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A B S T R A C T   

Innovations in precision agriculture enhance complex tasks, reduce environmental impact, and increase food 
production and cost efficiency. One of the main challenges is ensuring rapid information availability for 
autonomous vehicles and standardizing processes across platforms to maximize interoperability. The lack of 
drone technology standardisation, communication barriers, high costs, and post-processing requirements 
sometimes hinder their widespread use in agriculture. This research introduces a standardized data fusion 
framework for creating real-time spatial variability maps using images from different Unmanned Aerial Vehicles 
(UAVs) for Site-Specific Crop Management (SSM). Two spatial interpolation methods were used (Inverse Distance 
Weight, IDW, and Triangulated Irregular Networks, TIN), selected for their computational efficiency and input 
flexibility. The proposed framework can use different UAV image sources and offers versatility, speed, and ef
ficiency, consuming up to 98 % less time, energy, and computing requirements than standard photogrammetry 
techniques, providing rapid field information, allowing edge computing incorporation into the UAV data 
acquisition phase. Experiments conducted in Spain, Serbia, and Finland in 2022 under the H2020 FlexiGroBots 
project demonstrated a strong correlation between results from this method and those from standard photo
grammetry techniques (up to r = 0.93). In addition, the correlation with Sentinel 2 satellite images was as strong 
as that obtained with photogrammetry-based orthomosaics (up to r = 0.8). The proposed approach could support 
irrigation leak detection, soil parameter estimation, weed management, and satellite integration for agriculture.   

1. Introduction 

Precision agriculture (PA) involves collecting and analyzing data 
from various sources, such as satellites or Unmanned Aerial Vehicles 
(UAVs, also known as drones), field sensors, and chemically analyzed 
soil samples to identify and manage field variability in a site-specific 
manner [1]. The Site-Specific Crop Management (SSM) approach is a 
type of PA that aims to improve resource application decision-making, 
such as water, fertilizers, pesticides, and agronomic practices, by 

better understanding the spatial variability of crop development factors 
[2]. Satellites, in combination with Geographic Information Systems 
(GIS), have long been used for remote sensing, with Vegetation Indices 
(VIs) as an effective way to analyze spatial variability in agriculture [3,4, 
5]. However, affordable sensors, which lower the cost barrier, have 
made advanced data collection techniques accessible to more farmers 
and agricultural professionals, increasing the importance of UAVs for 
remote sensing [6,7,8,9]. Nevertheless, in many cases, low to 
moderate-resolution images are sufficient to identify and map crop 
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variability because it is often related to larger-scale factors such as soil 
type, topography, and management practices [10]. Hence, the choice of 
data source depends on the study’s scope and research purpose, 
including the ground-level precision requirements and data capture 
frequency [11]. 

On the one hand, images at different scales and resolutions can 
provide similar results when analyzing patterns and spatial variability in 
heterogeneous agricultural fields [12,13] found strong correlations be
tween satellite and UAV images despite severe differences in spatial 
resolution (10 × 10, 3 × 3, and 1 × 1 m per image pixel), reporting that 
satellite images were as effective as drone images in assessing general 
field conditions. [14] found that both UAV and Sentinel-2-derived NDVI 
(Normalized Difference Vegetation Index) values were effective in 

approximating LAI in maize fields, showing consistent trends. [15] 
observed that UAV-based data was more accurate than satellite data, but 
both were highly correlated and useful for creating detailed vineyard 
variability maps to improve grape yield and quality while minimizing 
costs and environmental impacts. Bollas et al. [16] found a high level of 
similarity between Sentinel 2 satellite imagery and UAV multispectral 
images, with both methods producing nearly identical average trends 
and a strong correlation. Moreover, in vertical trellis crops, as in 
continuous crops, Sentinel 2 and UAV imagery showed similar spatial 
variability trends and patterns of crop vigour [17]. Therefore, extensive 
detail is not always necessary to extract useful information from 
remotely sensed imagery. 

On the other hand, UAVs have emerged as a valuable tool for 

Fig. 1. Top-left: Location of agricultural plots. Vineyard: located in ’Tomiño, Pontevedra’, Galicia, Spain (X: -979,061.0, Y: 5,154,269.1). Blueberries: located in 
Babe, Kosmaj, Serbia (X: 2,284,674.4, Y: 5,547,249.5). Grassland: located in Minkiö, Jokioinen, Kanta-Häme, Finland (X: 2,608,589.4, Y: 8,594,699.1). CRS WGS84 
Pseudo-Mercator (EPSG: 3857). Top-right: Blueberry field. Bottom-left: Grassland. Bottom-right: Vineyard. Top-left: single image. Main: Orthomosaic. Red 
polygon: Region of Interest. White dots: position of the cameras during the flight. 
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generating VIs in agriculture, which help monitor crop growth, health, 
and productivity to optimize yield and improve overall efficiency [18]. 
UAVs offer advantages over satellite-based methods, such as higher 
resolutions. Nevertheless, satellite VIs have long yielded promising re
sults, so combining their processing techniques with those of UAV VIs 
seems reasonable. Still, in agriculture, timely information can be as 
important as accurate data in certain situations because agricultural 
management decisions often require quick action to maximize yields 
and minimize losses. UAVs excel in this sense, facilitating timely infor
mation at critical phenological stages, allowing customized flights 
throughout the growing season [19,20]. This need will be even more 
significant in the coming years with the integration of robots in agri
culture [21]. Additionally, these operations occur in remote environ
ments, with restrictions such as equipment with reduced computing 
capacity or rural connectivity problems [22], which limits cloud-based 
information processing. In this scenario, although photogrammetric 
techniques are helpful in agriculture [9,23,24], they can require 
powerful computing resources and significant processing times. 

Therefore, developing standardized multisource techniques, 
regardless of the platform and sensor used, is desirable to allow rapid 
assessment of agricultural variability using drone imagery. This research 
proposes a new UAV precision agriculture approach that addresses the 
challenges of i) standardization and interoperability between platforms 
and ii) fast processing of UAV data and real-time information. 

2. Materials and methods 

The experiments were part of the FlexiGroBots project and included 
three realistic scenarios implemented in commercial fields. These ex
periments were conducted in three locations across Europe: Spain, 
Serbia, and Finland (Fig. 1). Different crops were planted in each field: 
vineyards in Spain, blueberries in Serbia, and silage grasslands in 
Finland. Moreover, the UAVs and methodologies of image acquisition 
were different, resulting in various datasets composed of RGB and 
multispectral imagery (Table 1). All flights used RTK positioning with a 
70–80 % overlap. 

In Spain, UAV images were captured over a commercial vineyard, 
Vitis vinifera cv. Loureiro, located in Pontevedra, Galicia, Spain (X: 
-979,061.0, Y: 5,154,269.1; WGS84 Pseudo-Mercator, EPSG: 3857). 
Bodegas Terras Gauda, S.A., owns the vineyard, has an 8.1 % slope and 
1.06 ha, and belongs to "Rias Baixas DO" (Designation of Origin). The 
grapevines, planted in 1990 with an NE-SW orientation, were trained 
using vertical shoot positioning (VSP). The distance between plants and 
rows is 2.5 and 3 m, respectively. The vineyard was managed in 
compliance with the DO protocol and legislation in force. Natural 
vegetation species grew as cover crops. 

In Serbia, the images were taken over a commercial blueberry farm, 
Vaccinium corymbosum cv. Duke, located in Kosmaj mountain, village 
Babe, Serbia (X: -979,061.0, Y: 5,154,269.1; WGS84 Pseudo-Mercator, 
EPSG: 3857). The plantation is owned by Džodan Berry, with a slope 
of 2–3 % and covers 4 ha. Most plants were planted in 2015, with an 
expansion in 2018. The distance between plant rows is 3 m, with 1 meter 
between plants. Grass grows between rows, and the orchard complies 
with Global GAP food safety standards, other standards (SMETA, 
GRASP) and legislation in force. 

In Finland, images were taken over a silage grassland managed by 
LUKE located in Jokioinen, Finland (X: 2,608,589.4, Y: 8,594,699.1; 
WGS84 Pseudo-Mercator, EPSG: 3857), with a mixture of grass varieties 
Timothy, Meadow fescue, and Clover and a relatively large occurrence 
of weeds (Rumex longifolius), forming an even canopy covering the soil 
almost completely. The grassland is about 16 ha and relatively even, 
with a 4-meter elevation difference. 

2.1. Proposed framework 

Photogrammetric techniques in agriculture use aerial imagery to 
gather data about crops and soil conditions, offering valuable insights 
but costly in terms of time and computational power. The efficiency and 
accuracy of these methods depend heavily on the image resolution and 
the overlap between aerial images [25]. Higher resolution leads to better 
quality but also increases costs, highlighting a trade-off between preci
sion, computation power and time [26]. 

The proposed spatial variability map framework (Fig. 2) avoids 
photogrammetry. Instead, it uses UAV nadir images through parallel 
processing: a) extracting spectral data from a Region of Interest (ROI) to 
compute the VI, and b) extracting image metadata for geopositioning, 
and finally, combining spectral information with spatial points through 
data fusion. Finally, spatial interpolation generates the spatial vari
ability map. 

In order to validate the results, the spatial variability maps were 
compared to high-quality orthomosaics generated through standard 
photogrammetry processing. 

The ROI dimensions are a function of the size of the image. In this 
study, the ROI was a square with sides starting at each image di
mension’s first and third quartiles (X and Y). The lower left vertex was 
the origin of coordinates (0,0) of the image, and Qi was the quartile i 
relative to the maximum value in each dimension. The coordinates of 
the four vertices of the square are calculated as follows: 

Upper left vertex A(x, y) = A(XQ1,YQ3) = A(0.25 ∗Xmax,0.75 ∗Ymax)

(1)  

Upper right vertex B(x, y) = B(XQ3,YQ3) = B(0.75 ∗Xmax, 0.75 ∗Ymax)

(2)  

Lower right vertex C(x, y) = C(XQ3,YQ1) = C(0.75 ∗Xmax,0.25 ∗Ymax)

(3)  

Lower left vertex D(x, y) = D(XQ1,YQ1) = D(0.25 ∗Xmax,0.25 ∗Ymax)

(4) 

After defining the ROI, the image is cropped, and the different 
channels are extracted to calculate the VIs. The digital numbers were 
transformed into reflectance values following the procedure described in 
[27], although this procedure depends on the kind of sensor used. Four 
commonly used RGB-based VIs were employed in this study (Table 2): 
Normalized Green-Red Difference Index (NGRDI), Green Leaf Index 
(GLI), Red-Green-Blue Vegetation Index (RGBVI), and Visible Atmo
spheric Resistance Index (VARI). NGRDI is useful in determining 
optimal harvest times and predicting growth rates [28]. GLI enhances 
the identification of vegetated areas, critical for tasks requiring vege
tated area masking or monitoring vegetation anomalies [29]. RGBVI 

Table 1 
Summary of UAV operations for Crop monitoring in different locations.  

Country Crop Type UAV Model Date/Time Height N.Images Sensor Specifications Area 

Spain Vineyard DJI Phantom 4 RTK 12-Jul-22 
18:31 

30m 282 20-megapixel 1.06 ha 

Finland Grassland DJI Phantom 4 RTK 01-Jun-22 
11:06 

60m 417 20-megapixel 16 ha 

Serbia Blueberries DJI Phantom Multispectral 02-Jul-21 
10:08 

50m 309 Multispectral 4 ha  
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allows for early growth stage biomass prediction, essential for opti
mizing agricultural inputs and improving yield predictions [30]. Finally, 
VARI monitors crop growth in detail, helping in efficient field man
agement and breeding programs [31]. 

Afterwards, spatial interpolation converts discrete observations into 
continuous data covering the field. Spatial interpolation estimates a 

variable’s value at a specific location based on known values at other 
places [35]. Common methods are IDW, Inverse Distance Weight, and 
TIN, Triangulated Irregular Networks. In this study, IDW and TIN are 
chosen over other methods because of their suitability for regularly 
spaced data obtained from drone imagery. The IDW’s simplicity and 
TIN’s geometric adaptability are particularly advantageous for pro
cessing large datasets with a focus on speed and efficiency, ensuring 
minimal computational load. 

IDW [36] assumes that nearby points are more similar than those 
farther away, using nearby values to estimate the value of a specific 
location and assuming that each measured location has a local impact 
that decreases as the distance between locations increases. The esti
mated value at a particular location is a weighted mean of nearby points: 

ŝ(x) =
∑n

i wi ∗ si
∑n

i wi
(5)  

with 

wi = |x − xi|
− β
, β ≥ 0  

where ŝ(x) is the estimated value at location x, si is the known value at 
location i, wi is the weight assigned to the known value at location i 
based on its Euclidean distance xi to the unknown location x. β is the 

Fig. 2. Framework of the proposed methodology to obtain the spatial variability map through a data fusion approach. This methodology avoids photogrammetry by 
parallel processing of UAV nadir images and metadata, extracting spectral information and image positions. A data fusion process combines spatial points with 
spectral data, which are spatially interpolated to generate a spatial variability map. A standard photogrammetry workflow is used to validate the approach, and the 
results are compared to Sentinel 2 satellite imagery to assess integration possibilities. 

Table 2 
Vegetation indices. Wavelengths: Red, λ = 640 : 760 nm(ρ640:760). Green, λ =
490 : 570 nm(ρ490:570). Blue, λ = 420 : 480 nm(ρ420:480).  

Vegetation Index Equation Reference 

Normalized Green Red 
Difference Index NGRDI =

(ρ490:570 − ρ640:760)

(ρ490:570 + ρ640:760)

[32] 

Green Leaf Index GLI =

(2 ∗ ρ490:570 − ρ640:760 − ρ420:480)

(2 ∗ ρ490:570 + ρ640:760 + ρ420:480)

[33] 

Red-Green-Blue Vegetation 
Index 

RGBVI =
(
ρ2

490:570
)
− (ρ640:760 ∗ ρ420:480)(

ρ2
490:570

)
+ (ρ640:760 ∗ ρ420:480)

[30] 

Visible Atmospherically 
Resistant 
Index 

VARI =

(ρ490:570 − ρ640:760)

(ρ490:570 + ρ640:760 − ρ420:480)

[34]  
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inverse distance power and represents the influence of a known point 
depending on the distance. As a result, higher weights are assigned to 
points closer to the unmeasured location, and the weight assigned to 
each point decreases as the distance increases [37]. IDW is fast to 
calculate, and it is flexible since β is equivalent to a bandwidth that 
smooths the results. Thus, in general, small values will generate smooth 
images, while high values will produce images similar to those from 
nearest-neighbor interpolation [38]. The default value is 2, as estimating 
β itself is challenging [37]. Aiming to automate the procedure, this work 
proposes an optimized β where the value is the Observed Mean Distance. 
An alternative method is TIN, which was first implemented in cartog
raphy in 1973 [39] and is widely used for terrain modelling, surface 
interpolation, and visualization applications. It is a vector data model 
that models a surface as contiguous, non-overlapping triangles whose 
vertices are the sampling points. The barycentric coordinates (α, β, γ) 
represent the relative distances of the unknown point from each triangle 
vertex [40], and their sum equals 1. Firstly, to interpolate the values of 
an unknown point ̂s(x, y) within a triangle with known vertices X(x1,y1), 
Y(x2,y2), and Z(x3,y3), the area of the triangle is calculated as: 

A =
1
2
⃒
⃒x1

(
y2 − y3

)
+ x2

(
y3 − y1

)
+ x3(y1 − y2)

⃒
⃒ (6) 

These areas are calculated for each triangle within the system using 
the coordinates of the corresponding vertices and the unknown point. 
Subsequently, the barycentric coordinates can be computed as: 

α =
A1

A
; β =

A2

A
; γ =

A3

A
(7)  

where A1,A2,A3 are the areas of the triangles formed by the unknown 
point and each of the three vertices (X, Y, Z). Once the barycentric co
ordinates are determined, the value of the unknown point can be 
interpolated using the weighted sum of the values at the vertices of the 
triangle: 

ŝ(x) = α ∗ px + β ∗ py + γ ∗ pz (8)  

where px, py, pz are the values at the vertices of the triangle. From the 
point of view of interpolation, it can be considered a local and exact 
method that calculates the information of any point on the surface by 
interpolating the vertices of the triangles that surround it, which form 
the vertices of the triangle containing the point [41]. 

2.2. Validation 

Several orthomosaics for each location were generated to validate 
the generated spatial variability maps. To this end, a standard photo
grammetric workflow was performed, using Agisoft Metashape 

Professional software, version 1.7.6 (Agisoft LLC, St. Petersburg, 
Russia), following the software’s guidelines. The process involved 
optimizing camera positions and orientating data, generating a dense 
point cloud, and creating the orthomosaic. Photogrammetric recon
struction was conducted in low, medium, and high-quality settings to 
compare processing times. Furthermore, high-quality products served as 
validation for the maps generated by the proposed framework, calcu
lating the same VIs for each process. 

In the next step, three grids with varying tile sizes were used for the 
statistical analysis and comparison between each pair of UAV-based 
maps (Fig. 3). The first grid had a 1 m side to identify small-scale dif
ferences in the UAV maps, such as plant height and density variations. 
The second grid had a 3 m side to assess larger-scale differences, such as 
canopy cover. The third grid had a 10 m side, like Sentinel 2 imagery, to 
identify spatial variabilities, such as variations in irrigation, field 
topography, or management practices. This approach enabled 
comparing the UAV maps at different detail levels. Rectangular grids 
were used to balance tile size, bias and variability, with larger tiles 
reducing relative error but eliminating spatial variability within that 
area [38]. 

Finally, satellite images were downloaded for each location on the 
nearest cloud-free date to compare the results and evaluate their inte
gration. Sentinel 2 products were chosen for their higher spatial reso
lution (10 m) and frequent revisit time (5 days) compared to other freely 
accessible satellite image sources. Thus, level 2A images captured by the 
MSI Instrument were downloaded: 8 July 2022 for Spain, 30 June 2021 
for Serbia, and 30 May 2022 for Finland. 

The computer used was a Linux 64-bit system (Ubuntu 20.04.4 LTS) 
with 64 GB RAM, Intel(R) Core(TM) i9–10940X CPU with 14 cores (28 
threads) and a base frequency of 3.30 GHz (4.80 GHz in Turbo Boost 
Max mode). It had a Samsung SSD 860 EVO 1 TB and two Nvidia Titan 
RTX GPUs with a clock speed of 1770 MHz, 576 Tensor Cores, 4608 
CUDA cores, and 24 GB GDDR6. Data analyses were conducted using 
QGIS (version 3.22.X, QGIS developer team 2022), and R software 
(version 4.2.X, R Foundation for Statistical Computing, R Core Team 
2019, Vienna, Austria), including packages raster, spatstat, and exifr, 
from the Comprehensive R Archive Network (CRAN). 

3. Results 

For better clarity, statistical results for all fields are presented, but 
Fig. 4 highlights the VI generation process specifically for the vineyard, 
and Fig. 5 focuses on the NGRDI maps for each methodology and the 
three different crop fields across Europe. 

Regarding the maps generated by each methodology (Fig. 5), similar 
patterns are observed in both orthomosaic-based maps and those based 

Fig. 3. Grid layers employed to analyze the spatial variability differences between the products. Three different grids with varying tile sizes were used. The first grid 
had a 1 m side, representing the sub-plant level; the second grid had a 3 m side, representing the plant level; and the third grid had a 10 m side, representing the 
plant-group level. 
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on IDW and TIN interpolation. 
Thus, in the vineyard, higher VI values are found in the west, likely 

due to a tree shade. If observed in detail, a strip from the west to the 
northeast can be seen in both NGRDI maps, although less clear in the 
map calculated from the orthomosaic. For the blueberries, a path in the 
middle-west of the orthomosaic is clearly identifiable in the spatial 
variability maps, with several spots with spikes in VI, indicating higher 
vegetative development. In the grassland, two areas with low NGRDI are 
identified: one in the north, which is a shelter for agricultural machin
ery, and another in the west with poor vegetation density, visible even as 

bare soil in the orthomosaic. 
For all sites, the maps generated by TIN are visually smoother than 

those by IDW, making it easier to identify regions with different VI 
values. However, a disadvantage of TIN compared to IDW is clear: in 
blueberries and grassland, TIN maps fail to interpolate values within the 
entire ROI, because TIN generation is limited to the vertices of the tri
angles. This issue does not arise in the vineyard case because the images 
were taken both inside and outside the ROI, making an optimum 
coverage. 

Regarding IDW results, β values affect map quality (Fig. 6), with 

Fig. 4. Workflow including the generated product for the experiment in the vineyard. The initial inputs are the nadir images from the UAV flight. The Vegetation 
Index is calculated and discretized using the coordinates extracted from the metadata of each image. Finally, spatial interpolation is performed to generate the spatial 
variability map. 
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lower values lacking interpolation and higher values showing highly 
differentiated zones. With β = 2, IDW produced maps with isolated in
formation spots. 

Spearman correlation analysis for the 10 m grid shows quite stable 
correlations regardless the VI used, with values reaching r = 0.93 for the 
vineyard (Fig. 7), r = 0.93 for the blueberries (Fig. 8), and r = 0.86 for 
the grassland (Fig. 9). 

An initial exploratory analysis of the data (Fig. 7, Fig. 8, and Fig. 9) 

suggests lower spatial variability in the vineyard, likely due to its smaller 
size. Moreover, using simple regression, the best correlations appeared 
in the vineyard. The correlation values for IDW confirm that β = 2 had 
the worst correlations; therefore, it is not recommended. As anticipated, 
the correlations between the generated variability maps and the vege
tation maps produced by the orthomosaics increase in all agricultural 
fields as the grid size increases, likely due to reduced spatial resolution, 
aligning the detail level of the orthomosaic with that of the spatial 

Fig. 5. Spatial variability maps based on Normalized Green-Red Difference Index (NGRDI) for each location generated using (a) orthomosaic, (b) optimized IDW, and 
(c) linear TIN for each field. The position of the cameras and the drone flight conditions were different in each field. WGS84 Pseudo-Mercator (EPSG: 3857). 
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variability maps. 
TIN achieved better correlations than IDW in all cases, although they 

were very similar. TINc was slightly more correlated with orthomosaics 
than TINl, but the differences were minimal. Table 3 presents the cor
relations between the orthomosaic and TINc for each VI. As expected, 
correlation values gradually declined with 3 m and 1 m grids for 

statistical analysis, consistent with other research [42]. 
In addition, the correlations between products generated using UAV 

imagery and the Sentinel 2 images were also evaluated (Fig. 10). These 
images were compared to the vegetation maps derived from the ortho
mosaic and the maps generated using the proposed framework, specif
ically, TINl (TIN linear). Results showed similar values for both the 

Fig. 6. Spatial variability maps of the vineyard based on Normalized Green-Red Difference Index (NGRDI) for each location generated using IDW and power of (a) β 
= 2, (b) the optimized value, β = 5, (c) β = 10, (d) β = 20. WGS84 Pseudo-Mercator (EPSG: 3857). 

Fig. 7. Spearman correlation between the Vegetation Indices (NGRDI, GLI, RGBVI, and VARI) generated using the proposed methodology and a standard photo
grammetric process in the vineyard. IDW10, Inverse Distance Weight, power of 10; TINl, Triangulated Irregular Networks (linear); TINc Triangulated Irregular 
Networks (cubic). Significance level: *p-value<0.05, **p-value<0.01, ***p-value<0.001. 
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orthomosaic-derived maps and those generated using the proposed 
framework. 

Finally, processing times were analyzed (Fig. 11). This information is 
critical when working with robots in agricultural fields, where device 
communications and connectivity may be limited and have low band
width. It is worth recalling that the number of images differed for each 
field (vineyard, 282 images; blueberries, 309 images; grassland, 417 
images). 

All interpolation methods were efficient and very fast, with TIN more 
efficient than IDW, taking up to 93 % less time in the grassland. Within 
TIN, the linear method was quicker than the cubic. The proposed 
methodology was almost 88 % faster on average compared to the low- 
quality photogrammetric flow, and up to 97 % faster than the high- 
quality photogrammetric process. Specifically, the proposed data 
fusion approach required 94 % less time in the vineyard, 78 % less in 
grassland, and 92 % less in blueberries compared to the low-quality 
photogrammetric process, and 98 %, 94 %, and 98 % less time, 
respectively, when compared to the high-quality process. 

4. Discussion 

This research used several low-cost UAVs in real scenarios to 
generate four commonly used RGB VIs. When comparing VIs, it is 

essential to consider their suitability for specific applications. For 
example, the NGRDI index, used as the guiding thread of this work, has 
proved to help evaluate nitrogen balance in wheat [43]; still, it struggles 
with vegetation identification in complex backgrounds [44]. No such 
issues occurred in this research, with VI maps showing similar spatial 
variability patterns. Moreover, this research develops a real-time image 
processing methodology to use images efficiently, making the choice VI 
irrelevant, allowing the calculation of other VIs, such as the 
better-known NDVI. Thus, geopositioning enables this framework to be 
fully compatible with any image, such as RGB and multispectral. This 
characteristic expands the framework capabilities since multispectral 
image-based VIs are particularly useful for agricultural tasks like esti
mating the risk of fungal disease in vineyards [45,46] and identifying 
crop growth trends and health [47,48,49]. 

Similarly, in this research, these VI spatial variability maps can be 
helpful for quick assessment of potential issues: in Finland, for example, 
for quickly mapping the vegetation daily and highlighting areas with 
lower plant development. In Spain, the belt observed in the IDW and TIN 
maps (Fig. 5) is a common agricultural spatial phenomenon that could 
be related to factors like topography and ephemeral streams [50], and 
the differences in altitude resulting in a northern depression can cause 
water and sediment transport, altering soil texture and composition, 
affecting plant development and resulting in spatial variability [51]. In 

Fig. 8. Spearman correlation between the Vegetation Indices (NGRDI, GLI, RGBVI, and VARI) generated using the proposed methodology and a standard photo
grammetric process in the blueberries. IDW10, Inverse Distance Weight, power of 10; TINl, Triangulated Irregular Networks (linear); TINc Triangulated Irregular 
Networks (cubic). Significance level: *p-value<0.05, **p-value<0.01, ***p-value<0.001. 
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addition, ephemeral streams can cause small gullies, making charac
teristic spatial patterns within the field that influence plant development 
[52]. Other factors, such as crop management operations, can reduce the 
natural variability caused by soil and topography [53]. Hence, despite 
the lower resolution, the maps generated using the proposed approach 
effectively capture spatial variability, and the adaptable input re
quirements (multiple sensors and geostatistical interpolation, reducing 
computational demands for rapid assessments) makes this framework 
versatile and suitable for many purposes. 

Depending on the field, the proposed framework demonstrated a 

speed improvement up to 98 % faster and, on average, 88 % faster than 
methods based on photogrammetry. This speed is crucial as technology 
becomes more prevalent in agriculture. Additionally, it is particularly 
important for many farms that cannot invest in the latest, most expen
sive equipment, and even when they can, they often face challenges due 
to image processing difficulties caused by hardware constraints and 
computational limitations [54]. The experiment’s outcomes are highly 
reliable as they were conducted in three locations across Europe: Spain, 
Serbia, and Finland (Fig. 1), involving diverse UAVs and sensors, various 
crop types, and various weather conditions. Similar findings by other 

Fig. 9. Spearman correlation between the Vegetation Indices (NGRDI, GLI, RGBVI, and VARI) generated using the proposed methodology and a standard photo
grammetric process in the grassland. IDW10, Inverse Distance Weight, power of 10; TINl, Triangulated Irregular Networks (linear); TINc Triangulated Irregular 
Networks (cubic). Significance level: *p-value<0.05, **p-value<0.01, ***p-value<0.001. 

Table 3 
Spearman correlation between the orthomosaic and TINc for the 1 m and 3 m grids and each Vegetation Index. NGRDI, Normalized Green Red Difference Index; GLI, 
Green Leaf Index; RGBVI, Red-Green-Blue Vegetation Index and; VARI Visible Atmospherically Resistant Index. All values had a p-value<0.001.  

Vegetation Index Tile size 

1 m 3 m 

Vineyard Blueberries Grassland Vineyard Blueberries Grassland 

NGRDI 0.52 0.58 0.60 0.71 0.74 0.67 
GLI 0.44 0.46 0.65 0.64 0.65 0.71 
RGBVI 0.42 0.41 0.66 0.63 0.60 0.72 
VARI 0.54 0.58 0.60 0.72 0.74 0.67  
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authors using different resolutions indicate that while lower-resolution 
images provide less detail, they are fair enough to assess vegetation 
trends and spatial variability [12,13,15–17,55] suggested that if the 
objective is not to screen each vine individually, lower-resolution im
ages might enhance efficiency in mapping vine yield or spatial varia
tions, leading to stronger correlations. 

The proposed methodology provided insights into the spatial vari
ability in hedgerow crops, such as vineyards and blueberries, as vege
tation changes directly correlate with the spectral sensor data, even in 
non-continuous crops [17,56] found comparable results, where 
missing plants and bare soil minimally affected spectral and agronom
ical information. The findings related to spatial interpolation revealed 
that IDW power β significantly affected the map accuracy. The default 
value (β =2) is not advisable because it generated non-continuous maps 
and consistently showed lower correlations. Conversely, very high 
values only considered the immediately surrounding points for the 
estimation, creating completely different zones with sharp edges. It is 
worth considering that agricultural phenomena are frequently contin
uous, but specific events like weed patches or irrigation leaks can occur, 
so high power values can create maps that hide these phenomena. This 
distance should cover UAV image locations to avoid gaps and be cali
brated based on the inputs. The proposed technique for automatic power 
estimation may be handy in automating the process. In addition, IDW is 

a precise interpolation method, with the highest and lowest values at 
sample points [37], making it sensitive to outliers and clustering. 
However, UAV images collected in adequate missions rarely have out
liers, and any would be easily detectable before the interpolation 
process. 

TIN interpolation proved more efficient than IDW despite some 
problems at the field boundaries. It systematically required less time in 
all agricultural plots, with up to 93 % less time in the grassland. These 
results align with other studies recommending TIN over IDW for topo
graphic map generation [57]. TIN is also valid for creating digital 
elevation models to predict wetland vegetation communities from 
LiDAR data points [58]. Additionally, the TIN linear method was faster 
than the cubic method due to its simpler mathematical operations. 
Unlike the cubic method, which calculates the spline between points, the 
linear method directly connects these points with straight lines, avoid
ing the need for solving cubic equations for each interpolated point and 
significantly reducing the complexity of calculations, especially in 
datasets with a large number of points, as is common in UAV-derived 
agricultural data. 

Therefore, the proposed framework is efficient and provides 
reasonable results compared to those derived from more computation
ally demanding techniques. While this approach may not be ideal for 
situations requiring high precision or complex scenarios with small 

Fig. 10. Relationship between Sentinel 2 imagery and the UAV Vegetation Indices (NGRDI) generated using the Orthomosaic and the proposed methodology (TIN 
linear). Significance level: *p-value<0.05, **p-value<0.01, ***p-value<0.001. 

Fig. 11. Time required for each process (values in seconds). Standard Photogrammetry process in Low, Medium, and High quality. The proposed methodology shows 
the times required for discretization (images to points) and interpolations: IDW, Inverse Distance Weight; TINl, Triangulated Irregular Networks (linear); TINc, 
Triangulated Irregular Networks (cubic). 

S. Vélez et al.                                                                                                                                                                                                                                    



Smart Agricultural Technology 8 (2024) 100488

12

vegetation gradients [12], it is advantageous when spatial variability 
has to be assessed quickly with lower resolution requirements. 

4.1. Advantages, limitations, and challenges 

The proposed methodology, like any methodology based on remote 
sensing techniques, has some potential advantages and limitations: 

- At the outset, VIs are calculated on individual images at the net
work’s edge, using only the necessary information to create spatial 
variability maps. This reduces file size, which is advantageous in 
low-bandwidth scenarios and robot fleet interconnections. Agricul
tural fields, typically located in rural areas, face different constraints 
than urban areas, such as connectivity issues or isolation, which are 
critical for adopting new technologies [59].  

- The proposed methodology, requiring only geotagged images 
captured by any sensor, can be integrated into more complex pro
cesses. For example, to provide inputs for disease mapping based on 
spatial variability analysis [46], improving real-time results without 
complex computational techniques like photogrammetry.  

- Lower resolution can be problematic in crops with mixed pixels, a 
well-known issue in satellite imagery. This issue is less significant in 
crops that cover the entire surface but is notable in hedgerow crops 
[56]. Despite this, the vineyard and blueberries did not perform 
worse than the grassland in this research.  

- Accurate georeferencing is crucial since geostatistical interrelation 
depends on precise image coordinates. With the Real Time Kine
matics (RTK) positioning systems used in this research, accuracy is
sues should be minimal.  

- The effectiveness of this methodology depends on UAV mission 
coverage because the VI values are fused with image geodata. 
However, this issue is similar to techniques such as photogrammetry, 
requiring sufficient overlap [60]. In contrast, using geostatistical 
algorithms, the proposed data fusion approach will always generate 
continuous maps. However, maps’ reliability is affected by the 
modifiable areal unit problem (MAUP), which is inherent to any 
spatially aggregated data study [61]. MAUP reflects the true nature 
of natural systems with hierarchical structures, aiding in under
standing spatial phenomena and dynamics of complex natural sys
tems [62], such as agricultural systems.  

- The proposed method is scalable across various crops and climates, 
proven in tests in Spain, Serbia, and Finland with different missions, 
UAVs, sensors, and crops. Its flexibility with VIs and compatibility 
with RGB and multispectral imagery ensure it can be applied effec
tively in many agricultural scenarios. 

Alternatively, the proposed approach could support agricultural 
operations such as:  

- Quickly assessing irrigation leaks. UAV visible imagery can 
contribute to evaluating soil moisture levels [63]. Irrigation leaks 
can lead to problems such as mud puddles, a hazard to UGVs (un
manned ground robots) and human-operated vehicles, such as cars 
or tractors, potentially compromising occupants. Early detection of 
these leaks could improve operational efficiency and safety.  

- Estimating soil parameters during bare soil periods [64,65]. The 
visible electromagnetic spectrum can provide insights into soil 
organic carbon content [66]. 

- Providing real-time or near real-time information. The spatial vari
ability maps show different field areas at a glance (Fig. 5), which can 
be very handy for technicians. Fast information transfer to other 
robots is essential in the context of robot fleets and Edge Computing 
scenarios and allows for quick perception, decision-making, and 
action.  

- Establishing site-specific weed management zones, a cost-effective 
and eco-friendly strategy supporting the EU-Green Deal, and 

promoting biodiversity while reducing pesticide usage in agriculture 
[67] without negatively affecting crop yields or incurring additional 
weed management expenses.  

- Integration with satellite Remote Sensing. UAV data can align with 
satellite data by upscaling UAV imagery to satellite-level resolution, 
enhancing satellite-based vegetation monitoring [42]. The proposed 
framework can fill gaps in satellite time series and could be partic
ularly interesting in cloud-prone areas like the Finish grassland. 

Future research could refine this framework for better spatial vari
ability detection. Potential improvements may include canopy-focused 
vegetation segmentation, two-dimensional LAI calculations using the 
shadows method [68], and exploring other spatial interpolation tech
niques to enhance map accuracy [69]. Still, considering the time spent in 
each process (Fig. 11), the bottleneck is in the data fusion step (image 
discretization and VI generation at the spatial point), so reducing 
computing time with filters or other techniques before VI generation 
could be beneficial. Partitioning information to generate maps pro
gressively could be another improvement, as spatial interpolation uses n 
points, mainly when TIN is used. Finally, integrating deep learning for 
image preprocessing could offer promising advancements in plant 
classification despite challenges such as generalizability, interpret
ability, time and computational cost, and high training demands [70, 
71]. Nevertheless, enhancements should always focus on delivering 
quick information for real-time operations. 

5. Conclusions 

This research highlights UAV-based methods for rapid, cost-effective 
data collection in precision agriculture. Using geotagged images enables 
real-time monitoring for timely crop management decisions. This 
framework uses data fusion and geostatistical interpolation methods 
(IDW and TIN) to generate spatial variability maps from any set of 
geotagged nadir images. These maps, derived from spectral information 
and EXIF metadata, correlate highly with photogrammetry-based maps 
(up to r = 0.93) but are faster to generate and less computationally 
expensive. Therefore, they are more sustainable in terms of energy. TIN 
was the most efficient technique within the proposed framework, 
correlating well with Sentinel 2 imagery (up to r = 0.8), similar to the 
correlation level with the maps derived from the orthomosaic. 

The method offers accurate and reliable spatial information critical 
for constructing spatial variability maps for Site-Specific Crop Man
agement (SSM). This standardised framework has two key advantages: i) 
interoperability and versatility, since any nadir image can be used as 
input, with no training or previous knowledge of the field required, and 
ii) speed and efficiency, consuming up to 98 % less time (and therefore, 
energy). 

The maps generated using this methodology are as effective as those 
produced through photogrammetry for spatial variability analysis pur
poses but consume up to 98 % less time, energy and computing re
quirements than standard photogrammetry techniques. This adaptable, 
cost-effective framework enhances site-specific crop management by 
quickly identifying spatial variability and optimizing practices. It also 
supports immediate field information and potential for multiscale 
remote sensing, including satellite integration, but requires fewer 
computer resources with efficient processing and transmission in low- 
bandwidth scenarios, such as those in rural areas. Future research 
should refine the proposed framework, incorporating techniques like 
canopy-focused vegetation segmentation. Additionally, optimizing 
computing time through two-dimensional LAI calculations and 
advanced filters for image preprocessing could significantly improve 
real-time operational efficiency. 

Ethics approval and consent to participate 

Not applicable. 
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S. Vélez et al.                                                                                                                                                                                                                                    

https://flexigrobots-h2020.eu/
https://flexigrobots-h2020.eu/
https://doi.org/10.3030/101034297
https://doi.org/10.1126/science.1183899
http://refhub.elsevier.com/S2772-3755(24)00093-5/sbref0072
http://refhub.elsevier.com/S2772-3755(24)00093-5/sbref0072
http://refhub.elsevier.com/S2772-3755(24)00093-5/sbref0072
http://refhub.elsevier.com/S2772-3755(24)00093-5/sbref0072
https://doi.org/10.3390/su12208437
https://doi.org/10.3390/su12208437
https://doi.org/10.3390/rs10101615
https://doi.org/10.3390/agronomy11112098
https://doi.org/10.1007/s13369-022-06738-0
https://doi.org/10.1007/s13369-022-06738-0
https://doi.org/10.1016/j.atech.2022.100129
https://doi.org/10.1007/s11119-023-10026-8
https://doi.org/10.1007/s11119-023-10026-8
https://doi.org/10.3390/rs14236006
https://doi.org/10.1016/S0308-521X(00)00025-1
https://doi.org/10.1016/S0308-521X(00)00025-1
https://doi.org/10.1016/j.srs.2021.100019
https://doi.org/10.3390/rs70302971
https://doi.org/10.3390/rs12203424
https://doi.org/10.3390/rs12203424
https://doi.org/10.1007/s11119-023-09993-9
https://doi.org/10.20870/oeno-one.2020.54.4.4028
https://doi.org/10.20870/oeno-one.2020.54.4.4028
https://doi.org/10.3390/drones5020035
https://doi.org/10.3390/rs11212573
https://doi.org/10.3390/rs11212573
https://doi.org/10.1016/j.compag.2022.107017
https://doi.org/10.1016/j.compag.2022.107017
https://doi.org/10.3390/app13137716
https://doi.org/10.1139/juvs-2019-0009
https://doi.org/10.1139/juvs-2019-0009
https://doi.org/10.1016/j.compag.2022.107336
https://doi.org/10.1016/j.compag.2022.107336
https://doi.org/10.1109/JPROC.2020.2976703
https://doi.org/10.3390/agronomy9110774
https://doi.org/10.1016/j.isprsjprs.2023.02.003
https://doi.org/10.1016/j.isprsjprs.2023.02.003
https://doi.org/10.3390/rs12060998
https://doi.org/10.3390/rs12060998
https://doi.org/10.3390/rs11101252
https://doi.org/10.3390/rs11101252
https://doi.org/10.3390/agronomy11040655
https://doi.org/10.3390/agriculture13051091
https://doi.org/10.3390/agriculture13051091
https://doi.org/10.3390/drones4020027
https://doi.org/10.3390/drones4020027
https://doi.org/10.1016/j.jag.2015.02.012


Smart Agricultural Technology 8 (2024) 100488

14

cameras, Plant Methods 15 (1) (2019) 32, https://doi.org/10.1186/s13007-019- 
0418-8. 

[32] C.J. Tucker, Red and photographic infrared linear combinations for monitoring 
vegetation, Remote Sens. Environ. 8 (2) (1979) 127–150, https://doi.org/10.1016/ 
0034-4257(79)90013-0. 

[33] M. Louhaichi, M.M. Borman, D.E. Johnson, Spatially located platform and aerial 
photography for documentation of grazing impacts on wheat, Geocarto 
International 16 (1) (2001) 65–70, https://doi.org/10.1080/ 
10106040108542184. 

[34] A.A. Gitelson, Y.J. Kaufman, R. Stark, D. Rundquist, Novel algorithms for remote 
estimation of vegetation fraction, Remote Sens. Environ. 80 (1) (2002) 76–87, 
https://doi.org/10.1016/S0034-4257(01)00289-9. 

[35] P.A. Burrough, R. McDonnell, C.D. Lloyd, Principles of Geographical Information 
Systems, Third edition, Oxford University Press, 2015. 

[36] D. Shepard, A two-dimensional interpolation function for irregularly-spaced data, 
in: Proceedings of the 1968 23rd ACM National Conference On -, 1968, pp. 517–524, 
https://doi.org/10.1145/800186.810616. 

[37] T. Hengl, A Practical Guide to Geostatistical Mapping, Office for Official 
Publications of the European Communities, 2009. 

[38] A. Baddeley, E. Rubak, R. Turner, Spatial Point patterns: Methodology and 
Applications With R, CRC Press, 2016. 

[39] Franklin, W.R. (1973). Triangulated irregular network program. 
[40] J. Gallier, Geometric Methods and Applications: For Computer Science and 

Engineering, 38, Springer, New York, 2011, https://doi.org/10.1007/978-1-4419- 
9961-0. 

[41] J. Lee, Comparison of existing methods for building triangular irregular network, 
models of terrain from grid digital elevation models, Int. J. Geograph. Inf. Syst. 5 
(3) (1991) 267–285, https://doi.org/10.1080/02693799108927855. 

[42] P. Mao, J. Ding, B. Jiang, L. Qin, G.Y. Qiu, How can UAV bridge the gap between 
ground and satellite observations for quantifying the biomass of desert shrub 
community? ISPRS J. Photogramm. Remote Sens. 192 (2022) 361–376, https:// 
doi.org/10.1016/j.isprsjprs.2022.08.021. 

[43] S.S. Choudhary, S. Biswal, R. Saha, C. Chatterjee, A non-destructive approach for 
assessment of nitrogen status of wheat crop using unmanned aerial vehicle 
equipped with RGB camera, Arabian J. Geosci. 14 (17) (2021) 1739, https://doi. 
org/10.1007/s12517-021-08139-3. 

[44] B. Song, K. Park, Detection of aquatic plants using multispectral UAV imagery and 
vegetation index, Remote. Sens. 12 (3) (2020) 387, https://doi.org/10.3390/ 
rs12030387. 
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[54] I. Sa, M. Popović, R. Khanna, Z. Chen, P. Lottes, F. Liebisch, J. Nieto, C. Stachniss, 
A. Walter, R. Siegwart, WeedMap: a large-scale semantic weed mapping framework 
using aerial multispectral imaging and deep neural network for precision farming, 
Remote. Sens. 10 (9) (2018) 1423, https://doi.org/10.3390/rs10091423. 

[55] D. Ledderhof, R. Brown, A. Reynolds, M. Jollineau, Using remote sensing to 
understand Pinot noir vineyard variability in Ontario, Can. J. Plant Sci. 96 (1) 
(2016) 89–108, https://doi.org/10.1139/cjps-2015-0120. 
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