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A B S T R A C T   

Trees in agroforestry parklands influence crops both through competitive and facilitative mechanism, but the 
effects are challenging to disentangle due to the complexity of the system with high variability in tree cover 
structure and species diversity and crop combinations. Focusing on a landscape in central Burkina Faso domi-
nated by Vitellaria paradoxa and Parkia biglobosa, this paper examines how tree cover influences crop yield at 
landscape scale using satellite data and spatial statistics. Our analysis is based on data from 2017 to 2018 with 
differences in rainfall to assess the stability in identified relationships. Our findings showed that tree canopy 
cover and tree density inside the fields tended to decrease crop yield because of competition, but also that these 
variables when considering the surrounding landscape exerted an opposite effect because of their buffering ef-
fects. The explanatory variables representing soil properties did have limited effects on crop yield in this study. 
These patterns were consistent during the two years of monitoring. Overall, our results suggest that farmers in 
this area might manage the tree cover in a way that optimizes sustainable yields as canopy cover and tree density 
in most parklands is below the limits identified here where competition outweight the facilitative effects.   

1. Introduction 

Smallholder farming in agroforesty parklands is the dominating 
agricultural strategy in the Sudano-Sahelian zone of West Africa and 
provide the subsistence base for a large proportion of the population 
(Bayala et al., 2014). Parklands are basically agricultural landscapes 
characterized by the coexistence of scattered trees and crops. Specif-
ically, trees of selected species are retained in the fields mainly for their 
perceived positive influence on soil quality and erosion, and for 
providing food and fodder, as well as other non-timber forest products 
(Sinare and Gordon, 2015). These parkland systems reflect strategies 
developed by the farmers for generations to reduce their vulnerability to 
risks primarely related to climate variability. However, food security is a 
chronic problem in these Sahelian countries due to a heavy reliance on 
rainfed crops and the highly unpredictable rainfall patterns that has 
frequently led to agricultural drought in the past decades, and will 

continue to do so in the future (Laudien et al., 2022). In addition, 
increasing demand for agricultural land from a growing population 
means that sustainable intensification is a critical pathway to ensure 
sufficient food production in the near future. Tree cover management in 
parklands could be one important action in this context. 

Much research efforts have been directed to explore the crop yield 
potential of different agroforestry systems as sustainable options to 
improve food production in sub-Saharan Africa. For example, according 
to a meta-analyses (Kuyah et al., 2019), average yields of staple crops 
were almost twice as high in agroforestry compared to yields in treeless 
systems. Using 64 observations from 15 studies conducted in Burkina 
Faso, Mali, Niger and Senegal, Bayala et al. (2012) found that parkland 
trees increase crop yield between 0.14 and 0.24 Mg ha−1 depending on 
species composition and structure of the tree cover, which suggests that 
management practices can have important implication for crop yield in 
these landscapes. Furthermore, Roupsard et al. (2020) recently 
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demonstrated the production benefits of agroforestry parklands by 
assessing the land equivalent ratio (LER) focusing on an area in the 
Peanut Basin in Senegal. LER defines the amount of land needed by 
monoculture agricultural to give the same yield as an agroforestry sys-
tem. Roupsard et al. (2020) estimated LER to 1.16 in this system 
dominated by Faidherbia albida. Hence, the parkland systems are highly 
relevant from a food security perspective, especially in situations when 
land is a scarce resource and climate resilience is a high priority. 
Tree-based agricultural systems have also proven to be superior mono-
culture systems in terms of biodiversity for both fauna and flora and has 
been suggested as a rational option of human dominated landscapes 
when strict conservation efforts are out of reach (Baudron et al., 2019). 

While having several livelihood benefits, trees in agroforestry sys-
tems, such as parklands, also influence the availability of the key re-
sources controlling crop growth and yield, including water, nutrients, 
and sunlight (Ilstedt et al., 2016; Luedeling et al., 2016). Consequently, 
trees can compete with crops over sparse resources both above and 
below ground depending on spatial arrangement, structural character-
istics and species composition of the tree cover. On the other hand, trees 
can also facilitate crop growth and yield through mechanisms such as 
nitrogen fixation and nutrient cycling, hydraulic lift to improve water 
availability, replenishment of soil organic matter, control of erosion, as 
well as moderation of temperature and wind, all of which are mecha-
nisms that depend on tree cover properties (Bayala et al., 2014). The 
balance between competition and facilitation exerted by trees on crops 
is thus a key consideration in agroforestry management aiming to 
improve crop yield. In addition, significant declines in parkland tree 
densities is taking place in many parts of the Sudano-Sahel because of 
changing climate condition, increasing livestock pressure on seedlings, 
altered land management practices and high population growth (Brandt 
et al., 2017; Gonzalez et al., 2012). The effects of such changes on crop 
yield is highly uncertain but critical to understand for effective land 
management decisions aiming to slow down or reverse the trend. 

Consequently, the direction and magnitude of trees’ influence on 
crop yield, and thus indirectly on food security, in agroforestry park-
lands is highly complex, dependent on the agroecological conditions and 
is thus still a debated topic despite extensive research (Bayala et al., 
2014, 2015). A key challenge to this type of agro-ecological research has 
been a scale issue, much related to the heavy workload associated with 
field data collection usually resulting in a limited sample size. Field trials 
are generally conducted at the scale of individual trees focusing on the 
effects on crops beneath the crown or in intercanopy areas where the 
dominant approach is to compare crop performance within the tree zone 
of influence with areas outside of it (Bayala et al., 2015; Sanou, 2010). 
However, the influence zone of trees is very difficult to constrain and can 
differ between tree species depending on resource extraction rate, root 
system characteristics and shading capacity, which can make it difficult 
to identify areas not affected by trees, potentially introducing bias in the 
analysis. A key question in the context of such studies is if the effects of 
individual trees scale up to the landscape (Riginos et al., 2009). Another 
limitation is that individual tree scale studies often focus on the effects of 
specific tree species on specific crop types, while the more complex real 
situation with multiple crop combinations and a tree cover with high 
diversity in species composition and structural characteristics is more 
difficult to assess due to potentially overlapping and combined in-
fluences. The complexity that is introduced when the spatial scale is 
increased is large and has led to that these analytical approaches have 
contributed insufficient understanding about the influence of trees on 
the landscape scale, which is crucial for effective decision-making 
regarding land management related to the tree cover. The landscape 
scale effect on crop performance includes not only trees within the 
agricultural field, but also those in the surrounding areas (Luedeling 
et al., 2016). 

Recent studies have employed Earth Observation data to enhance the 
knowledge about the landscape scale effect of trees in dryland agricul-
ture, including in parklands. Such datasets enable efficient collection of 

key agroecological variables over large areas at low cost and workload, 
including vegetation productivity and tree cover structure. For example, 
Leroux et al. (2020) applied high-resolution satellite imagery to map 
spatial variability in tree cover structure and crop yield at landscape 
scale in Senegal focusing on the effect of Faidherbia albida on millet 
yield. These two spatial datasets were then analyzed using the Gradient 
Boosting algorithm to explore the influence of trees on crop yield. In 
addition to tree cover, other explanatory variables known to influence 
crop growth in this study included soil properties and water stress. 
Through this method they could explain 81% of the yield variability 
based on the woody cover in the surrounding landscape of the fields, 
while the largest influence was by soil nutrients. On a more geostatistical 
note, Roupsard et al. (2020) used drone imagery to map millet yield and 
tree cover, and concluded through semi-variogram analysis that trees 
influenced crop growth up to 17 m from a Faidherbia albida tree. They 
also found that the yield was three times higher below the tree crown 
than at a 5 m distance from the crown edge. Further landscape scale 
evidence of the positive influence of Faidherbia albida on crop yield, but 
also on other important ecosystem services provided by trees, including 
microclimate regulation, carbon sequestration and pest control, is pre-
sented in the recent study in Senegal by Leroux et al. (2022a). 

A key aspect of our study is that we focus on a more complex park-
land type characterized by high tree species diversity, varying tree 
densities and sizes, as well as multiple crop combinations of cereals 
(sorghum and pearl millet) and legumes (cowpea). The overall aim of 
the study is to determine the influence of parkland trees on crop yield at 
landscape scale across a range of different tree cover characteristics. 
This is achieved by using a novel analytical approach that combines high 
resolution remote sensing and field data from two years (2017 and 
2018) within a spatial framework for data processing and statistical 
analysis. We assessed the influence of several explanatory variables 
characterizing the tree cover structure both in agricultural fields and in 
the surroundings. We also include variables characterizing soil proper-
ties linked to the tree cover in the analysis to study their influence on 
crop yield. Soil properties in focus included soil carbon which promotes 
formation of soil aggregates and constitutes food for soil fauna, the ac-
tivity of which can improve physical soil properties important for crop 
growth (Bayala et al., 2015). Key physical properties in this context 
include soil density, soil porosity and water infiltability. Another soil 
property of high importance for crop growth in the Sudano-Sahel 
included in the analysis is nitrogen availability (Buah and Mwinkaara, 
2009; Robertson and Rosswall, 1986). The following two questions have 
guided the work:  

• How does tree cover structure and soil properties influence crop 
yield at the landscape scale and what are the implications for park-
land management?  

• Focusing on two years with differences in rainfall (2017 and 2018), is 
there consistency in the influence of tree cover structure and soil 
properties on crop yield? 

2. Material and methods 

2.1. Study area 

The study area is an agroforestry parkland in the commune of Saponé 
(12◦04′48″N, 1◦34′00″W), located 30 km south from Ouagadougou in 
central Burkina Faso (Fig. 1). The area around Saponé is a typical 
Sudano-Sahelian parkland landscape where subsistence farming is 
practiced and the fields are primarily rainfed and sown in the end of the 
dry season in (May to July), usually without ploughing. Weeding takes 
place two to three times during the growing season and the dominant 
crops include pearl millet (Pennisetum glaucum (L.) R. Br.), sorghum 
(Sorghum bicolor (L.) Moench) and legumes, such as cowpea (Vigna 
unguiculata). Some irrigated areas can be found close to a constructed 
dam in the southern parts of the study area. Grain yield (sorghum, millet 
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and cowpea) range from 100 to 1500 kg ha−1 with most fields producing 
yields between 100 and 600 kg ha−1 (Bazié et al., 2012). Farmers 
fertilize the fields with various forms and amounts of organic amend-
ment, including manure, crop residues, woody litter, and compost, but 
rarely mineral fertilizers. 

The local terrain is gently undulating with small variations in 
elevation (293–363 m above sea level). The soils are shallow (on average 
60 cm), sandy loamy regosols (FAO classification) with very low 
nutrient content in terms of nitrogen, phosphorus and organic material 
(Bazié et al., 2012). The soil composition of the top 10 cm is 7% clay, 
19% silt, 74% sand and 0.5% organic matter (Pallo, 2001). In addition, 
the soils are weakly acidic with low cation exchange capacity (Bayala 
et al., 2002). The average tree density in the fields is between 21 and 27 
trees per hectare (see section 2.6; Bazie, 2013), and the tree layer is the 
result of farmer’s selection and retention of certain individuals when 
clearing natural woodlands for cultivation. Mean tree canopy cover in 
the fields is 13.7% (see section 2.6) and mainly consists of traditional 
agroforestry species, in particular Vitellaria paradoxa, Parkia biglobosa, 
Lannea microcarpa, and Mangifera indica (Karlson et al., 2016). The 
herbaceous cover is composed perennial herbaceous species such as 
Andropogon gayanus, Andropogon pseudapricus, Loudetia togoensis and 
Pennisetun pedicellatum. 

The climate in Saponé is Sudano-Sahelian, with a single rainy season 
marked by intermittent rains in April and May, followed by more 
persistent rainfall from June to October (Bazié et al., 2012). Average 
annual potential evapotranspiration (PETPenman) is 1900 ± 210 mm, 
with a maximum monthly mean temperature of 34.9 ◦C and a minimum 
of 21.5 ◦C (Bazié et al., 2018). Average annual rainfall is around 800 mm 
(between the isohyets 600 mm and 900 mm) with high inter-annual 
variability, which strongly influences the timing for sowing, condi-
tions for crop development, levels of yield and time of harvest. The rainy 
season generally starts in May and ends in October and the main pro-
portion of rain usually falls between July and September. Sowing of 
crops begins between June and July, depending on crop type and the 
onset of the rainy season, whereas harvesting generally takes place be-
tween late October and early November. However, unreliable rainfall at 
the start and end of the rainy season can lead to large windows for both 
sowing (May 15–July 15) and harvesting (October 15–December 15). 
This is even more unreliable nowadays due to high climate variability, as 

evidenced by farmers sometimes continuing to sow in August, as well as 
rains continuing to the beginning of November. Total rainfall in Saponé 
was 850.7 mm in 2017 and 789.1 in 2018, with relatively large 
inter-annual differences in the monthly distribution (Fig. 2). For the 
2018 rain season, the wettest month was July with a monthly total 
accumulation of 323.5 mm with 10 days of rain. 

2.2. Field data 

To produce the input variables to our statistical analysis, several data 
sets were used (see section 2.6). The response variable, i.e., crop yield, 
was estimated using a combination of field data and satellite remote 
sensing. We quantified above-ground biomass (AGB) of crops and grain 
yield in a total of 22 plots (20 × 20 m) during the harvest period in 2017 
and 2018 (Karlson et al., 2020). Plot locations included agricultural 
fields with different crop combinations and tree canopy cover, where 
agreements with the farmers were obtained. Each plot was 
geo-referenced using a Garmin Oregon GPS device with a locational 
error <3 m. Three different crops were cultivated in the sampled fields: 
sorghum, pearl millet and cowpea, including both single crop of cereals 
(sorgum and pearl millet) and mixed crop cereal-cowpea fields 
(Table 1). At the end of growing season, for each plot and crop, we cut, 
dried, and weighed the different plant components. The millet and 

Fig. 1. Location and extent of the study area in Saponé, Burkina Faso (Pléiades© CNES, 2018; Distribution AIRBUS DS). The image is a true-color composite based on 
band 2 (red), band 1 (green) and band 0 (blue). 

Fig. 2. Monthly rainfall distribution in 2017 and 2018 reported by Saponé 
Agricultural Service. 

M. Karlson et al.                                                                                                                                                                                                                                



Journal of Arid Environments 218 (2023) 105051

4

sorghum plant components included ears, grain, and straw, and for 
cowpea the components included pods, grain, and residues. The crop 
type proportions in the mixed fields were 86% cereals and 14% cowpea 
in 2017 and 74% cereals and 26% cowpea in 2018. Grain yield data were 
used for calibrating yield estimation models for landscape scale mapping 
based on Sentinel-2 imagery (section 2.5.2). 

In addition to the yield data, we also georeferenced, measured, and 
determined species of trees inside or on the boarders of the sampled 
fields. Measured dendrometric variables included tree height, stem 
diameter at breast height and crown diameter. The tree data was used to 
visually assess the quality of the tree cover map derived from Pléiades 
data (section 2.5.3). 

2.3. Satellite data and pre-processing 

Crop yield estimation requires satellite data with high temporal 
resolution, both to capture key stages in the plant development and to 
increase the probability of acquiring relatively cloud-free observations 
during the growing period in this type of geographical region (Lobell, 
2013). In addition, relatively high spatial resolution satellite data is 
needed to enable a sufficiently accurate delineation of smallholder fields 
and to resolve crop yield within them (Leroux et al., 2020). We used data 
from the Sentinel-2 system for field delineation and yield estimation 
because it provides relatively high spatial resolution (10 m) and short 
revisit periods due to the dual satellite configuration. 

Tree cover mapping in agroforestry parklands also benefits from high 
spatial resolution data, as well as imagery with a high contrast between 
trees and the ground cover. We used a combination of end of growing 
season Pléiades images that fulfills both these requirements, as well as 
an early growing season image to compensate for differences in leaf 
development, to resolve individual trees or groups of trees. 

2.3.1. Sentinel-2 
To map crop yield over our area, we acquired Sentinel-2A and 2B 

growing season time-series for 2017 and 2018 processed to surface 
reflectance (Level 2A) using a processing chain called “Sentinel-2 for 
Agriculture” (Bontemps et al., 2015; Defourny et al., 2019). Individual 
steps in the processing chain include atmospheric correction, cloud and 
cloud shadow detection, and aerosol optical thickness retrieval by 
application of the MACCS algorithm (Hagolle et al., 2015). Setting a 
cloud cover threshold of <30% produced growing season time series 
consisting of six granules (30PXU) for 2017 (9/6, 29/6, 29/7, 7/9, 7/10, 
22/10) and seven for 2018 (14/6, 14/7, 24/7, 17/9, 27/9, 7/10, 22/10). 
The 20 m red-edge bands of Sentinel-2 were resampled to 10 m using 
bilinear interpolation to enable integration with the visible and 
near-infrared bands. 

2.3.2. Pléiades 
For mapping tree cover structure, we acquired two Pléiades images 

from November 19, 2017 and May 20, 2018 that represent the early dry 
season and early growing season, respectively. Using observations from 
both these periods compensate for phenological variations of both trees 
and undergrowth, such as crops and grasses (Karlson et al., 2016). The 
Pléiades data was delivered as pansharpened products with four 0.5 m 
spectral bands, including blue, green, red and near infrared wave-
lengths. Both the November and May images were spatially aligned to a 
WorldView-2 image from October that had previously been georefer-
enced using ground control points (Karlson et al., 2014). 

2.4. Soil data 

Data on soil properties important for crop growth were acquired 
from the SoilGridstm data base (Poggio et al., 2021) released in May 
2020. This database consists of several layers of soil properties repre-
senting a range of different depth intervals delivered in 250 × 250 m 
grids produced from spatial modelling of soil profile data and a large set 
of environmental covariates. For this study, we acquired the layers ni-
trogen (N; cg/kg), soil organic carbon (SOC; g/kg) and organic carbon 
density (OCD; g/dm3) at three different depth intervals (0–5 cm, 5–15 
cm, 15–30 cm). 

2.5. Satellite data processing and variables for statistical modelling 

2.5.1. Cropland extent 
We produced annual cropland maps for both 2017 and 2018 because 

of the dynamic nature of agricultural practices in the area where fields 
are fallowed on a regular basis, although the frequency and duration has 
decline recently due to high pressure on the land. We used field refer-
ence data and Sentinel-2 growing season time-series at 10 m spatial 
resolution to train random forest models producing land cover maps 
with five thematic classes, including cropland, tree cover, water, bare 
land, and fallow. All classes except cropland were then collapsed 
generating binary cropland maps with users’ accuracy >90% for both 
years. A detailed description of the cropland map production can be 
found in Masimula (2020), including the land cover reference polygons 
(n = 488). Both cropland maps were then vectorized to polygons. 

2.5.2. Yield estimation 
To estimate crop yield over our study area in 2017 and 2018, we 

applied the linear regression models calibrated in Karlson et al. (2020) 
within areas delineated by our cropland map (see section 2.5.1). Spe-
cifically, the calibration was done using the total yield, including the 
yield from both cereals (pearl millet and sorghum) and legumes 
(cowpea). This type of modelling is usually done for specific crop types, 
creating separate models for each crop (e.g., sorgum, maize and cotton; 
Lambert et al., 2018; Leroux et al., 2020). While differences in 
phenology between the two crop types may influence the accuracy of the 
models negatively, mixing of crops in the fields is the common situation 
in this area and the general models for yield estimation used here 
therefor better reflects the actual conditions on the ground. 

Vegetation index time-series based on visible and red-edge Sentinel- 
2 band combinations and the field data described in section 2.2 were 
used as input variables in ordinary least squares regression models. 
Several different vegetation indices, as well as temporal imagery 
compositing periods and individual acquisition dates, were initially 
evaluated to identify models producing the most accurate yield esti-
mates for both years. This assessment revealed that a vegetation index 
produced from red-edge and near infrared wavelengths (Karlson et al., 
2020) produced the most accurate yield estimates in both years. In terms 
of the effectiveness of image acquisition date and compositing period, 
results differed between years. For 2017, a model using a single image 
from 7 September produced the most accurate yield estimates, with a 
coefficient of determination (R2) of 0.80 and a relative root mean square 

Table 1 
Description of field plots used for collecton of yield data in 2017 and 2018, 
including distribution of crop type combinations and descriptive statistics.  

Year Crop combination Grain yield ton ha−1 

Min Max Mean 
2017 Sorghum (n = 4) 0.17 0.57 0.33 

Millet (n = 6) 0.01 0.38 0.15 
Sorghum – cowpea (n = 7) 0.05 0.89 0.36 
Millet – cowpea (n = 1) 0.15 0.15 0.15 
Millet- sorghum – cowpea (n = 4) 0.16 0.87 0.41 
Total 0.01 0.89 0.30 

2018 Sorghum (n = 8) 0.04 1.12 0.37 
Millet (n = 5) 0.08 0.82 0.35 
Sorghum – cowpea (n = 3) 0.05 0.73 0.31 
Millet – cowpea (n = 5) 0.14 0.26 0.22 
Millet- sorghum – cowpea (n = 1) 0.36 0.36 0.36 
Total 0.04 1.12 0.32  
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error (relRMSE) of 32.2%. For 2018, a median composite generated the 
most accurate yield estimates (R2 = 0.68, relRMSE = 47.5%). Karlson 
et al. (2020) provide descriptions detailing the development and 
assessment of the yield estimation models. 

2.5.3. Tree cover 
A binary tree cover mask covering the study area was derived using 

the following processing sequence. Firstly, NDVI was computed from 
both Pléiades images (November 2017 and May 2018). We then visually 
identified NDVI thresholds for both dates delimiting tree crowns 
through comparisons with false colour composites of the Pléiades im-
ages and trees measured in the fields. The NDVI thresholds for creating 
binary tree cover masks were set to >0.35 for November 2017 and 
>0.23 for May 2018. These two masks were then aggregated to one 
raster. The combination of two dates facilitated the detection of tree 
species with differences in the timing of leaf development and senes-
cence. We then performed morphological filtering on the combined tree 
cover mask using the Binary Morphological Operation application 
implemented in Orfeo Toolbox 6.6.0 (Grizonnet et al., 2017) to prepare 
for vectorization. Specifically, we used the morphological opening filter 
with the circular structuring element (i.e., ball) set to a radius of 2 pixels. 
This filtering effectively removes small spurious objects (<1m in 
diameter) and smooths boundaries of large objects. The filtering also 
splits tree objects with interlocking crowns to some extent. The filtered 
tree cover mask was then vectorized and visually validated through 
comparison with the two Pléiades images and field data collected within 
or on the boarders of the sampled agricultural fields (section 2.2). By 
combining the tree cover mask with the cropland maps (section 2.5.1), 
we quantified tree crown cover (CC; %) and tree density (TD; trees/ha) 
both within and outside of agricultural fields. 

2.5.4. Soil properties 
Data on the three soil properties were delivered in three different 

depth intervals (0–5 cm, 5–15 cm and 15–30 cm). These depth intervals 
were averaged to produce individual layers of N, SOC and OCD. Each 
soil layer (250 m) was then resampled to a 10 m grid using bilinear 
interpolation to facilitate integration with the cropland layer. Specif-
ically, we aimed to extract precise soil property values within cropland 
areas. 

2.6. Spatial analytical framework and value extraction 

The core of the spatial analytical framework used in this study is a 
regularly spaced grid consisting of 150 × 150 m cells. The grid cells are 
the primary unit used in the statistical analysis described below (section 
2.7). The cell size aims to approximate the mean field size found in the 
study area through visual assessment of the Pléiades imagery. We choose 
this grid-based framework over using individual crop patches as the 
spatial unit of analysis because of difficulties in accurately delineating 
individual crop patches in both the Sentinel-2 and Pléiades imagery. The 

size of the grid cells (150 × 150 m) is small enough to capture field 
specific homogeneity in biophysical conditions that control crop yield. 
The full grid covering the 10 × 10 km study area consists of 4356 cells. 
However, cells without cropland as well as cells in which the yield 
estimation was affected by spurious cloud cover not detected by the 
MACCS processing chain were excluded from the analysis, resulting in 
3030 cells in 2017 and 2730 in 2018. 

As a first step, the grid was overlaid on the cropland mask and the 
boundaries of the cells thereby created new, artificial cropland objects 
(Fig. 3). In other words, all cropland pixels within each cell are 
considered individual multipart objects. These cropland objects repre-
sent the primary spatial unit used for extracting values of the explana-
tory variables and crop yield, as described in the following sections. 

2.6.1. Crop yield 
Firstly, pixels in the crop yield layers (2017 and 2018) covering trees 

inside agricultural fields were removed using the tree cover mask 
described in section 2.5.3. The mean of crop yield values was then 
extracted within each cropland object for both years (Table 2). 

2.6.2. Tree cover variables 
Canopy cover (CC; %) represents the percentage of a reference area 

covered by tree crowns delineated in the Pléiades imagery. Tree density 
(TD), on the other hand, is defined here as the number of tree crown 
objects delineated in the Pléiades imagery located within a specified 
area (e.g., hectare). This implementation of TD has some limitations 
mainly because individual tree crown could not be resolved in the 
Pléiades imagery when they formed interlocking groups of trees, hence 
the result may under estimate the number of individual trees. 

Within each grid cell, average CC and TD was computed inside the 
agricultural fields and in the area outside of them, but within each cell 
(Table 2). We also quantified average CC and TD in buffer zones 
extending from the cropland object boundaries with buffer distances set 
to 100, 250 and 500 m (Fig. 4). The buffer distances were selected to 
distentangle potential influence of trees on crops taking place at 
different spatial scales. Calculations in the buffer zones exclude the 
interior of the cropland object. 

2.6.3. Soil variables 
The mean soil data values on N, OCD and SOC from the three depth 

interval layers (0–5 cm, 5–15 cm, 15–30 cm) produced soil property 
layers that were overlaid on the cropland layer followed by the calcu-
lation of mean values for each cropland object (Table 2). 

2.7. Statistical analysis 

To better understand the effects that the explanatory variables (tree 
cover structure and soil properties) have on crop yield, we first assigned 
the response variable on the cell level which is the mean crop yield per 
cropland area. This variable, which is shown in Fig. 5 and Table 3, is our 

Fig. 3. Creation of multipart cropland objects over a smaller example area.  

M. Karlson et al.                                                                                                                                                                                                                                



Journal of Arid Environments 218 (2023) 105051

6

response variable throughout the analysis. 
The construction of the statistical model is done in several steps. In 

an initial exploratory analysis, we first performed simple linear regres-
sion in the form 

Yi =
∑

K

k=1

βkXk(si)+ εi,

to detect which explanatory variables that seem to influence the 
amount of crop yield significantly. Here Yi is the response variable 
evaluated at the i:th grid cell, Xk(si) is the k:th explanatory variable (or 
an interaction effect between two different explanatory variables) 
evaluated at the i:th grid cell, and εi are independent and mean-zero 
Gaussian random variables representing measurement noise. Besides 
the explanatory variables described in Table 2, we also included sepa-
rate intercepts in the regression for each year, so that we can detect 
differences in the baseline level (in the sense that this would be the 
expected level for a location where all other explanatory variables were 
zero) between the two years. 

At this initial stage, we first included all explanatory variables in the 
regression model and then removed those that did not have a significant 
effect. We also removed some explanatory variables that were highly 
correlated with other explanatory variables, in the sense that they had 
high variance inflation factors and therefore poorly estimated due to 
multicollinearity with the other explanatory variables. We used the 
standard choice of 10 for the threshold in the VIF analysis. All covariates 
had VIF number below 6, whereas CC250 and TD250 had values above 
7000. Thus, we removed those two covariates because of the results of 
the VIF analysis. 

After this initial variable selection, we tested for the presence of 
interaction effects (i.e., non-additive effects of the explanatory vari-
ables) by including interaction variables of the form Xk(si) Xl(si), k ∕= l,
for the different canopy cover and tree density variables that were found 
to have significant effects on crop yield in the previous step. 

For the initial regression, which included significant explanatory 
variables and interaction effects, we investigated the residuals visually 
and found a significant spatial correlation in those. To obtain quanti-
tative measures of the spatial dependence in the data, we computed 
Moran’s I statistic using inverse distance as weight. The observed values 
of the statistics for 2017 and 2018 were 0.043 and 0.130, respectively. 
Since these values are positive, it indicates a positive autocorrelation in 
the residuals. To confirm this, we performed hypothesis tests with null- 

Table 2 
Variables used as inputs in the statistical analysis.  

Variable Unit Abbreviation Type Source Min Max Mean Stdv 
Yield per land Tons ha−1 Yld Response Sentinel-2 & field data 0.0 3.7 0.7 0.4 
Cropland % cell area Crop Response Sentinel-2 0.4 100 63.6 29.6 
Canopy cover in field % field area CCfield Explanatory Pléiades 0 57.2 13.7 7.8 
Canopy cover outside field % CCout Explanatory Pléiades 0 100 25.6 19.8 
Canopy cover 100 m buffer % CC100 Explanatory Pléiades 0.5 29.7 12.8 4.6 
Canopy cover 250 m buffer % CC250 Explanatory Pléiades 1.7 40.0 15.9 5.5 
Canopy cover 500 m buffer % CC500 Explanatory Pléiades 3.2 38.1 17.4 5.3 
Tree density in field Trees ha−1 TDfield Explanatory Pléiades 0 133.3 20.8 12.9 
Tree density outside field Trees ha−1 TDout Explanatory Pléiades 0 134 22.4 21.1 
Tree density 100 m buffer Trees ha−1 TD100 Explanatory Pléiades 2 58 16.8 6.9 
Tree density 250 m buffer Trees ha−1 TD250 Explanatory Pléiades 3 39 18.0 6.0 
Tree density 500 m buffer Trees ha−1 TD500 Explanatory Pléiades 5 32 18.0 5.2 
Nitrogen g/kg N Explanatory SoilGridstm 0 57 43.9 4.0 
Organic carbon density g/dm3 OCD Explanatory SoilGridstm 0 141.2 117.6 6.7 
Soil organic carbon g/kg SOC Explanatory SoilGridstm 0 197.6 56.5 10.8  

Fig. 4. Buffer zones for quantifying tree cover structure outside agricul-
tural fields. 

Fig. 5. The response variable representing yield per cropland area. The areas 
with no data in 2017 and 2018 are the result of cloud cover obstructing yield 
estimation based on Sentinel-2 imagery. 

Table 3 
Mean yield in 2017 and 2018.  

Crop yield (tons/ha) 2017 (nr cells) % 2018 (nr cells) % 
0–0.5 1447 48 751 28 
0.6–1 1289 43 1102 40 
1.1–1.5 285 9 527 19 
1.6–2 9 0 283 10 
2.1–3.4 0 0 67 2 
Total 3030  2730   
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hypothesis “no autocorrelation (Moran’s I = 0)” and a two-sided alter-
native (Moran’s I different from zero). For both years, the null- 
hypothesis could be rejected with a very high confidence (the p-values 
were below 0.0001). In order to account for this spatial dependence in 
the data, we constructed a new model that included a spatially corre-
lated random field in the regression model, resulting in a model of the 
form 

Yi =
∑

K

k=1

βkXk(si)+U(si)+ εi,

where U(si) is the random field evaluated at the i:th grid cell. We denote 
this as the spatial model. The random field is chosen as a mean-zero 
Gaussian random field with a Matérn covariance function to model 
the spatial dependence. That is, we assume that the covariance between 
the random field at two locations, C(U(si),U(sij)), is of the form C(U(s),
U(t)) = r(|s−t|), where |s−t| is the distance between the locations and 

r(h)= σ2 2υ−1

Γ(υ)
(κ h)υ

Kυ(κh),

where σ2, κ, υ are positive parameters determining the variance, prac-
tical correlation range, and smoothness of the field, respectively. This 
covariance function is the most popular choice in geostatistics due to its 
flexibility, having these three parameters that capture the most impor-
tant aspects of the random field (Matérn, 1960; Rasmussen and Wil-
liams, 2005). 

We fit the spatial model in a fully Bayesian framework using the R- 
INLA software (Lindgren and Rue, 2015; Rue et al., 2009). To do so, the 
random field is approximated using the stochastic partial differential 
equation (SPDE) approach (Lindgren et al., 2011), resulting in a 
computationally efficient Gaussian Markov random field representation 
that reduces computational cost. The main idea behind this approach is 
to use a finite element approximation of the following SPDE represen-
tation of the random field, 
(

κ2 − Δ
)β
(τu(s))=W(s),

where W denotes Gaussian white noise on the domain, κ > 0 is a cor-
relation range parameter, τ > 0 is a parameter that determines the 
variance of the random field, and β = (ν+1)/2 where ν determines the 
smoothness of the field. In the original SPDE approach, the parameter β 

has to be fixed to an integer value, which means that we cannot estimate 
it from data. Since we want to be able to infer all three parameters of the 
covariance function, we use the recently developed rational SPDE 
approach (Bolin and Kirchner, 2020) that extends the original SPDE 
approach implemented in R-INLA. Practical details of this method can be 
found in Bolin et al. (2022) and Bolin and Simas (2023). It should be 
noted that these SPDE-based methods are solely used to reduce 
computational cost of estimating the model, and the computational 
details are not of importance for understanding the results. 

Since it is not clear that the explanatory variables have linear effects, 
we also estimated a non-linear model of the form 

Yi =
∑

K

k=1

fk(Xk(si))+ εi,

where the functions fk were modelled as second order random walks 
(Lindgren and Rue, 2008). Since the residuals of this model also were 
found to be spatially correlated (see the next section), and because the 
effects of some of the explanatory variables are linear, we arrive at a 
final model which is a combination of the non-linear effects and the 
spatial model 

Yi =
∑

K1

k=1

βkXk(si)+
∑

K

k=K1

fk(Xk(si))+U(si)+ εi,

3. Results 

In this section, we show the results of the three different models that 
were explored in order to derive the final model used for determining 
the effects of tree cover structure on crop yield, as well as how they give 
answers to our intitial questions. We start with the simple regression 
model, then the spatial model and non-linear models, and finally the 
combination of the two which leads to the final model for the data. 

3.1. Screening for significant effects (the simple regression model) 

The results of the initial simple regression that combined data for 
both years (2017 and 2018) showed that the following explanatory 
variables significantly influenced crop yield at the 95% level or higher: 
yearly intercepts, CCfield, TDfield, CCout, CC100, TD100, CC500, N, OCD, 
SOC, and the two interaction effects CCfield × TDfield and CCfield × CCout. 
The estimates and standard errors for the fixed effects and the interac-
tion effects are shown in Table 4. The results show that trees inside fields 
(both CC and TD) generally have a negative effect on crop yield. On the 
other hand, CC outside fields (CCout) and in the 100 m (CC100) and 500 m 
(CC500) buffers have a positive effect on crop yield, whereas TD inside 
the 100 m buffer (TD100) has a negative effect. There are also significant 
interaction effects between CC and TD inside fields (CCfield × TDfield) 
that have a positive effect on crop yield and CC inside and outside of 
fields (CCfield × CCout) that has a negative effect. Both soil carbon vari-
ables (OCD and SOC) positively influence crop yield, whereas nitrogen 
(N) has a negative effect. 

To get an understanding of the overall explanatory power of the fixed 
effects (tree cover structure and soil properties) and the interaction ef-
fects we can compute the R2 value based on the posterior means of the 
coefficients in Table 4, which gives a value of 0.38. 

3.2. Detecting and accounting for spatial autocorrelation (the spatial 
model) 

A visual inspection of the spatial distribution of the residuals 
resulting from the initial regression model (the Simple Regression 
Model) indicated the presence of significant spatial autocorrelation for 
both 2017 and 2018 (Fig. 6). To account for this, a spatially correlated 
random field was included in the Spatial model, as explain in section 2.7. 
This model included all significant explanatory variables identified in 
section 3.1. The estimates of the random fields used to account for the 
spatial autocorrelation for the two years are shown in Fig. 7. 

The following explanatory variables were significant when the 
random field was included in the regression model (Spatial Model): 
CCfield, TDfield, CC100, TD100, N, and the intercepts of 2017 and 2018 
(Table 5). However, several explanatory variables were not significant 
when the random field was added to the model, including CCout, TD500, 
OCD, SOC, and the two interaction effects (CCfield × TDfield and CCfield ×

Table 4 
Significant variables and estimates of the effects of the Simple Regression Model.  

Variable Estimate Standard error Effect 
CCfield −1.9e-02 1.5e-03 Negative 
TDfield −1.1e-02 8.5e-04 Negative 
CCout 3.1e-03 5.3e-04 Positive 
CC100 1.2e-02 1.6e-03 Positive 
TD100 −1.7e-02 1.3e-03 Negative 
TD500 8.5e-03 1.4e-03 Positive 
OCD 9.0e-03 8.5e-04 Positive 
SOC 2.7e-03 4.6e-04 Positive 
N −1.9e-02 1.4e-03 Negative 
CCfield × TDfield 2.1e-04 4.1e-05 Positive 
CCfield × CCout −7.0e-05 2.9e-05 Negative 
Intercept 2017 5.1e-01 8.4e-02 Positive 
Intercept 2018 3.0e-01 9.8e-03 Positive  
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CCout). The R2 of the regression part of the spatial model was 0.35, which 
is slightly lower compared to the regression model without the spatial 
field. This is expected since the random field (which was not included 
when computing the R2) will explain part of the variation that is 
captured by the fixed effects if the field is not included. 

3.3. Testing for non-linear effects (the Non-linear Model) 

In the following step we investigated whether the explanatory vari-
ables had non-linear effects on crop yield using first a model without the 
random field (the Non-linear Model). These initial results showed that 
the explanatory variables representing trees just outside of fields (CCout), 
as well as trees in buffer zones (CC100, TD100, TD500), have clearly non- 
linear effects on crop yield (Fig. 8). On the other hand, trees inside fields 
(CCfield and TDfield) and soil carbon (OCD and SOC) had linear effects on 
crop yield, whereas the interaction effects and nitrogen were not 
significant. 

When analysing the spatial distribution of the residuals resulting 
from the Non-linear Model it became clear that the spatial dependency 
was still present (Fig. 9), thus prompting the inclusion of the random 
field in the model. We therefor constructed a new model (the Spatial 
Non-linear Model) that included the explanatory variables identified as 
significant in the previous step (the Non-linear Model) as well as the 
random field. This resulted in a model with the following significant 
linear effects, CCfield and TDfield, and the non-linear effects CCout, CC100 

and TD100, whereas TD500 and the soil carbon variables (OCD and SOC) 
were not significant when including the random field, as was also the 
case for the first model that included the random field (Spatial Model). 

3.4. Constructing the final model 

Based on these results, we constructed the Final Model that, in 
addition to the random field, included the two linear and negative ef-
fects CCfield and TDfield, and the non-linear effects CCout, CC100 and TD100 

(Fig. 10; Table 6). For CCout, the highest positive effect can be observed 
around 50%, after which it starts to decline (Fig. 10). CC100 shows a 
similar non-linear effect, but with a lower maximum value of around 
20%. For TD100, there is a consistent negative effect until a threshold of 
around 40 trees-ha was reached. After this threshold, the effect starts to 
become slightly positive, but these results are uncertain due to a limited 
sample in this data range. The Final Model resulted in an R2 of 0.36 
(when excluding the random field as an explanatory factor), which is 
higher compared to the previous model (the Non-linear Model) and can 
be attributed to the inclusion of non-linear effects. 

3.5. Assessing consistency of models between years 

To investigate the stability of the results between the two years, we 
also fitted the Final Model to the data of each year separately. The 
resulting estimates of the intercepts and the linear effects are shown in 
Table 7, whereas Figs. 11 and 12 show the behaviours of the non-linear 
effect. Overall, these results are quite stable between the two years. 

4. Discussion 

Individual parkland trees are known to influence crop growth below 
the canopy and in inter-canopy areas, with both positive and negative 
effects on crop yield (Bayala et al., 2012, 2015). However, less is known 
about how variations in tree cover structure at larger spatial scales affect 
crop yield and whether the better understood effects of individual trees 

Fig. 6. Residuals from the Simple Regression Model.  

Fig. 7. Estimates (the expected value conditionally on the observations) of the random field at the two years given the data.  

Table 5 
Significant variables and estimate of effects and credible intervals of the Spatial 
Model.  

Variable Mean 95% credible interval Effect 
CCfield −1.5e-02 −1.7e-02 to −1.3e-02 Negative 
TDfield −6.3e-03 −7.4e-03 to −5.2e-03 Negative 
CCout 6.6e-04 −5.1e-05 - 1.4e-03 Not signficant 
CC100 4.8e-03 2.1e-03 - 7.5e-03 Positive 
TD100 −1.1e-02 −1.3e-02 to −8.6e-03 Negative 
TD500 −1.1e-03 −7.3e-03 - 5.0e-03 Not signficant 
OCD 2.2e-03 −1.4e-04 - 4.5e-03 Not signficant 
SOC 5.9e-04 −6.0e-04 - 1.8e-03 Not signficant 
N −5.4e-03 −9.8e-03 to −1.0e-03 Negative 
CCfield × TDfield 4.3e-05 −1.2e-05 - 9.7e-05 Not signficant 
CCfield × CCout −1.7e-05 −5.7e-05 - 2.2e-05 Not signficant 
Intercept 2017 9.5e-01 7.1e-01 - 1.2e+00 Positive 
Intercept 2018 1.3e+00 1.0e+00 - 1.5e+00 Positive  
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scale up to the landscape (Bayala et al., 2015). Using high-resolution 
satellite imagery, we mapped patterns of trees and crop yield across a 
typical parkland landscape characterized by varying tree cover structure 
and species composition, as well as crop types and combinations. We 
used a general model combining both cereals and cowpea to estimate 
total yield from Sentinel-2 imagery. However, the contribution of 
cowpea to the total yield was relatively low overall. In addition, cowpea 
being a C3 plant is less sensitive to two of the main influences of trees on 
crops, including shade and water use. Hence, our results mainly relates 

to the influence of trees on the two cereals grown in our study area, pearl 
millet and sorghum. Our finding suggests that mechanisms operating at 
landscape scale to some extent can enhance and override local effects of 
individual trees on crop yield. Such landscape-scale effects are impor-
tant considerations for policy efforts aiming for sustainable intensifica-
tion of agroforestry parklands through tree cover management. 

4.1. Tree cover structure in the landscape can sustain or improve crop 
yield in parklands 

Many studies have shown that trees inside agricultural fields often 
have a positive influence on crop yield in agroforestry systems (Kuyah 
et al., 2019), including parklands in West Africa (Bayala et al., 2012; 
Roupsard et al., 2020). The reasons for this effect can differ, but a key 
feature of agroforestry systems with high increases in yield is that the 
trees contributes to improving soil fertility by replenishing nutrient 
levels through organic matter and nitrogen fixation, or by reducing the 
loss of organic matter and nutrients through erosion control and pro-
motion of nutrient recycling (Sileshi, 2016). Another reason for the as-
sociation between trees and improved soil fertility is that birds and 
livestock tend to glomerate in and around trees for nesting and shade 
with considerable deposition of urine and faeces as a result (Bayala and 
Ouedraogo, 2008). Furthermore, soil fertility improvements can occur 
when trees act as traps for organic dust, which is then distributed in the 
fields (Mills et al., 2012). In this study, soil carbon (OCD and SOC) and 
nitrogen did not come out as explanatory variables in the model that 
significantly influenced crop yield, possible because of quality limita-
tions in the SoilGrids product used as input data, which can differ be-
tween geographical regions (Poggio et al., 2021). However, our results 
show that tree cover structure alone explained around 35% of the crop 

Fig. 8. Non-linear relationships between explanatory variables and crop yield. The black curve in each panel is the posterior mean, and the grey curves are 95% 
credible bands. 

Fig. 9. Spatial distribution of residuals resulting from the Non-linear Model 
without spatial field. 
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yield variability, which suggests that important explanatory variables 
are missing in the final model, including those related to management 
efforts by the farmer, such as application of manure, crop rotation and 
tree crown pruning. Mineral fertilizer inputs are generally low in the 
study area, as well as in most of sub-Saharan Africa, and small levels of 
available phosphorus is a likely limiting factor not included in our model 
(Beza et al., 2017). Previously studies in Saponé using the WaNuLCAS 
(Water, Nutrient, and Light Capture in Agroforestry Systems) model 
(Van Noordwijk and Lusiana, 1998) indicate that phosphorus and water 
are the most strongly limiting factors after light in parklands dominated 
by P. biglobosa and V. paradoxa, respectively (Bayala et al., 2008b). 
While the effect of trees in fields on crop yield was generally negative in 
our model, a positive effect was present when canopy cover is below 
20% and tree density is below 10 trees ha−1 (Fig. 8). This implies that a 

few larger trees in a field is preferable over many small trees in order to 
promote crop yield in this type of parkland system dominated by Vitel-
laria paradoxa and Parkia biglobosa. In addition, the results from this 
study was highly consistent between the two years with relatively large 
differences in rainfall distribution. Specifically, the same explanatory 
variables with the direction and magnitude in the relationships to crop 
yield were found significant for both years. This suggests that compe-
tition for water between trees in fields and crops is not an important 
factor in this specific case. While the mechanisms by which trees facil-
itate crop growth can not be empirically proven using this data, our 
results suggests that they are temporally stable and possibly indepen-
dent of agroecological conditions, in particular rainfall amount and 
temporal distribution. However, an extended data time series of multi-
ple years would be needed to confirm this. Previous research has iden-
tified availability of light as the dominating tree related factor limit crop 
growth in this type of parkland (Bazié et al., 2012). The range of tree 
canopy cover and tree density in which the effect on crops is positive 
identified in this study support this conclusion. 

While trees in agricultural fields tended to have a negative influence 
on crop yield, the opposite situation was observed for trees in the sur-
rounding landscape, including for the explanatory variables CCout and 
CC100. Similar results were reported by Leroux et al. (2020) who iden-
tified a strong positive influence of landscape woody cover (within 500 
m from fields) on millet yield in a Faidherbia albida dominated parkland 
in Senegal. The positive influence of trees next to fields (CCout) on crops 
can be explained by their function as windbreaks protecting from me-
chanical crop damage during high wind events (Mayus et al., 1998). 
Trees further away from fields within a 100 m buffer also had a signif-
icant positive influence on crop yield. Potential mechanisms for this 
landscape scale effect of the tree cover structure could be by proving 
adjacent habitats for animal species acting as biological pest control 
(Soti et al., 2019) and pollinators (Tibesigwa et al., 2019). Beyond 100 m 
from the fields no significant influence of trees on crop yield was 
detected. This contrast the findings of Leroux et al. (2020) who 

Fig. 10. Non-linear effects of the final model with non-linear effects and the random field.  

Table 6 
Significant variables and estimate of linear effects and credible intervals of the 
Final Model.  

Variable Mean 95% credible interval Effect 
CCfield −0.015 −0.016–0.0139 Negative 
TDfield −0.006 −0.007–0.005 Negative 
Intercept 2017 0.822 0.751 0.893 Positive 
Intercept 2018 1.141 1.072 1.210 Positive  

Table 7 
Significant variables and estimates of linear effect and credible intervals of the 
Final Model in 2017 and 2018.  

Variable Mean 
2017 

95% credible 
interval 2017 

Mean 
2018 

95% credible 
interval 2018 

Intercept 0.247 0.231–0.262 0.294 0.251–0.337 
CCfield −0.011 −0.012–−0.009 −0.015 −0.017–0.014 
TDfield −0.004 −0.005–−0.003 −0.004 −0.006–0.003  

Fig. 11. Graphs showing non-linear effect for 2017.  
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attributed a strong positive influence of tree cover structure within 500 
m from field boundaries on millet yield in an agroforestry landscape in 
Senegal dominated by Faidherbia albida. 

4.2. Implications for parkland policy and management 

Our results clearly show how important parkland trees are to sustain 
crop productivity in these vital agricultural systems. While our study 
provides limited insights to the specific mechanisms of competition and 
complementarity between trees and crops, it does show the aggregated 
effects of tree cover structure at landscape scale, which alone explains 
35% of crop yield variability. Given the importance of trees in the close 
surroundings of fields (within 100 m), a key takeaway to inform policy is 
the necessity of maintaining a substantial tree cover in the landscape. 
According to our model, the optimal canopy cover is between 15 and 
20% on the landscape scale, which is close to the present overall mean 
value in our study area. This suggests that local tree cover management 
practices are effective in terms of promoting crop yield. In the same 
study area, Ilstedt et al. (2016) also showed that canopy cover between 
10 and 20% maximize groundwater recharge Our results also show that 
fewer but relatively large trees contributing to a higher canopy cover at 
the landscape scale is preferable over many small trees, similar to results 
reported for Faidherbi albida parklands (Sileshi, 2016), with an optimal 
number of below 20 trees per hectar. This number is lower compared to 
the recommendation by Boffa et al. (2000) of 30–42 medium sized 
Vitellaria paradoxa trees per hectar to optimize crop yield in southern 
Burkina Faso. On a more local level focus should be directed to pro-
moting increased tree cover close to field boundaries at strategic loca-
tions to improve protection of crops, particularly tall crop types such as 
millet and sorghum, from strong winds which can cause substantial 
damage. Other benefits with a substantial tree cover around fields is the 
protection from soil erosion and provision of habitats for pollinators that 
can benefit crop yield (Bayala et al., 2014; Stein et al., 2021). Both these 
strategies for tree cover management (landscape and local) could be 
achieved largely through assisted natural regeneration or planting of 
parkland tree species with low cost and limited workload. Such efforts 
could also be used to rehabilitate degraded parkland landscapes. In the 
case of planting of trees, attention should be given to the draught 
tolerance of selected tree species or provenances since past research 
points to a ongoing shift in climate that could make some of the 
preferred species vulnerable in the future (Maranz, 2009). 

For management of tree cover inside fields, the aim should be to 
control competion and increase complementarity to optimize crop yield 
(Bazié et al., 2012). Of high importance in this particular parkland type 
dominated by Vitellaria paradoxa and Parkia biglobosa with crop com-
binations of millet, sorghum and cowpea is to ensure sufficient avail-
ability of light (Bazié et al., 2012) while still maintaining a canopy cover 
around 15%. This can be achieved by crown pruning that in addition to 
limiting shading of crops also reduce fine root density of trees and hence 

reduce competition for soil moisture (Bayala et al., 2004). Crown 
pruning can also rejunivinate trees and improve fruit production while 
at the same time generating wood and mulch material that can be used 
as an additional source of nutrients to improve crop yield (Bayala et al., 
2008a). Other options include growing shade-tolerant crops under the 
trees (Bazié et al., 2012). Results presented here demonstrate the 
importance of managing the tree cover to ensure the long-term sus-
tainability of the parkland system and possibly to the improve liveli-
hoods in the less-productive agro-ecological conditions in the 
Sudano-Sahelian zone in general. 

4.3. Method limitations and further development 

The potential to map crop yield in smallholder system like agrofor-
estry parklands at landscape scale has increased substantially in recent 
years with the availability of satellite systems such as Sentinel-2 that 
provides data at sufficiently high spatio-temporal resolutions. This 
opens up new possibilities to study mechanisms that influence crop yield 
variability, given that ancillary data of such mechanisms are available at 
landscape scale. However, availability of yield data collected in the field, 
which is usually low in Africa (Bayala et al., 2015), is important to 
calibrate empirical models based on satellite data and ensure accurate 
yield estimation at landscape scale. Our yield modelling was based on a 
relatively low number of field plots that affected the yield estimation 
accuracy negatively. This data limitation may have affected the 
magnitude of the identified relationships between yield and tree cover 
structure. The combination of crop model simulations with satellite 
imagery and statistical modelling can represent an interesting alterna-
tive approach to yield estimation that limits the need for field data 
(Deines et al., 2021; Lobell et al., 2015). 

While our study focused on the influence of tree cover structure, 
recent studies have also studied how the species richness of the tree 
cover affects crop yield. For example, Leroux et al. (2022b) combined 
satellite data with field surveys and showed a relatively strong positive 
influence of tree species diversity on millet yield in two parkland sites in 
Senegal. Similar studies could clarify the importance of tree species 
richness for crop yield in other types of parklands systems with varia-
tions in tree species composition and crop combinations. Such studies 
could also provide insight to potential interaction effects between tree 
cover structure (e.g., tree density) and species richness. Recent advances 
in automated tree crown delineation and tree species mapping using 
very-high resolution imagery show promise for extending the spatial 
scope to the landscape scale of such assessments (Brandt et al., 2020; 
Lelong et al., 2020; Lu et al., 2022; Tucker et al., 2023). 

In this study we used data from two consecutive years that differed in 
terms of total amount and temporal distribution of rainfall. Adding more 
years to the analysis would strengthen the interpretation of the results 
and could provide additional insights to how tree cover affect crop yield 
under different growing conditions. There is evidence that parkland 

Fig. 12. Graphs showing non-linear effects for 2018.  
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trees primarily improve crop yield on relatively poor fertile soils with 
enough rainfall but tend to compete with crops when moisture is 
limiting and soils are inherently infertile, thus requiring appropriate 
management to minimize trade-offs (Bayala et al., 2015). Given pro-
jected changes in Sudano-Sahelian climate, including strong tempera-
ture increase and changing rainfall patterns, knowledge about how 
parkland trees affect crop yield under varying growing conditions is of 
increasing importance to promote sustainable management strategies. 

5. Conclusions 

Tremendous efforts have been deployed to better understand the 
functioning of the agroforestry parkland systems in West Africa, 
including modelling approaches even though still in their infancy. One 
of the difficulties remains the way to scale observed individual tree ef-
fect to the landscape which often includes a diversity of tree species and 
mix of crop types. By combining high resolution remote sensing and field 
data collection we have been able to study the influence of tree cover 
structure on crop yield at landscape scale using a spatial statistical 
approach. Overall, our final model explained around 36% of the crop 
yield variability, which suggests that tree cover structure does have a 
signficant influence on crops, but also that important explanatory var-
iables are missing in the model. Specifically, our findings showed that 
tree canopy cover and density inside the agricultural fields tended to 
decrease yield because of the competition, but also that these variables 
when considering the surrounding landscape exerted an opposite in-
fluence, probably because of their buffering effects. The maximum 
positive effect of tree canopy cover just outside of agricultural fields was 
observed around 50% whereas the lower maximum value was around 
20% for areas further away from the field boundaries. This suggests that 
tree cover management in this type of agroforestry parkland should 
consider proximity to agricultural fields when shaping the tree cover 
structure. Of particular importance seems to be to manage the tree cover 
close to the field boundaries. In addition, our results point to that a lower 
number of larger trees both inside field and in the surrounding is pref-
erable to promote crop yield. Explanatory variables representing soil 
properties, including soil carbon and nitrogen, did not significantly in-
fluence crop yield in this study possibly do to limitations in input data 
quality. These observed patterns were consistent during the two years of 
monitoring characterized by differences in rainfall amount and distri-
bution. Of course, longer term monitoring will provide more robust 
data. Based on the consistent yield decline when the threshold of 20 
trees ha−1 in the landscape surrounding agricultural fiels is reached 
indicates farmers might be doing the right thing to optimize sustainable 
yields as density in most parklands is below that limit. However, density 
effect cannot be dissociated from the sizes of the trees composing the 
parklands. Therefore, this variable must be handled with care taking 
into consideration the species, tree age, tree size as well as the man-
agement applied. Lastly, this study focuses on the effects of trees on 
crops and did not consider the overall production that benefits local 
farmers, including fruit, fodder and other valuable tree products, which 
needs to be included when planning tree cover management in park-
lands (Koffi et al., 2020; Sinare and Gordon, 2015). 

Funding 

The authors would like to acknowledge the Swedish National Space 
Agency for providing funding for the project “An integrated approach to 
explore the unknown role of trees in dryland crop production” (Dnr 112/ 
16). 

CRediT authorship contribution statement 

Martin Karlson: Conceptualization, Methodology, Formal analysis, 
Investigation, Data curation, Writing – original draft, Writing – review & 
editing, Visualization, Funding acquisition. David Bolin: Methodology, 

Software, Formal analysis, Investigation, Writing – original draft, 
Writing – review & editing. Hugues Roméo Bazié: Investigation, Data 
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Tibesigwa, B., Siikamäki, J., Lokina, R., Alvsilver, J., 2019. Naturally available wild 
pollination services have economic value for nature dependent smallholder crop 
farms in Tanzania. Sci. Rep. 9, 3434. https://doi.org/10.1038/s41598-019-39745-7. 

Tucker, C., Brandt, M., Hiernaux, P., Kariryaa, A., Rasmussen, K., Small, J., Igel, C., 
Reiner, F., Melocik, K., Meyer, J., Sinno, S., Romero, E., Glennie, E., Fitts, Y., 
Morin, A., Pinzon, J., McClain, D., Morin, P., Porter, C., Loeffler, S., Kergoat, L., 
Issoufou, B.-A., Savadogo, P., Wigneron, J.-P., Poulter, B., Ciais, P., Kaufmann, R., 
Myneni, R., Saatchi, S., Fensholt, R., 2023. Sub-continental-scale carbon stocks of 
individual trees in African drylands. Nature 615, 80–86. https://doi.org/10.1038/ 
s41586-022-05653-6. 

Van Noordwijk, M., Lusiana, B., 1998. WaNuLCAS, a model of water, nutrient and light 
capture in agroforestry systems. Agrofor. Syst. 43, 217–242. https://doi.org/ 
10.1023/A:1026417120254. 

M. Karlson et al.                                                                                                                                                                                                                                

https://doi.org/10.1016/j.biocontrol.2018.10.006
https://doi.org/10.1016/j.biocontrol.2018.10.006
https://doi.org/10.3390/d13010001
https://doi.org/10.1038/s41598-019-39745-7
https://doi.org/10.1038/s41586-022-05653-6
https://doi.org/10.1038/s41586-022-05653-6
https://doi.org/10.1023/A:1026417120254
https://doi.org/10.1023/A:1026417120254

	Exploring the landscape scale influences of tree cover on crop yield in an agroforestry parkland using satellite data and s ...
	1 Introduction
	2 Material and methods
	2.1 Study area
	2.2 Field data
	2.3 Satellite data and pre-processing
	2.3.1 Sentinel-2
	2.3.2 Pléiades

	2.4 Soil data
	2.5 Satellite data processing and variables for statistical modelling
	2.5.1 Cropland extent
	2.5.2 Yield estimation
	2.5.3 Tree cover
	2.5.4 Soil properties

	2.6 Spatial analytical framework and value extraction
	2.6.1 Crop yield
	2.6.2 Tree cover variables
	2.6.3 Soil variables

	2.7 Statistical analysis

	3 Results
	3.1 Screening for significant effects (the simple regression model)
	3.2 Detecting and accounting for spatial autocorrelation (the spatial model)
	3.3 Testing for non-linear effects (the Non-linear Model)
	3.4 Constructing the final model
	3.5 Assessing consistency of models between years

	4 Discussion
	4.1 Tree cover structure in the landscape can sustain or improve crop yield in parklands
	4.2 Implications for parkland policy and management
	4.3 Method limitations and further development

	5 Conclusions
	Funding
	CRediT authorship contribution statement
	Declaration of competing interest
	Data availability
	Acknowledgement
	References


