
Applicability of above-ground crop monitoring to identify soil compaction**

Matthias Konzett1 , David Ramler1 *, Elmar Schmaltz1 , Mathieu Lamandé2 , Peter Lootens3 , 
Tommy D'Hose3 , Thomas Weninger1

1Institute for Land and Water Management Research, Federal Agency for Water Management, Pollnbergstraße 1, 3252, 
Petzenkirchen, Austria

2Department of Agroecology, Aarhus University, Blichers Allé 20, 8830 Tjele, Denmark
3Flanders Research Institute for Agriculture, Fischeries and Food, ILVO, Havenlaan 88/50, 1000 Brussels, Belgium

Received July 4, 2025; accepted September 26, 2025

Int. Agrophys., 2026, 40, 81-94
doi: 10.31545/intagr/211399

*Corresponding author e-mail: david.ramler@baw.at
**This work was funded by the EJP Soil project SoilCompaC 
“Mapping and alleviating soil compaction in a climate change 
context” (grant agreement No. 862695).

A b s t r a c t.  Soil compaction affects soil health and crop 
yields, yet a large-scale spatial assessment of agricultural lands 
is challenging with traditional invasive techniques. This study 
examined the capability of unmanned aerial vehicle (UAV)-based 
multispectral imagery and analyses of vegetation indices (VIs) 
to indirectly identify soil compaction through the above-ground 
physiological responses of plants. Over two growing seasons, 
drone imagery and soil data from three agricultural fields in two 
European locations with both compacted and non-compacted 
areas were obtained. Seventeen VIs were derived and evaluated 
across various crop types and growth stages. Although soil com-
paction was validated through increased bulk density (4.6-14.5% 
higher in compacted topsoil) and lower hydraulic conductivity 
(below 3 cm d-1 at the surface layer), the corresponding differ-
ences in VI values were generally minimal. The indices were 
substantially influenced by seasonal trends and crop-specific fac-
tors, with the most notable distinctions observed in wheat fields 
during their peak vegetative phase. While some VIs demonstrated 
statistically significant differences, their practical effectiveness 
in reliably identifying moderate soil compaction was limited, 
as shown by low Cohen’s d values. These results show both the 
potential and current limitations of remote sensing in assessing 
soil compaction and provide a basis for optimising remote sensing 
protocols for soil monitoring. 

K e y w o r d s: remote sensing, UAV imagery, multispectral 
analysis; plant stress, plant health 

1. INTRODUCTION

Soil compaction has been recognised as a major threat 
to soil health, significantly impacting soil water and air 
circulation and thereby compromising plant growth and 
vitality (Lipiec et al., 2003). The detection of soil com-
paction-especially in the subsoil-commonly relies on 
labour-intensive, invasive methods. Examples are soil core 
sampling to measure physical properties like bulk density 
and hydraulic conductivity, or the use of penetrometers 
(or -loggers), where the results are highly dependent on 
soil moisture (Hemmat and Adamchuk, 2008; Hoefer and 
Hartge, 2010). These established methods, while effective 
on a small scale, only capture localised data and are limited 
by high spatial variability. Recent studies have explored 
advanced approaches, such as soil core computer tomog-
raphy and geophysical methods, but these require costly 
instrumentation, further underscoring the need for more 
efficient, scalable solutions (Keller et al., 2022).

The development of non-invasive methods capable of 
detecting soil compaction with larger areal representation 
would greatly enhance data collection efficiency in agricul-
tural landscapes. Advances in remote sensing technology 

©  2026  Institute of Agrophysics, Polish Academy of Sciences

https://orcid.org/0000-0001-5843-9452
https://orcid.org/0000-0003-4833-0351
https://orcid.org/0000-0003-4016-2891
https://orcid.org/0000-0003-4211-9395
https://orcid.org/0000-0002-3275-3459
https://orcid.org/0000-0002-8705-5666
https://orcid.org/0000-0001-9004-4426
https://creativecommons.org/licenses/by/4.0/


M. KONZETT et al.82

offer a promising avenue, with the potential to assess soil 
compaction indirectly by observing its impacts on surface 
water balance and plant physiological responses (Khanal et 
al., 2020; Kulkarni et al., 2010). However, detailed knowl-
edge of how plant physiology and phenology respond to 
soil compaction is essential to leverage remote sensing for 
soil compaction detection. Potential indicators for chang-
es between compacted versus non-compacted soils may 
be crop yield, crop quality, biomass, and shoot develop-
ment. In particular, tracking the seasonal progression of 
plant growth on compacted sites could provide critical 
insights into plant response mechanisms (Liu et al., 2022). 
Indicators of plant development can be measured directly 
or through remote sensing and can be incorporated into sta-
tistical applications and models to better assess compaction 
impacts (Bendig et al., 2013; Yeom et al., 2019).

Since soil compaction, even in subsoils, affects surface 
water balance, soil structure, soil water dynamics, and, 
consequently, plant physiology, remote sensing methods 
may be suited to detect compacted areas by observing the 
above-ground plant responses. First attempts at apply-
ing remote sensing to detect soil compaction have yielded 
promising, though limited, results (Khanal et al., 2020). 
In forestry, UAVs (unmanned aerial vehicles, i.e., drones) 
have been used to assess soil disturbance and forest recov-
ery following heavy machinery use (Sealey and Van Rees, 
2019; Talbot et al., 2018). In agricultural contexts, UAV-
based analyses revealed significant correlations between 
soil compaction on crop yield in potato (Edrris et al., 2020) 
and cotton (Kulkarni et al., 2010), canopy height in maize 
(Ren et al., 2022), or vegetation indices in coffee (Bento 
et al., 2024). While these findings underscore the poten-
tial of remote sensing for soil compaction detection, they 
are based on limited sampling points, often a single flight, 
highlighting the need for more comprehensive research.

To this end, we analysed whether vegetation indices 
(VI) derived from multispectral aerial images of crops tak-
en throughout the growing season were able to accurately 
depict soil compaction and could be used to distinguish 
between areas with and without compaction. This approach 
may offer a powerful, non-invasive tool for monitoring soil 
compaction across agricultural landscapes by providing 
detailed compaction status maps for individual fields, there-
by promoting sustainable land management practices and 
fostering the remediation of soil compaction. Specifically, 
we hypothesised that soil compaction has a negative effect 
on plant growth and/or health, resulting in lower (i.e., 
worse) VI values of cultivated areas with known compac-
tion. Additionally, we addressed the following research 
questions: Are there seasonal effects? Are there differences 
between crops? How large is the effect of soil compaction 
on plant parameters and derived VIs, e.g., compared to the 
variation on the whole field? Which VIs are best suited to 
depict soil compaction?

2. MATERIAL AND METHODS

2.1. Eperimental sites

The experiment was carried out during two growing sea-
sons at two sites in Eastern Austria and one site in Belgium 
as a part of the project SoilCompaC within the EJP Soil pro-
gramme (www.ejpsoil.eu; Fig. 1, Table 1). The compacted 
areas in Austria were caused by multiannual tractor wheel 
passages on the same paths through the field. During the 
sampling years, the tractor path was altered in order to have 
crops growing on the compacted areas. In Belgium, soil 
compaction presumably originated from repeated passage 
of heavy tractors and trailers diagonally across the field. 
In the compacted area, both crop growth and water infil- 
tration were clearly hampered and visible from the ortho-
photos of the field. For all three experimental sites, the areas 
of presumed soil compaction were outlined as a basis for 
a later selection of plots for soil sampling and image acqui-
sition inside and outside of these areas. In Austria, five plot 
pairs were used (i.e., ten plots in total), whereas ten plots on 
compacted areas and seven plots at non-compacted areas 
(i.e., 17 plots in total) were established in Gavere. Soil tex-
ture was assessed from soil samples in three replicates per 
field (following ISO 11277:2020 standard). 

2.2. Soil compaction indicators

Measurements of soil physical properties to assess 
soil compaction were performed once per growing season 
inside and outside of the areas of presumed soil compac-
tion in each field before the acquisition of multispectral 
images of the crop (Table 2). For all three sites, dry bulk 
density was determined using the oven-dry soil mass of soil 
cores (following the EN ISO 11272 standard) sampled at 
three depth ranges (Table 3), with one profile per plot and 
treatment, i.e., yielding 5 replicates for compacted and non-
compacted areas for each sampling depth in Austria and 8 
replicates for Belgium. For the two sites in Austria, satu-
rated hydraulic conductivity was measured using Hyprop 
sampling rings (following the ISO/DIS 11275 standard) 
taken from the same three depths at each profile, i.e., five 
replicates for each treatment, sampling depth, and site. 
Cone penetration resistance was measured in the Belgian 
site using a hand-held penetrologger (Eijkelkamp Soil and 
Water) down to 80 cm depth, ten times per plot, i.e., 80 
replicates for each treatment and sampling depth. The cone 
had a 1 cm² base area, an 11.28 mm nominal diameter, and 
a 60° top angle. Besides parameters potentially affected by 
compaction, we also measured soil texture for the site soil 
characteristics. 

2.3. Multispectral image acquisition

The drones used were DJI M600. In Austria, the drone 
was equipped with a MicaSense RedEdge-M camera. The 
multispectral images included the RGB, NIR, and Red Edge 
bands; the ground sampling distance was 2 to 5 cm. The 
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Fig. 1. Location of study sites, sampling schemes, and overview images. HB – Herzogbirbaum, GE – Groß-Enzersdorf, GA – Gavere; 
PP – plot pair, P – plot. Light brown – non-compacted areas, dark brown – compacted areas, red – plots on compacted soil, blue – plots 
on non-compacted soil. Size of plots approximately 1 m².

Ta b l e  1. Survey sites and soil characteristics, coordinates in the decimal WGS84 system

Country Site Coordinates Area (ha) Soil texture (%) 
(sand/silt/clay)

Soil type 
(WRBS)

Austria
Herzogbirbaum

E 16.24980
1.5

silt loam
Luvisol

N 48.51080 (25/55/20)

Groß-Enzersdorf
E 16.56090

2.0
silt loam

Chernozem
N 48.20060 (12/66/22)

Belgium Gavere
E 3.67769

2.0
sandy loam

Luvisol
N 50.92544 (44/50/6)

Ta b l e  2. Cropping and dates of drone flights and soil survey

Year
Crop Date of drone flights

Soil survey
type sowing harvest Apr May Jun Jul Aug Sep

Herzogbirbaum
2022 winter wheat 01.11.2021 31.07.2022 6   10/29       22.11.2021
2023 rapeseed 01.09.2022 20.07.2023 18 24 29       30.11.2022

Groß-Enzersdorf
2022 maize 14.04.2022 21.09.2022 28   2/28 28 9/24 14 28.04.2022
2023 maize 16.04.2023 26.09.2023 4 25 30   3 5 04.05.2023

Gavere
2022 spring wheat 13.04.2022 09.08.2022   12 16 14     –
2023 maize 27.04.2023 08.11.2023     8   10   18.04.2023
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Ta b l e  3. Analysed vegetation indices. Indices in brackets are commonly found synonyms. G – Green (wavelength 560 ±20 nm), 
R – Red (668 ±10 nm), Redge – Red Edge (717 ±10 nm), NIR – near infrared (840 ±40 nm) 

Index Full name Formula
Possible 
value 
range

Used 
min/max 
values

References

NDVI
Normalized 
Difference 
Vegetation Index

-1 to 1 -0.25 / 1 Rouse et al., 1974

NDRE
Normalized 
Difference Red 
Edge Index

-1 to 1 -0.25 / 1 Barnes et al., 2000

CCCI Canopy Chlorophyll 
Content Index -∞ to ∞ -5 / 5 Barnes et al., 2000;

Osco et al., 2019

WDRVI1
Wide Dynamic 
Range Vegetation 
Index

-1 to 1 -1 / 1 Gitelson, 2004

ARVI2
Atmospherically 
Resistant Vegetation 
Index 2

-1.32 to 
1.02*

-0.5 / 
1.02

Adamu et al., 2015;
Kaufman and Tanre, 1992

GNDVI Green NDVI -1 to 1 -0.25 / 1 Gitelson et al., 1996

CTVI
Corrected 
Transformed 
Vegetation Index  

-0.7 to 
1.23

-0.7 / 
1.23 Perry and Lautenschlager, 1984

SAVI2 Soil Adjusted 
Vegetation Index -1 to 1 -0.25 / 1 Huete, 1988

GSAVI2 Green Soil Adjusted 
Vegetation Index -1 to 1 -0.25 / 1 Cao et al., 2015;

Sripada et al., 2006

OSAVI3
Optimized Soil 
Adjusted Vegetation 
Index

-1 to 1 -0.25 / 1 Daughtry et al., 2000;
Rondeaux et al., 1996

MSAVI
Modified Soil 
Adjusted Vegetation 
Index  

-1 to 1 -0.25 / 1 Qi et al., 1994

SR800550 Simple Ratio 
800/550  0 to ∞ 0 / 35 Buschmann and Nagel, 1993

CG 
(ChlGreen)

Chlorophyll (Index) 
Green -1 to ∞ -1 / 15 Gitelson et al., 2006, 2003

CIrededge
Chlorophyll Index 
RedEdge -1 to ∞ -1 / 6 Gitelson et al., 2006, 2003

CVI Chlorophyll 
Vegetation Index 0 to ∞ 0 / 15 Vincini et al., 2008

TriVI 
(TVI)

Triangular 
Vegetation Index  

-100 to 
100 -15 / 50 Broge and Leblanc, 2001

RTVIcore
Red edge TVI
(core only)  

-100 to 
100 -15 / 50 Chen P. et al., 2010;

Kross et al., 2015

1for WDRVI, α is a weighing factor for NIR, set to 0.1; 2for SAVI and GSAVI, L is a correction factor, set to 0.5; 3for  OSAVI, Y is an 
optimized correction factor, set to 0.16.  Note that Rondeaux et al. (1996) suggest to omit the term (1+Y) for larger values of Y > 0.4.
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flight altitude was 33 m (±2.3 cm), and the flight speed was 
approx. 5 m s-1. The forward overlap was 80%, the cross 
was overlap 85%, and the flight directions were 0° and 
90°. In Belgium, the drone was equipped with a MicaSense 
Dual Camera System, with which ten spectral bands can be 
recorded simultaneously, including the same bands as those 
measured by the system used in Austria. The flight altitude 
was 45 m, and the flight speed was 5.9 m s-1. Both the front 
and side overlap was 80%. The resulting ground sampling 
distance of the imagery was approximately 2.9 cm.

Each site was overflown with drones on several 
dates over two growing seasons for one (maize in Groß-
Enzersdorf) or two crops (Herzogbirbaum and Gavere). 
The timing and number of drone flights followed the crop-
ping and plant development stage for each crop, which 
resulted in differences between the growing seasons and 
sites (Table 1). 

2.4. Image processing and analysis

To assess the above-ground plant cover, 17 vegetation 
indices were derived from aerial imagery (Table 3). This 
selection included the most promising indices at the time of 
the analyses, based on related literature (Bento et al., 2024; 
Yeom et al., 2019). Images were processed using a stand-
ardised script sequence developed by the project team and 
followed these main steps: generating orthomosaics, calcu-
lating indicators and vegetation indices, selecting polygons 
(plots) for compacted and non-compacted areas, clipping 
images to these polygons, extracting pixel values for each 
polygon and indicator, and performing statistical analyses. 
The polygons were at the same position as the plots for the 
soil measurements. Agisoft Metashape software (Agisoft 
LLC) was used to calculate digital elevation models and 
for the generation of multi-band orthomosaics (resampled 
to 10 cm in order to reduce noise). All other steps were 
implemented in Python 3.9 embedded in the Spyder 5.1.1 
environment, using the special packages NumPy, pandas 
(data processing), matplotlib (plotting), rioxarray, rasterio 
(raster data handling), and shapely (shapefile handling). 

Some of the vegetation indices can, at least theoretical-
ly, adopt a wide range of values, including infinity. Index 
values derived from real world spectra, however, only take 
up a fraction of the mathematically possible range. The data 
was, thus, cropped to a meaningful range, based on the sta-
tistics of the dataset (e.g., outliers) and literature values (see 
Table 2). To aid the visual interpretation of the indices, we 
also calculated typical values for living plants, bare soil, 
and water, derived from digitised published spectra (see 
Supplement A for details). 

2.5. Statistics

Statistical differences between soil compaction indica-
tors (cf. 2.2) in supposedly compacted and non-compacted 
areas were assessed via pairwise Mann-Whitney-U tests. 

The test was used to justify the preliminary assumption that 
trafficked areas are more compacted than non-trafficked 
ones, therefore the null-hypothesis may be formulated as 
SCIc = SCInc, where SCIc stands for the respective Soil 
Compaction Indicator in the supposedly compacted area 
and SCInc for the corresponding SCI in the non-compacted 
area. To test for statistically significant differences in VIs 
between compacted and non-compacted areas, we applied 
z-tests, following Yeom et al. (2019) for each measuring 
date. The underlying null-hypothesis may be formulated as 
VIi,c,di = VIi,nc,di, where VI stands for Vegetation Index, the 
suffix i for the range of different VIs, the suffixes c and 
nc for compacted and non-compacted areas, and di for the 
different measurement dates. Note that with approximately 
100 pixels per polygon (plot), the resulting large sample 
size can lead to statistical significance that may not cor-
respond to biological relevance. To present more detailed 
insights in this regard, we provided visual comparisons 
based on boxplots and calculated Cohen’s d as a measure 
for the magnitude of difference (Cohen, 1988). In addition 
to separate analyses for each date, we also examined the 
temporal development across growing periods and includ-
ed these time series in the visual comparisons. Further, 
Pearson´s correlation coefficients were calculated between 
all VIs for each region and date to identify potential inter-
dependencies of the VIs and whether the time of the flight 
or the type of crop influences these. All statistical analyses 
were performed in Python, additionally using the packages 
itertools, scipy, and cld4py. Statistical significance was set 
to α = 5%.

3. RESULTS

3.1. Physical soil properties

Initially, the presence and extent of compaction in the 
presumedly compacted and non-compacted areas was 
checked by soil sampling and analysing different soil 
physical properties. In general, the soil measurements 
confirmed the presence of soil compaction in the respec-
tive areas on the fields (Fig. 2). Bulk density was higher 
at the compacted areas; however, at the Austrian sites, the 
major differences were primarily restricted to the upper soil 
layer. The differences between bulk density in the topsoil 
(10-15 cm) of compacted and non-compacted soils ranged 
from 4.6% in Gavere to 14.5% in Groß-Enzersdorf. 
Saturated hydraulic conductivity (Ksat) was strongly reduced 
at the compacted areas, with values below 3 cm d-1 at the 
surface layer, corresponding to log10(Ksat in m s-1) values 
lower than -5.5. Saturated hydraulic conductivity increased 
significantly with soil depth at the compacted areas. At the 
non-compacted areas, the mean hydraulic conductivity 
did not differ between depths, although the variability of 
results was higher near the surface. In general, the saturated 
hydraulic conductivity values for both areas approximate 
each other with increasing depth. Commonly, both the 
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mean and maximum penetration resistance did not differ 
significantly between the compacted and non-compacted 
areas of the same sampling depth. In summary, soil com-
paction was found to be present as assumed, in the Austrian 
sites at slightly higher soil depths than expected.

3.2. Vegetation indices

To assess the detectability of soil compaction effects 
on crop vitality, vegetation indices (VI) derived from mul-
tispectral imagery were analysed for differences between 
the compacted and non-compacted areas over multiple 
years, regions, and crop types. For the figures and tables, 
we selected the VIs GSAVI, NDVI, SR800550, and TriVI 
as representatives for the major index families, i.e., indices 
that share a basic formula structure (NDVI and deriva-
tives: NDRE, WDRVI, ARVI2, GNDVI, CTVI; SAVI and 
derivatives: GSAVI, OSAVI, MSAVI; Ratios: SR800550, 
CG, CIRededge; Triangular VIs: TriVI, RTVIcore). To ensure 
readability, in the manuscript, we included and interpreted 
only selected cases that either showed the most distinct 

patterns or could be considered as exemplary for a spe-
cific topic. Results for all VIs, sites, and dates are given in 
Supplements B, C, D. 

First of all, there was substantial intra-site variation 
of vegetation index (VI) values, which means variation 
between plots on the same field and under the same compac-
tion state, being generally larger than the differences found 
between the compacted and non-compacted areas (Fig. 3). 
Two representative cases are presented in Fig. 3. The exam-
ple of Groß-Enzersdorf in June 2023 shows inconclusive 
tendencies (mean VI for the compacted plot of a sampling 
pair higher, lower, or similar than the corresponding non-
compacted plot) and commonly higher differences between 
sampling pairs than the differences between the compacted 
and non-compacted areas (plot pairs). Accordingly, the dis-
tribution of the VI values of pooled plots was similar, and the 
mean differences of plot pairs were around zero (Fig. 3c). 
The example of Gavere (Fig. 3d, e) shows the most dis-
tinctive differences in our data with consistently higher VI 
values for the non-compacted plots and a low overlap of VI 
value distributions (Fig. 3e). 

Fig. 2. Measured physical soil properties. Groups that share a letter do not differ significantly. For measurements of penetration resist-
ance in Gavere, grey boxplots refer to the mean, and pale yellow boxplots refer to the maximum penetration resistance. Ksat is saturated 
hydraulic conductivity. 
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The highest difference in the mean NDVI (and other 
VI) values between the compacted and non-compacted soil 
was 18%, found at Gavere for summer wheat in June 2022 
(Fig. 3d, e). In a wider temporal perspective and despite 
statistically significant differences between the compact-
ed and non-compacted field areas found for many dates 
(Table 4), the actual (absolute and relative) differences 
between pooled VIs across the field and date were often 
marginal, with a high overlap of index value distributions 
(Fig. 3a, b, Fig. 4). This is further corroborated by the low 
values for Cohen’s d even at dates with a noticeable mean 
difference (Table 4, Supplement B). 

Most VIs showed a pronounced seasonal pattern, with 
the highest values in early summer (June) for most sites 
and years, irrespective of the crop (Fig. 4, Supplement C). 
Commonly, the highest absolute differences between the 
compacted and non-compacted areas were found in June. 
Nevertheless, a tendency may be detected that the highest 
statistical differences and effect sizes between the compact-
ed and non-compacted plots arise in early crop stages and 
at stages before the start of ripening (late May to early June 
for winter wheat, August for maize; Table 4). Typical index 
values for living plants (Supplement A) were primarily 
reached during late spring and early summer. In summary, 
the results showed that the date of analysis had a major 
effect on the potential of interpretation. This should be con-
sidered in the planning of future campaigns.

The correlation of VIs with each other appeared to be 
highly dependent on the crop (Fig. 5, Supplement D). For 
wheat (GA 2022, HB 2022), almost all VIs were highly cor-
related (r > 0.9), with the exception of CCCI and CVI. For 
maize and rapeseed, there were also VIs with no or negative 
correlations. Regardless of this, VIs from the same index 
family were always highly correlated (r > 0.75), again with 
the exception of CCCI and CVI. This result justifies the 
selection of representative VIs both in this manuscript and 
in possible future studies.

4. DISCUSSION

4.1. Suitability of vegetation indices to detect soil compaction

The hypothesis that soil compaction leads to adverse 
growing conditions for plants that are detectable by remote 
sensing and VIs was confirmed, albeit with limitations. 
For most dates, the variation in the data between plots was 
high with a substantial overlap of index value distributions 
of the compacted and non-compacted areas. Furthermore, 
the differences in the mean values between the plots were 
generally higher than the differences between the com-
pacted and non-compacted areas within the plot pairs. 
Consistently higher VIs for the non-compacted soils were 
only found for Gavere in 2022, with the highest mean gap 
in index values in June. Even for this date, it is, however, 
uncertain whether the soil compaction actually had a bio-
logically relevant effect, as indicated by the low values 
encountered for Cohen’s d. The commonly reported thresh-
olds of 0.2, 0.5, and 0.8, indicative for a small, medium, or 
large effect size, respectively (Chen H. et al., 2010), were 
only exceeded once in the whole dataset. The highest d 
found was 0.215 for the VI SR800550 at Gavere in June 
2022. This may imply that compaction had, at best, only a 
small effect on index values, even for the most prominent 
differences found in our study. The statistically significant 
differences found for the dates or plot pairs are primarily 
due to the high sample size (approx. 100 pixels per plot) 
and the associated high statistical power of the tests. Thus, 
the existing soil compaction at the sampled locations 

Fig. 3. Examples of VI intra-site variation presented by boxplots 
of NDVI pixel values of each sampling pair (a) and plot (d), 
combined for either compacted and non-compacted areas (b, e), 
and pairwise differences between compacted and non-compacted 
plots (c). Boxplot symbology: White circles – mean, black line 
– median, box – 25/75-percentiles, whiskers – 5/95-percentiles, 
black dots – outliers. Coloured bars indicate typical range for 
plants, soil, and water (see Supplement A for details).

a) b) c)

d) e)
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did not apparently lead to poorer growing conditions for 
the plants that would be reflected in VIs for the growing 
seasons investigated here. At the Belgian site, 2022 was 
classified as drier than average, while 2023 was a wet year. 
For the Austrian sites, both years may be classified as drier 
than average. For all sites and years, the deviations from 
the long-term mean were distinct but not extreme. More 
extreme conditions could have led to more pronounced dif-
ferences. Consequently, VIs derived from remote sensing 
are probably not always sensitive enough to assess the soil 
compaction state in fields where it is unknown which areas 
have been compacted. 

VIs have been used and tested for some time with the 
aim to develop an effective, low cost, and non-invasive 
method to assess plant stress caused by various factors, 
e.g., water or climate stress. Most studies have focused on 
time series in which differences of stressed and unstressed 
plants were primarily revealed by long-term year-by-year 
comparisons using remote sensing products with lower 
resolution and lower number of VIs (Chávez et al., 2016; 
Thapa et al., 2019; Wang et al., 2016) or have not fully 
covered the whole effect of the stressor (Avetisyan et al., 
2021). A related research question is the use of VIs to detect 
damage to crops by pests. However, differences found in 

earlier studies were similarly small and only significant 
between the most extreme treatments (Tan et al., 2019) or 
were only revealed by a combination of indices (Huang et 
al., 2012). Kulkarni et al. (2010) and Bento et al. (2024) 
found significant positive correlations of compaction 
parameters and NDVI in cotton and coffee, respectively. 
Similar to our study, however, differences between com-
paction treatments were small, varied during the season, 
and were likely undistinguishable from other contributing 
factors. In a recent experiment with zoysiagrass grown in 
pots and soil compaction as the only variable, Choi et al. 
(2024) found significant and distinct differences between 
various levels of soil compaction and VIs. However, the 
treatments included rather extreme levels of soil compac-
tion, up to a degree where no shoots were able to (re-)
emerge. These studies with a similar setup corroborate 
our interpretation that despite a principal ability of VIs to 
identify soil compaction with statistical methods or under 
a controlled environment, the suitability of VIs as a tool to 
specifically detect areas of unknown soil compaction-and 
not just overall plant stress-appears to be very limited. 

To understand the outcomes in more detail, they need to 
be discussed and compared to similar studies with regard 
to examined compaction levels and interfering factors. 

Ta b l e  4. Results from statistical tests for differences in selected VIs between compacted and non-compacted field areas. Statistically 
significant Z-scores in bold. Z – Z-statistic; d – Cohen’s d. A full table with statistics for all VIs can be found in Supplement B

Herzogbirbaum Groß-Enzersdorf Gavere

2022

VI Statistic Apr 6 Jun 10 Jun 29 Apr 28 Jun 2 Jun 28 Jul 28 Aug 9 Aug 24 Sep 14 May 12 Jun 16 Jul 14

GSAVI
Z -16.93 -16.86 3.97 7.81 5.69 7.85 1.72 1.63 1.32 -5.19 6.34 41.43 30.11

d 0.041 0.043 0.010 0.015 0.014 0.018 0.004 0.004 0.003 0.013 0.012 0.105 0.083

NDVI
Z -14.16 -15.80 -4.78 7.40 6.30 6.40 -0.85 -1.99 -8.83 -13.33 5.44 49.10 27.38

d 0.035 0.043 0.013 0.013 0.017 0.014 0.002 0.004 0.018 0.029 0.010 0.102 0.077

SR800550
Z -12.70 -16.91 -4.58 2.55 6.59 7.44 -1.39 -3.25 -4.09 -14.05 3.54 36.98 24.02

d 0.027 0.042 0.012 0.005 0.020 0.019 0.003 0.007 0.008 0.029 0.007 0.215 0.082

TriVI
Z -17.31 -13.90 7.42 9.98 7.50 7.06 1.39 0.20 -5.90 -12.43 5.58 35.51 25.42

d 0.041 0.035 0.019 0.020 0.021 0.016 0.003 0.000 0.011 0.027 0.011 0.093 0.090

2023

VI Statistic Apr 18 May 24 Jun 29 May 4 May 25 Jun 30 Aug 3 Sep 5     Jun 8 Aug 10  

GSAVI
Z -0.48 -12.87 0.30 -3.87 -2.72 0.19 -5.80 -0.11     -3.37 2.66  

d 0.001 0.042 0.001 0.009 0.008 0.000 0.014 0.000     0.006 0.005  

NDVI
Z -2.61 -14.51 9.05 -4.11 0.54 -0.30 -5.29 5.22     -2.77 0.91  

d 0.008 0.052 0.029 0.009 0.001 0.001 0.013 0.014     0.005 0.002  

SR800550
Z -1.29 -15.35 9.93 -3.31 1.07 -0.24 -5.87 5.93     -3.28 1.44  

d 0.004 0.044 0.033 0.007 0.003 0.001 0.014 0.017     0.006 0.003  

TriVI
Z 0.32 -16.01 5.08 -2.50 -1.14 1.41 -0.71 6.08     -3.89 -0.73  

d 0.001 0.047 0.017 0.006 0.003 0.004 0.002 0.017     0.007 0.001  
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Soil compaction is but one of many factors that have an 
effect on plant development and health (Beylich et al., 
2010; Tandzi and Mutengwa, 2020), making it difficult to 
determine a general effect of compaction in real world situ-
ations. Nevertheless, it is to be expected that differences 
would become more pronounced for soils with a more 
severe soil compaction (Choi et al., 2024). Furthermore, 
including other remote sensing outcomes like the detec-
tion of ponding water may broaden the range of insights 
into causal relations of soil compaction and vegetation 
development, even though this would require more fre-
quent flights. Like all parameters that are important for 
plant growth and vitality, there is an optimum curve with 

poorer growth conditions at (too) low or high degrees of 
compaction (Arvidsson and Håkansson, 2014; Bouwman 
and Arts, 2000). Slight soil compaction can even be benefi-
cial for soil health and plant growth, e.g., via an improved 
root anchorage and contact of substrate and roots (Alameda 
and Villar, 2009; Arvidsson and Håkansson, 2014; Lipiec 
and Hatano, 2003; Shaheb et al., 2021). As there were sev-
eral dates on which higher mean VI values were found for 
compacted areas, this could also play a role at our sites. In 
the literature, different indications of when a soil may be 
considered as (heavily) compacted can be found. For bulk 
density, Lebert et al. (2006) state a limit value of 2.0 g cm-3 
for a highly compacted soil, while Czyż (2004) or Beylich 

Fig. 5. Examples of correlation matrices between analysed VIs for wheat (a) and maize (b); the values are Pearson correlation coef-
ficients. Further correlation matrices for the other sites can be found in Supplement D.

a)

b)
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et al. (2010) set a somewhat lower threshold beyond which 
negative effects are to be expected at around 1.7 g cm-3. 
Neither limit was exceeded at our sites, although mean bulk 
densities of around 1.6 g cm-3 and maximum values of 1.8 g 
cm-3 were found in Gavere. On the other hand, Reynolds et 
al. (2009, 2008) proposed an optimal range for bulk density 
of 0.9-1.2 g cm-3 for medium to fine textured soil, with a 
potential yield loss already beyond 1.3 g cm-3. This would 
be exceeded at every site, both in compacted and non-com-
pacted areas. As we are confident that the areas we labelled 
within the fields as non-compacted had indeed not experi-
enced compaction by heavy machinery for at least the last 
10 or more years, we consider this threshold to be too low 
for the soils used in our study. Rather, we assume that the 
measured soil compaction at the three sites was either not 
(yet) severe enough or that the difference between growing 
conditions in the compacted and non-compacted soil under 
the given climate was too small to induce a clearly discern-
ible negative effect on plant development. 

One of our research questions was to analyse if certain 
VIs are better suited to depict soil compaction than others. 
As there were generally only marginal differences between 
the compacted and non-compacted areas, answering this 
question is challenging. For the date with the highest differ-
ence found in our dataset (Gavere, June 2022), the simple 
ratio SR800550 appeared to be the best indicator, although 
several other VIs showed similar results. CVI stood out 
as the least suitable VI (Supplement B). The results for 
all the other dates and sites were, however, largely incon-
clusive, without any clearly outstanding VIs, even during 
the summer dates. A limitation was encountered for CCCI, 
which showed a largely inflated range of values on two 
occasions (14 September 2022 and 25 May 2023, both 
Groß-Enzersdorf). The issue arises when the NDVI, which 
is in the denominator of the CCCI formula (Table 2), is 
around zero. This may happen at bare soils or soils with poor 
vegetation cover, which is admittedly outside the intended 
range for this index developed for the canopy chlorophyll 
content. Other peculiarities were found for the CVI; on 
many dates, this VI showed inverse results, i.e., a higher 
index value for the compacted soil, when other indices had 
higher values for the non-compacted soil, and vice versa. 
This results from the formula structure, which distinguishes 
itself in that it has the highest score at high reflectances in 
both the near infrared (NIR) and red wavelength spectrum. 
This is not the case with the other analysed VIs, which, by 
contrast, use a ratio of NIR and Red (simple ratio or NDVI-
type) as an indicator for the “greenness” of vegetation (e.g., 
Rouse et al., 1974). The CVI is derived from the CG, but 
with the addition of a Red to Green ratio to minimise issues 

related to the leaf area index (LAI; Vincini et al., 2008). In 
the context of detecting potential soil compaction, the CVI 
appears to be not suitable.

4.2. Seasonal and crop effects

As expected, there were clear seasonal patterns of VIs, 
with the highest values during summer. The occasionally 
encountered elevated values at the beginning of the season 
(e.g., in April 2022 in GE,; Fig. 3) were due to weeds grow-
ing on the otherwise bare soil prior to seed bed preparation. 
While the VI values commonly approached (or sometimes 
also exceeded) the range typical for living plants in sum-
mer, the index values were more within the range typical 
for soil during spring, but also late summer and autumn. 
This was caused by the higher number of pixels with bare 
soil in the plots or the more brownish colour of senescent 
plants (see Supplement E for pictures of plant develop-
ment). It is known that developing plants may have higher 
VI values than fully mature but still green plants (Aparicio 
et al., 2002). Selecting smaller sections of the UAV image 
stack that only comprise plants and no soil could, thus, 
lead to more pronounced differences in VI values between 
plants growing on compacted and non-compacted soils for 
spring dates. Besides a selection by hand, which would be 
unfeasible for large datasets, AI models could be imple-
mented to segment the orthomosaics accordingly. Another 
possibility is to use a canopy height model to differentiate 
between plants and soils. This would, however, require suf-
ficiently tall crops and a high quality DTM (Digital Terrain 
Model). Not surprisingly, a detection of soil compaction on 
sites with a high amount of bare soil seems not possible by 
using vegetation indices.

Best results are thus to be obtained when the vegetation 
has a closed canopy, or at least covers the whole plot, and 
is not in senescence yet. The timing and duration of this is 
dependent on the crop species. For maize, high VI values 
were recorded from late June, for wheat from early June, 
and for rapeseed as early as May (Fig. 4). Additionally, also 
weather and climate are important factors. As an example, 
VIs began to diminish already in late July at Groß-Enzersdorf 
in 2022, while in 2023 the highest VIs were recorded for 
early August, despite the same cropping. This was due to the 
low precipitation in 2022, with a cumulative rainfall of only 
280 mm by the end of August, whereas 140 mm more had 
already fallen by this time in 2023 (https://data.hub.geo-
sphere.at/). This was accompanied by a higher count of sun 
hours in 2022, which contributed to a more rapid drying of 
the plants. Furthermore, crop species also had an influence 
on the variance of the VI values. Owing to the higher plant-
ing density and smaller plant size, wheat (and presumably 
other cereal) fields are more uniform than maize planta-
tions, with the latter exhibiting a non-negligible share of 
shadowed areas over longer parts of the vegetation period. 
Accordingly, once a closed canopy developed, wheat had 
a lower range of VI values, compared to maize. It should be 
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noted, though, that the number of replicates for crop spe-
cies was low; systematic studies on the effect of crop would 
be needed to substantiate our results. Nevertheless, our data 
suggests that the highest potential to detect soil compaction 
by analysing VIs can be expected at cereal fields during 
the periods of stem extension and flowering. During this 
period, plants are in an optimal (green) stage for the record-
ing of VIs. Furthermore, they are also likely to best reflect 
potential restrictions in water and nutrient supply caused by 
soil compaction, due to the high demand during this phase, 
although this is also influenced by crop species and cultivar 
(Malhi et al., 2011; Rose and Bowden, 2013). 

Another interesting aspect would be how soil compac-
tion at different depths affects plant growth, phenology, and 
derived VIs. As the soil compaction at the Austrian and 
Belgian sites indeed differed in this regard, we made pre-
liminary analyses, which, however, remained inconclusive. 
Given the generally small differences between the com-
pacted and non-compacted areas in our study, we refrained 
from conducting more detailed analyses. Few studies have 
shown that the depth of soil compaction had an effect on 
plant development (Beckett et al., 2017; Dinis et al., 2015). 
Nevertheless, more research is needed, especially concern-
ing crop species and VIs.

5. CONCLUSIONS

Our study showed that it is possible to identify differ-
ences in soil compaction using vegetation indices derived 
from UAV imagery. The actual differences were in many 
cases, however, small, non-existent, or sometimes also 
contrary to the expectations, even though soil compaction 
was confirmed with bulk density increases between 4.6 and 
14.5% in the topsoil and saturated hydraulic conductivity 
reductions to below 3 cm d-1 at surface layers. Different 
combinations of crop sequences and climate conditions 
to the observed ones might change the outcomes consid-
erably, especially if vulnerable crop development stages 
coincide with climate extremes. A delimitation of slightly 
or moderately compacted areas of unknown location with 
remote sensing and VIs appears to be challenging, and it is 
probably not possible to distinguish soil compaction from 
other factors that affect plant health and development. The 
VIs exhibited a clear seasonality and were also dependent 
on the crop species. Bare soil and senescent plants appeared 
to be unsuited to depict soil compaction via the set of the 
VIs analysed. Accordingly, drone surveys should be coor-
dinated with local plant development. On the other hand, 
surveys from wetter periods (i.e., winter/early spring) with 
little or no vegetation may be used to detect waterlogged 
areas in the field as a potential indicator of soil compac-
tion. The different VIs were often highly correlated (r > 0.9 
for wheat, r > 0.75 for same index families), especially the 
ones sharing the same formula structure, but there was no 
single VI that stood out as the most suitable for soil com-

paction. VI selection may thus be based on the research 
focus (e.g., yield, chlorophyll, stress, vitality) or a more 
pragmatic approach, such as the familiarity with specific 
VIs or easiness of calculation. Best results and highest dif-
ferences between compacted and non-compacted areas may 
be obtained for grain fields with a closed and green canopy 
and a substantial soil compaction. 

We demonstrated that VIs are in principle capable of 
depicting soil compaction. A successful applicability is, 
however, probably restricted and is affected by the sever-
ity of compaction, crop species, growth stage, and other 
factors, as quantified by consistently low Cohen’s d effect 
sizes even in cases with statistically significant differences. 
To this end, more research on this subject should be carried 
out, e.g., using higher precision, refined and adapted VIs, or 
a combination of indices. 
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