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Abstract: The excessive application of nitrogen in cucumber cultivation may lead to nitrate accumu-
lation in fruits with potential toxicity to humans. Harvested fruits of agricultural crops should be
evaluated for residual nitrogen, phosphorus, and potassium (NPK) nutrient levels. This is necessary
to avoid nutrient toxicity from the consumption of fresh produce with excessive nutrient levels.
Electronic noses are instruments well-suited for the nondestructive detection of fruit and vegetable
quality based on volatile organic compound (VOC) emissions. This proof-of-concept study was
designed to test the efficacy of using an electronic nose with statistical regression models to indirectly
predict excessive fertilizer application based on VOC emissions from cucumber fruits grown under
controlled greenhouse conditions to simulate field conditions but eliminate most environmental
variables affecting plant volatile emissions. To identify excess nitrogen in cucumber plants, five
different levels of urea fertilizer application rates were tested on cucumbers (control without fertilizer,
100, 200, 300, and 400 kg/ha). Chemometric methods, such as the partial least squares regression
(PLSR) method, the principal component regression (PCR) method, and the multiple linear regression
(MLR) method, were used to create separate regression models to predict nitrogen (N), phosphorus
(P), and potassium (K) levels in cucumber fruits following application of different fertilizer rates to
greenhouse soils. The correlation coefficients for the MLR model (based on the optimal parameters of
PCR and PLSR) were 0.905 and 0.905 for the calibration sets and 0.900 and 0.900 for the validation
sets, respectively. The nitrogen prediction model for fruit nitrates was more accurate than other
nutrient models. The proposed method could potentially be used to indirectly detect excessive use of
fertilizers in cucumber field crops.

Keywords: chemical fertilizers; odors; modeling; prediction

1. Introduction

Cucumber (Cucumis sativus L.), a member of the Cucurbitaceae family, has long been
an economically important, commercial vegetable fruit crop. Globally, it is grown as a
seasonal crop and is native to India [1]. Cucumber ranks as the fourth largest vegetable
crop in the world based on annual production level [2]. Fresh cucumber is a popular
vegetable in the human diet due to its antioxidants, vitamins (vitamin C, pantothenic
acid, B5), and minerals (especially magnesium), which are all important for nutritional
health. The fruits are low in calories (150 kcal/Kg) and consist of about 95% water, 3.6%
carbohydrates, and 0.65% protein [3]. Food quality and safety are currently major issues
around the world. Product safety in the food industry is directly related to consumer health
and social progress [4]. In sustainable agriculture today, an important focus is on providing
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plants with sufficient nutrients by increasing soil fertility using materials of natural origin
and biofertilizers, when possible, and minimizing the use of commercial fertilizers [5].

A variety of operations (from cultivation to processing) are required to produce safe
food within the production chain. Any biological or chemical substance harmful to human
consumption threatens food safety. Thus, healthful vegetable products (fresh produce)
must have minimal amounts of harmful chemical substances that pose health risks to
the consumer [6]. Excessive use of fertilizers has led to an environmental crisis in many
parts of the world, negatively impacting terrestrial and aquatic ecosystems by reducing
biodiversity and increasing greenhouse gas emissions from agriculture [7,8]. Organic
agricultural products have been used as a substitute to help reduce the use of chemical
fertilizers and increase levels of organic matter in soil.

Plants require 14 essential nutrients, including the macronutrient nitrogen (N) and the
minerals potassium (K) and phosphorus (P) in relatively large amounts for healthy plant
growth. The best-known nitrogen fertilizer is urea (NH2CONH2) [9]. Fertilizer application
rates should be based on a soil analysis [9]. Depending on soil conditions, micro-dosing
with nitrogen fertilizer leads to healthier plants and is thus more efficient to support crop
production [10]. Excessive use of fertilizers may lead to nutrient toxicity in food prod-
ucts [11]. Nitrogen (N) fertilizers such as urea are converted into nitrate (within the plant),
a carcinogen known to cause gastrointestinal cancer and immune disorders [12]. Potas-
sium (K) is essential for proper plant nutrition and is particularly required for flowering.
Applying phosphorus (P) to soils helps maintain plant productivity by improving plant
growth, crop yield, and promoting growth of beneficial soil microbes [13]. However, the
accumulation of excessive nutrients in soils leads to nutrient imbalances and reductions in
populations of beneficial soil microorganisms [14].

Gas sensor technologies, such as electronic-nose (e-nose) instruments, have greatly
improved the quality of plant products resulting from production systems in many in-
dustries, including agriculture [15]. The development of gas sensing, electronic aroma
detection (EAD) devices has helped to solve many common problems associated with
various production industries such as quality control and quality assurance (QA-QC) [15],
odor or aroma detection [16,17], food and beverage contamination [18], environmental pol-
lution [19], human health problems [20], as well as product quality, purity, consistency, and
safety [21–23]. E-nose devices are particularly useful for acquiring real-time information
about the chemical and physiological characteristics of plants and plant products based on
their volatile organic compound (VOC) emissions [15]. Many different e-nose instruments
have been developed with different operating principals for the detection of specific chem-
ical classes of target VOCs emitted from plants [16]. Electronic nose devices with metal
oxide semiconducting (MOS) sensors are often a preferred sensor type selected to analyze
plant volatiles because of their stability, precision, rapid recovery, resistance to deactivation
(poisoning) by strongly polar VOC analytes, and effective operating mechanism for plant
VOC detection [15].

Several analytical methods have been shown to be effective in identifying VOCs
derived from living organic sources, including mass and ion mobility spectroscopy [24],
gas chromatography [25], and infrared spectroscopy [26]. However, these instruments are
very expensive to operate and require lengthy and complex analytical procedures [27,28].
In recent years, e-nose devices have been shown to be effective alternative instruments
to detect and analyze VOC emissions from commercial plant and animal food products.
These devices offer more simplified means of discriminating between VOC emissions from
different sources and provide reliable and precise measurements, fast operation, and quick
sensor recovery times at affordable operating costs [15,27–29].

A recent study, utilizing an experimental MOS e-nose device, provided evidence of the
potential efficacy of analyzing differences in VOC emissions from cucumber fruits, derived
from plants receiving known urea fertilization rates, to estimate actual nitrogen-based
nutrient levels with the assistance of statistical models [30]. The current research is a
follow-up of this study to further evaluate these methods using statistical models for indi-
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rectly estimating levels of NPK nutritive components of cucumber fruits using data from
chemical analyses of plant tissues in combination with e-nose (olfactory machine-based
VOC analyses) data for correlating fertilizer application rates to resulting nutrient levels
in harvested fruits. We hypothesized that differences in nitrate levels in fruits could be
indirectly detected by changes and differences in VOC emissions from cucumber fruits,
due to nitrate-level effects on host plant metabolic pathways, as reflected by differences in
the e-nose sensor array output (smellprint) patterns. The objectives of this study were to
(1) evaluate the capabilities of an e-nose instrument to detect differences in fertilizer treat-
ments based on VOC emissions from fruits and (2) test partial least squares regression
(PLSR), principal component regression (PCR), and multiple linear regression (MLR) statis-
tical models for estimating and correlating actual nutrient levels in cucumber fruits relative
to soil fertilizer application rates applied to individual treatment plants.

2. Materials and Methods

The cucumber fertilizer experiment described herein was initiated with the planting of
seeds in February 2021 and completed with the final harvesting of all resulting cucumber
fruits from experimental plants by the end of July. Cultivated plants were grown within
a metal-frame greenhouse covered with anti-ultraviolet (UV) plastics with necessary en-
vironmental controls for temperature control and ventilation. The soil upon which the
greenhouse was built had a medium texture, sandy loam with good drainage, and no
salinity or alkalinity. A precise plant growth medium (described in Section 2.1) was brought
in to prepare cultivation beds on top of the greenhouse base soil type, requiring no tillage.

2.1. Preparation of Plant Growth Medium, Experimental Design, and Fruit Samples

We mixed silty-clay soil, aged and composted animal manure, and sand at a ratio of
2:1:1 to prepare a suitable growth medium for planting cucumber seeds within greenhouse
research plots. For the analysis of the chemical and physical properties of the soil, soil
samples were taken randomly from a depth of 0 to 30 cm after soil preparation and before
initiating the experiment [30]. The physical and chemical properties of the soil growth
medium are listed in Table 1.

Table 1. Characteristics of greenhouse soil used for cucumber plant cultivation.

Soil Sample Chemical and Structural Composition Greenhouse Soil Parameters

Depth (cm) 0–30
Electrical Conductivity (EC × 10−3) 1.550
Total Saturated Acidity (pH of paste) 7.600

Percentage Neutralizing Substances (T.N.V) 25.000
Permeability (cm/ha) 1.000

% FC 37.000
% PWP 19.000

Bulk density (g/cm3) 1.280
% Sand 25.000
% Silt 33.400

% Clay 41.600
% Organic Carbon (O.C.) 1.670

Nitrogen (N mg/kg) 0.167
Phosphorus (P mg/kg) 67.400
Potassium (K mg/kg) 1140.000

Manganese (Mn mg/kg) 7.200
Iron (Fe mg/kg) 8.980
Zinc (Zn mg/kg) 5.550

Copper (Cu mg/kg) 1.900

The experimental cucumber cultivation area within a greenhouse was divided into
five parts with an area of 1.8 m2 for each subplot. Specific amounts of urea nitrogen
fertilizer (46% urea) were applied to separate treatment subplots before sowing in the
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amounts of 0 (no added fertilizer), 100, 200, 300, and 400 kg urea/ha using a completely
randomized experimental (spatial) placement design for the five treatments, identical to
methods described previously [30]. The levels of urea applied to individual cucumber
plants were assumed to have directly affected nitrate levels in the fruits affecting host
physiology and resulting changes in fruit VOC emissions. Other physical and chemical
characteristics of the greenhouse soil used in this study were determined by various
soil chemical tests. Dutch cucumber seeds (cultivar Beta Alpha F1) were obtained from
vegetable seed stores (Kermanshah, Iran). Seeds were planted uniformly in subplots
(for each treatment) prepared directly in soil beds within a research greenhouse on the
agricultural campus of Razi University. Three cucumber vines were prepared for each of
the five fertilizer-treatment levels. Five cucumber fruits were harvested from each plant
approximately 4 months after seed planting, providing a minimum of 15 total replications
for each treatment. All subplots were irrigated every two days to soil saturation. The
temperature in the greenhouse was 25 ± 4 ◦C with relative humidity of 50–80%. Urea
fertilizer was the only treatment variable. For all five treatments with variable urea fertilizer
applied, all plants were at the same growth stage and age for each treatment. No pesticides
or insecticides were used in the experiment. After the cucumbers produced fruits, fruits of
equal weight were taken from plants of each urea treatment for laboratory chemical tests to
measure nitrogen, potassium, and phosphorus levels [30].

2.2. Electronic Nose

An experimental electronic nose equipped with 8 metal oxide sensors (MOS), as
described previously in detail [30], each with cross-sensitivity to specific chemical or VOCs,
was used for electronic aroma analyses. The names of sensors in the sensor array (in order,
with primary VOCs detected) are as follows: MQ3 (alcohols), TGS822 (organic solvents),
MQ136 (sulfur dioxide), MQ9 (carbon monoxide and combustible gases), TGS813 (aliphatic
alkanes), MQ135 (ammonia, benzene, sulfides), TGS2620 (alcohols, organic solvents), and
TGS2602 (H2S, sulfides, ammonia, toluene).

The detection parameters utilized for e-nose operation are as follows. To establish a
stable sensor baseline, the e-nose system was purged with fresh air for 150 s before testing.
At initial stage, air flow was initiated by a diaphragm pump in which air passed through
an activated carbon filter to remove VOCs from the purge air. Purge air was injected
into the sensor chamber to clean the sensors from any volatiles attached to the sensor
surfaces. Sample headspace volatiles were analyzed for 150 s for one complete sample
run. The flow rate of the sample gas to the sensor array chamber was set at 200 mL/min.
Data responses were instantly collected for subsequent analysis. The final step in the run
sequence ended with the sensor array being purged again with fresh air for 200 s. The
output voltage of the sensors changed due to exposure to VOCs within gases emitted from
the sample and all sensor responses were collectively recorded in data collection cards.
The sensor signals were recorded and stored at 1 s intervals (Figure 1). To maintain e-nose
sensor-response stability, the e-nose operating temperature for the analysis of all samples
was held at 25 ± 1 ◦C. The variation in air sample relative humidity of cucumber samples
was 5 ± 2% RH. Thus, relative humidity had minimal impact on e-nose sensor responses
and recognition of fruit volatiles (VOC emissions) from cucumber samples analyzed by
MOS sensors.

Electronic aroma data, recorded for each sensor within the sensor array, were stored as
electrical resistance values recorded over time within an Excel spreadsheet. E-nose response
consists of three components: (1) a baseline response during the carrier gas reference phase,
(2) a response curve during the sampling (data acquisition) phase, and (3) a transition of
sensor responses back to baseline during the purge and recovery phase (Figure 1).
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Figure 1. Typical electronic nose sensor array responses to cucumber fruit headspace volatiles (VOCs)
in air samples.

Cucumber Fruit Volatile Analyses

Cucumber fruits of similar same size (length 10 to 12 cm) and weight (50 to 60 g)
were harvested and placed into separate sample storage containers. Five cucumber fruit
samples from each of three plants, n = 15 for each treatment, were maintained at 23 ◦C for
120 min and placed singly (1 cucumber per sample) within the sampling chamber to build
headspace volatiles prior to separate e-nose analysis. The e-nose sensor array was exposed
to cucumber fruit sample VOCs via a tube delivery system in which individual sensors
interacted with VOCs adsorbing to the sensor surface leading the changes in electrical
resistance by which sensor responses were recorded. The changes in electrical resistance are
proportional to the amount of chemical adsorption and response specificity of the sensor
surface to specific VOC vapors. The signal responses of individual sensors, resulting in
changes in electrical resistance, provided the primary data from the sensor array which
were assembled to create a sensor-response distribution pattern (smellprint signature)
used to identify VOC mixtures based on pattern recognition algorithms. To establish and
maintain a stable sensor baseline, the e-nose system was purged with fresh air for 150 s
before the testing of each cucumber air sample.

2.3. Determination of Chemical Fertilizer Residues

Nutrient NPK content of soil growth medium was measured by spectroscopic-
spectrophotometric analysis for phosphorus, flame photometer analysis for potassium,
and Kjeldahl instrument analysis for nitrogen [31]. To measure phosphorus content, the
samples were placed in an oven heated to 600 ◦C for about 2 h until dried. Dried samples
were crushed, and then 0.2 g of each dried sample was mixed with 10 mL of HCl 1N using
a pipette. The ash was placed on a hot plate to evaporate to dryness. The cooled ash sample
was moved into a 100 mL volumetric flask and filled to 100 mL volume with distilled
water. Then, 10 mL aliquots of each sample were transferred by pipette along with 10 mL
of yellow vanadate (in distilled water) into a 50 mL volumetric flask, brought up to 50 mL
volume. The phosphorus concentration was then determined using the spectrophotometer
at 170 nm. The phosphorus standard was prepared first and analyzed before the samples.
A vanadate–molybdate colorimeter was used to measure the phosphorus content [32].
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The potassium content of soil samples was determined via the flame emission method by
measuring the potassium content (100 mL) in a volumetric flask with a flame photometer
after standardization with relevant minerals [32].

Nitrogen content in soils was determined using a Kjeldahl apparatus equipped with a
digestion system and a distillation unit. Soil samples (100 g) were dried and weighed, then
transferred to a Kjeldahl digestion flask containing 7–10 g of catalyst (prepared by mixing
K2SO4 (9 g) and 1 g of CuSO4 × 5 H2O) and 25 mL of H2SO4 concentrated acid. After
2.5 h of digestion along with heat extraction and cooling to 21 ◦C, 80 mL of NaOH (mass
fraction w = 33%) was added to each flask. By distillation, the ammonium hydroxide was
trapped as ammonium borate in boric acid solution (mass concentration = 40 g/L). Total
nitrogen content was determined by standardized HCl titration, using a 1mg/mL green
bromocresol with 1 mg/mL methyl red 1:1 mixture color-indicator solution (in ethanol),
based on a volume concentration (σ = 950 mL/L) [32].

2.4. Statistical Model Development

Mathematical and statistical methods were used in chemometrics to select the optimal
experimental method and to analyze chemical data [33,34]. This method is used in many
different fields of study, including science and engineering, and has had a particular
impact in the field of spectroscopy [34]. Chemometrics tools include multiple linear
regression (MLR), principal component regression (PCR) [35,36], and partial least squares
(PLS) regression [37]. The main (multiple) linear calibration methods included: multiple
linear regression (MLR), principal component regression (PCR), and partial least squares
(PLS). MLR is a linear statistical technique for predicting a response (dependent variable)
using two or more multiple predictors (independent variables). However, when MLR is
used, a multilinear phenomenon may occur. In a multilinear model, a predictor variable in
an MLR model can be linearly predicted with considerable accuracy [38]. Therefore, the
estimate of MLR coefficients may change irregularly due to small changes in the model or
data. PCR is a multilinear problem solution based on PCA. Under this regression model,
a set of predictors is considered based on a standard linear regression model, but PCA is
used to estimate the unknown regression coefficients in the model. PCR, a method based
on dimensionality reduction, selects some principal components with high variance in the
regression phase, which leads to dimensionality reduction by reducing a sufficient number
of parameters to describe the base model [39]. In addition, PLS regression is a reliable and
effective multivariate chemometric method that is often used to develop a mathematical
model between spectral data and reference measurements [40]. Geladi [34] proposed this
linear statistical method, which is often referred to as component-based structural equation
modeling. PLS variables are different from other methods, such as PCA, which looks for
maximum variance schemes between output and input variables. PLS variables show
output and input in a new space and then find a linear regression method in the predicted
space. It is also a non-parametric method that does not require data normalization and is
strong to sample size [41].

The main difference between PLS and PCR is that the latter considers only the X-
variable matrix, while PLS includes the Y-response matrix in the regression phase [34].
Multivariate calibration, PLS, PCR, and multiple linear regression (MLR) have been used
to predict the percentage of ternary mixtures of cattle, ewes, and goats based on the anal-
ysis of milk protein by capillary electrophoresis [42]. MLR and PLS calibration methods
were previously used to determine the absorption signal of drugs during drug prepara-
tion [43]. Furthermore, PLS and PCR predictions of protein content and hardness for bulk
Canadian wheat samples were compared using infrared and near-infrared imaging [44].
These analytical methods also were used to quantify sugar in acarbose fermentation using
infrared spectroscopy and chemotherapy [45] and simultaneously evaluate different soil
properties [46]. A quantitative PLS model was employed for determining water content of
peanut kernels utilized hyperspectral imaging techniques [47].
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3. Results
3.1. Results of the Analysis of Variance of the N, P, and K Content of the Cucumber

The N, P, and K macronutrient content in cucumber fruits, determined according to
a completely randomized experimental design with five treatments (five levels of urea
fertilizer), five replicates per plant, three plants per treatment, and thus 15 total samples
per treatment (n = 15), were analyzed using SPSS software (SPSS Inc., Chicago, IL, USA).
The ANOVA analysis results for each of the three macronutrients are presented in Table 2.

Table 2. Analysis of variance of chemical fertilizer residues in cucumber.

Sources Degrees of Freedom Mean Square

Nitrogen 4 0.078 **
Error 10 0.001
Total 14

Potassium 4 0.435 **
Error 10 0.001
Total 14

Phosphorus 4 0.035 **
Error 10 6.678 × 10−5

Total 14
** Statistically significant at P ≤ 0.01.

The results from the ANOVA were significant for the N, P, and K content for all five
levels of urea fertilizer (p ≤ 0.01). A comparison of the mean values of the measured
factors was also carried out using the Duncan multiple range test (secondary statistics), the
results of which are presented in Figure 2. The highest amount of nitrogen was allocated to
treatment 5 (3.63%), while the lowest percentages were recorded in the control treatment,
where no fertilizer was used, and the second treatment (100 kg). The more urea fertilizer
that was applied to greenhouse soils, the more nitrogen that was stored in the cucumber
fruits (based on our operating hypothesis).

The NPK nutrient levels estimated in cucumber fruits were highest for potassium
(4.0–5.6%), intermediate for nitrogen (3.0–3.8%), and lowest for phosphorus (0.5–0.75%).
The highest and lowest potassium values of control and fifth treatments were 4.34 and
5.34%, respectively. There was no significant difference in phosphorus between the first
three treatments, and neither the fourth nor the fifth treatment had a significant effect. The
first three treatments had the lowest amount of phosphorus, whereas the fourth and fifth
treatments had the highest.

3.2. E-Nose Responses to Cucumber Fruit VOCs

Five different urea fertilizer levels were tested on cucumber plants. Radar plots
showed observable differences in sensor response patterns (smellprint signatures) between
cucumber fruit samples collected from plants receiving different amounts of urea fertilizer
applied during plant growth. After normalization of sensor outputs values, the average
sensor output response of the electronic nose sensors were plotted as a radar plot to
visualize differences between the response patterns of the sensors to the odor of different
levels of urea fertilizer in cucumbers indicated in Figure 3. Radar plot response patterns
of each sensor (within the sensor array) indicated levels of sensor response intensities
to different urea fertilizer levels that were associated with VOC emissions of headspace
volatiles. The relative pattern of sensor responses to different urea levels were very similar,
but the sensor intensity responses varied considerably at five different levels of urea
fertilizer applied to cucumbers plants.
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The sensor intensity responses of individual sensors increased as fertilizer consump-
tion and content increased, indicating that fertilizer consumption has a direct effect on the
responses of sensors to differences in VOC emissions from cucumber fruits.
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The score plot showed that the total variance of the data was 93% for PC 1 and 2%
for PC 2 (Figure 4). The first two principal components accounted for 95% of the total
variance of the normalized data. All treatments were correctly separated. Treatments 4
and 5, with higher fertilizer applications, can be seen on the right side of the score plot,
while the two control treatments and the second treatment with lower fertilizer applications
can be observed on the left side. The e-nose sensor array responded well to differences in
VOCs associated with different rates of urea fertilizer applied to soil in treatment plots. The
capability of the e-nose to detect different amounts of fertilizer based on VOC emissions
provides good evidence of its efficacy for determining quantities of macronutrients in
cucumber fruits.
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The correlation loading plot showed the relationships between all variables. The
loading plot (Figure 5) illustrated the relative role of each principal component. The inner
circle represents 50% and the outer circle represents 100% of the total variance of the data.
The higher the loading coefficient of a sensor, the greater its role in VOC detection and
classification. Therefore, sensors located in the outer circle, such as the TGS2620, TGS813,
and TGS822 sensors, play a greater role in data classification.
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Ward’s method using cluster analysis (Figure 6) allowed better observation and visu-
alization of clustering between closely spaced sample types. The dendrogram correctly
classified five levels of urea fertilizer into three clusters. The dendrograms were composed
of the first cluster (control and second treatment), the second cluster (third treatment), and
the third cluster (fourth and fifth treatments). From cluster 1 to cluster 3, the clearly defined
groups and the percentage of fertilizer use increased.

3.3. Prediction of NPK Levels in Fruits Based on PLSR and PCR

PLSR and PCR models described the relationship between electronic nose VOC-
emission signals and the amounts of N, P, and K present in cucumber fruits. These models
were evaluated for their ability to predict the content of the above macronutrients in terms
of correlation of determination (R2) and root mean square error (RMSE). The root mean
square error of validation (RMSEval) also was chosen as a numerical tool for selecting the
optimal model, based on results shown in Table 3. The results show that the PLSR and
PCR models were very close for the determination of N, P, and K contents. In addition, the
model was able to predict the amount of nitrogen fertilizer with an R2 around 0.90 and an
RMSE of 0.047, indicating its accuracy; however, the values for potassium and phosphorus
fertilizers were less accurate.
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Table 3. PLSR and PCR model analysis results for chemical fertilizer residues in cucumber.

Model R2val R2cal RMSE-Val RMSE-Cal Offsetval Offsetcal Optimal Factor

Nitrogen PCR 0.899 0.905 0.047 0.046 0.328 0.323 1
PLSR 0.905 0.906 0.047 0.046 0.334 0.322 1

Potassium
PCR 0.832 0.850 0.142 0.132 0.780 0.706 4
PLSR 0.831 0.848 0.144 0.133 0.789 0.713 2

Phosphorus PCR 0.808 0.814 0.216 0.211 0.117 0.115 1
PLSR 0.806 0.814 0.217 0.210 0.119 0.115 1

The PCR and PLSR models were found to be more accurate in predicting N than K
or P, based on the results (Table 3). The e-nose predicted the N content determined from
the VOC volatile gases in the headspace of cucumber fruit samples with higher accuracy
than for K or P content. The coefficient of determination (R2) values of 0.90 and 0.91 (using
PCR and PLSR models, respectively) indicated that nitrogen content levels were more
highly correlated with changes in VOC emissions than were potassium levels (R2 = 0.83)
and phosphorus levels (R2 = 0.81), based on VOC emissions detected by the electronic
nose. Nevertheless, the relatively high correlation levels between e-nose VOC emissions
and estimated levels of N, P, and K in cucumber fruits was sufficiently high to provide
reasonably good estimates of the nutrient contents of these macronutrients in fruit tissues.
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3.4. Prediction of NPK Content of Fruits Based on MLR

The PCR and PLSR models were constructed using MLR. As a result of conducting
the analysis and identifying the optimal factors, the N, K, and P levels were considered as
independent variables (x) and the measured chemical levels were considered as dependent
variables (y) and were entered into the MLR model separately. Figure 3 presents the
correlation plots, a visual method for evaluating the models fit with experimental data. As
shown in Equations (1) and (2), the model obtained by MLR can predict the amount of
nitrogen-based on the optimal factors of PCR and PLSR:

Nitrogen (PLSR) = 3.4 + 0.317 X1 + 0.002 (1)

Nitrogen (PCR) = 3.4 + 0.316 X1 + 0.002 (2)

The MLR prediction models for N fertilizer values, shown for calibration and valida-
tion sets, are presented in Figure 7. Based on the MLR model, the correlation coefficients
for predicting nitrogen levels based on the optimal PCR and PLSR parameters were 0.905
and 0.905, respectively, and for the calibration sets, the coefficients were 0.900 and 0.900,
respectively, for the validation sets.
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To build the model, the K content was calculated as presented in Equations (3) and (4),
based on the optimal factors of PCR and PLSR:
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Potassium (PLSR) = 4.7 + 0.648 X1 + 1.861 X2 + 0.018 (3)

Potassium (PCR) = 4.7 + 0.648 X1 − 0.909 X2 − 0.958 X3 − 1.512 X4 + 0.018 (4)

The MLR prediction models for K fertilizer values for calibration and validation are
shown in Figure 8. Based on the optimal parameters of PCR and PLSR, the MLR model
achieved correlation coefficients of 0.847 and 0.849 for calibration and 0.835 and 0.825 for
validation, respectively.
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The final step for constructing a potassium prediction model with optimal PCR and
PLSR factors is presented with the calculations indicated in Equations (5) and (6), respectively:

Phosphorus (PLSR) = 0.62 + 0.098 X1 + 0.0004 (5)

Phosphorus (PCR) = 0.62 + 0.098 X1 + 0.0004 (6)

The MLR prediction models for P fertilizer values for calibration and validation sets are
presented in Figure 9. In this model, the correlation coefficients for predicting phosphorus,
based on the optimal parameters of PCR and PLSR, were 0.814 and 0.813, respectively, for
the calibration sets and 0.806 and 0.805, respectively, for validation sets.

The N model showed good performance criteria and may be considered a reliable and
acceptable predictive mode based on the relatively high coefficients of determination.
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4. Discussion

The process and mechanism by which an e-nose device is capable of indirectly de-
tecting differences in specific types and amounts of nutrients that have been taken up by
the plant is important for conceptual understanding. When a nutrient such as nitrogen
is first taken up by the plant, it is rapidly converted into more stable forms that can be
further assimilated and used for specific plant physiological processes. None of these
stable forms of nitrogen can be directly detected by an electronic nose device which only
detects VOC emissions. However, the nutrients are utilized at varying levels, based on
availability due to relative amounts of nutrient uptake by the plant from the soil, which
directly affect the vegetative growth and metabolic processes of the plant within the leaves
and fruits. As a result of biochemical effects of different nutrient levels on host metabolic
pathways, the VOC emissions released from various plant parts accordingly change to
reflect these differences in nutrient level effects on plant pathways that generate VOC
emissions. An electronic-nose device is capable of directly detecting changes in plant VOC
emissions resulting from effects of different nutrient levels on host physiology. In this way,
a plant receiving no additional exogenous nutrients may be distinguished from a plant
that has received additional nutrients by differences in their VOC emissions which reflects
internal differences in plant metabolic pathways that give rise to uniquely different types
and amounts of plant volatiles present in plant VOC emissions.

The development of PCR and PLSR regression models were used to determine the
effectiveness and error levels of each statistical model for indirectly estimating nutrient
levels in fruits. These values were further used to describe the regression models using
the MLR method. We found that the PCR and PLSR methods could accurately predict
the estimated nitrogen content of cucumber fruits, following different graduated soil
application rates, with an accuracy of about 90%, based on an optimal factor (X1) and
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calibration error and a prediction of 0.046 and 0.047, respectively. For the measurement
of potassium with the PCR method using four optimal factors (X1, X2, X3, and X4) and
the PLSR method with two optimal factors (X1 and X2), we obtained calibration and
prediction errors equal to 0.013 and 0.0141, respectively, and an accuracy of about 83%.
For the prediction of phosphorus content using PCR and PLSR methods with one optimal
factor (X1) and calibration and prediction error, the predictive value was 0.021 and the
accuracy was about 80.0%. We also determined that nitrogen could be estimated with
high accuracy, using a combination of statistical prediction models and electronic-nose
data based on the detection of cucumber fruit VOCs. The results suggest that the NPK
content of cucumber fruit may be accurately estimated indirectly using MOS e-nose data
based on VOCs emissions using appropriate regression models. The e-nose prediction of
N content from the analysis of cucumber fruit VOC gases in the sample headspace was at
a higher accuracy than for K or P. It was concluded that changes in cucumber fruit VOC
emissions associated with nitrogen levels in cucumber fruits were better correlated with
e-nose smellprint signatures than were fruit VOC emissions associated with changes in soil
K or P levels detected by the electronic nose.

Abu-Khalaf [48] used PLS models to identify olive oil quality parameters from chem-
ical data derived from an e-nose. The e-nose showed good performance in modelling
the acidity parameter. Moreover, the correlation coefficients for a PLS model for acidity
were 0.87 for calibration and 0.88 for validation sets. Zhang et al. [49] reported similar
results using the PLSR method and an electronic nose for grapes, with an R2 of 0.93. Zhou
and Zeng [44] used partial least squares spectroscopy and linear discriminant analysis
(PLS-LDA) with R2 = 0.96 to obtain comparable results. Zhou et al. [50] used partial least
squares spectroscopy in combination with linear discriminant analysis (PLS-LDA) to obtain
comparable results (R2 = 0.96), which agreed with the results presented here. Wei et al. [51]
used an e-nose to analyze the quality changes in peanuts without skins and peanut kernels
during storage. According to PLSR statistical analysis, the characteristics of shelled peanuts
and peanut kernels were strongly correlated with acidity and peroxide content, respectively.

Khorramifar et al. [52] applied three statistical methods, including PLSR, PCR, and
MLR, to create separate regression models for sugars and carbohydrates. They reported
that the accuracy of predicting carbohydrate levels in all cultivars was somewhat better
than the accuracy of predicting sugar levels. Zaki Dizaji et al. [53] used an electronic nose
technique with PLS, PCR, and MLR models to predict the quality of sugarcane syrup based
on the purity and the percentage of refined sugar. They reported that the accuracy of the
PLS method for this purpose was 77 and 71%, respectively, and that the accuracy of the
PCR method was 72% and 68%, respectively. Furthermore, the accuracy of the PLS method
was 82% and 74%, respectively. Zhou et al. [54] predicted the amount of linalool content
in volatiles of tea olive (Osmanthus fragrans) using an electronic nose. The R2 for PCR and
MLR methods was reported as 0.736 and 0.895, respectively, and the RMSE for each was
reported as 3.98 and 10.10, respectively.

Other studies have examined the correlation between e-nose analysis signatures,
associated with VOC emissions from various parts of vegetable plant species, and the
occurrence of specific chemical components that could be useful information for vari-
ous applications. These studies have in common the use of VOC-based e-nose data (in
combination with specific statistical models) to derive useful chemical information about
plant-based products and fresh produce sold in commercial markets. Rasakh et al. [55]
used a MOS electronic nose to classify and discriminate between sweet peppers vs. hot
peppers based on differences in VOC emissions detected by the e-nose instrument. They
predicted the amount of capsaicin in two types of sweet pepper and hot pepper using MLR,
PCR and PLSR statistical models with high accuracy. Biondi et al. [56] applied an electronic
nose device to diagnose brown rot and ring rot diseases in potato. Other research has
focused on the use of PLSR, PCR, and MLR statistical modelling methods in combination
with e-nose devices to evaluate chemical constituents of plant products, including the sugar
content of potatoes [57], chemical classification of black heart in potatoes [50], prediction of
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rapeseed quality and purity [58], shelf life of wheat bread [59], qualitative analysis of plant-
derived edible oil oxidation [60], effects of the roasting process on pyridine content in coffee
beans [61], effects of flour fruit-fiber supplementation on the VOC profile of bread [62], and
prediction of post-harvest storage time and indicators of spoilage in peanuts [63].

Finding new ways to improve e-nose performance through the selection of targeted
and more appropriate sensors and sensor arrays, pattern-recognition algorithms, and data
analysis methods significantly widens the range of gas-sensing capabilities applicable to
agriculture. Developing electronic noses for narrower, more specific industrial applications,
such as in agriculture technology, allows e-nose manufacturers to build smaller and cheaper
portable instruments that provide greater utility, efficiency, and effectiveness for more
specialized agricultural applications [15]. Improving the VOC-detection efficiency for
specialized (customized) e-noses is possible because of the ability to reduce or minimize
the number of sensors required for targeting detection of specific VOCs (associated with
certain sample types), and thereby reducing instrument costs, allowing for miniaturization.
E-nose devices provide more rapid analyses that are less expensive than complex analytical
tools, are easier and cheaper to operate, and have greater potential for portability and
customization for unskilled laborers [64]. E-nose devices also may be more effectively used
in combination with other technologies. For example, mobile ground robots and flying
drones may now be used to transport e-nose devices to survey farmlands, along with
global positioning system (GPS) data, for collecting necessary information to improve crop
yields, such as recording ambient conditions, soil fertility, and presence of disease used for
managing fertilization, watering, and pests [65].

5. Conclusions

A scientific approach to effectively apply fertilizers to soils at appropriate rates is es-
sential to achieve sustainable agriculture and simultaneously promote food safety through
optimal crop fertilization. We present data in this study to demonstrate that a new e-nose
method for the indirect estimation of fertilizer nutrient content of cucumber fruits was
possible by analyzing changes in plant VOC emissions (resulting from nutrient-induced
changes in host physiology) using appropriate statistical methods to effectively correlate
e-nose signatures (indicating differences in VOC profiles) to amounts of fertilizers applied
to soils. The results show that e-nose data derived from analysis of VOC emissions from
cucumber fruits may be used to indirectly estimate NPK chemical fertilizer residue levels in
cucumber fruits. These methods could potentially be used to indirectly detect other nutrient
and chemical elements in agricultural products. Statistical modeling methods, including
MLR, PLSR, and PCR, were used to predict levels of N, P, and K residues in cucumber
fruits. We conclude that the experimental e-nose used in this study is a suitable tool for
indirectly predicting the amount of these and possibly other macronutrient parameters in
cucumber fruits (based on VOC emission data). The current paper reports on the novel
application of e-nose technologies for indirect detection of chemical fertilizer residues in
agricultural produce. To our knowledge, this approach has not been reported previously to
predict or estimate quantities of residual fertilizer nutrient levels present in agricultural
fruit crops, except for our first paper reporting initial results using these methods [30]. This
approach could potentially be utilized to develop a rapid method to detect and prevent
excessive fertilizer applications to agricultural soils.
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