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but lacked consistent directional trends. Considerable 
inconsistencies were also observed in plant height 
variations. The discussion highlights potential drivers 
of the close-range NDVI increase, the applicability 
of UAS for AFS research, and limitations in general-
izing findings from a single case study. Overall, the 
results demonstrate that tree effects on crop growth 
and vitality are detectable but marginal in terms 
of their influence on maize yields at this site, while 
showcasing the utility of UAS-based approaches for 
field-scale analysis of AFS.

Keywords  Agroforestry systems · UAS · Crop 
yields · Plant heights · Vitality

Introduction

Agroforestry—a complex agroecological system

Agroforestry is a long-established global land use 
management system that is currently receiving 
renewed attention in Europe (Mosquera-Losada et al. 
2012; Sollen-Norrlin et  al. 2020; Santiago-Freijanes 
et  al. 2021; Thiesmeier & Zander 2023). In modern 
times, when population growth and  increasing food 
demand conflict with the conservation of environ-
mental resources (Davis et  al. 2016; Molotoks et  al. 
2021), agroforestry can play a key role in reconcil-
ing both sides (Smith, Pearce and Wolfe, 2013). It is 
a promising method to mitigate the effects of climate 
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on crop yields. This study presents a methodological 
approach using multispectral unmanned aerial system 
(UAS) data to investigate a maize-cultivated alley 
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ence Vegetation Index (NDVI) and plant height, were 
derived as proxies for yield and analyzed in relation 
to the distance from tree stripes. Additionally, direc-
tion-dependent regression analyses were conducted to 
assess whether spatial variations in the field could be 
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first, a pronounced increase in NDVI was observed 
at close proximity to the trees, correlated with tree 
height and schematically illustrated for two repre-
sentative tree stripes; second, at greater distances, 
fluctuations in NDVI were associated with the trees 
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change (Dmuchowski, Baczewska-Dąbrowska and 
Gworek, 2024) while stabilizing agroecosystems 
through microclimatic effects and improved water 
balance (Jacobs et  al. 2022). In temperate Europe, 
alley cropping systems (ACS), where trees are grown 
alongside crops, are less widespread than systems 
integrating trees with livestock (Mosquera-Losada 
et al. 2023). Alley Cropping Systems work by plant-
ing parallel stripes of trees and hedges in agricul-
tural fields at intervals of  5–100 m, depending on 
light conditions and the spatial requirements of the 
intercrops. Beneficial ecological effects have been 
described, such as windbreak effects (Böhm, Kanzler 
and Freese, 2014; Weninger et al. 2021; Brandle et al. 
2021), which increase water availability (Zhu et  al. 
2020; Kaushal et  al. 2021) and improve water qual-
ity (Tsonkova et  al. 2012; Awazi et  al. 2024). Soils 
are affected through reduced erosion (Palma et  al. 
2007; Tsonkova et  al. 2012) and nutrient leaching 
(Quinkenstein et  al. 2009; Pardon et  al. 2017; Zhu 
et  al. 2020; Sileshi et  al. 2020; Kim & Isaac 2022), 
as well as increased fertility (Beuschel et  al. 2019; 
Sileshi et  al. 2020) and carbon sequestration (Shi 
et al. 2018; Mayer et al. 2022; Ghale et al. 2022). At 
the landscape level, such systems benefit habitat and 
species diversity (Quinkenstein et al. 2009; Torralba 
et  al. 2016). However, due to multiple overlapping 
effects, it remains challenging to quantify individual 
agroecological contributions, which is necessary to 
assess their ecological benefits while also understand-
ing impacts on crop productivity.

Remote sensing and UASs for agroforestry

The integration of modern imaging techniques with 
machine learning offers a powerful approach to map 
and disentangle ecological processes within agro-
forestry landscapes, particularly by capturing their 
spatiotemporal dynamics. Remote sensing enables 
the acquisition of high-dimensional image data, 
facilitating spatially explicit and temporally dense 
analyses. Satellite-based remote sensing has been 
employed to examine tree impacts on crop yield at 
the landscape level (Leroux et al. 2020; Yang et al. 
2020) and to estimate aboveground vegetation bio-
mass in agroforestry systems (Thapa, Lovell and 
Wilson, 2023). A contemporary and cost-effec-
tive approach is that of UAS-borne remote sens-
ing, which, unlike satellite analyses, allows for the 

derivation of spatially high-resolution information. 
Over recent years, UASs have gained increasing 
attention in agricultural applications (Tsouros, Bibi 
and Sarigiannidis, 2019), as they allow repeated 
imaging of field-level variability at relatively low 
cost. When combined with machine learning, UAS 
imagery permits the derivation of plant and soil 
parameters, including plant height, growth rate 
(Holman et al. 2016), crop yields (Nevavuori, Narra 
and Lipping, 2019), and water stress indicators 
(Gago et al. 2015).

A key advantage of UASs is their capacity to 
provide comprehensive, high-resolution datasets 
without extensive manual sampling, which is par-
ticularly valuable given the complex interactions of 
factors in agroforestry systems (Golicz et al. 2023). 
Accurate interpretation of such data requires robust 
statistical methods and large numbers of sampling 
plots. Although UAS technology has demonstrated 
its potential for ecological studies (Pádua et  al. 
2017), its application specifically in agroforestry 
research remains limited. Wengert et al. (2021) note 
that previous research predominantly relies on ter-
restrial measurements along transects with limited 
spatial resolution, ranging from 3 to 24  m. They 
demonstrated the potential of UASs to assess spatial 
variability in crop yield and leaf area index. Further 
studies using UASs include Iwasaki et  al. (2019), 
which assessed the impact of trees on the NDVI of 
maize plants and the subsequent effect on yields; a 
preliminary investigation into tree effects on NDVI 
was also conducted by Roupsard et al. (2020) using 
geostatistical techniques. Lastly, Bolívar-Santama-
ría and Reu (2024) applied UASs to assess habitat 
complexity using 3D point clouds.

Building on these studies, the present work aims 
to demonstrate the methodological applicability of 
UAS-based remote sensing for analyzing agrofor-
estry systems by extracting plant parameters from 
high-resolution imagery and translating them into 
spatially explicit indicators of crop performance. 
To illustrate this potential, the approach is applied 
to a temperate European agroforestry system as a 
case study, providing a methodological framework 
rather than a broadly generalizable evaluation. The 
specific research objectives outlined below should 
be understood within the context of this methodo-
logical framework.
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Crop yields in temperate European agroforestry

Beyond ecological effects, estimating productivity 
through crop yields is essential to assess the economic 
viability of agroforestry systems alongside their 
environmental benefits. Majaura, Böhm, and Freese 
(2024) highlight substantial variability in yields aris-
ing from factors such as tree or crop species and the 
structural arrangement of tree–crop configurations. It 
is therefore important to investigate how tree-stripes 
influence productivity. In proximity to trees, crop 
yields are often reduced within a “competition zone” 
(1–2 × tree height) due to resource competition, shad-
ing, allelopathic effects, and microclimatic changes. 
Conversely, in zones located 3–10 × tree height, 
yields may increase due to improved microclimatic 
conditions and enhanced soil moisture (Majaura, 
Böhm and Freese, 2024). This characteristic pattern 
is frequently referred to as a bell-shaped yield curve. 
Understanding these spatial zones and their control-
ling factors is crucial for the design of agroforestry 
field layouts.

UAS technology facilitates the examination of spa-
tial growth patterns as proxies for crop yields, ena-
bling quantification of plant vitality relative to tree 
proximity. Accordingly, the objectives of this study 
are:

•	 To ascertain whether UAS imagery can be used to 
identify spatial patterns of plant growth and plant 
vitality for segmented individuals of the same spe-
cies (maize) within an agroforestry system.

•	 To determine whether observed patterns can 
be attributed to the planting and height of tree-
stripes.

•	 To ascertain the distance up to which tree-stripes 
exert an influence on maize growth and vitality as 
yield indicator.

Methods

Study area

The study was conducted in a short-rotation silvoara-
ble alley cropping system (Nair 1985) in the Lausitz 
region (51°27′32.328’’ N, 13°58′18.4368’’ E), south-
east Brandenburg, Germany, covering approximately 
0.25  km2. The site has a gentle gradient of 1:250, 

descending towards the south-west. Soils are clas-
sified as Gleyic Cambisol (IUSS Working Group 
WRB 2022), with medium sandy texture (Geoportal 
LBGR Brandenburg 2024) and poor water retention 
(Drastig et  al. 2011). Nearby Cottbus has an annual 
mean temperature of 10.4  °C and precipitation of 
685  mm, reflecting low rainfall typical of southern 
Brandenburg, which contributes to lower crop yields 
(Drastig et  al. 2011). During 2023, a pre-summer 
drought was followed by average summer rainfall 
(Deutscher Wetterdienst 2023). Mean annual wind 
speeds are ~ 25 km/h, primarily from westerly direc-
tions (Kasperski 2002; Neil et al., 2023).

Maize was planted across the field in early May 
2023. Compared to surrounding fields, the crop 
showed markedly reduced growth heights. The farmer 
reported minimal pesticide application and exclusive 
use of organic fertilizers. Maize was sown in parallel 
rows spaced 70–80  cm apart, with inter-row spaces 
occupied by diverse weed species, varying in abun-
dance across the field. Growth was patchy, with areas 
of uniform height several meters wide (Fig.  2), and 
soil moisture increased from east to west.

Six wooden tree stripes were planted in a 
north–south direction (Fig. 1), each comprising three 
rows of trees or bushes of different species. Planted 
in 2013, stripes varied in width (10–30  m) and tree 
height (2–13 m at data acquisition, Fig. 2). Although 
species composition is important for AFS effects 
(Majaura, Böhm and Freese, 2024), it was not consid-
ered due to lack of data.

UAS data acquisition and processing

Data were collected on September 6, 2023, between 
11:00 and 12:30 under clear sky conditions. A 
DJI Phantom 4 Multispectral drone equipped with 
five monochrome sensors (Blue: 450 ± 16  nm, 
Green: 560 ± 16  nm, Red: 650 ± 16  nm, Red-Edge: 
730 ± 16 nm, NIR: 840 ± 26 nm) was flown at 60 m 
altitude, yielding a 3.1 cm ground sampling distance 
with 75% frontal and side overlap. A white refer-
ence panel (Spectralon®, 50%) enabled radiometric 
calibration, and the upward-facing sun sensor allowed 
computation of physical reflectance despite varying 
solar intensity. Post-processing kinematics (PPK) 
applied to GNSS coordinates achieved sub-cm posi-
tional accuracy, automatically georeferencing the 
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orthomosaic without ground control points (Zhang 
et al. 2019).

To validate plant height derivation, 106 maize 
plants were measured in the field using a folding ruler, 
with GPS-recorded coordinates. Only maize from 
uniform-height patches (see section: Study Area) was 
sampled to mitigate GPS inaccuracies. Images were 
processed in Agisoft Metashape (Agisoft LLC, 2023), 
generating a digital surface model (DSM) and ortho-
mosaic using structure-from-motion.

Maize classification

To extract NDVI and plant heights solely from maize 
plants, while excluding surrounding soil or weeds, 
the maize was segmented using a combination of 
dynamic thresholding and a random forest classifier.

Dynamic thresholding (Niblack, W., 1986) is a 
method that highlights objects by comparing their 
albedo to the background of the image. Due to the 
high growth rate of the maize plants, they were 
exposed to direct sunlight while simultaneously shad-
ing the surrounding lower-growing weeds and soil. 
This results in albedo discrepancies, which could 
be used for classification. In order to calculate the 
albedo, the grey values of all five bands were aggre-
gated for each pixel. The background surrounding 

a plant was estimated by applying a mean filter to 
the albedo image (window size: 51 × 51px). Subse-
quently, each pixel was compared to the background. 
Pixels that met the condition pixel * 0.7 > background 
were segmented as maize plants. The parameters 
were adjusted so that the maize was classified with 
greater precision. This resulted in a segmented pixel 
being very likely to belong to a maize plant (low false 
positives), while not all true maize pixels were identi-
fied (high false negatives).

Remaining unclassified areas (bare soil) were 
processed with a Random Forest classifier (Breiman 
2001) using 91 training polygons to separate maize, 
weeds, and soil. No ground-truth coverage was avail-
able; polygons were visually delineated on the ortho-
mosaic. Both classification outputs were combined, 
keeping only pixels classified as maize by both meth-
ods, followed by a 3 × 3 px majority filter (Kim, 1996) 
to remove isolated misclassifications (Fig. 2).

Derivation of plant heights

The derivation of plant heights involved creating a 
normalized digital surface model (nDSM) and deter-
mining individual plant positions: First, a substan-
tial number of ground points (n = 125) representing 
exposed soil were identified within the orthomosaic, 

Fig. 1   The UAS orthomosaic depicts the boundaries of indi-
vidual alleys, delineated as coloured polygons. These alleys are 
distinguished as either west or east, and the tree stripes are vis-

ible running in north–south direction through the field. They 
are delimited by 25 m long yellow cells in which the average 
tree height was calculated
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and their corresponding height information was 
extracted from the digital surface model (DSM). A 
linear plane was fitted using a subset of these points 
(n = 10) to describe the slope of the terrain. The resid-
uals between this plane and the DSM at the remaining 
ground points were then spatially interpolated using 
Ordinary Kriging (Krige 1951), resulting in a normal-
ized digital terrain model (nDTM). The nDSM was 
subsequently obtained by subtracting the nDTM from 
the DSM.

To determine plant heights and positions, local 
maxima within the nDSM were identified using 
a 9 × 9 pixel moving window, considering only 

pixels previously classified as maize. To validate 
the derived heights, a correlation was performed 
between the nDSM-derived values and reference 
measurements of 106 plants taken in  situ. Because 
of inherent GPS inaccuracies (see section: UAS 
Data Acquisition and Processing), the reference 
heights were compared to the mean nDSM peaks 
within a 3  m radius. The resulting correlation 
(r = 0.84, Pearson) indicated satisfactory model 
quality. Finally, a linear model was applied to pre-
dict the reference heights, adjusting the gain and 
offset, which allowed determination of the heights 
of approximately 85,000 plants.

Fig. 2   Spatial distribution of the growth parameters NDVI 
(upper) and crop and tree height (lower). For the illustration, 
the values of the mask (NDVI), or the individual height pix-
els (plant height) were spatially interpolated. It should be noted 
that this process does not represent soil or weed parameters, 

but rather provides a spatially comprehensive representation 
of the plant’s NDVI and height. In the NDVI plot, a close-up 
image is shown in which the masking of the maize plants is 
visible
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NDVI adjustment through terrain

The analysis revealed a significant influence of ter-
rain on NDVI variations, with higher NDVI val-
ues observed in depressions (Pearson correlations 
of NDVI to nDTM: Alley 1: − 0.32; Alley 2: − 0.51; 
Alley 3: − 0.28; Alley 4: − 0.02). As this terrain effect 
could interfere with tree-stripe-derived patterns, a 
correction method was applied using alley-specific 
correction factors. In the absence of a reference indi-
cating the exact extent of terrain influence on NDVI, 
a simplified approach based on correlations and the 
NDVI distribution was employed:

NDVIcorrected: NDVI of terrain-corrected pixel.NDVI: 
NDVI of pixel to be corrected.H: height of pixel to 
be corrected.H min/max: minimum/ maximum height of 
the terrain in the respective alley.NDVIlow / up: lower 
and upper NDVI limits.|cor|: absolute correlation of 
DTM and NDVI in the respective alley.

The first term in parentheses quantifies the contri-
bution of terrain height: in the lowest depressions, the 
factor approaches 1, yielding the maximum correc-
tion, whereas in terrain peaks, it approaches 0. The 
NDVI range (NDVIup—NDVIlow) is multiplied by the 
correlation |cor| to scale the correction appropriately. 
The NDVI limits were set to 1.5 times the interquar-
tile range (IQR) of the alley-specific NDVI distribu-
tion, which effectively excludes outliers. No cor-
rection was applied to the plant height model, as no 
significant correlation with the nDTM was detected.

Regression analyses

To examine the potential influence of the tree 
stripes, NDVI and plant height were analyzed as 
functions of distance to the tree stripes. A total of 
3000 randomly selected plants were sampled per 
alley, except for the larger eastern alley, where 
15,000 plants were sampled. Although Golicz et al. 
(2023) recommend multi-level statistical mod-
els to account for spatial autocorrelation in agro-
forestry systems, the uniform random sampling 
employed here minimizes potential distortion from 

NDVIcorrected = NDVI −

(
1 −

H − Hmin

Hmax − Hmin

)
∗

(
NDVIup − NDVIlow

)
∗ |cor|

autocorrelation. Plant heights and NDVI values 
were extracted within a 1  m radius around each 
plant. Outliers (1.5 × IQR) were removed in 10  m 
distance intervals, after which the parameters were 
plotted against distance to the nearest tree stripe. 
Splines were fitted to approximate the progression 
of the parameters, minimizing curvature for visual 
representation.

The results suggested a distinction between 
close-range and long-range effects. To analyze these 
effects in greater detail, the alleys were subdivided 
into 87 cells, each 25 m wide (Fig.  1, Tree Cells). 
For each cell, NDVI was plotted against distance, 

and splines were derived as described above. The 
effect range was determined as the distance to the 
first local NDVI minimum observed in the splines, 
representing the extent of the pronounced close-
range NDVI increase typically observed in proxim-
ity towards tree stripes. Effect strength was quan-
tified using the R2 value from linear regression 
models. For close-range effects, linear regression 
was applied from 0 m to the effect range, while for 
long-range effects, regression extended from the 
effect range to the end of the progression. Addition-
ally, potential relationships between effect range 
and tree height were investigated by correlating the 
effect range with nDSM-derived mean tree height 
within each Tree Cell (Fig. 5).

To further explore long-range effects, direction-
dependent regression analyses were conducted to 
determine whether fluctuations in growth param-
eters were attributable to tree stripes. If variations 
were caused by the trees, the explained variance 
(R2) or p-value would be maximized in the tree 
direction. To account for any kind of fluctuations in 
growth parameters, polynomials of degree 10 were 
tested, of which only significant terms were used for 
the model. Separate regressions were calculated for 
each cardinal direction at 1° resolution, using only 
points located more than 20 m from the nearest tree 
stripe. Within an alley, regressions were performed 
separately for the western and eastern sides (Fig. 1), 
and the results were subsequently merged in the 
regression plots (Fig. 7).
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Results

Spatial representation of maize vitality and maize 
height

The following results demonstrate a workflow for 
deriving spatially explicit indicators of maize vitality 
and height from UAS imagery. Patterns are presented 
as site-specific outputs rather than generalized effects. 
Figure  2 illustrates the spatial distribution of NDVI 
and plant and tree heights. NDVI is higher in the 
western alleys and lower in the eastern ones. Alley 1 
and 2 display a patchy arrangement, with NDVI rang-
ing from 0.3 to 0.7. Plant height patterns are similarly 
patchy but more evenly distributed across alleys, with 
Alley 2 showing the highest heights on its western 

side. No clear correlation exists between plant height 
and NDVI, and the height model is affected by arte-
facts at the eastern edge of Alley 4.

Distance to tree stripes relationships of maize growth 
parameters

The objective was to assess whether spatial patterns 
in plant growth depend on tree distance. Figure  3 
shows that NDVI consistently increases towards tree 
stripes, with a minimum between 5 and 20 m depend-
ing on alley and direction. This close-range increase 
corresponds to high explanatory variances (R2) for 
linear models fitted from 0 m to the first NDVI mini-
mum (Fig. 4). Beyond this minimum, NDVI contin-
ues to fluctuate but with low R2, and no consistent 

Fig. 3   Growth parameters NDVI and plant height as a func-
tion of distance to the nearest tree-stripe, separated by alley 
and direction (Fig.  1). Sample points and fitted splines 
illustrate progression. For convenient visualization avoid-
ing overlapping, the progressions are shifted in y-axis 
(NDVI: A1W: + 0.85, A1E: + 0.6, A2W: + 0.05, A2E: + 0.2, 

A3W: − 0.27, A3E: − 0.1, A4W: + 0.45, A4E: + 0.33; Plant 
height: A1W: + 3, A1E: + 2.3, A2W: − 0.1, A2E: + 0.6, 
A3W: − 1.3, A3E: − 0.6, A4W: + 1.4, A4E: + 0.8). This implies 
that relative trends are visualized in this figure instead of abso-
lute parameter values
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trends are apparent. The pronounced NDVI increase 
up to 20  m, termed the effect-range, is examined in 
more detail below. In Alley 4 W and E, NDVI fluc-
tuations appear wave-like, whereas in Alleys 1–3, pat-
terns are inconsistent.

Plant height shows fluctuations of similar mag-
nitude to NDVI, but no consistent trends emerge. 
Towards tree stripes, increases are observed in Alley 
1 W and E and Alley 4 W, while Alley 3 W and E 
and Alley 4 E display opposite trends. Correlation 
between NDVI and plant height is variable, ranging 
from r = 0.48 (Alley 1) to r =  − 0.26 (Alley 3), with 
some alleys showing negligible correlation (e.g., 
Alley 4: r = 0.12).

Correlation analysis indicates a moderate rela-
tionship (r = 0.65) between mean tree height and 
NDVI effect-range: taller trees exert a stronger 
influence on NDVI (Fig.  5). Effect-range varies 
from 0 to 25 m, with greater variation for trees taller 
than 3.5 m. Lower tree heights occur predominantly 

in Alleys 1 and 3. In this range, some samples 
exhibited an effect-range of 0 m (see figure descrip-
tion). The fitted linear model (R2 = 0.43, Fig. 5) was 
employed to schematically illustrate the effect-range 
of the increasing NDVI (Fig. 6).

Estimation of effect‑range from tree height

Figure  6 depicts the spatial extent of tree stripe 
influence on maize NDVI. The schematic illustrates 
tree stripes 2 and 5 (Fig.  1) along with their cor-
responding effect-ranges, derived from the linear 
model shown in Fig. 5. In stripe 2, where tree height 
predominantly varies along the N-S axis, the NDVI 
increase extends up to 17 m. In stripe 5, with vari-
ation along the W-E axis, the effect-range reaches 
up to 10 m in the east but scarcely exceeds 5 m in 
the west. The affected areas cover approximately 
1000–3000 m2 within the 250 m long alleys.

Cardinal regressions

The cardinal regressions for the long-range analy-
sis illustrated in Fig. 7 demonstrate similar patterns 
of NDVI and plant height within an alley. Alley 1 
exhibits a markedly delineated peak, oriented per-
pendicular to the tree-effect direction and parallel to 
the length of the alley. The correlation extends up to 
R2 = 0.5 in the NDVI and R2 = 0.22 in plant height. 
A more detailed examination of the data indicates a 
linear trend, with higher values of NDVI and plant 
heights observed in the northern regions and lower 
values in the southern regions (data not shown). 
Other directions show R2 below 0.1, with minimal 
evidence of tree-effect direction. A weak peak in 
NDVI is observed on the eastern side (R2 = 0.05) 
but is obscured by the north–south trend.

The NDVI in Alley 4 indicates that the explained 
variance is broadly aligned with the tree direc-
tion, with relatively low values of R2 = 0.08 in 
the west and R2 = 0.17 in the east. Therefore, the 
wave-like patterns observed in Fig.  3 are most 
pronounced in the direction of the trees. This pat-
tern is not reflected in Alley 4 plant height, as the 
peaks are pronounced in a north-easterly or south-
easterly direction with very low explained variances 
(R2 = 0.05—0.08).

Fig. 4   Explained Variance in NDVI of 87 Linear Models split 
by Short- and Long Range. The figure illustrates differences 
in trend strength observed in NDVI obtained from close-range 
and long-range distances. The variances are illustrated as box-
plots for the close-range and long-range linear models. For the 
close-range models, those that fit the distance from the start 
of the tree stripe (0  m) to the effect-range were created. The 
long-range models are fitted from the effect-range to the end 
of the respective progression. For detailed creation see sec-
tion Regression Analyses. As the models employed are linear, 
the boxplots provide an impression of the strength of the trends 
without considering fluctuations within the progressions
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Discussion

The patterns observed in this study are discussed as 
site-specific examples that illustrate the potential 
of UAS-derived crop metrics in agroforestry sys-
tems. They are not intended as broadly generalizable 
results, but rather to demonstrate the applicability 
of the methodological approach. With this framing 
in mind, the discussion begins with an evaluation of 
growth parameters and maize yield.

Growth parameters and maize yield

To obtain a UAS-based proxy for maize yield, we 
used NDVI (vitality) together with plant height. Prior 
work shows that yield predictions improve when plant 
height complements NDVI rather than using NDVI 
alone (Yin and McClure 2013; Freeman & Kyle, 
2007). In our case, however, plant height and NDVI 
were only negligibly correlated (Fig.  2), making it 
difficult to infer yield directly from both. Because 
plant height showed no consistent spatial pattern—
likely reflecting methodological uncertainty—while 
NDVI did, we interpret results primarily via NDVI 
and revisit potential height-model issues below (see 
“Suitability of UAS for Analyzing Agroforestry”).

NDVI is widely used to estimate maize yield, 
either as an additional predictor (Marques Ramos 
et al. 2020; Yang et al. 2022) or as a standalone indi-
cator (Maresma et  al. 2020). Still, the NDVI–yield 
relationship depends on timing (season, time of day) 
and other factors (Maresma et al. 2020). Near wind-
breaks, Iwasaki et  al. (2019) even observed a shift 
from positive (June) to negative (September) correla-
tions. Most studies report positive correlations, espe-
cially in later growth stages (Martin et al. 2007; Sunoj 
et al. 2021). Yang et al. (2022) suggest that the corre-
lation is strongest during the R3 and R4 stages, which 
correspond to the maize reproductive phases when 
kernels are in the milk (R3) and dough (R4) stages 
(Ritchie et  al. 1993). These findings align with this 
study’s observations from early September. The cor-
relation can also be influenced by nitrogen applica-
tion (Maresma et al. 2020). Overall, the NDVI–yield 
link is strongly context-dependent.

Close‑range effects

Within ~ 20  m of tree stripes, both NDVI and plant 
height varied (Fig.  2), and distance-based plots 
revealed slight but significant trends (Fig.  3). Close 
to trees, plant height showed no consistent direction 

Fig. 5   Pearson correlation analysis of NDVI effect-range and 
tree height. The analysis, including a linear model, was used 
to examine the relationship between the close-range NDVI 
effect range—defined as the distance at which NDVI shows a 
pronounced increase  towards trees (Fig.  3)—and tree height. 

Calculations were performed separately within 25 m long tree 
cells (Fig. 1), yielding 78 samples, and correlated with the cor-
responding mean tree height. Cells in which NDVI increased 
with distance from the trees were assigned an effect-range of 
0 m
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(some alleys increased, others decreased). By con-
trast, NDVI consistently increased toward trees, typi-
cally reaching a minimum within ~ 5–20  m, with 
alley- and stripe-specific differences (Fig.  3). This 
pattern occurred across all stripes and scaled with 
tree height (Fig. 5), indicating a tree-related effect.

The study revealed a spatial pattern showing how 
tree planting influenced crop growth in the examined 
AFS. Using NDVI as a proxy for maize yields pro-
duced surprising results that contradict the frequently 
cited competition zone, in which yields typically 
decline near tree stripes (Majaura, Böhm and Freese, 
2024). When interpreting the pattern in terms of 
windbreak effects, it becomes evident that the spatial 
extent observed here was considerably smaller than 

in other reported systems—where positive impacts 
range from 3–10H (H = tree height) (Cleugh 1998) 
or 3–5H (Iwasaki et  al. 2019). In this study, NDVI 
increases were restricted to about 0–2.5H, yet a con-
tribution from windbreak effects cannot be excluded. 
Shading is unlikely to explain the effect, as it typi-
cally reduces yields (Majaura, Böhm and Freese, 
2024). Instead, improved water availability may have 
played a role, particularly during dry summer periods, 
by alleviating water stress and thereby amplifying 
NDVI signals (Quinkenstein et al. 2009; Bayala and 
Prieto 2020; Zhang and Zhou 2019). Such improve-
ments could result from reduced evapotranspiration 
resulting from microclimatic effects (Quinkenstein 
et al. 2009) or from trees accessing deeper soil layers 

Fig. 6   Schematic representation of two tree stripes and corresponding NDVI effect-range. A (grey area) represents the affected area 
surrounding the 250 m long tree-stripes
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and redistributing water via hydraulic lift (Bayala 
and Prieto 2020). However, alternative evidence sug-
gests a more complex picture: Iwasaki et  al. (2019) 
linked NDVI increases near trees to elevated soil 
temperatures, while reporting reduced soil water con-
tent in proximity to tree stripes. Similarly, Pardon 
et al. (2018) found indications of reduced soil mois-
ture close to trees due to water competition in maize 
systems, although such a competition zone was not 
observed in this study.

Another possible factor is an increase in soil 
organic carbon (SOC), promoted by litterfall, root 

turnover, and rhizodeposition. SOC stocks are 
known to increase significantly in temperate AFS 
(Mayer et  al. 2022), which may enhance micro-
bial diversity (Beule, Vaupel and Moran-Rodas, 
2022) and, in turn, improve soil fertility. To clarify 
the mechanisms underlying the observed NDVI 
increase, future UAS-based studies should be 
accompanied by in-situ measurements and detailed 
soil analyses.

Fig. 7   Variance of growth parameters along cardinal directions. Green line indicates tree stripe direction; black line represents the 
separation between western and eastern alley sides (Fig. 1). For details of the calculation, see Section Regression Analyses
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Long‑range effects

At greater distances, effects were weaker (lower R2; 
Fig.  4). NDVI and height still varied, but without 
consistent monotonic trends (Fig.  3), suggesting no 
uniform influence on NDVI, height, or yield at long 
range. Iwasaki et al. (2019) observed NDVI increases 
out to ~ 3–5H, attributed to wind-related warming; 
here, consistent effects extended only ~ 0–2.5H.

Figure 7 shows that in Alley 4, plant-height varia-
tion peaks toward the southeast and northeast, imply-
ing that the height fluctuations in Fig.  3 are largely 
field-scale heterogeneity rather than tree effects. 
NDVI variation in Alley 4, however, aligns with tree 
orientation, indicating tree-related variability. The 
wave-like NDVI patterns (Fig.  3) could reflect lee-
side turbulence (McNaughton 1988; Cleugh 1998), 
but similar signatures could also arise from mechani-
cal tillage parallel to tree stripes. The form of long-
range fluctuations differs among alleys, possibly due 
to airflow interactions with stripe height/arrangement 
or to soil heterogeneity (e.g., patchy organic-carbon 
accumulations from Pleistocene floodplains). Both 
turbulence and soil variability likely contribute.

Microclimatic effects acting across the whole field 
could also elevate NDVI broadly, which would be 
hard to isolate with UAS alone; comparable imagery 
from nearby non-AFS fields would help. In Alley 
4, the higher R2 values for NDVI and height in the 
east compared to the west likely reflect the presence 
of taller trees in that section (Fig.  2). This suggests 
detectable effects extending toward the mid-alley, but 
these patterns were not consistent enough to be linked 
to yield, as no systematic center-directed increases or 
decreases were observed. The commonly described 
bell-shaped yield pattern was not confirmed; instead, 
the opposite tendency (higher yields toward edges, by 
NDVI proxy) appeared.

Prediction of effect‑range

Figure 5 shows a moderate but significant correlation 
between tree height and NDVI effect-range, support-
ing a height dependency while implying additional 
drivers. Besides height, species identity and mixtures 
(Majaura, Böhm and Freese, 2024), geno-/phenotypic 
variation, and residual soil heterogeneity (despite 
topographic correction) likely influence effect-range. 

These were not cosindered in this study due to lack 
of data.

Compared with our results, Iwasaki et  al. (2019) 
found positive NDVI effects out to 3–5H in a simi-
lar maize AFS; differences may reflect wind regime 
or the relative importance of microclimatic benefits. 
Roupsard et  al. (2020) reported significant NDVI 
effects within ~ 17 m around trees in a semi-arid West 
African AFS with pearl millet—broadly consistent 
in extent with our case—but cross-study compari-
sons should be cautious given system and climate 
differences.

To visualize the distance over which trees influ-
ence plant growth, Fig.  6 schematically maps the 
NDVI effect-range for two stripes. While mechanisms 
remain unresolved, this view helps gauge the spatial 
extent of tree effects and can inform on-farm eco-
nomic assessments. Translating NDVI increases into 
yield gains, however, requires explicit modeling of 
the NDVI–yield relationship, including management 
factors such as nitrogen timing.

Suitability of UAS for analyzing agroforestry

This study demonstrates that UAS can resolve spatial 
fluctuations in AFS. Although effect sizes are mod-
est, large sample sizes (n ≈ 85,000) provide high sta-
tistical power. The close-range NDVI increase and 
its correlation with tree height are readily detected, 
whereas conventional transects would be laborious 
(Kanzler et al. 2019; Swieter et al. 2019). UAS work-
flows also scale: once established, they can be rapidly 
applied to additional sites (Pádua 2021), enabling 
efficient, field-scale monitoring.

Limitations remain. DSM-based height retrieval 
may lack precision for subtle differences, especially 
given complex maize plant architecture at 60 m flight 
altitude, which likely contributed to weak height pat-
terns and low NDVI–height correlation. Multiple 
processing steps can propagate uncertainty, and GPS 
errors (3–10  m) in manual height sampling com-
plicate validation. Even so, prior work shows UAS 
DSMs can yield usable crop heights (Gilliot et  al., 
2021; Oehme et  al. 2022). LiDAR could improve 
structural accuracy but increases study design com-
plexity (Zhang and Grift 2012). On the classification 
side, edge pixels were often misassigned (maize vs. 
weeds), biasing toward plant centers; with a 3.1  cm 
GSD, many pixels are mixed maize–weed/soil. 
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Without robust classification and validation, reliabil-
ity is reduced. The absence of a control (non-tree) 
plot further complicates attribution. Given the multi-
ple overlapping drivers in AFS (Majaura, Böhm and 
Freese, 2024), analyzing many fields with a consist-
ent workflow is essential.

Yield estimation remains constrained by reliance 
on spectral indices. NDVI can correlate strongly 
with yield under good design (Maresma et al. 2020). 
The EVI (Enhanced Vegetation Index) as an alterna-
tive—often used where NDVI saturates (Gitelson 
et al. 2003)—showed larger within-plant fluctuations 
in our study which was treated as noise. Direct yield 
modeling is possible but requires costly ground truth; 
future models built on large datasets may ease this. 
With multi-temporal acquisitions and clear knowl-
edge of when parameters correlate best with yield, 
UAS can robustly delineate AFS patterns. Due to the 
aforementioned factors, generalization to all agrofor-
estry systems remains challenging; nonetheless, our 
results provide concrete evidence of tree influences 
on adjacent crops and demonstrate the field-scale util-
ity of UAS-based analysis.

Conclusions

This study demonstrates that maize plants can be 
effectively segmented using UAS data and that NDVI 
reliably reflects yield patterns within AFS. Along-
side known ecological benefits, this efficient analyti-
cal approach supports broader acceptance of UAS in 
agricultural practice. Localized NDVI increases were 
observed near tree stripes, with the strongest effects 
at 5–20 m into alleys, likely driven by microclimatic 
reductions in evapotranspiration. Long-range fluc-
tuations may reflect windbreak influences, but no 
consistent trends were identified. Bell-shaped yield 
responses were not found; instead, yields increased 
toward field edges.

Tree effects in this system were present but mar-
ginal, with yield gains confined to small spatial 
scales. The study provides insights into local tree 
impacts and demonstrates that UAS-based remote 
sensing can disentangle tree–crop interactions at the 
field scale, offering a methodological foundation for 
broader applications. Due to the specificity of this 
case study, generalization to other agroforestry sys-
tems remains limited. Its main contribution lies in 

showing how high-resolution, spatially explicit UAS 
data can inform both local analyses and future com-
parative research in agroforestry.
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