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Abstract: Recent advancements in remote sensing techniques, especially the combination of hyperspectral imaging 
with analytical algorithms, have greatly improved precision agriculture. This study introduces some algorithms deve-
loped for identifying crops and evaluating their growth conditions, focusing on irrigation and fertilisation. The present 
approach is based on the concept of identifiability of a family of dynamic systems and the differentiation of plants using 
their spectral signatures. The method uses a repository of spectral data and applies a developed algorithm to compare 
the measured spectra with the reference database, enabling the identifiability and the recognition of both known and 
unknown crops. As an application of our approach, we have considered two different crops: mint and rosemary, under 
different irrigation and fertilisation conditions. The results show that the algorithm achieved a  100% identification 
rate across the four unknown samples. The minimum spectral distances obtained are 0.01 and 0.03 for rosemary and 
mint, respectively. Thus, the family of systems was identifiable with a tolerance of η < 0.03. The study concluded that 
the algorithm effectively classifies the crop type and deduces its growth conditions, demonstrating its effectiveness for 
agricultural monitoring.
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Remote sensing technology is essential for effi-
cient agricultural production management, offering 
a powerful tool for monitoring the distribution 
of agricultural fields (Campos et al. 2016), for esti-
mating crop yields (Jin et al. 2016), and detecting 
the effect of water and fertiliser supply for plants 
(Taia et al. 2024). In fact, as airborne and space-
borne hyperspectral sensors have advanced and 
become more reliable, this technology is gaining 
significance and shows great promise for the remote 

monitoring of vegetation and general agricultural 
conditions. It captures detailed spectral data about 
plants, allowing for the detection of their physi-
ological and biochemical states (Adão et al. 2017).

Remote sensing technology is effectively used for 
plant classification and monitoring of the growth 
status. Significant progress has been achieved in re-
cent years by integrating hyperspectral technology 
with algorithms, including support vector machines 
(SVMs) (Zhong et al. 2022), random forest (RF), 
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partial least squares regression (PLSR) (Guo et al. 
2024), and convolutional neural networks (CNNs) 
(Tariku et al. 2023). Some of the studies have em-
ployed remote sensing modelling for monitoring 
and enhancing irrigation management around the 
world (Foster et al. 2019; Venancio et al. 2019). 
Over the years, numerous research studies have 
been conducted to investigate and develop effective 
methods for the identification of plants.

Based on satellite remote sensing, Underwood 
et al. (2003, 2007) utilised various minimum noise 
fraction (MNF) techniques derived from AVIRIS 
hyperspectral imaging data to effectively catego-
rise three non-native plant species located along 
the coastline of California, utilising maximum 
likelihood classification (MLC). Senthilnath et al. 
(2012) chose satellite hyperspectral imagery along 
with clustering algorithms and classification tech-
niques to effectively detect three developmental 
phases of wheat plants. Their approach tracked 
plant growth, resulting in an identification ac-
curacy of 81.5%.

Many studies have used unmanned aerial vehicles 
(UAVs) to identify and classify plants (Hunt and 
Daughtry 2018; Tariku et al. 2023). Zhong et al. 
(2022) coupled UAV-acquired hyperspectral im-
agery and LiDAR information integrated with 
SVM. This combination proved to be efficient 
for identifying tree species in the intricate envi-
ronment of mixed coniferous and broad-leaved 
forests. In terms of monitoring the plant growth 
status, Guo et al. (2024) studied UAV hyperspec-
tral data to analyse the potato growth and leaf 
water content. They combined spectral math-
ematical transformations such as multivariate 
scatter correction (MSC) and standard normal 
variate (SNV) with classifiers: RF, competitive 
adaptive reweighted sampling (CARS), support 
vector regression (SVR) and PLSR. The approach 
achieved three optimal estimation models: MSC-
CARS-SVR, SNV-CARS-PLSR and MSC-RF-PLSR 
for tuber formation, tuber growth and starch ac-
cumulation, respectively. In order to identify leaf 
spot disease, Anand et al. (2024) utilised spectral 
reflectance from brinjal (eggplant) leaves across 
nine different wavelength ranges to train machine 
learning algorithms, specifically decision tree 
and SVM. The SVM model reached the highest 
level of accuracy at 92.4%, successfully classify-
ing more than 99% of the infected tissue and 94% 
of the healthy tissue, showcasing its capability 

for accurate monitoring of agricultural diseases. 
The research led by Yin et al. (2022) shows that 
deploying hyperspectral sensors on UAVs at various 
altitudes, along with image classifiers and fusion 
modelling based on multiple linear regression 
(MLR) and SVR can effectively and precisely track 
nitrogen levels in cotton leaves, improving the 
management of nitrogen fertiliser.

Hyperspectral remote sensing methods based 
on visible-NIR spectroscopy are among mostly 
used methods for plant identification owing to the 
non-destructiveness, non-invasiveness, high-speed, 
high sensitivity, and specificity. Visible-NIR-SWIR 
spectroscopy utilises the region spectrum rang-
ing from 400 to 2 500 nm. In this context, the 
research conducted by El Azizi et al. (2022) shows 
that UV-NIR field spectroscopy is a powerful tool 
for tracking the effects of drought on medicinal 
plants in Northern Morocco, identifying Lavandula 
stoechas as the most vulnerable to lack of water 
among the three species examined. Indeed, visible 
spectroscopy is capable of examining the colour 
and pigment composition, whereas NIR spectros-
copy measures macro components and SWIR as-
sesses the water content. Indeed, pigments, such 
as chlorophyll, anthocyanin, and carotenes, influ-
ence the visible region and could be an indicator 
for disease and stress detection in plants (Zahir 
et al. 2022). Remote sensing combined with ma-
chine learning has been used to discriminate and 
identify identical – ecologically and morphologi-
cally – plant species. In this context, Pu and Liu 
(2011) used hyperspectral data measured on the 
ground to identify 13 species of trees distributed 
in Tampa by segmented canonical discriminant 
analysis (CDA), segmented principal component 
analysis (PCA), segmented stepwise discriminate 
analysis (SDA), and a segmented maximum likeli-
hood classifier (MLC). With this method, the high-
est identification accuracy the authors achieved was 
96%. Finally, El Azizi et al. (2024) applied principal 
component analysis (PCA) and partial least squares-
discriminant analysis (PLS-DA) to discriminate 
medicinal and aromatic plant species.

Several concepts have been introduced into 
systems theory, which are based on the modelling, 
analysis and control of systems (Pawluszewicz and 
Molaei 2023; Tripathi et al. 2024). One of these 
concepts is observability, which consists in being 
able to reconstruct the state of a given dynamic 
system whose dynamics are known, through a given 
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measurement function (Apraiz and Bárcena-Petisco 
2023; Tripathi et al. 2024).

If the system is subject to disturbances, it  is 
possible, under certain conditions, to locate them 
using what are known as spy sensors. Bernoussi 
et al. (2023) introduced the concept of “identifi-
ability of a family of dynamical systems”. We assume 
a family of models and a measurement function, 
the hypothesis is the following: can we determine, 
from the collected measurements, the model of our 
system knowing that it is in the given family? If 
we manage to determine it, we will be able to do 
everything that could be done on a system of which 
we have both the model and the measurements.

A characterisation for localised dynamical sys-
tems is given in (Bernoussi et al. 2023). 

In relation to this hypothesis of identifiability 
and for localised systems, algorithms have been 
developed to determine which of the dynamical 
systems in a given family generated the measure-
ments received. Note also that in Bernoussi et al. 
(2023), both the continuous and discrete cases were 
considered. In this paper, we have adapted these 
system identifiability and recognition approaches 
to the hypothesis of cultivation and growth condi-
tions such as water and nitrogen supply.

Despite the fact that hyperspectral data is frequent-
ly collected using airborne or UAV sensors, in this 
study, it was obtained through field UV-NIR spec-
troradiometric measurements. These measurements 
constitute a type of hyperspectral remote sensing 
and form the foundation of our database. The aim 
of this work is to develop and validate an algorithm 
based on a spectral signature capable of identifying 
both the species of crop and its cultivation condi-

tions (specifically water and fertiliser) using remote 
sensing data. To achieve this, we adapted the concept 
of identifiability from systems theory to spectral 
reflectance data, and we designed a recognition al-
gorithm that matches an unknown spectral sample 
to its closest reference signature.

MATERIAL AND METHODS 

Experimental design and data collection. This 
study uses spectral signature measurements of two 
crops – Mentha spicata (mint) and Rosmarinus 
officinalis (rosemary) – under various irrigation 
and fertilisation conditions. 

The experimental design aimed to assess the 
spectrum recognition algorithm in both controlled 
and real-world contexts. Although measurements 
of mint and rosemary were conducted in different 
settings (laboratory, versus field), the goal of the 
experiment was to assess the spectral recognition 
method in both controlled and uncontrolled set-
tings. The mint experiments allowed the precise 
control over irrigation and nutrient levels, isolat-
ing their spectral effects. In contrast, rosemary 
measurements in the field tested the robustness 
and resilience of spectral signatures under natural 
variability, focusing solely on irrigation timing. 
These configurations work together to validate the 
identifiability and recognition framework in a more 
comprehensive way. For this reason, the spectral 
signatures have been taken under natural sun-
light for rosemary and under halogen lamp light 
in laboratory for mint (Figure 1). 

The ASD Fieldspec HandHeld spectrometer (An-
alytical Spectral Devices, Inc., Boulder, CO-USA) 

 

Figure 1. Mint in a pot and rosemary in the field
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used in this experiment has a spectral range from 
325 to 1 075 nm and a resolution in the very near 
infrared of approximately 3 nm (around 700 nm). 
A white reference with a reflectance of around 
100% was used for calibration and prior to the 
measurement of each rosemary sample. The dis-
tance between the sensor and the plant considered 
in this study is 0.35 m.

Since spectral data were collected using a hand-
held field UV-NIR spectrometer, the reflectance 
values were radiometrically calibrated, which 
is consistent with classical spectroradiometric 
measurement theory. This means that all the meas-
urements and subsequent analyses in this study are 
strictly based on spectroradiometric acquisition 
and processing.

All the data were collected and processed using 
FieldSpec RS3 data-collection software (Ver. 6.4.3, 
2008). The Savitzky-Golay filter, which is  im-
plemented in Python (Ver. 3.11) with the SciPy 
library, was used to pre-process the raw spectral 
data (Virtanen et al. 2020).

Table 1 describes meteorological conditions cor-
responding to each day of data collection. Since 
the mint spectral signatures were taken in the 
laboratory, the wind speed and direction were 
not considered.

Crop conditions and database construction. The 
spectral database consists of 18 known crop samples 
and known conditions (S1 to S18), combining mint 
samples under 9 different irrigation and fertilisation 
conditions and rosemary samples measured under 
9 different watering contexts. Table 2 illustrates all 
the detailed conditions for each sample.

Identifiability and algorithm method. Let us 
consider a family of crops growing under different 
conditions. For each crop, we collect a measure-
ment – its spectral signature – using a spectrom-
eter.

Denote B as the set of all the obtained spectral 
signatures Si, for 1 ≤ i ≤ n, for each crop under 
particular growth conditions, where n is the 
number of spectral signatures in our family 
of systems. 

We have:

B = {Si(y), 1 ≤ i ≤ n} 	  (1)

The considered hypotheses are:
(P) For an obtained measurement (spectral sig-

nature) of an unknown (or known) crop, but 
where the conditions of its cultivation (water/
fertiliser) are not known, can we determine:
– The type or the species of the culture which 

gave the distinctive spectral signature;
– The conditions of its cultivation?

These hypotheses lead us to another question 
linked to the reference database and which is:

For the database constituted for the family of sys-
tems (spectral signatures of cultures), in each sense 
can we consider this database reliable?

The approach to these hypotheses is based on the 
concept of identifiability of families of systems, 
recently introduced by Bernoussi et al. (2023). For 
this, we adapt the concept of identifiability to our 
case. Then we developed a suitable algorithm 
based on the infinity Norm Method (Gallouêt 
and Herbin 2011).

Table 1. Meteorological conditions for the day of data collection from the mint in the laboratory and for rosemary under 
natural light

Sample Wind speed (km·h–1) Temperature (°C) Wind direction Cloud cover (%)
S1 to S9 – 27 – 23
S10 24 23 south-west 28
S11 25 23 south-west 35
S12 17 20 south 35
S13 25 23 south-west 10
S14 22 26 south-west 15
S15 26 23 south-west 14
S16 20 19 west 75
S17 6 19 south-west 75
S18 9 19 west-south-west 75
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Identifiable family of  systems/cultures and reli-
ability of the database

We consider a family of dynamic systems describ-
ing different measurements subjected to different 
crops and growth conditions (water/fertiliser). The 
measurement function in our case is given by a wave-
length spectrometer in a given interval [λ0, λf]. 
The measurement is represented by a spectral 
signature Si(λ); λ ∈ [λ0, λf].

Specifying the state of each crop is noted Z(t) 
and the measure function is given via a spectrom-
eter which gives us the spectral signature, noted 
Si, for i = 1, n, where n is the number of spectral 
signatures in the database.

We have the following definition:
Definition 3.1. The family of culture with different 

conditions, is identifiable (for spectrometer) if for 
any two different cultures with different conditions 
the measure gives two different spectral signatures, 
i.e., Si and Sj satisfying Si(.) ≠ Sj(.) in [λ0, λf].

We say that the database obtained from the 
family of systems (culture) is reliable if the cor-
responding family is identifiable.

We have the following remark:
Remark 3.2. Mathematically speaking, Si(.) ≠ Sj(.) 

in [λ0, λf], means that there exists at least λ ∈ [λ0, λf] 
such that Si(λ) ≠ Sj(λ). However, in practice Si(.) ≠ Sj(.), 
means that d(Si(.), Sj(.)) ≥ η > 0 where d(Si(.), Sj(.)) 
is a given distance between the two spectral signa-
tures Si(.) and Sj(.).

So, we can define the family identifiability accord-
ing to a given distance and a threshold η depend-
ing on the nature of the sensor used to collect the 
measurements (spectral signature in this case).

To characterise the identifiable family, we con-
sider a chosen distance, between two given spectral 
signatures, noted ds noted by:

ds(S1(.), S2(.)) 	  (2)

where: S1(.), S2(.) – two given spectral signatures in the 
range [λ0, λf].

Remark 3.3. The value of the distance defined 
in Equation (2) depends on the nature of the spec-
trometer used and particularly on the spectral 

Table 2. Database used in the identifiability study

Sample Culture Conditions
S1 mint no irrigation and no added nutrients
S2 mint irrigated with 75% of the optimum amount of water
S3 mint irrigated with an optimal amount of water
S4 mint irrigated with 125% of the optimum amount of water

S5 mint irrigated with the optimum amount of water and with 75% of the optimum amount 
of nutrient added

S6 mint irrigated with the optimum amount of water and with the optimum amount of nutrient added

S7 mint irrigated with the optimum amount of water and with 125% of the optimum amount 
of nutrient added

S8 mint irrigated with 75% of the optimum amount of water and with 75% of the optimum amount 
of nutrient added

S9 mint irrigated with 125% of the optimum amount of water and with 125% of the optimum amount 
of nutrient added

S10 rosemary without irrigation
S11 rosemary after one day without irrigation
S12 rosemary after four weeks without irrigation
S13 rosemary 24 h after the first irrigation
S14 rosemary 24 h after the second irrigation
S15 rosemary 24 h after the third irrigation
S16 rosemary after 24 hours of intensive irrigation
S17 rosemary after four days of irrigation
S18 rosemary after seven days of irrigation
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range [λ0, λf]. We will consider this remark when 
we will choose particular distance.

Proposition 3.4. Denote B as the database (set 
of spectral signatures obtained from the considered 
cultures), then we have for Si, Sj in B , Si(.) ≠ Sj(.) 
if ds(Si(.), Sj(.)) ≥ η > 0

where η is a given (chosen) tolerance (for identi-
fiability). So, for the quality of the database (reli-
ability) we compute:

ρB = min{ds(Si, Sj); Si, Sj ∈ B, i ≠ j} 	  (3)

Proposition 3.5. The family of systems is iden-
tifiable if and only if ρB ≥ η > 0, where η is a given 
(chosen) tolerance for accepting results.

In this case, we say that the family of systems 
is identifiable with tolerance η.

Remark 3.6. Proposition 3.5 means that for all 
Si, Sj ∈ B, we have ds(Si, Sj) ≥ ρB ≥ η> 0

So, to verify if a given family of crops growing 
in different conditions is identifiable through the 
data set of collected measures (spectral signatures), 
we consider the following algorithm.

Algorithm 1. Family identifiability:
(1) Choose a convenient threshold η > 0 which 

permit to differentiate between two spectral 
signatures;

(2) Compute ρB = min ds(Si, Sj); Si, Sj ∈ B; i ≠ j
– If ρB = min ds(Si, Sj) ≥ η; Si, Sj ∈ B Stop: the 

family is identifiable;
– Else the family is not identifiable for the 

considering measure and threshold η.
Stop
Remark 3.7. If the family is not identifiable 

through the measurements used to collect the 
spectral signatures, we must change:

– the threshold η;
– or the spectral range [λ0, λf]

As it will be shown in the example/application.
Now if the family is identifiable, we can consider 

the hypothesis H1

Algorithm recognising for an unknown culture
We can formulate the hypothesis H1, as:

(P1) For a given unknown spectral signature Sx, 
determine the nearest spectral signature in B 
to Sx. For that, we use the nearest neighbour 
principle.

Algorithm 2. Nearest neighbour in B:
Note ε as the tolerance of accepting the closest 

spectral signature as a sought signature

(1) Choose a given a tolerance ε
(2) Compute

ds(Sx, B) = min ds(Sx(.), Si(.))   Si ∈ B 	  (4)

– If ds(Sx(.), B) > ε; stop, no acceptable solution!!!
– Else
Determine the “admissible set” of spectral sig-

natures which realise:

Aad(Sx) = {Si ∈ B: ds(Sx, Si) = ds(sx, B)} 	  (5)

– If Aad(Sx) = {Sk}, “singleton”; stop: Sk is the 
solution;

– Else Aad(Sx) = {Sk, Sh, Sl, ...}
We adjust the wavelength range [λ0, λf] corre-

sponding to the spectral range and return to step 2;
– If there is a wavelength range in [λ0, λf] such 

that Aad(Sx) = {Sk}, stop Sk is the solution
– Else stop, no solution;
– Stop.

RESULTS

This section introduces the algorithm-based iden-
tifiability analysis of the spectral database and the 
recognition results for the four unknown samples.

Identifiability of a Family of systems and the 
reliability of the database:

To assess whether different crop conditions 
could be reliably distinguished using their spectral 
signatures, we applied a distance-based identifi-
ability approach.

Chosen distance for the database. In this paper 
we consider the distance given by:

ds(S1(.), S2(.)) = ‖ S1(.) – S2(.) ‖ ∞ = sup |S1(λ) – S2(λ)|; 
   λ ∈ [λ0, λf] 	  (6)

To compute ρB = min ds(Si, Sj); Si, Sj ∈ B, we cal-
culate

ds(Si(.), Sj(.)) = sup |Si(λ) – Si(λ)|; λ ∈ [λ0, λf] 	  (7)

Regarding Remark 3.7, if we consider Figure 2 
and the wavelength range [325, 425] nm, it is clear 
that the family is not identifiable. In contrast, 
considering the larger interval [325, 1 025] nm, 
the family is identifiable.

The database B of spectral signatures: B = (S1; ...; 
S18) is illustrated in Figure 2.



65

Research in Agricultural Engineering, 72, 2026 (1): 59–69	 Original Paper

https://doi.org/10.17221/163/2025-RAE

After algorithm application, we obtained the 
result given in Table 3.

And consequently, we obtain ρB = min ds(Si, 
Sj) = 0, 03; Si, Sj ∈ B, i ≠ j

Result 4.1. The family of systems (cultures) given 
through database B is identifiable with a tolerance 
η < 0.03.

This result is consistent with the qualitative 
observations.

Recognising an unknown culture:
Principle: By comparing the spectral signature 

of the four unknown crops x, which we called Sx,1, 
Sx,2, Sx,3 and Sx, with unknown water and fertilisa-
tion conditions, with the 18 crops in the rosemary 
and mint database. We determine the spectral sig-
natures of the database B closest to the four Sx con-
sidered. We applied the algorithm. We determine the 
nearest spectral signature from the database B to Sx.

Table 3. Maximum value of the differences between the pairwise comparisons of the cultures from the database

S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 S16 S17 S18 Distance
0.09 0.32 0.07 0.06 0.13 0.06 0.16 0.12 0.21 0.16 0.17 0.16 0.16 0.16 0.15 0.16 0.16 S1

0.27 0.06 0.08 0.17 0.10 0.19 0.17 0.26 0.19 0.18 0.12 0.10 0.11 0.10 0.15 0.12 S2
0.32 0.32 0.44 0.36 0.44 0.43 0.53 0.45 0.43 0.38 0.23 0.26 0.28 0.36 0.29 S3

0.04 0.14 0.08 0.17 0.13 0.22 0.15 0.15 0.09 0.12 0.13 0.07 0.11 0.09 S4
0.13 0.06 0.15 0.13 0.22 0.15 0.16 0.11 0.14 0.14 0.09 0.14 0.11 S5

0.09 0.06 0.05 0.12 0.11 0.08 0.20 0.24 0.26 0.17 0.10 0.19 S6
0.10 0.08 0.18 0.11 0.13 0.14 0.17 0.20 0.10 0.11 0.12 S7

0.05 0.11 0.13 0.11 0.23 0.26 0.29 0.19 0.12 0.20 S8
0.12 0.11 0.12 0.18 0.24 0.24 0.17 0.11 0.19 S9

0.16 0.10 0.26 0.32 0.32 0.25 0.18 0.27 S10
0.13 0.15 0.26 0.21 0.19 0.12 0.20 S11

0.21 0.24 0.27 0.15 0.08 0.17 S12
0.17 0.12 0.10 0.14 0.12 S13

0.05 0.14 0.17 0.16 S14
0.13 0.20 0.16 S15

0.08 0.03 S16
0.10 S17

S18

The value in bold represents the minimum distance among all pairwise comparisons between cultures in the database B
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To illustrate this approach, the four unknown 
crops whose spectral signature Sx,1, Sx,2, Sx,3 
and Sx,4 are shown in Figure 3.

Table 4 presents the calculation of distance for 
the Infinity norm method for the four unknown 
crops. We can observe that the unknown crop Sx 
is similar to the same system within the 18 systems 
from the database based on the algorithm.

For the unknown crop Sx,1:
– The smallest value is 0.03, indicating a spectral 

similarity between Sx,1 and S8.
Spectrum S8 is the most similar to the unknown 

spectrum Sx,1. The other spectra have more sig-
nificant deviations. Note that Sx,1 is a mint with 
optimal irrigation and optimal nutrient addition.

For the unknown crop Sx,2:
– The smallest value 0.03, showing spectral simi-

larity between Sx,2 and S9.
Spectrum S9 is the most similar to the unknown 

spectrum Sx,2. The other spectra have more sig-
nificant deviations. So, Sx,2 is a mint with an over-

irrigation of 125% of the optimal amount of water 
and an addition of 125% of the optimal amount 
of nutrient.

For the unknown crop Sx,3:
– The smallest value 0.01, showing spectral simi-

larity between Sx,3 and S15.
Spectrum S15 is the most similar to the unknown 

spectrum Sx,3. So, Sx,3 is an irrigated rosemary 
close to S15 which correspond to rosemary 24 h 
after a third irrigation.

For the unknown crop Sx,4:
– The smallest value 0.01, showing the spectral 

similarity between Sx,4 and S13.
Spectrum S13 is the most similar to the unknown 

spectrum Sx,4. Thus, Sx,4 is an irrigated rosemary 
close to S13, which corresponds to rosemary 24 h 
after the first irrigation. 

Figure 4 shows the spectral signatures of the 
plants in the database and the spectral signatures 
of the unknown crops. Visually, the structure of the 
curve for the unknown plant (red) is similar to the 

Figure 3. The spectral signatures of the unknown crops

Table 4. Calculation of the similarity of the unknown reflectance spectrum Sx,1, Sx,2, Sx,3 and Sx,4 with the 18 spectra 
in the database

Distance S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 S16 S17 S18 Closest 
match

Sx,1 0.15 0.20 0.46 0.16 0.16 0.05 0.11 0.03 0.05 0.11 0.12 0.10 0.23 0.27 0.29 0.20 0.13 0.22 0.03
Sx,2 0.14 0.19 0.45 0.15 0.15 0.08 0.10 0.04 0.03 0.13 0.12 0.13 0.20 0.26 0.26 0.19 0.13 0.21 0.03
Sx,3 0.16 0.11 0.26 0.13 0.14 0.26 0.20 0.29 0.24 0.32 0.21 0.27 0.13 0.05 0.01 0.13 0.20 0.15 0.01
Sx,4 0.16 0.11 0.37 0.09 0.11 0.22 0.16 0.25 0.20 0.28 0.16 0.22 0.01 0.16 0.11 0.09 0.16 0.12 0.01

The values shown in bold correspond to the minimum distance between each unknown reflectance spectrum Sx,i and the 
reference spectra Sj in the database
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structure of the curve for the closest crop (green) 
calculated using our algorithm, and the reflectance 
values for the two plants are also closer than for 
the other plants.

After identifying Sx,1, Sx,2, Sx,3 and Sx,4, the 
results obtained showed the reliability of  the 
similarity methods chosen. In fact, the spectral 
signatures of the crops chosen at the beginning 
of the demonstration, which were assumed to be 
unknown, are known and are chosen from the 
mint and rosemary database in another measure-
ment protocol. This second protocol takes into 
account two pots for each irrigation and fertilisa-
tion situation. The database then contains mint 
and rosemary in pots from different situations (see 
Table 1) and the four unknown crops (hypothesis) 
are chosen from the other remaining mint and 
rosemary pots, each of which has a pot from the 

same situation in the database for confirmation 
of our study, as shown in Table 5.

DISCUSSION

In this study, we have developed a novel and ef-
fective algorithm to identify four crops and their 
growth conditions based on field spectral signatures 
and a fixed tolerance η < 0.03. This demonstrates 
that a single distance-based algorithm can show 
high accuracy when applied to carefully collected 
spectral data. Examining other works, Pu and 
Liu (2011) used complex statistical techniques 
to separate 13 tree species using hyperspectral 
data and CDA. While Yin et al. (2022) applied 
multiple linear regression to UAV-based hyper-
spectral images for nitrogen monitoring over large 
areas, obtaining R = 0.96. However, their method 

Figure 4. Spectral signatures of the plants in the database and the unknown crops

Table 5. Four unknown crops with growing conditions

Unknown spectrum Sx,1 Sx,2 Sx,3 Sx,4

Nearest spectral 
signature to Sx S8 S9 S15 S13

True crop mint mint rosemary rosemary

Conditions

irrigated with the 
optimum amount of water 

and with an optimum 
addition of nutrient

irrigated with 125% 
of the optimal amount 
of water and with 125% 
of the optimal amount 

of nutrient added

24 h after the first 
irrigation

24 h after the third 
irrigation

Correct classification yes yes yes yes
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targets continuous features and requires more 
complex modelling. Tariku et al. (2023) obtained 
an accuracy of almost 90% using UAV and CNN 
deep learning computing; their approach is less 
sensitive to small spectral changes. Finally, Jin 
et al. (2016) used field spectral data combined 
with a crop model called AquaCrop and achieved 
RMSE = 0.72 t·ha–1, focusing more on prediction 
than classification. Table 6 summarises the key 
insights of each study. 

Our algorithm uses distance-based spectral com-
parison to reach accurate identification (100%), 
in comparison with the study of Tariku et al. (2023), 
based on machine-learning approaches, which de-
pend on large training datasets. Furthermore, our 
method achieves optimal classification using the 
infinity norm and does not require dimensionality 
reduction. In contrast to Pu and Liu (2011), who 
employed multiple statistical models to attain 96% 
accuracy across tree species.

CONCLUSION

In this study, we developed and applied an algo-
rithm to identify crops and assess their irrigation and 
fertilisation conditions using hyperspectral remote 
sensing. We focused on two crops: mint (Mentha 
spicata) and rosemary (Rosmarinus officinalis), and 
constructed a database from controlled and uncon-
trolled settings, measuring their spectral responses 
under varying water and fertiliser conditions. 

The reliability of the spectral signatures was 
confirmed by demonstrating that the database 
could be identified with a tolerance η < 0.03. With 

100% accuracy, the algorithm using the infinite 
norm identified each of the four unknown samples 
and their corresponding growth conditions. The 
method’s potential to  find useful applications 
in precision agriculture was demonstrated by its 
robustness in both controlled (mint) and uncon-
trolled (rosemary) environments.

Looking ahead, extending this work to include 
temporal monitoring of crop development would 
allow for the dynamic modelling of growth stages 
and yield prediction. Achieving this will require 
a more comprehensive database, gathered through 
future laboratory and field campaigns. Develop-
ing such a dataset would not only improve our 
understanding of how crops respond to different 
irrigation and fertilisation strategies over time, 
but also contribute to more informed decision-
making in precision agriculture. This next phase 
of research is under consideration.
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