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Abstract— This study presents a cost-effective, user-friendly electronic nose (e-nose) system
for detecting Malathion pesticide residues on apples. Genetic Programming (GP) was

. utilized for system optimization. Adapting a previous methodology with different fruits and
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pesticides, we analyzed 100 apple samples (sprayed and control) using an 11-sensor e-nose.
GP was employed to classify data, derive sensor output equations, and select optimal sensor
Accepted: 02 Sep 2025  combinations, by aiming to reduce hardware costs and computational load. The optimized
Published: 30 Sep 2025  System achieved a significant level of classification success. It demonstrated approximately

. 92% validation accuracy with only three sensors and achieved 100% validation accuracy when
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six sensors were used. These findings offer a viable, accurate, and economical alternative
for pesticide detection. Future work is planned to expand the database and develop a
home-use device.
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1. Introduction

Agriculture is of vital importance for the continuity of food production worldwide [1]. The pesticides
used to combat plant diseases and pests play a significant role in the sustainability of this sector.
While these pesticides are used to increase product efficiency and food safety, they also have significant
unintended side effects [2]. Problems such as the excessive use of chemical pesticides [3], the risks they
pose to the environment and human health [4], and the chemical residues they leave in agricultural
products and soil [5] are among the negative consequences of spraying. Therefore, the development and
quantification of effective and sustainable spraying methods are of great importance [6]. In this study, we
adapted the material and method from the study by [7] to achieve similar results with a lower-cost and
user-friendly approach. For this purpose, experiments were repeated using apple fruit and Malathion
pesticide instead of the cherry fruit and Diazinon pesticide examined in [7], and optimization was
performed on the developed e-nose system. Malathion and Diazinon are organophosphate insecticides
widely used to combat harmful insects [8]. Malathion is effective against several insects that can damage
apple crops, including aphids, apple maggot, codling moth, fruit flies, etc., and its effectiveness against
certain apple pests is well-documented [9]. It’s a broad-spectrum insecticide, meaning it can target
multiple types of insects with a single application. Compared to some other insecticides, Malathion has
a relatively short residual life [4], which can be beneficial closer to harvest time, provided pre-harvest
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intervals are strictly followed [10]. During application, applying the pesticide at the correct dose and
timing is essential for both its effectiveness and residue levels [11]. Although the half-life of Malathion
in the environment is relatively short, strict adherence to manufacturer instructions, the use of personal
protective equipment, and attention to the pre-harvest interval are necessary to minimize its potential
effects on human health and the environment [12].

The primary objective of the optimization in this study is to reduce the cost of the electronic nose
system for home use by minimizing the number of sensors involved, while maintaining accurate detection
of improper pesticide application. This optimization focuses on identifying the most informative subset
of sensors among the 11 included in the system. Instead of relying on complex or opaque dimensionality
reduction techniques, we employ Genetic Programming (GP) [15,16] to evolve interpretable mathe-
matical expressions that perform both classification and implicit feature selection. For this purpose,
a total of 50 apple samples were collected from 10 apple trees in four different maturity periods, to
which the Sanctum brand [13,14] Malathion pesticide, recommended by the Ministry of Agriculture
and Forestry of the Republic of Tiirkiye, was applied by mixing it with 40 ml/100 L of water. The
same number of untreated apple samples was also collected as a control group, resulting in a total of
100 samples. The collected samples were transported to the experimental environment in a thermally
insulated box within 24 hours for analysis. In the experimental environment, an e-nose system with the
same sensor specifications as those used in the study by Tozlu et al. (2024) [7] was employed (MQ-2,
MQ-3, MQ-4, MQ-5, MQ-6, MQ-7, MQ-8, MQ-9, MQ-131, MQ-135, and MQ-137 gas sensors). A total
of 100 samples were analyzed with the e-nose system using 60-second measurement cycles.

The e-nose data obtained were classified using GP, both to generate equations between sensor values
and the output class and to determine the most suitable sensor combination. This study aims to design
a home-type pesticide detection device that reduces cost and processing complexity. This study differs
from previous research in two key ways: (1) it integrates sensor selection directly into the learning
process via GP, and (2) it emphasizes the development of a low-cost, interpretable, and practical
solution suitable for household pesticide detection. This constitutes a novel contribution, demonstrating
that GP can be effectively used to minimize sensor usage while maintaining high classification accuracy,
thereby reducing both hardware costs and computational complexity. Unlike black-box classifiers or
traditional feature selection methods, our approach produces compact mathematical models that are
directly applicable to low-resource devices. To establish performance benchmarks, we additionally
evaluated two conventional machine learning approaches, Support Vector Machines (SVM) and k-
Nearest Neighbors (k-NN), under identical experimental conditions (4-fold cross-validation using the
same dataset splits). These baseline models, which utilize the complete set of 11 sensors, unlike our
optimized GP solutions, provide essential reference points for assessing the relative performance of
our method. The comparative results presented in Section 3 demonstrate how the GP-derived models
achieve competitive detection accuracy while requiring significantly fewer sensor inputs.

2. Metodology

2.1. Data Collection and Description

Since both Malathion and Diazinon insecticides are organophosphate-based, we found it appropriate to
replicate the content provided in the Materials and Methods section in [7]. Therefore, we repeated the
electronic nose design, product procurement, and data collection methods, even though for a different
fruit, while maintaining their integrity. The necessary precision was exercised in the apple collection,
electronic nose design, and measurement acquisition to ensure repeatability of the experiment.



Yimaz and Simgek / GP-Optimized E-Nose: A Low-Cost Solution for Apple Pesticide Detection 278

2.2. Sample Preparation

Pesticide-sprayed apples and non-pesticide-sprayed apples were collected from our fruit garden located
in the central district of Karaman. The fruit harvesting stage was carried out manually without
damaging the fruits to replicate the real-world effect. The apples in the control group, which were
intended to be pesticide-free, were collected before the spraying process began. In contrast, the second
group of apples was collected 24 hours after the relevant pesticide was prepared at a concentration of
40 ml/100 L of water and sprayed [17]. Application rates are typically given in kilograms of active
ingredient per hectare (kg ai/ha) [18]. However, some labels also specify rates per liter of water for

smaller applications [13], which is the approach we used in our own small fruit garden.

2.3. Electronic Nose System Design

In this study, experiments were conducted using a system similar to the one developed in [7], which
investigated pesticides and cherry fruit of similar origin. For the electronic nose setup, 11 different
gas sensors that are widely available on the market were assembled (MQ-2, MQ-3, MQ-4, MQ-5,
MQ-6, MQ-7, MQ-8, MQ-9, MQ-131, MQ-135, MQ-137). This group of sensors was chosen not for
their specificity to a single chemical compound, but rather to leverage their varying sensitivities to
create a collective "fingerprint” that allows for robust classification. The system was placed inside
an odorless, sealed plastic container for measurement. The data connection between the hardware
inside the container and the outside world was provided using a Deneyap evaluation module (EVM),
developed by the T3 Foundation, which has wireless communication capabilities. Due to the high
energy consumption of the gas sensors, 25 LiON 18650 battery packs provided voltage to the system,
while the sensor voltages were constantly monitored to minimize calibration drift. All data were
transferred to a PC via Wi-Fi, which enabled protection of the system from external volatile chemicals
during measurement.

2.4. Genetic Programming

GP is an evolutionary computation technique that is a special form of genetic algorithms (GAs)
[15,16,19]. It can autonomously produce programs, such as algorithms or computer programs, for a
specific class of problems. GP is inspired by Darwin’s theory of natural selection and the principle
of the survival of the fittest. It randomly initializes the programs in the population and evolves the
population iteratively, considering the program’s fitness to the solution. Fitness is a metric that shows
how efficiently the programs solve the problem. The programs are then selected using a selection
mechanism, such as a tournament or a roulette wheel, that considers the fitness of the programs. The
selection mechanisms typically ensure that more efficient programs have a higher chance of being
selected for the reproduction of their components, which is analogous to the principle of survival of the
fittest. GP has been widely used in many fields for various tasks, including evolving mathematical
functions and designing electronic circuits.

The working principle of the GP is similar to that of the GA, but its representation and usage differ
in aims from those of the GA. There are many representation forms of GP, such as tree-structured
GP [15,16], Linear GP [20], and Cartesian GP [21]. In this study, we employed the tree-based GP, a
well-known one that was first introduced. Therefore, GP will refer to the tree-based GP for the rest of
the paper. Figure 1 shows an example of a tree-based GP. The root and intermediate nodes of the tree
are selected from the function set, while the outermost leaves of the tree are selected from the terminal

set. The function set consists of arithmetic, logic, and problem-specific operators, while the terminal
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set includes input variables and some constants. The operators in the function set and constants in the

terminal set are determined by the user, taking into account their suitability for the problem.

Figure 1. An example tree-based GP representation (Expression of the tree: a+2b)

The steps of the GP system used in this study are shown in Algorithm 1 and Figure 2. Initially, the pro-
grams in the population are randomly created in a tree structure using the elements of function and ter-
minal. After making the initial population, the programs are evaluated using a fitness function that mea-
sures their efficiency in solving the problem. Then, the genetic operators, including selection, crossover,
and mutation, are iteratively applied to the population to evolve the programs within it. The selection
operator selects parents, which are fitter programs for reproduction. The crossover operator creates off-
spring by exchanging a random sub-tree of the parent trees to approximate the population to the solution.
The mutation operator replaces a subtree in the parents or offspring to provide diversity in the popula-
tion. The crossover operator is usually applied to the parents with a relatively high probability, while
the mutation operator is frequently used to the relevant programs with a relatively low probability. This
sequence of processes iterates over the generations, and thus, the population evolves toward the solution.

Algorithm 1: Tree-Based GP

input

e Function set I

e Terminal set T

o Mazx Depth

o Fitness function fitness()

e Population size N

¢ Maximum number of generations G

e Probabilities for crossover, mutation, and reproduction

output : p* The best solution found
Initialize population P with N random programs (trees) generated using F', T', and Maz Depth;
Set generation counter g < 0;
for each program pe P :do
Evaluate fitness(p);
end
while g < G do

for i =1 to N/2 do
pl, p2: Select two parents from P based on a selection method

if crossover probability is met then
‘ Crossover: Exzchange subtrees between pl and p2 ;
end

if mutation probability is met then
Mutation: Replace a randomly selected subtree of corrosponding p with

a newly generated subtree;

end

Evaluate fitness(pl) and Evaluate fitness(p2);

end

Increment g < g + 1;
end
Return: p# (the best solution found);
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Figure 2. The general framework of the GP system

2.5. Hyperparameters of the GP system

As previously mentioned, a GP-based classification method was applied to determine the presence of
pesticide residues in apples in this study. Data was collected via 11 different sensors, each measuring
various gases for a specific period. Before being provided as input to the GP system, these 11 average
values (Zmean in (2.1)) underwent min-max normalization. Thus, the terminal set of the GP consisted
of 11 inputs collected via those sensors and constants randomly selected from the range [—2,2]. The

function set is limited to addition, subtraction, multiplication, and safe division operations.

Lmean = g z -T(t) (21)

t=1
We performed 4-fold cross-validation, dividing the dataset into two subsets for each fold: 75% for
training and 25% for testing. The fitness values of the GP individuals were computed based on a
combination of classification accuracy on the training set and the number of sensors used. While the
number of sensors was included in the fitness calculation for all individuals, it was weighted with a
small coefficient to minimize its overall impact on the calculation. As a result, it primarily influenced
selection only when individuals achieved identical accuracy rates. The fitness function is provided in
(2.2).
Nisensors (2.2)

fitness = a *x accuracy — 3 *
NTotal
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where accuracy denotes the classification accuracy on the training set, Ngensors represents the number
of sensors employed by the individual, Ny, is the total number of available sensors, « is the weight
assigned to the accuracy component (set to 1), and (3 is a small coefficient (set to 0.001) used to

penalize sensor usage and thus minimize its impact on the overall fitness.

The initial population consisted of 1000 individuals, and the parent selection was made with the
tournament selection with a size of 3. The crossover probability was set at 90%, and the mutation
probability at 10% throughout the evolutionary process. The outputs of the evolved programs were fed
as input to the logistic sigmoid function to model nonlinear decision boundaries, as shown in (2.3).
The evolutionary process continued for a total of 100 generations.

1

logistic sigmoid function, f(x) = = (2.3)
e

3. Experimental Results

3.1. Evolving Classification Function by GP

Since the GP is a stochastic method, the GP system was run 10 times in each fold, resulting in a total
of 40 runs. In each run, accuracy, precision, recall, and F1-score metrics obtained from the validation
set were recorded. The summarized results are presented in Table 1. The comprehensive evaluation of
our genetic programming approach across four validation folds reveals several vital patterns in model
performance. As shown in Table 1, Fold 1 demonstrates near-perfect recall, achieving 1.00 in 9 out of 10
runs with a single instance at 0.92, while maintaining consistent accuracy (0.92 + 0.038) and F1-scores
(0.92 £ 0.032). This remarkable consistency suggests robust generalization capabilities within this
data partition. Fold 4, while showing slightly higher variability (accuracy SD = 0.101), produces our
top-performing model capable of perfect classification. Fold 2 exhibits balanced precision (0.795) and
recall (0.85), though with somewhat lower overall accuracy (0.80). Notably, Fold 3 maintains strong
precision (median 1.00) but displays greater recall volatility (0.67—-0.92 range), indicating potential
sensitivity to specific pesticide signatures. These variations across folds highlight how different data
partitions can influence the evolved solutions, with each fold producing models with distinct strengths
in either stability, peak performance, or balanced metric optimization.

From the numerous solutions evolved by our GP framework, we selected two particularly representative
models that best demonstrate the method’s ability to balance accuracy and sensor efficiency. The
first model, derived from Fold 4 Run 6, represents our peak-performance solution, achieving perfect

classification (100% accuracy and F1-score) through the quadratic polynomial formula:

Gopt () = 221 + 29 — 23 — w6 — 28 — (T4 — 1)2 (3.1)

where z; denotes the measurement from the i-th sensor indicated in Table 2.

This 6-sensor model demonstrates several critical features that contribute to its exceptional performance.
The equation combines linear terms with distinct weights, where sensors x; and x2 serve as the primary
positive indicators while 3, x4, and xg contribute negatively to the decision function. The quadratic
term (x4 — 1)2 creates a nonlinear decision boundary. The model’s perfect classification performance
suggests these specific sensor interactions capture the essential features for reliable pesticide detection.

For applications where sensor minimization is paramount, the Fold 1 Run 10 model provides an
excellent compromise, delivering 92% accuracy and F1-score while using only three sensors through
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Table 1. Performance Metrics Across Validation Folds
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Metric Std Dev Median Min Max
Fold 1

Accuracy 0.0377 0.92 0.84 0.96
Precision 0.0574 0.86 0.75 0.92
Recall 0.0253 1.00 0.92 1.00
F1-Score 0.0320 0.92 0.86 0.96
Fold 2

Accuracy 0.0548 0.80 0.72 0.88
Precision 0.0657 0.795 0.69 0.92
Recall 0.0781 0.85 0.72 1.00
F1-Score 0.0524 0.80 0.72 0.90
Fold 3

Accuracy 0.0389 0.88 0.84 0.96
Precision 0.0525 1.00 0.85 1.00
Recall 0.0865 0.83 0.67 0.92
F1-Score 0.0492 0.875 0.80 0.96
Fold 4

Accuracy 0.1006 0.90 0.68 1.00
Precision 0.1119 0.865 0.67 1.00
Recall 0.0760 0.92 0.77 1.00
F1-Score 0.0890 0.905 0.71 1.00

the rational function:
0.5
glr) =200 — ——m— 3.2
9eft () 0.5+ 22 — 74 (3:2)

This efficient solution maintains strong performance through a computationally simple form requiring
just five arithmetic operations. The equation structure reveals several essential characteristics: the
dominant 2x; term provides the primary detection signal, while the rational component introduces
nonlinear behavior that refines the classification based on the interaction between sensors x9 and xg.
Remarkably, this model achieves its performance using 72% fewer sensors than the full array, making

it particularly suitable for resource-constrained implementations.

Table 2. Available and Selected Sensors with Accuracy Performance

Sensor MQ2 MQ3 MQ4 MQ5 MQ6 MQ7 MQs MQo9 MQ MQ MQ

Name 131 135 137
Symbol T1 T2 T3 T4 5 Te 7 T8 T9 10 T11
Jopt () 1 1 1 1 0 1 0 1 0 0 0
gett(T) 1 1 0 0 0 1 0 0 0 0 0

*Chosen Sensor Amount Among Eleven Sensors

3.2. Comparative Performance Analysis

For comparative performance evaluation, we implemented two established machine learning algorithms
- SVM and k-NN - as baseline models. These conventional approaches were evaluated using identical
experimental protocols, including the same 4-fold cross-validation scheme with equivalent training/test
splits, as well as similar performance metrics (accuracy, precision, recall, and F1-score) applied to our
GP solution. The complete results of these baseline evaluations are systematically presented in Table 3,
enabling direct comparison with the GP-derived models. Both baseline methods were configured with
standard hyperparameters (SVM with an RBF kernel, C = 1.0; k-NN with k = 5) and, significantly,



Yimaz and Simgek / GP-Optimized E-Nose: A Low-Cost Solution for Apple Pesticide Detection 283

utilized the full complement of 11 available sensors, unlike our sensor-optimized GP solutions. This
evaluation framework ensures fair comparison while highlighting the unique advantages of the GP
approach in subsequent analysis.

Table 3. Baseline Classifier Performance Across Folds

Model Fold Accuracy Precision Recall F1-Score

Fold 1 0.96 0.92 1.00 0.96
Fold 2 0.76 0.73 0.85 0.79
SVM Fold 3 0.92 1.00 0.83 0.91
Fold 4 0.88 0.86 0.92 0.89
Fold 1 0.92 0.86 1.00 0.92
NN Fold 2 0.68 0.65 0.85 0.73
Fold 3 0.88 0.85 0.92 0.88
Fold 4 0.96 1.00 0.92 0.96

The evaluation of baseline classifiers provides crucial insights when compared with our GP approach.
Although traditional methods show strong peak performance — SVM achieves an accuracy of 0.96 and
an Fl-score of 0.96 in Fold 1, and k-NN reaches an accuracy of 0.96 and an F1-score of 0.96 in Fold 4 —
both exhibit concerning volatility. SVM’s accuracy drops to 0.76 in Fold 2, while k-NN falls to 0.68 in
the same fold, revealing significant sensitivity to data variations. However, these traditional methods
exhibit critical limitations that our GP solution overcomes. Most significantly, they require complete
sensor arrays (all 11 sensors) for operation. In contrast, our GP-evolved models achieve comparable
performance using only 3-4 strategically selected sensors, offering substantial advantages in hardware

implementation and power efficiency.
Our GP solutions demonstrate three key advantages:

 Sensor Efficiency: The 3-sensor GP model, gesr, (0.92 accuracy) demonstrates that comparable
performance to baseline averages (k-NN: 0.86, SVM: 0.88) can be achieved with 73% fewer sensors.
While not exceeding the baselines’ peak performance, this represents a favorable trade-off for
resource-constrained applications.

» Peak Performance: Our 6-sensor GP model, gy, reaches perfect 1.00 accuracy, outperforming
the best baseline results but with 45% fewer sensors.

e Interpretability: The mathematical forms explicitly show sensor relationships, unlike black-box
decision mechanisms of SVM and k-NN.

This combination of sensor optimization, performance superiority, and model interpretability positions
GP as particularly suitable for pesticide screening devices, where cost, efficiency, and reliability are key
considerations.

4. Conclusion

This study aimed to build upon an existing pesticide detection system from the literature, in terms of
its methodology and data collection system, by applying it to a different fruit and using a pesticide of
similar origin, with a significant focus on modifying and optimizing the Genetic Programming (GP)
based evaluation algorithm. The goal was to develop a GP-based classification formula that optimizes
the number of sensors, thereby improving upon the existing method in terms of both hardware cost and
computational load. This was achieved by strategically selecting a group of low-cost sensors, leveraging
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their collective and varied sensitivities to create a unique chemical "fingerprint” for robust classification,
rather than relying on a single specific chemical marker. The results obtained support the achievement
of this aim. Future studies can focus on testing various pesticide and fruit combinations to expand the
database and transform the device into an economical format suitable for home users, as well as to
develop the most robust classification system. To this end, researchers can plan to examine the most
consumed fruits in our country using similar equipment to that in the current publication.
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