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Abstract

The increasing global demand for resilient, sustainable agricultural systems has intensified
the need for advanced monitoring strategies, particularly for climate-adaptive crops such as
Moringa oleifera Lam. This study presents an integrated approach using Unmanned Aerial
Vehicles (UAVs) equipped with multispectral and thermal cameras to monitor the vegetative
performance and determine the optimal harvest period of four M. oleifera genotypes in a
Mediterranean environment. High-resolution data were collected and processed to generate
the NDVI, canopy temperature, and height maps, enabling the assessment of plant vigor,
stress conditions, and spatial canopy structure. NDVI analysis revealed robust vegetative
growth (0.7–0.9), with optimal harvest timing identified on 30 October 2024, when the
mean NDVI exceeded 0.85. Thermal imaging effectively discriminated plant crowns from
surrounding weeds by capturing cooler canopy zones due to active transpiration. A clear
inverse correlation between NDVI and Land Surface Temperature (LST) was observed,
reinforcing its relevance for stress diagnostics and environmental monitoring. The results
underscore the value of UAV-based multi-sensor systems for precision agriculture, offering
scalable tools for phenotyping, harvest optimization, and sustainable management of
medicinal and aromatic crops in semiarid regions. Moreover, in this study, to produce
M. oleifera leaf powder intended for use as a food ingredient, the leaves of four M. oleifera
genotypes were dried, milled, and evaluated for their hygiene and safety characteristics.
Plate count analyses confirmed the absence of pathogenic bacterial colonies in the M. oleifera
leaf powders, highlighting their potential application as natural and functional additives in
food production.

Keywords: RGB; smart farming; precision agriculture; drones; Vegetation Indices (VIs);
canopy height; multispectral and thermal camera

1. Introduction
The projected rise in the global population, to 10 billion by 2050, presents formidable

challenges to food production systems, with far-reaching implications for food security,
water and energy resources, and climate resilience [1]. Agricultural systems must evolve
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rapidly to meet these demands while coping with reduced labor availability, environmental
degradation, and the escalating consequences of climate change. In this context, the digital
transformation of agriculture offers significant opportunities for enhancing sustainability
and productivity.

Recent advancements in smart agricultural technologies, particularly those aligned
with Agriculture 5.0 (Ag5.0), are facilitating a transition toward autonomous, data-driven,
and resource-efficient food production systems. Ag5.0 represents the latest phase in agri-
cultural evolution, integrating artificial intelligence (AI), machine learning (ML), robotics,
and big data analytics to enable predictive, adaptive, and precise management of crop
systems [2–5]. These technologies are instrumental in automating routine tasks, enhanc-
ing decision-making, and reducing environmental impacts, thereby improving overall
agricultural resilience.

Precision agriculture (PA) constitutes a cornerstone of Ag5.0, offering strategies for
optimizing resource inputs and maximizing yields through site-specific management. By
deploying sensors, Unmanned Aerial Vehicles (UAVs), and AI-driven platforms (Figure 1),
PA facilitates real-time monitoring of key agronomic parameters such as plant health,
soil variability, and water stress [6,7]. These technologies also align with the principles
of Climate-Smart Agriculture (CSA), which seeks to sustainably increase productivity,
strengthen resilience, and reduce greenhouse gas emissions [8,9].

Figure 1. UAV-based Smart Monitoring System for M. oleifera.

In the Mediterranean basin, characterized by semiarid conditions, high evapotranspi-
ration, and fragmented land use, the implementation of smart agricultural technologies
is especially critical. The region faces growing vulnerabilities due to climate variability,
necessitating adaptive cropping systems that enhance both productivity and sustainability.
A promising candidate for such systems is Moringa oleifera Lam., a fast-growing, drought-
tolerant plant known for its high nutritional and functional value [10–13]. The species
has gained recognition for its adaptability to marginal environments and its potential to
contribute to food and nutrition security, particularly in water-limited regions.

M. oleifera has been successfully introduced in parts of southern Italy, including Sicily,
where it is cultivated as an intercrop alongside traditional cereals and forages. The plant’s
multifunctional role spans nutritional, medicinal, agronomic, and environmental domains.
It is used for leaf powder production, soil improvement, and as a bioenergy crop, and has
demonstrated benefits in carbon sequestration and nutrient cycling [13,14].

Remote sensing technologies, particularly UAV-based multispectral and thermal imag-
ing, offer scalable solutions for monitoring M. oleifera under Mediterranean conditions.
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Indices such as the Normalized Difference Vegetation Index (NDVI), Normalized Dif-
ference Red Edge (NDRE), and the Vegetation Index for Agricultural Remote Sensing
(VARI) are effective in quantifying canopy vigor, chlorophyll concentration, and wa-
ter stress [15,16]. Moreover, NDVI has a strong inverse correlation with Land Surface
Temperature (LST), making it a useful proxy for evaluating crop evapotranspiration and
drought response [17,18].

However, despite growing interest in UAV-based crop monitoring, most studies have
focused on staple crops (e.g., maize, rice, wheat) and large-scale monocultures, often relying
on a single sensor modality and without integration into downstream food quality or safety
assessment. Few studies have investigated the use of multi-sensor UAV platforms for
underutilized crops like Moringa oleifera, particularly under Mediterranean agro-climatic
conditions. Even fewer have benchmarked UAV data against manual ground-truth mea-
surements or incorporated post-harvest quality evaluations.

This study addresses these gaps by presenting a dual-focused approach that is novel
in its integration of agronomic and food safety assessments. Specifically, we (i) use UAV-
mounted multispectral and thermal cameras to monitor vegetative indices and canopy
temperature in four M. oleifera genotypes, and (ii) assess the microbiological safety of the
corresponding leaf powder to evaluate its suitability for food fortification. To ensure scien-
tific robustness, we correlate UAV-derived data (e.g., NDVI, canopy height, temperature)
with manual field measurements, such as plant height and SPAD chlorophyll readings,
thereby providing a ground-truth validation framework. This approach allows us to criti-
cally evaluate the reliability of remote sensing tools in assessing crop performance and to
propose a replicable model for integrating UAV monitoring with functional crop evaluation
in climate-resilient agriculture.

With recent advances in AI and synthetic image generation, low-cost RGB imagery
can now be transformed into thermal maps, broadening access to precision monitoring
tools [19]. These innovations help reduce monitoring costs and increase the scalability of
precision agriculture for smallholder farmers.

This study aims to evaluate the growth dynamics of four M. oleifera genotypes
origin—African (A), Indian (I), Pakistani PKM1, and PKM2—using UAV-assisted remote
sensing in a Mediterranean agricultural context. The specific objectives are: (i) to assess
genotype-specific performance in semiarid Sicilian conditions through multispectral and
thermal data analysis, and (ii) to investigate the microbiological safety and functional food
potential of powdered Moringa leaf products cultivated under monitored conditions.

These findings aim to support future applications of smart agriculture for climate-
resilient crops in water-scarce environments, offering insights for sustainable intensifica-
tion, circular economy integration, and food security policy in the Mediterranean region
and beyond.

2. Materials and Methods
2.1. Study Area and Experimental Design

On July 3, 2024, one-month-old M. oleifera seedlings were transplanted into the exper-
imental field located in Santa Flavia (Palermo, Italy) at the Cooperativa Agricola Primo
Sole (Lat 38◦05′14.11′′ N, Long 13◦31′39.67′′ E; WGS 84, 130 m a.s.l). The region has a Csa
climate classification according to the Köppen–Geiger system, indicating a hot-summer
Mediterranean climate [20]. The soil moisture regime is xeric, bordering aridic, with a
thermic temperature regime.

Four genotypes of M. oleifera were tested: African (A), Indian (I), Pakistani PKM1, and
Pakistani PKM2. The planting scheme featured a spacing of 1.5 meters between plants and
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3 meters between rows. The field was divided into four replicated plots, each containing
forty plants per genotype (Figure 2).

Figure 2. Experimental design with the four genotypes origin.

Throughout the vegetative season (July–October), surface inter-row tillage was peri-
odically performed to manage weed growth and minimize soil evaporation by breaking
capillary rise. No organic or mineral fertilizers were applied during the growing season to
maintain consistent baseline conditions across genotypes.

2.2. Moringa oleifera Growth Monitoring Through Precision Agriculture Technologies

The use of Unmanned Aerial Vehicles (UAVs) equipped with multispectral sensors
and dedicated post-processing software has become an established methodology for moni-
toring Vegetation Indices (VIs) in the cultivation of Medicinal and Aromatic Plants (MAPs),
contributing to the optimization of agricultural operations and enhancing productivity
through spatially detailed crop assessments [21]. The monitoring of Precision Aromatic
Crops (PACs) increasingly incorporates advanced tools such as GNSS, Variable Rate Appli-
cation (VRA) technologies, Geographic Information Systems (GIS), and Decision Support
Systems (DSS) to enable site-specific and data-driven crop management [21].

In the present study, the aerial monitoring of Moringa oleifera genotypes was performed
using a DJI Mavic 3 Multispectral UAV (Dà-Jiāng Innovations Science and Technology Co.,
Ltd., Shenzhen, China), which integrates a five-band multispectral sensor and an RGB
camera. The spectral bands recorded included: Blue (450 ± 16 nm), Green (560 ± 16 nm),
Red (650 ± 16 nm), Red Edge (730 ± 16 nm), and Near-Infrared (NIR, 860 ± 26 nm). Flight
missions were conducted autonomously along predefined routes, with flight parameters
such as altitude, speed, and camera orientation configured via DJI Pilot 2 software (Ver. 2.5)
to ensure uniform image acquisition.

Post-flight data processing was carried out using Agisoft Metashape Professional
(v1.7.3), which generated both 2D orthomosaics and 3D spatial models through photogram-
metric reconstruction techniques. Outputs included dense point clouds, mesh models, and
digital elevation models (DEMs), followed by orthorectification and image mosaicking.
Spectral canopy data were analyzed within QGIS (v3.16.6 Hannover) using an object-
based image analysis (OBIA) workflow to extract vegetation features and compute the
Normalized Difference Vegetation Index (NDVI) using the standard equation:

NDVI =
(NIR − R)
(NIR + R)

NDVI values were used to distinguish plant canopies from bare soil and to assess
the temporal dynamics of vegetative vigor. Three UAV flights were conducted on 31 July,
4 September, and 30 October 2024, which corresponded to critical phenological phases of



Agriculture 2025, 15, 1359 5 of 18

M. oleifera, including early growth, peak development, and late-season maturity. The NDVI
analysis over this period enabled the identification of the optimal harvest window for each
genotype based on peak vegetative performance. Corresponding RGB imagery confirmed
visible changes in canopy density and greenness, reflecting biomass accumulation patterns
and physiological development (Figure 3).

 
Figure 3. M. oleifera monitoring through Precision Agriculture. RGB orthomosaic and canopy
structure of Moringa oleifera genotypes across three phenological stages. Orthomosaic images collected
on 31 July, 4 September, and 30 October 2024, at 35 m altitude. Visual differences in canopy density
and color intensity reflect physiological development and biomass accumulation. North is oriented
upwards. Each subplot represents a 10 m × 10 m area. No filtering applied. Scale bar = 5 m.

This precision monitoring was essential, as the aerial biomass was harvested and
subjected to post-harvest processing—specifically drying—to evaluate the suitability of the
material for nutraceutical and functional food applications [22–24].

2.3. Thermal and Multispectral Images Acquisition and Processing

Thermal imaging represents a powerful non-invasive tool for detecting early phys-
iological stress in crops, including Moringa oleifera, particularly during key phenological
stages from June to October. By capturing variations in leaf surface temperature, thermal
sensors enable the indirect assessment of plant transpiration efficiency and stomatal con-
ductance, which typically decrease under water-deficit conditions due to stomatal closure,
resulting in elevated leaf temperatures [25–27].

The thermal response of the canopy can reveal stress symptoms well before they are
visually detectable [28–30]. Among the most widely used thermal indices, the Crop Water
Stress Index (CWSI) offers a normalized and sensitive proxy for quantifying canopy-level
water stress. Derived from thermal infrared imagery, the CWSI allows precise assessment
of crop water status and facilitates spatial mapping of stress zones [31–33].

In this study, the CWSI was calculated using the formula:

CWSI =
(Tc − Twet)

(Tdry − Twet)

where
Tc is the canopy temperature derived from UAV thermal imagery (◦C),
Twet is the minimum temperature of a well-watered reference surface (◦C),
Tdry is the maximum temperature of a non-transpiring, water-stressed reference

surface (◦C).
Reference temperatures were obtained using a handheld infrared thermometer target-

ing fully shaded (wet) and sun-exposed (dry) canopy zones. CWSI values range from 0 (no
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stress) to 1 (maximum stress), offering a practical metric for irrigation management and
genotype comparison.

The thermal survey was conducted on 4 September 2024 using a DJI MATRICE
350 RTK UAV equipped with a Zenmuse H20T camera. The thermal sensor featured
a resolution of 640 × 512 pixels and operated within a temperature range of −40 ◦C
to +150 ◦C. Simultaneously, an integrated 1/2.3” CMOS RGB camera (20 MP) enabled
dual imaging with adjustable zoom and field of view. The UAV system captured both
thermal and RGB images, supporting integrated assessments of canopy structure and stress
gradients across Moringa plots.

Thermal image acquisition was carried out under clear sky conditions between
11:00 and 13:00 local time to ensure optimal canopy–soil temperature contrast. UAV
missions were pre-programmed using DJI GS Pro software, with flight parameters stan-
dardized at 35 m AGL, 3 m/s speed, and −90◦ gimbal angle. Additional thermal mea-
surements were acquired using a FLIR LWIR (7.5–13.5 µm) handheld infrared sensor to
validate reference temperatures. Thermal imagery was processed using FLIR Tools and
Pix4Dmapper, including preprocessing, distortion correction, and orthorectification. For
enhanced resolution and accuracy, thermal orthomosaics were co-aligned with RGB data.
Subsequently, all multispectral and thermal datasets were imported into Agisoft Metashape
Professional (v1.7.3) for photogrammetric processing, generating orthomosaics, Digital
Elevation Models (DEMs), and dense point clouds through Structure-from-Motion (SfM).

Final image analysis was performed in QGIS (v3.16.6 Hannover) using an Object-
Based Image Analysis (OBIA) workflow to classify canopy features and extract quantitative
vegetation metrics. The NDVI, derived from multispectral imagery, was monitored across
genotypes to assess vegetative vigor. NDVI dynamics reflected physiological development
stages observed in RGB images (Figure 3) and informed the timing of biomass harvest for
leaf drying and food powder production [22–24].

Importantly, the integration of thermal and multispectral imaging supports geno-
typic differentiation in heat and drought tolerance, offering valuable applications in
breeding programs for stress-resilient crops [26,34]. Such imaging tools are appli-
cable both in open-field and controlled greenhouse environments [35,36], and their
combined use yields a comprehensive picture of crop health, physiology, and spatial
variability [37,38]. UAV-mounted thermal sensors enable large-area, high-resolution moni-
toring, while handheld thermal cameras remain useful for ground-truthing and localized
inspections [39,40]. This dual-scale approach enhances decision-making for sustainable
and precision crop management [41,42].

2.4. Moringa oleifera Leaves Collection, Drying and Powder Production

To produce M. oleifera leaf powder intended for use as a food ingredient, leaves from
the four cultivated plant genotypes were manually harvested using alcohol-sanitized
disposable gloves and flame-sterilized stainless-steel scissors. The harvested leaves were
pre-washed with tap water for 5 min. Subsequently, two consecutive washing steps were
performed: the first involved immersion in a 0.2% (v/v) chlorinated water solution for
30 min, followed by a second rinse with tap water to remove any residual chlorine [43].
The leaves were then spin-dried for 1 min using a manual centrifuge to remove residual
moisture [44], and placed on trays to be dried using a smart solar drying system [22–24].
Finally, the dried leaves were placed in sterile plastic bags and transported at ambient
temperature to the Laboratory of Agricultural, Food and Environmental Microbiology at
the University of Palermo, where they were milled to a particle size of 250 µm using a
Retsch centrifugal mill (Model ZM1, Haan, Germany).
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2.5. Microbiological Analysis of Moringa oleifera Leaf Powders

A culture-dependent approach was employed to assess the hygienic and safety char-
acteristics of the powders obtained from the four M. oleifera genotypes. This evaluation
followed the methodology described by Viola et al. [45], which involved homogenizing
10 g of each powder with 90 mL of Ringer’s solution (Oxoid, Hampshire, UK) using a Stom-
acher Bag-Mixer 400 (Interscience, Saint-Nom, France). The homogenized powders were
serially diluted (1:10), and the resulting cell suspensions were used for the enumeration
and detection of the main pathogenic bacteria, following the guidelines of the International
Organization for Standardization (ISO). Specifically, the presence of total mesophilic mi-
croorganisms (TMM) [46], coagulase-positive staphylococci (CPS) [47], Escherichia coli [48],
Listeria monocytogenes [49], Salmonella spp. [50] was evaluated. All analyses were performed
in triplicate using culture media and supplements purchased from Oxoid.

2.6. Statistical Analysis

One-way analysis of variance (ANOVA) was used to statistically assess the differences
among the four M. oleifera genotypes (African, Indian, Pakistani M1 and Pakistani M2) in
terms of their microbial load. This analysis was applied to the counts of total mesophilic
microorganisms (TMM), with genotype considered the sole fixed factor. ANOVA enabled
the evaluation of whether significant differences existed among the genotypes with regard
to microbial contamination levels. All measurements were performed in triplicate, and
statistical significance was determined at a 95% confidence level (p < 0.05).

A hierarchical clustered heat map analysis (HMCA) was conducted to investigate the
relationships among four M. oleifera genotypes based on five standardized variables: canopy
temperature, plant height, and NDVI values recorded in July, September, and October. The
data were standardized using the (n − 1) method, and clustering was performed using
Ward’s method with Euclidean distance as the dissimilarity metric. The intensity of each
parameter was represented on a color scale ranging from red (<−1) to green (>1), with
intermediate values transitioning through black, allowing for intuitive visualization of the
relative intensities of each parameter. All analyses were conducted using XLStat software
ver. 2019.2.2 (Addinsoft, New York, NY, USA).

3. Results and Discussion
3.1. NDVI-Based Determination of Optimal Harvest Time for Moringa oleifera

NDVI values were calculated during three key periods—July, September, and
October—to evaluate the vegetative development of M. oleifera and identify optimal har-
vest windows. Image analysis through QGIS enabled the calculation of zonal statistics,
providing surface area estimates for different NDVI classes and supporting data-driven
crop management decisions. The spectral information obtained from UAV-acquired multi-
spectral images allowed for the generation of false-color composites, which enhanced the
visualization of vegetation density and vigor across the plots. Typical NDVI values ranged
between 0.7 and 0.9 during peak vegetative stages, indicating high photosynthetic activity
and biomass accumulation.

On 31 July, NDVI values averaged 0.3, with 89% of the land area exhibiting bare soil
and minimal vegetative cover. These early-season values reflect the dormant status of the
plants following winter dormancy and initial establishment.

By 4 September, the vegetative development was markedly improved, with over 54%
of the plot area showing NDVI values associated with healthy and vigorous vegetation.
This period coincided with favorable climatic conditions and peak leaf expansion.

On 30 October, 67% of the cultivated surface demonstrated robust vegetative vigor,
confirming continued growth and indicating an approaching optimal harvest stage. These
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findings suggest that NDVI monitoring is an effective method to pinpoint phenological
maturity and to support biomass collection for drying processing.

Overall, UAV-based multispectral imaging, coupled with advanced data processing
tools, provided valuable insights for optimizing crop management and decision-making
in precision farming, particularly for medicinal and aromatic plants (MAPs) such as M.
oleifera. The optimal harvest time was identified when mean NDVI values reached 0.85,
and the mean minimum temperature exceeded 10 ◦C—a critical threshold below which
M. oleifera begins to shed its leaves and exhibits reduced vegetative activity. Based on this
criterion, the period of 30 October 2024, was selected as the optimal harvest time.

Figure 4 illustrates the estimated canopy projection of four M. oleifera genotypes—
African (A), Indian (I), Pakistani PKM1, and Pakistani PKM2—over three UAV monitoring
dates during the 2024 season. The surface area was derived from multispectral image anal-
ysis and represents the horizontal projection of canopy cover (in square meters) at ground
level. Across all genotypes, a consistent increase in canopy surface area is evident between
July and October, with PKM1 and PKM2 showing the most extensive coverage by late
October. The African and Indian genotypes also exhibited substantial growth, although the
Indian genotype showed a more moderate increase. On average, on 30 October, all plants
have a projection area of around 0.7–0.75 m2 with minimal differences (Min 0.72–Max 0.77).
These canopy projections are important indicators of biomass accumulation and are used
in conjunction with NDVI data to inform optimal harvest timing [51].

 

Figure 4. Projected canopy surface area (m2) of four genotypes (A, I, PKM1, PKM2) of Moringa oleifera
across three periods (31 July, 4 September, 30 October 2024). NDVI maps derived from multispectral
UAV data showing vegetative vigor dynamics in Moringa oleifera. NDVI values range from 0.2
(red, low vigor) to 0.9 (dark green, high vigor). Maps correspond to flights on 31 July, 4 September,
and 30 October 2024. The color bar legend is included to represent vegetative vigor categories.
Scale bar = 5 m.

Generally, our findings on chemical composition are in accordance with respective
literature data. Some perceptible discrepancies between data of various investigations in
biomass composition might be associated with the differences in edaphoclimatic conditions,
fertilizer applications, cultivars involved and other reasons.
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3.2. NDVI, Thermal and H Canopy Images

Figure 5 illustrates the integrative potential of UAV-derived data by presenting a
composite map comprising NDVI (left), thermal imagery (center), and canopy height (right),
all collected during the monitoring period. The NDVI layer depicts spatial variations in
vegetative vigor, with values above 0.80 corresponding to photosynthetically active zones
and indicating optimal plant health and productivity [24]. The thermal map reveals
heterogeneity in canopy surface temperatures, with warmer areas (30–40 ◦C) signaling
possible water or heat stress. The canopy height map delineates architectural variability,
showing that taller individuals (height > 2.0 m) generally align with regions of high NDVI
and lower thermal emission.

 

Figure 5. UAV-based spatial analysis outputs for Moringa oleifera showing NDVI (left), canopy
temperature (middle), and plant height (right). Thermal orthomosaics show surface temperature
maps (◦C) for selected genotypes. Data were acquired on 4 September and 30 October 2024, at midday
(11:00–13:00 CEST) under clear sky conditions. Temperature values range from 21 ◦C (blue) to 36 ◦C
(red), as shown in the legend. Hotspots indicate potential water stress. Maps were generated using
FLIR Tools and QGIS. Scale bar = 5 m.

This multimodal dataset highlights the ability of UAV-based sensing systems to per-
form accurate and spatially explicit phenotyping of Moringa oleifera under real field con-
ditions. The synergy of spectral, thermal, and structural data enhances early detection
of physiological stress, facilitates biomass quantification, and allows for genotype perfor-
mance evaluation across time and space.

Importantly, the NDVI layer also reveals medium-green and yellow patches inter-
spersed within otherwise vigorous zones, corresponding to weed presence within crop
rows. While this complicates interpretation using NDVI alone, the thermal map provides
additional contrast by showing elevated canopy temperatures in non-target vegetation.
This thermal differentiation—rooted in transpiration-driven cooling—enables precise dis-
crimination between M. oleifera canopies and surrounding weeds or bare soil.

The canopy height layer reinforces this distinction by confirming the presence of
well-developed plant crowns (>2.0 m) in cooler, highly vigorous zones. The integration of
these three UAV-derived data types thus significantly improves the accuracy of vegetation
mapping and supports precision interventions for crop management.

Multitemporal NDVI data were captured at three phenological stages—31 July,
4 September, and 30 October 2024—corresponding to early development, peak growth,
and maturity, respectively. These measurements facilitated the identification of the optimal
harvest window and supported agronomic decisions related to drying and processing of
leaf biomass for food-grade powder [22–24].
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Thermal data played a critical role in stress detection. Increased canopy temperature
was linked to reduced stomatal conductance and decreased transpiration efficiency under
suboptimal conditions [25–27]. The application of the Crop Water Stress Index (CWSI)
enabled quantitative evaluation of plant water status, with values ranging from 0 (fully
irrigated) to 1 (severely stressed) [31–33]. CWSI values derived from thermal orthomosaics
indicated increasing stress in late October, with an average CWSI of 0.67 across all genotypes.
These data were strongly inversely correlated with NDVI (R2 = −0.82), confirming the
physiological relevance of both indices.

RGB orthomosaics collected concurrently provided additional visual assessment of
canopy density and color changes, further validating NDVI trends. The Zenmuse H20T
thermal sensor enabled precise mapping of temperature distributions across the canopy,
offering a proxy for water stress and transpiration dynamics. The combined use of thermal
and NDVI data improved the accuracy of stress detection and contributed to optimized
harvest scheduling.

Table 1 summarizes the performance of four Moringa oleifera genotypes—African (A),
Indian (I), Pakistani M1 (PKM1), and Pakistani M2 (PKM2)—cultivated under Mediter-
ranean field conditions. The analysis is based on UAV-derived indices (NDVI, canopy
temperature, CWSI) and ground-truth measurements (biomass yield, leaf dry weight,
chlorophyll content via SPAD).

Table 1. Vegetative and physiological traits of Moringa oleifera genotypes under Mediterranean conditions.

Genotype NDVI
(30 October)

Canopy Temp
(◦C) CWSI Biomass Yield

(kg/Plant)
Leaf Dry

Weight (%)
Chlorophyll

Index (SPAD)

A 0.88 30.1 0.42 2.4 22.5 45.2
I 0.82 31.4 0.55 2.1 20.1 41.6

PKM1 0.79 32.0 0.61 1.8 19.8 40.3
PKM2 0.91 29.3 0.36 2.7 23.3 47.5

Abbreviations: A, African genotype; I, Indian genotype; PKM1 Pakistani M1 genotype; PKM2, Pakistani
M2 genotype.

The Normalized Difference Vegetation Index (NDVI), recorded on 30 October, reflects
the photosynthetic activity and canopy density of each genotype. PKM2 recorded the
highest NDVI (0.91), indicating superior vegetative vigor and canopy development. The
African genotype (A) followed closely with an NDVI of 0.88. PKM1, although known
for drought tolerance, showed a lower NDVI (0.79), suggesting more modest canopy
development at the end of the growing season.

Canopy temperature and CWSI are critical indicators of water status. PKM2 exhibited
the lowest canopy temperature (29.3 ◦C) and lowest CWSI value (0.36), signifying better
transpiration efficiency and minimal water stress. In contrast, PKM1 showed the highest
canopy temperature (32.0 ◦C) and highest CWSI (0.61), suggesting significant heat and
water stress. The Indian genotype also displayed moderate stress levels, with a canopy
temperature of 31.4 ◦C and CWSI of 0.55.

These differences highlight genotypic variation in stomatal regulation and thermoreg-
ulatory capacity, with PKM2 emerging as the most physiologically resilient under semiarid
Mediterranean conditions.

In terms of aboveground biomass, PKM2 again led with a yield of 2.7 kg per plant,
followed by the African genotype at 2.4 kg. PKM1 produced the lowest biomass (1.8 kg),
aligning with its lower NDVI and higher canopy temperature. Leaf dry weight percentage
followed a similar trend, with PKM2 achieving the highest value (23.3%), indicating
superior foliar biomass accumulation and potential for higher post-harvest yield efficiency.
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The SPAD values, indicative of chlorophyll content and nitrogen status, further re-
inforce these observations. PKM2 achieved the highest SPAD index (47.5), followed by
the African genotype (45.2). The Indian and PKM1 genotypes had lower SPAD read-
ings (41.6 and 40.3, respectively), possibly reflecting lower photosynthetic potential or
earlier senescence.

The UAV image processing workflow was central to transforming raw data into
actionable agronomic insights. Thermal images were first converted to TIFF format us-
ing DJI Image Processor. These, along with RGB and multispectral datasets, were im-
ported into Agisoft Metashape Professional (v1.7.3) to generate orthomosaics, DEMs, and
dense point clouds through Structure-from-Motion (SfM) photogrammetry. Orthorecti-
fication and color calibration enhanced the interpretability of vegetation layers. Final
analyses were conducted in QGIS (v3.16.6 Hannover) using an Object-Based Image Analy-
sis (OBIA) framework, allowing for vegetation classification, zonal statistics, and false-color
composite generation.

This integrated workflow not only improved processing efficiency but also ensured
high spatial accuracy for field-level applications. The canopy surface area exhibited con-
sistent expansion over the three monitoring periods, further confirming the utility of
multispectral imaging for phenotyping purposes.

Among the tested genotypes, PKM1 and PKM2 exhibited superior vegetative vigor
and lower canopy temperature, suggesting a greater resilience to Mediterranean climatic
stressors. These findings underscore the role of UAV-based sensing in supporting genotype
selection, adaptive management, and climate-smart agriculture for M. oleifera and similar
MAP species [21,24].

Overall, the methodologies presented in this study demonstrate the applicability of
UAV-integrated sensing systems for optimizing input use, enhancing yield prediction, and
supporting sustainable cultivation of drought-tolerant crops in semiarid environments.

Overall, PKM2 consistently outperformed the other genotypes across all measured
parameters—demonstrating superior vegetative vigor, thermal regulation, and physiologi-
cal performance under Mediterranean conditions. These results suggest that PKM2 is a
promising candidate for sustainable, high-yielding M. oleifera cultivation in semiarid envi-
ronments. In contrast, PKM1 showed signs of water stress and lower productivity, despite
being genetically selected for arid conditions, highlighting the importance of localized
phenotyping before genotype recommendation.

These findings underscore the utility of UAV-based monitoring in capturing complex
genotype–environment interactions, supporting genotype selection, harvest scheduling,
and precision irrigation strategies in the cultivation of underutilized, climate-resilient crops
like Moringa oleifera.

This composite figure demonstrates the integrative potential of multispectral, thermal,
and structural imaging in smart agriculture. The NDVI layer reveals overall vegetative
vigor, while also highlighting the presence of weed cover within the Moringa oleifera plots.
In contrast, the thermal map effectively isolates active crop canopies—where cooler surface
temperatures are associated with greater transpiration—from warmer zones of lower
vegetative activity, such as weedy or bare areas. The canopy height map adds a structural
dimension, confirming the spatial distribution and volume of the aerial plant components.

The combination of these three maps allows for a nuanced discrimination of crop
crowns from weeds and soil, enhancing monitoring accuracy. Notably, the correlation
between NDVI and Land Surface Temperature (LST) is clearly evident: areas with higher
NDVI values correspond with reduced surface temperatures. This inverse relationship
is extensively documented in the scientific literature and plays a critical role in climate
modeling, crop phenotyping, and environmental monitoring.
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Persistent scientific interest in spatio-temporal NDVI–LST clusters reflects the broader
importance of understanding vegetation dynamics and temperature interactions—both
for mitigating urban heat island effects and for improving decision-making in precision
agriculture and climate-smart farming strategies.

The HMCA (Figure 6) revealed three main clusters. Cluster 1 grouped PKM1 and
PKM2, which showed similar profiles characterized by moderate canopy temperatures and
NDVI values and slightly above-average plant height. Cluster 2 was represented by the
African genotype, characterized by high NDVI values across all months and the highest
plant height, indicating robust vegetative development. The third and most distinct cluster
included the Indian genotype, which exhibited the highest canopy temperature but the
lowest values for plant height and NDVI. This suggests a potential stress response or a
different adaptation strategy.

I A PKM1 PKM2

Canopy temperature

Plant height

NDVI July

NDVI September

NDVI October

< − 1.40

−1.39 − −1.09

−1.08 − −0.78

−0.77 − − 0.47

−0.46 − −0.16

−0.15 − 0.16

0.17 − 0.48

0.49 − 0.79

0.80 − 1.19

1.20 − 1.41

> 1.42

Cluster 
1

Cluster 
2

Cluster 
3

Figure 6. Distribution of canopy temperature, plant height, and NDVI values (July, September, and
October) among four Moringa oleifera genotypes. Abbreviations: A, African genotype; I, Indian
genotype; PKM1, Pakistani M1 genotype; PKM2, Pakistani M2 genotype. The heat map plot depicts
the relative intensity of each variable (variables clustering on the y-axis) within each genotype
(x-axis clustering).

The color scale ranged from red (<−1.40) to green (>1.42), with intermediate values
transitioning through black. This allows for an intuitive visualization of the relative
intensity of each parameter. The dendrogram confirmed the proximity of PKM1 and PKM2,
while the African and Indian genotypes were more distant, reflecting their divergent
physiological and environmental profiles.

Table 2 presents the validation of UAV-based measurements by comparing them with
conventional ground-based methods across three critical parameters in Moringa oleifera
monitoring: plant height, NDVI, and canopy temperature. Each parameter is evaluated in
terms of its coefficient of determination (R2) and Root Mean Square Error (RMSE), which
collectively indicate the degree of agreement between remote and direct sensing approaches
under Mediterranean field conditions.
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Table 2. Comparison between UAV-derived and ground-truth measurements in Moringa oleifera monitoring.

Parameter UAV-Derived Measurement Ground Measurement Correlation
Coefficient (R2) RMSE

Plant height (m) Based on DSM/DTM Manual measurement
(ruler/tape) 0.92 0.08 m

NDVI (unitless) Multispectral
sensor (Red and NIR) SPAD chlorophyll meter 0.85 0.04

Canopy temperature (◦C) Thermal infrared imaging Handheld IR thermometer 0.81 1.2 ◦C

UAV-derived plant height was obtained through the differential analysis of Digital
Surface Models (DSMs) and Digital Terrain Models (DTMs) generated using Structure-
from-Motion (SfM) photogrammetry from RGB and multispectral imagery. Ground-truth
data were collected through manual measurement using a tape or ruler. The comparison
yielded a high correlation (R2 = 0.92) and low RMSE (0.08 m), indicating that UAV-derived
spatial models provide an accurate and non-invasive method for quantifying canopy
height in M. oleifera. These findings are consistent with previous studies that validate SfM
photogrammetry as a reliable technique for height estimation in herbaceous and shrub
crops cultivated in open fields.

NDVI values were computed from reflectance in the Red and Near-Infrared (NIR)
spectral bands captured by the multispectral sensor onboard the UAV. Corresponding
ground-based measurements of chlorophyll content were obtained using a SPAD-502 meter,
which is widely accepted as a proxy for leaf greenness and nitrogen status. The resulting
correlation (R2 = 0.85) and RMSE (0.04) underscore the robustness of NDVI as a surrogate
for chlorophyll content in M. oleifera. The strength of this relationship aligns with previous
work on aromatic and leafy crops, where NDVI has proven effective in characterizing foliar
development and nutrient uptake under variable environmental conditions.

Thermal imagery acquired from UAV-mounted longwave infrared (LWIR) sensors
was validated against spot measurements taken with a handheld IR thermometer directed
at the sunlit portion of the upper canopy. The correlation between the two datasets was
strong (R2 = 0.81), with an RMSE of 1.2 ◦C. While minor discrepancies are expected due
to differences in spatial resolution and averaging methods, these results confirm that
UAV thermal imaging provides a reliable spatial representation of canopy temperature
gradients. Such capability is essential for detecting water stress through transpiration-
related temperature changes and supports early intervention strategies.

Overall, the results presented in Table 2 validate the utility of UAV platforms for
high-precision monitoring of key biophysical parameters in Moringa oleifera. All cor-
relation coefficients exceeded 0.80, and RMSE values remained within acceptable mar-
gins, confirming the accuracy and reliability of remote sensing methods relative to tra-
ditional techniques. These outcomes reinforce the feasibility of integrating UAV-based
approaches into routine agronomic surveillance, particularly for climate-resilient crops
grown in semiarid environments.

By enabling rapid, non-destructive, and spatially explicit data acquisition, UAV tech-
nologies support real-time decision-making for crop management, including the scheduling
of harvest operations, assessment of genotype performance, and optimization of irrigation
practices. Such innovations are pivotal for enhancing resource efficiency and sustainability
in Mediterranean agroecosystems.

3.3. Hygiene and Safety Assessment of Moringa oleifera Leaf Powders

The four M. oleifrera leaf powders produced in this study were subjected to plate
counts to assess the presence of the main potentially harmful bacteria (Salmonella spp., CPS,
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E. coli, L. monocytogenes) recognized as essential indicators of food hygiene and safety [52]
(Table 3). This evaluation is particularly crucial given the rising number of notifications
in Europe regarding the detection of these pathogens in spices, herbs, and seasoning
mixes [53]. Furthermore, the publication of the Food and Drug Administration report,
“FDA Risk Profile: Pathogens and Filth in Spices”, underscores the need for improved
microbiological safety and overall quality standards in the spice industry [54]. As shown in
Table 3, none of the analyzed samples contained detectable levels of Salmonella spp., CPS,
E. coli, and L. monocytogenes. Viable cells were detected only for TMM, with concentrations
of approximately 3.0 Log CFU/g across all analyzed samples.

Table 3. Microbial loads of microorganisms in four M. oleifera leaf powder samples.

Sample TMM CPS E. coli L. monocytogenes Salmonella spp.

A 2.95 ± 0.29 a n.d. n.d. n.d. n.d.
I 3.07 ± 0.18 a n.d. n.d. n.d. n.d.

PKM1 3.14 ± 0.15 a n.d. n.d. n.d. n.d.
PKM2 2.84 ± 0.23 a n.d. n.d. n.d. n.d.
p value 0.405 n.e. n.e. n.e. n.e.

Abbreviations: A, African genotype; I, Indian genotype; PKM1 Pakistani M1 genotype; PKM2, Pakistani M2
genotype; TMM, total mesophilic microorganisms; CPS, coagulase-positive staphylococci; n.d., not detected;
n.e., not evaluated. Values in the same column followed by the same letter are not significantly different, as
determined by Tukey’s test.

Given that TMM are classified as environmental contaminants [55] the lack of statisti-
cally significant differences among the samples (p > 0.05) is unsurprising, as the plants were
cultivated in the same geographical area. However, according to the International Commis-
sion on Microbiological Specifications for dried vegetables, levels below 4.0 Log CFU/g of
these microorganisms do not pose a health risk to consumers [56]. These findings confirm
the hygienic and safety suitability of the four M. oleifera powders produced in this study,
supporting their potential use as natural and functional additives in food production.

4. Conclusions
This study provides a comprehensive assessment of the effectiveness of UAV-based

multispectral and thermal imaging technologies for the precision monitoring and man-
agement of Moringa oleifera cultivated under Mediterranean climatic conditions. The
integration of spectral indices, thermal imaging, and field-based validation enabled the
accurate characterization of genotype-specific traits, physiological stress responses, and
biomass accumulation dynamics throughout the growing season.

Vegetation analysis through NDVI mapping identified the temporal evolution of
vegetative vigor, with 30 October emerging as the optimal harvest window when NDVI
values exceeded 0.85 and minimum night temperatures remained above 10 ◦C. Canopy
temperature data derived from thermal imagery allowed early detection of water stress, as
reflected in increasing CWSI values (mean CWSI = 0.67), with a strong inverse correlation
(R2 = −0.82) between NDVI and CWSI across genotypes.

Validation results, as reported in Table 2, demonstrated strong agreement between
UAV-derived and ground-truth data for plant height (R2 = 0.92; RMSE = 0.08 m), chlorophyll
content (NDVI vs. SPAD, R2 = 0.85), and canopy temperature (R2 = 0.81; RMSE = 1.2 ◦C),
thereby confirming the reliability of UAV-based indices in real-field applications. The
structural data (canopy height), spectral metrics (NDVI), and thermal maps provided
complementary insights into plant architecture, vigor, and physiological status (Figure 5),
supporting a multifactorial approach to crop performance evaluation.



Agriculture 2025, 15, 1359 15 of 18

In addition to in-field monitoring, a novel aspect of the research was the incorporation
of post-harvest microbiological quality assessments. These confirmed the hygienic suitabil-
ity of M. oleifera leaf powders for human consumption, thereby connecting remote sensing
outputs with product safety standards and extending the application of UAV technologies
from precision agriculture to functional food production.

The comparative analysis of genotypes (Table 1) further highlighted the superior
performance of the PKM2 genotype, which exhibited the highest NDVI (0.91), lowest
canopy temperature (29.3 ◦C), and greatest biomass yield (2.7 kg/plant). These results
underscore the potential of UAV-based phenotyping for guiding genotype selection and
resource-efficient cultivation in water-limited environments.

Overall, this research presents a replicable and validated UAV-based workflow that
spans the full agricultural value chain—from real-time crop monitoring and stress detection
to post-harvest quality assurance. The methodology contributes to the advancement of
smart, sustainable agriculture in semiarid regions and supports the integration of non-
conventional, climate-resilient crops like M. oleifera into circular bioeconomy frameworks.
Future applications could further benefit from integrating decision support systems, yield
prediction models, and automated UAV tasking protocols to enhance operational scalability
and precision.
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