserving the original
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proportion among the stages. A total of 70% of the images were allocated for training,
15% for validation, and 15% for testing. Stratification was applied to prevent statistical
bias resulting from potential imbalance among the categories.

Four convolutional neural network architectures widely used in the literature were
evaluated (DenseNet, MobileNet, ResNet, and CNNProper). All architectures were ini-
tialized with weights pre-trained on the ImageNet dataset, adopting a transfer learning
strategy. The final classification layer was replaced with a new fully connected layer with
two outputs, corresponding to the problem stages.

Due to the limited size of the dataset, data augmentation techniques were applied
exclusively to the training set in order to increase sample variability and reduce the risk
of overfitting. The transformations employed included random resized cropping, random
rotation up to +20°, random horizontal flipping, slight variations in brightness, contrast,
and saturation, as well as normalization using the statistical parameters of ImageNet.

The transformations were applied dynamically during batch loading (on-the-fly),
without physically generating or storing additional images. Therefore, the original dataset
size remained unchanged. However, considering the training subset and the 12 epochs,
the model was exposed to approximately 2,616 augmented image variations during train-
ing. The validation and test sets were subjected only to resizing, center cropping, and
normalization, ensuring an unbiased evaluation of performance.

Model training was conducted over 12 epochs using the AdamW optimizer with a
learning rate set to 1 x 10~* and a batch size of 16 images per iteration. All experiments
were carried out using the PyTorch library, ensuring standardization in the implementation
of the architectures and reproducibility of the results.

3.3. Results Evaluation

Model performance evaluation was based on the metrics Accuracy and F1-score (macro).
Considering the classification among stages 1, 2, and 3, the following terms are defined:
True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN).

Accuracy Accuracy corresponds to the proportion of correct predictions relative to the
total number of samples, as shown in Eq. 1.

) - TP+ TN 0
Ty = P TN + FP+ FN

Precision, Recall, and F1-score Precision and Recall for a given stage £ are defined by
Egs. 2 and 3, respectively. The F1-score for stage k is defined by Eq. 4.

TP
Precision;, = WICFP/{ ()
TP,
Recall, = ——————— 3
= Th ¥ FN, )
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2 - Precisiony, - Recally,
1, = 4
F Precision;, + Recally, “)

F1-score (macro) The macro Fl-score is calculated as the arithmetic mean of the F1-
score across stages, assigning equal weight to each category, as defined in Eq. 5. For this
study, with three stages (/, 2, and 3), we have K = 3.

Ly
Flmacro e Flk (5)
K k=1

The choice of the macro F1-score is justified by the imbalance among the stages,
allowing for a balanced evaluation of performance across all categories. The results ob-
tained from the four architectures (DenseNet, MobileNet, ResNet, and CNNProper) were
quantitatively compared, enabling the identification of the architecture with the best gen-
eralization capability for the proposed problem.

4. Results and Discussion

4.1. Overall Performance of the Models

Table 1 presents the performance of the evaluated models in the scenario with three stages
(1, 2, and 3). It is observed that MobileNet achieved the best overall performance, reach-
ing an accuracy of 95.74% and a macro F1-score of 0.9546. DenseNet and ResNet showed
intermediate performance, while the CNN trained from scratch obtained lower, yet com-
petitive, results.

Table 1. Comparison between models on the test set.

Model Type Accuracy F1 (Macro) Loss

CNNProper Without TL ~ 0.8936 0.8889 0.2556
ResNet TL 0.9149 0.9089 0.1438
DenseNet TL 0.9362 0.9292 0.2220
MobileNet TL 0.9574 0.9546 0.1221

The obtained results indicate that the image classification problem presents high
visual separability, especially between the extreme stages (1 and 3). All evaluated mod-
els achieved accuracy above 89%, demonstrating that the visual characteristics associated
with the different plant stages are sufficiently discriminative for supervised learning. Mo-
bileNet achieved the best overall performance, suggesting that lightweight architectures
may be suitable for this type of task, including scenarios with computational constraints.

4.2. Analysis by Stage

Table 2 details the precision, recall, and F1-score metrics for each stage. It is observed that
stage 3 achieved the highest recall values in nearly all models, indicating a strong ability
to detect the more advanced stages of deterioration. Stage 2 showed greater variability
among the models, highlighting increased difficulty in distinguishing this stage.
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Table 2. Results by stage on the test set for each model.

Model Stage Precision Recall Fl-score Support
1 0.93 0.87 0.90 15
ResNet 2 0.80 0.92 0.86 13
3 1.00 0.95 0.97 19
1 0.93 0.93 0.93 15
DenseNet 2 0.92 0.85 0.88 13
3 0.95 1.00 0.97 19
1 0.94 1.00 0.97 15
MobileNet 2 0.92 0.92 0.92 13
3 1.00 0.95 0.97 19
1 0.88 1.00 0.94 15
CNNProper 2 0.79 0.85 0.81 13
3 1.00 0.84 0.91 19

The obtained results indicate that the image classification problem exhibits high
visual separability, particularly between the extreme stages (1 and 3). All evaluated mod-
els achieved accuracy above 89%, demonstrating that the visual characteristics associated
with the different plant stages are sufficiently discriminative for supervised learning. Mo-
bileNet achieved the best overall performance, suggesting that lightweight architectures
may be well suited for this type of task, including scenarios with computational con-
straints.

4.3. Analysis of Confusion Matrices

Figure 3 presents the confusion matrices for the four evaluated models. It was observed
that errors occurred exclusively between adjacent stages (1 <+ 2 and 2 <> 3), with no direct
confusion between the extreme stages 1 and 3. This pattern suggests that the problem has
an ordinal nature, with a gradual transition between the plant stages.

ResNet DenseNet MobileNet CNN Proper

Stage 14 13 2 0 14 1 0 15 0 0 15 0 0

§ Stage 2 - 1 12 0 1 11 1 1 12 0 2 11 0 10.0

Stage 3 0 1 18 0 o) 19 0 1 18 0 3 16

?I)\ @’1’ G:‘J Q/x E:b ?:J Q/,\v P:I’ G:’) %N G:\‘ Lq’
'bg ’OQ @Q 'GQ ’Dq ?Q 'DQ ’ﬂq ®Q ’OQ bg 'DQ
5 o o o o 5 s o & o & &

Predito Predito Predito Predito

Figure 3. Confusion matrices obtained for the evaluated models on the test set.

4.4. Impact of Transfer Learning

The comparison between the CNN trained from scratch and the models using transfer
learning highlights consistent performance gains. MobileNet showed an increase of ap-
proximately 6 percentage points in accuracy compared to the custom CNN. This result
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suggests that visual features previously learned from large-scale datasets contribute to
better discrimination of stage 2 of the plant.

Stage 2 exhibited greater variability in recall and F1-score metrics across the mod-
els, indicating increased difficulty in separation. This behavior is consistent with the def-
inition of this stage, which is characterized by partial yellowing, visually positioning it
between the extreme stages. This result reinforces the hypothesis of morphological con-
tinuity among the plant stages.

Despite the numerical superiority of MobileNet, the 95% confidence intervals
showed overlap among the models, indicating that the sample size still limits definitive
statistical conclusions. Future studies with a larger volume of data may enable a more
robust statistical comparison between architectures.

4.5. Implications for Macrophyte Management

The ability of the models to automatically classify the maturation stages of Salvinia biloba
with high accuracy demonstrates the potential of computer vision as a decision-support
tool in effluent treatment.

The developmental stage of aquatic macrophytes is directly related to their ef-
ficiency in nutrient uptake, growth rate, and pollutant removal capacity. Young plants
(stage 1) tend to exhibit higher metabolic activity and greater nutrient assimilation poten-
tial, whereas more advanced stages of senescence (stage 3) may indicate reduced system
efficiency and the need for management actions, such as harvesting or biomass replace-
ment [Kroger et al. 2007, Choudhury et al. 2024].

In this context, the use of lightweight models such as MobileNet enables the
implementation of automated monitoring systems through mobile devices or fixed cam-
eras installed in treatment ponds. Such an approach would allow continuous monitoring
of the maturation stages of macrophytes, reducing the subjectivity inherent to conven-
tional visual assessment and optimizing the frequency of system interventions. Similar
strategies have been explored for monitoring fruit maturation stages, as in the study by
[Francisco et al. 2024] applied to bananas, highlighting the potential of computer vision
as a decision-support tool in management practices.

Furthermore, the ordinal nature observed in the stage classification suggests that
the transition process between phases can be progressively monitored, enabling the early
identification of the onset of senescence. This information may contribute to more ef-
ficient management strategies, such as scheduled biomass removal and maintenance of
vegetation cover rates within the systems. Thus, the results of this study not only validate
the technical feasibility of applying CNNs to macrophyte classification but also indicate
their potential as a tool to support intelligent monitoring of NbS-based systems.

5. Conclusion

This study investigated the performance of different CNN architectures in classifying
plant images into three distinct stages: 1, 2, and 3. The results demonstrated that all
evaluated architectures achieved satisfactory performance, highlighting the high visual
separability among the analyzed stages.
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Among the evaluated models, MobileNet achieved the best overall performance,
followed by DenseNet and ResNet. The comparison with the CNN trained from scratch
demonstrated that the use of transfer learning contributes to improved discrimination be-
tween adjacent stages, particularly for stage 2, which proved to be the most challenging.

The analysis of the confusion matrices revealed that errors occurred exclusively
between neighboring stages, with no direct confusion between the extreme stages. This
behavior suggests that the problem has an ordinal nature, characterized by a gradual tran-
sition between the levels of plant deterioration. This finding represents a relevant con-
ceptual contribution, indicating that future approaches may explore ordinal classification
models to further improve performance.

From an applied perspective, the results demonstrate the feasibility of using deep
learning models for the automatic identification of the maturation stage of Salvinia biloba,
representing an advancement in the application of computer vision to the monitoring
of aquatic macrophytes. However, the study was conducted using individually isolated
plants, not encompassing scenarios with continuous coverage, as commonly observed in
natural environments or treatment ponds. In such contexts, the greater visual complex-
ity may require additional approaches, such as segmentation techniques and large-scale
analysis.

Thus, despite the promising results, the small size of the test set and the relative ho-
mogeneity of the image acquisition conditions constitute limitations of this study. Future
work should consider larger datasets, greater environmental variability, and evaluation in
real-world application scenarios.

The findings indicate that lightweight models, such as MobileNet, show strong
potential for practical application in automated monitoring systems, including mobile de-
vices or embedded platforms, contributing to rapid and objective assessment of the plant
stage.
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