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Abstract

Nowadays, agriculture is facing significant challenges, including climate change. Precision
agriculture might address these issues by optimizing resource use and promoting sustain-
ability. In this work, a case study of tomato crop monitoring is presented, employing a
large amount of gas sensor data collected over three years (2020-2022) to develop models
for phenological phase classification. A k-NN classifier achieved accuracies above 99%
across multiple train/test splits, with AUC, sensitivity, specificity, precision, and F1-score
above 98%. Results demonstrate the feasibility of low-computational-cost systems capable
of real-time detection of the transition point between plants’ developmental stages.

Keywords: chemoresistive gas sensors; olfactive systems; precision agriculture; sustainability;
phenological phases; crop monitoring; machine learning; k-nearest neighbors
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1. Introduction
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Despite being used for centuries, traditional agricultural methods embody serious
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drawbacks since they may not be as fruitful or profitable as they once were. Indeed, there is
a need for innovative tools for climate adaptation, addressing the growing environmental
Between Gaseous Emissions and challenges faced by modern agricultural systems, such as rising temperatures and pro-
Phenological Phases in Tomato Crops ~ longed periods of drought that are causing a decline in both the quantity and quality of
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pests, or related to meteorological conditions, weather during the current growing season,
the previous vegetation period, the dormancy phase, or in connection with photoperiod [2].
Climate change is having an impact on Phases as well, determining the advance of pheno-
logical events, making the monitoring of the plant development imperative, as ecosystems
are increasingly undergoing climatic alterations [3].

Traditionally, calendar time has been used for predicting the timing of developmental
stages. However, this approach has been insufficient due to the dependence of the Phase on
multiple external factors. It has been established that there is a relationship between tem-
perature and development rate, enabling fairly accurate predictions of crop phenological
development. Thus, models based on temperature explain most of the observed variability
in development [4]. However, the methods relying on temperature and energy acquired
by the crop might be outdated, as the evaluations of Phases are too sensitive to external
factors, as previously mentioned. Therefore, in this work, machine learning (ML) was
employed to predict phenological phase transitions directly from plant emission signals
acquired with four metal oxide (MOX)-based gas sensors, enabling the identification of
odor environments [5] specific to internal physiological markers of the plants. This might
overcome the limitations of environmental-based methods by leading to the reconstruction
of a signal pattern, enabling the precise detection of the transition point between phenolog-
ical phases. MOX-based gas sensors have been widely investigated for agro-alimentary
applications, from post-harvest control [6] and meat inspection [7] to monitoring food
authenticity [8]. These studies highlight the versatility of MOX sensing for monitoring in
food and farming contexts, providing a strong framework for our investigation on tomato
Phase classification [5] with the use of a previously validated sensor array for precision
agriculture, developed in the University of Ferrara Sensors Laboratory [9].

Classification is a supervised learning method in which machine learning algorithms
are trained to assign labels to input data based on patterns learned from a labeled training
dataset [5]. The main purpose of these methods is to generalize from the training sets such
that the model can correctly predict the label of previously unseen data. Indeed, applying
machine learning techniques to a wide range of sensor signals may allow us to train a
model capable of identifying the phenological phases. In this work, a case study of tomato
crop monitoring is presented. Employing a large amount of data collected over the years,
we developed a model to perform Phases classification. This exploratory study is based
on relatively simple and computationally efficient ML algorithms, and it investigates their
performance using a compact set of 10 features with various train/test splits to evaluate
the potential for accurate classification with minimal computational complexity.

2. Materials and Methods

From 2020 to 2022, we conducted monitoring campaigns on processing tomato crops,
typically from early June to early September. The campaign was a result of a collaboration
with the agronomists of Canale Emiliano Romagnolo (CER), at their Acqua Campus, near
Budrio (BO), Italy. A graphical representation of the data analysis workflow is depicted
in Figure 1.

Sensing platform. As part of the project, a multifunctional station was installed in
a tomato crop field, equipped with the following: a relative humidity (RH%) and tem-
perature sensor (Sensirion SHT11), and four MOX-based gas sensors to monitor plants’
gaseous emissions during their phenological development [9]. In particular, the n-type
MOX-based sensors were gold-doped tin dioxide (SnO,/Au [6]), platinum-doped tin diox-
ide (SnO, /Pt [10]), palladium-doped tin dioxide (SnO,/Pd [6]), and tungsten trioxide
(WOs3 [11]), and they were produced and packaged at the Sensors Laboratory at the Uni-
versity of Ferrara. A continuous and real-time measure of the sensors’ signal (mV) was
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On-field data
acquisition

acquired over the whole crop campaign. Exhaustive details on the campaign and on the
sensing system can be found in [9].
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Figure 1. Graphical representation of the data-processing workflow.

ML analysis. For tomato crops, it is possible to define 7 Phases: (1) pre-emergence;
(2) sowing/transplanting; (3) fruit set-first truss; (4) veraison—first truss; (5) veraison—
second truss; (6) ripening: 50% of berries, fully colored; and (7) ripening: 100% of berries,
fully colored. The Phases distinctions were based on the Growing Degree Days (GDD)
index, which measures the accumulation of heat that is useful for plant growth during the
crop cycle, and it was used to mark the transition from one developmental stage to another.
With this method, each phenological stage requires a specific amount of thermal energy
to be completed, and knowledge of a plant’s specific thermal requirements enables an
estimation of the time required to complete each developmental stage. The GDD method
was initially employed to label signals within specific time intervals in which data were
acquired. The datasets we obtained generally cover Phases from 2 to 6, which were assigned
to classification labels ranging from 1 to 5. In the center of Phases, we assumed that we
were labeling the correct Phase and that the most significant errors in GDD computations
might have occurred at the edge of phenological stages. However, since the distribution
of samples across phenological stages is naturally unbalanced, it is not guaranteed that
an equal representation of each class will be achieved in the training and test sets. This
variability in Phase frequencies might confirm that they should have had more accurate
parameters for more represented classes. Consequently, some phenological stages may
be underrepresented.

With the large amount of data acquired, the focus can shift from traditional GDD
calculations to pattern recognition. Such information is crucial for developing models
capable of identifying signal patterns that differentiate between developmental stages,
making it possible to find a tool able to distinguish Phases from the input of the plants and
not from external features.

The data were analyzed within the MATLAB R2024a environment, and the Classi-
fication Learner App was then used to train models for data classification using various
supervised machine learning algorithms.
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Each sensor’s raw signal, with a measurement acquired every 14 s, contributed to
the overall dataset. The raw signals were normalized and then smoothed through the
Savitzky—-Golay filter [7]. From the pre-processed data, 10 features were extracted: root-
mean-square value, standard deviation, mean, minimum, maximum, zero-crossing rate,
skewness, kurtosis, range, and median value [7]. Afterward, the data were labeled using
the GDD method, and a script was also created to analyze the class frequency distributions
across different datasets, ensuring an extensive understanding of class imbalance and its
possible impact on model performance.

Subsequently, the model was trained to associate the signal features with their corre-
sponding Phase labels. In order to confirm that the model could accurately identify new,
unseen samples, its performance was then tested with the use of a separate dataset. The
preliminary analysis was conducted on the dataset acquired during the 2020 campaign,
using a five-fold cross-validation (CV) scheme with a 90%/10% train/test split. In this
case, the performance of the models could be affected by the natural unbalance in class
relative frequency, and thus a study on a cumulative dataset combining 2020, 2021, and
2022 campaigns was conducted, confronting the issue with a more balanced dataset, pro-
vided by multiple years of data. Indeed, for the cumulative dataset, the same five-fold CV
procedure was used, exploring three train/test split configurations: 90%/10%, 75%/25%,
and 50%/50%. These three different partition schemes were examined to explore both
the learning capacity and the robustness of the models, i.e., the potentiality of the pattern
recognition. Larger training sets support pattern learning, while larger test sets ensure
generalized performance. Relatively simple and computationally efficient algorithms were
tested, including decision trees, k-nearest neighbors (k-NN), support vector machines,
and logistic regression. Among these, the Fine k-NN [12-14] classifier achieved the best
performance for each validation and test.

To evaluate the performance, each classifier provided the validation accuracy, the test
accuracy, the confusion matrix (CM), and the Receiver Operating Characteristic (ROC)
curves along with the corresponding Area Under the Curve (AUC) values for each class.
ROC curves provide a graphical representation of the classifier’s performance [7], while
the computation of various significant metrics for performance was made possible by the
analysis of the CM, particularly the identification of true positives (ITP), true negatives
(TN), false positives (FP), and false negatives (FN). These metrics include sensitivity (R),
specificity (S), precision (P), and F1 score (F), defined as follows [15]:

TP
R = 55 5N (1)
P %EFP 3)

F= 2% (4)

3. Result and Discussion
3.1. Preliminary Study on 2020 Campaign

The class relative frequency distribution for the 2020 campaign reveals a notable
imbalance among the classes (Table 1). Specifically, classes 3 and 5 represent the majority of

the samples, while classes 1 and 4 are significantly underrepresented. Class 2 also exhibits
a lower population.



Eng. Proc. 2025, 118, 35

50f10

Table 1. Class distribution for the 2020 campaign dataset. The table reports the relative frequency of
samples for each class.

Class Class Relative Frequency [%]
1 3.15
2 16.93
3 35.41
4 10.10
5 34.40

For the Fine k-NN classifier, high accuracy was achieved in both validation (98.6%)
and test (98.8%) phases. The AUC values for the ROC curves ranged between 97% and
99% (Figure 2b), indicating that the algorithm is able to discriminate the correct signal
corresponding to the phenological phases, with minimal class overlap [7]. Specifically,
the lowest AUC values are observed for Classes 1, 2, and 4, which is consistent with their
relatively lower sensitivity, precision, and F1 scores (Table 2). This performance discrepancy
can be attributed to the imbalanced distribution of samples across phenological stages.
For Classes 3 and 5, the sensitivity, specificity, precision, and F1 score are equal or exceed
99%, demonstrating these classes’ optimal categorization performance. Such an imbalance
could be mitigated by collecting data from multiple years, since the temporal distribution
of classes varies across years, thereby increasing the representativeness of these phases.
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Figure 2. (a) Confusion Matrix (CM) and (b) ROC curves of the Fine k-NN model for the 2020 cam-
paign dataset. In the CM, darker blue tones along the diagonal indicate higher correct classification
rates. In the ROC curves, the dotted line represents a random classifier (AUC = 0.5).
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Table 2. Performance metrics for each class obtained using the Fine k-NN validation algorithm with
a 90%/10% train/test split on the 2020 campaign dataset.

Class Sensitivity [%] Specificity [%]  Precision [%] F1 Score [%]
1 96.7 99.9 96.9 96.8
2 96.8 99.5 97.5 97.1
3 99.6 99.5 99.0 99.3
4 96.1 99.6 96.2 96.1
5 99.4 99.8 99.7 99.5
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3.2. Analysis of the Cumulative Dataset (2020-2022)

The class relative frequency distribution in the cumulative dataset (Table 3) shows
a more balanced representation compared to the 2020 dataset alone. Classes 3 and 5
remain the most populated, but their frequencies have slightly decreased. Classes 1 and 2
exhibit increased relative frequencies. Notably, for Class 1, the representation of the classes
improved from only 3.15% in 2020 to 15.18% in the cumulative dataset. The combination of
data from several years improved the balance of the classes, even though Class 4 continues
to occur at a relatively low frequency.

Table 3. Class distribution for the cumulative dataset (2020-2022). The table reports the relative
frequency of samples for each class.

Class Class Relative Frequency [%]
1 15.18
2 13.91
3 28.71
4 9.87
5 32.32

Analysis conducted on the cumulative dataset with a 90%/10% train/test split con-
figuration, there were high validation and test accuracies for the Fine k-NN classifier,
respectively, 99.6% and 99.8%. The AUC of 99% (Figure 3b) defines an optimal discrim-
inatory power. The performance metrics for all classes demonstrate high values for the
calculated metrics (Table 4), all above 98%. In this case, performance is ideal for all classes,
despite the 2020 case, in which the less-represented phases had lower metrics. This demon-
strates that the model achieves robust classification performance across all classes, including
the least represented ones, most likely due to the balance and temporal variety given by
multiple years of data. These results indicate that the Fine k-NN validation algorithm
performs robustly and reliably across all phenological classes under a 90%/10% train/test
split configuration.

Model 2.4 (Fine KNN)
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Figure 3. (a) Confusion Matrix (CM) and (b) ROC curves of the Fine k-NN model for the cumulative
dataset, using 90%/10% train/test split. In the CM, darker blue tones along the diagonal indicate
higher correct classification rates. In the ROC curves, the dotted line represents a random classifier
(AUC =0.5).
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Table 4. Performance metrics for each class obtained using the Fine k-NN validation algorithm with
a 90%/10% train/test split on the cumulative dataset.

Class Sensitivity [%] Specificity [%]  Precision [%] F1 Score [%]
1 99.8 99.9 99.7 99.8
2 98.9 99.9 99.0 99.0
3 99.8 99.8 99.6 99.7
4 98.7 99.9 98.9 98.8
5 99.8 99.9 99.9 99.8

With a 90%/10% distribution, most of the data are used for the training. As a result,
the model can learn more complicated patterns while also being prone to overfitting.
Indeed, as a further challenge, it was interesting exploring the 75%/25% train/test split.
This split uses an inferior amount of data to train, yet a wider set of tests for algorithm
robustness, resulting in a more reliable performance. Moreover, in the absence of strong
patterns, the model has less capacity for generalization. Despite this, the performance
remains consistently high. Indeed, the Fine k-NN classifier showed high accuracy for
both validation and test, respectively, 99.5% and 99.6%, with AUC values from 99% above
(Figure 4b). In general, all the metrics being above 98% (Table 5) indicate that the model
maintains an optimal classification accuracy and balanced performance across phenological
classes, even when a larger fraction of the data is used for testing.
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Figure 4. (a) Confusion Matrix (CM) and (b) ROC curves of the Fine k-NN model for the cumulative
dataset, using 75%/25% train/test split. In the CM, darker blue tones along the diagonal indicate
higher correct classification rates. In the ROC curves, the dotted line represents a random classifier
(AUC =0.5).

Table 5. Performance metrics for each class obtained using the Fine k-NN validation algorithm with
a 75%/25% train/test split on the cumulative dataset.

Class Sensitivity Specificity Precision F1 Score
1 99.7 99.9 99.7 99.7
2 98.8 99.8 98.9 98.9
3 99.8 99.8 99.6 99.7
4 98.5 99.9 98.7 98.6
5 99.8 99.9 99.9 99.8

The most challenging model investigated was the one explored with a 50%/50%
train/test split. In this case, the model uses less data for training, which increases the
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risk of underfitting in the absence of a clear pattern, possibly leading to a decrease in
accuracy, while the performance is evaluated rigorously due to the large test set. De-
spite this, high accuracies were obtained in both validation (99.4%) and test (99.4%),
with all AUC being above 99% (Figure 5b). The performance metrics, all above 98%
(Table 6), for the 50%/50% train/test split demonstrate strong classification results across
all classes, despite the decreased train set size. These results suggest that the model has good
generalization capability.

2 103 87812 269 820 109
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8

1(AUC = 0.9979)
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Figure 5. (a) Confusion Matrix (CM) and (b) ROC curves of the Fine k-NN model for the cumulative
dataset, using 50%/50% train/test split. In the CM, darker blue tones along the diagonal indicate
higher correct classification rates. In the ROC curves, the dotted line represents a random classifier
(AUC =0.5).

Table 6. Performance metrics for each class obtained using the Fine k-NN validation algorithm with
a 50%/50% train/test split on the cumulative dataset.

Class Sensitivity Specificity Precision F1 Score
1 99.6 99.9 99.6 99.6
2 98.5 99.8 98.7 98.6
3 99.7 99.8 99.4 99.5
4 98.1 99.8 98.4 98.2
5 99.7 99.9 99.8 99.8

4. Conclusions

This study demonstrates the potential of precision agriculture to address emerging
challenges such as climate change and improve economic viability through machine learn-
ing approaches.

The first challenge of the analyzed datasets was the class imbalance, evident in the 2020
data, which resulted in slightly lower performance metrics with still high validation (98.6%)
and test (98.8%) accuracies, with AUC values ranging between 97% and 99%, indicating
strong discriminatory power. Collecting data from various years minimized this limitation,
providing more balanced class distribution. Indeed, analyses on the cumulative dataset
(20202022 data) showed improved results under three different train/test splits. All three
models achieved AUCs above 99%, with performance metrics higher than 98% across
all classes. Using a 90%/10% split, the Fine k-NN classifier reached validation and test
accuracies of 99.6% and 99.8%, respectively. Similarly, the 75%/25% split yielded validation
and test accuracies of 99.5% and 99.6%. Even with the more challenging 50%/50% split,
high accuracies were maintained, obtaining 99.4% for both validation and testing.

Indeed, these results show that even with the extraction of only ten features from
raw data, these results are highly discriminative between classes. This could be due to



Eng. Proc. 2025, 118, 35

9 0f 10

References

a clearly defined pattern separating the phenophases, which can be identified using a
relatively simple and computationally efficient algorithm. Moreover, the optimal perfor-
mances obtained with a 50%/50% split indicate that the model is highly generalizable.
This phenomenon is likely attributable to the datasets” robust representativeness of the
classes, as the model maintains high performance even when just half of the data is used
for training.

The results of this explorative study are highly encouraging. It has been demonstrated
that the olfactory environment of tomato crops is characteristic of each plant’s developmen-
tal phase. This carries a high applicative potential, since it might result in the optimization
of resource use, such as smarter water management, ensuring economic viability and
sustainability, while increasing production efficiency. Since the data may be handled by a
very simple algorithm with few feature extractions, it may be possible to create a real-time
classification system with basic hardware and with low computational cost.
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