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[T I N R

Abstract: Precision agriculture (PA) utilizes spatial and temporal variability to improve the sustain-
ability and efficiency of farming practices. This study used high-resolution imagery from UAS to
evaluate maize yield variability across three fields in Ghana: Sombolouna, Tilli, and Yendi, exploiting
the potential of UAS technology in PA. Initially, excess green index (EGI) classification was used
to differentiate between bare soil, dead vegetation, and thriving vegetation, including maize and
weeds. Thriving vegetation was further classified into maize and weeds, and their corresponding
rasters were developed. Normal difference red edge (NDRE) was applied to assess maize health. The
Jenks natural breaks algorithm classified maize rasters into low, medium, and high differential yield
zones (DYZs). The percentage of bare spaces, maize, weed coverages, and total maize production
was determined. Significant variations in field conditions showed Yendi had 34% of its field as bare,
Tilli had the highest weed coverage at 22%, and Sombolouna had the highest maize crop coverage
at 73.9%. Maize yields ranged from 860 kg ha~! in the low DYZ to 4900 kg ha~! in the high DYZ.
Although yields in Sombolouna and Tilli were similar, both fields significantly outperformed Yendi.
Scenario analysis suggested that enhancing management practices to elevate low DYZs to medium
levels could increase production by 2.1%, while further improvements to raise low and medium
DYZs to high levels could boost productivity by up to 20%.

Keywords: differential yield zones; orthomosaics; excess green index (EGI); normal difference red
edge (NDRE); Jenks natural breaks algorithm; precision agriculture

1. Introduction

Precision agriculture (PA) is increasingly appealing as a viable option for meeting the
food demands of a growing global population [1] and environmental sustainability [2].
This is especially significant in Africa, where achieving continuous agricultural growth
requires the effective use of resources, which emphasizes the crucial need for the complete
adoption of PA [3]. As proposed by [4], a comprehensive definition of PA is: “a manage-
ment strategy that uses electronic information and other technologies to gather, process,
and analyze spatial and temporal data to guide targeted actions that improve efficiency,
productivity, and sustainability of agricultural operations”. This definition combines infor-
mation and technology-based farm management systems that identify, analyze, and protect
land resources [5].

Historically, PA was developed in the 1980s and 1990s, primarily for large-scale
industrial farming in developed countries. PA was driven by advancements in GPS,
geographic information systems (GIS), and variable-rate technologies (VRT), allowing
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farmers to apply inputs like fertilizers and water more efficiently by monitoring variations
in soil conditions and crop health [6]. However, small-scale farming systems in Africa and
the developing world faced several key barriers during this period. The high costs of PA
technologies presented a significant challenge. Tools such as GPS-guided tractors, yield
monitors, and drones were unaffordable for smallholder farmers, who often operate with
limited financial resources. Also, as noted by [4], the initial phase of PA focused on large,
mechanized farms in developed countries, leaving smallholder farms behind.

A significant barrier to the development of PA in Subsaharan Africa has been the
limited access to essential infrastructure, such as electricity, internet connectivity, and data
management systems, which are critical for the effective operation of PA tools. In rural parts
of Africa and the developing world, poor infrastructure and limited technical expertise
prevented the widespread adoption of PA. Researchers such as [7] emphasized that these
gaps in infrastructure exacerbated the digital divide, further marginalizing smallholder
farmers from the benefits of PA. Low literacy rates and minimal training in digital literacy
also limited the capacity of smallholder farmers to use these tools effectively [8].

PA has recently gained traction in small-scale farming systems in Africa and other
developing regions. This is mainly due to the introduction of cost-effective, accessible
technologies tailored to the needs of smallholder farmers. The rapid growth of mobile
phone penetration has become a game-changer for small-scale farmers. Digital platforms
like M-Farm in Kenya and Farmsio in India now allow farmers to access real-time data on
crop prices, weather forecasts, and farming advisory services, all through mobile devices [9].

The development of low-cost sensor technologies has revolutionized the ability of
smallholder farmers to adopt PA. Soil moisture sensors and portable nutrient testing kits
are now more affordable and user-friendly. Smallholders can use these tools to monitor
their fields and make decisions on input management, such as fertilizer application and
irrigation scheduling [10]. These innovations have positively affected small-scale farming
systems’ yields and resource use efficiency.

The use of remote sensing, through satellite imagery and drones, has also contributed
to the increased adoption of PA in small-scale systems. These technologies enable farmers
to monitor crop health, soil moisture, and yield potential without expensive on-ground
sensors [11]. CGIAR’s GeoFarmer platform, for instance, is helping smallholder farmers in
Africa access satellite imagery for precision decision making [12]. One significant aspect
of PA’s evolution has been designing tools and systems that can be used on smaller, frag-
mented farms. As stated by Zheng [13], technologies like drone-based imaging, combined
with machine learning, can effectively monitor even small plots of land. These tools allow
farmers to assess variability across their fields and target specific areas with precise inputs.

The PA concept recognizes spatial variations in soil properties, crop performance, and
yields with an attempt to identify the spatial location and extent of these variations [14]. The
goal of efficient farming systems is to decrease variability in managing and optimizing the
inherent spatial and temporal differences within a field, as suggested by [2,15-17]. In these
studies, fields are managed by classifying fields into regions of broad similarity referred to
as soil management zones (SMZ), defined by [18] as subregions with similar combinations
of yield-limiting factors within a field. Individual subregions can be managed uniformly
using a single set of management practices [19], which can be construed as the underlying
principle behind PA. Single, or a combination of data layers can delineate SMZs [20].

To effectively optimize agricultural productivity, it is essential to differentiate between
SMZs and differential yield zones (DYZs), as each addresses distinct aspects of field vari-
ability. Soil management zones focus on soil properties and their management variations,
while DYZs emphasize crop productivity and yield potential variations within the field.
SMZs are based on intrinsic properties of the soil, such as nutrient content, pH, and texture.
On the contrary, the concept of DYZs is based on observed variations in crop yield over
time [21]. DYZ identification aims to recognize consistently high or low productivity areas
and tailor management practices [22].
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Potential data sources commonly used to define SMZs include topography [23], aerial
photographs, and yield maps [24]. Due to its effectiveness in characterizing and map-
ping out specific surface soil properties, apparent electrical conductivity has become an
important data source for delineating SMZs [25,26].

While these methods discussed above have been successfully used to delineate soil
management units, remote sensing presents a viable but inexpensive and noninvasive
means to delineate SMZs [27]. Traditionally, remote sensing relied on satellite geospatial
imagery. However, this data source is often constrained by several factors. First, the low or
coarse spatial and temporal resolution of most open-source and commercial multispectral
data. This can be more critical in small-scale Subsaharan agricultural systems. The authors
in ref. [16] pointed out that low-resolution imagery is insufficient for smallholder farms
because it lacks the detail required for site-specific management, a core aspect of precision
agriculture. The authors in ref. [28] argued that low-resolution satellite imagery is inef-
fective in fragmented agricultural landscapes, where small, noncontiguous plots require
precise mapping of farm boundaries.

During the past two to three decades, the field of unmanned aerial systems (UAS)
has expanded considerably. There has been the development of low-cost observational
platforms for agricultural and environmental monitoring [29]. Advancements in sensor
attributes such as weight, spectral and radiometric resolutions, and battery autonomy. have
facilitated exponential applications of unmanned aerial vehicles (UAV) in agriculture, as
they can be easily used to continuously monitor crop growth evolution during the season,
even in small-scale farmer fields [30]. Also, UAV-based remote sensing has relatively
low operational costs and generates near real-time data to overcome satellite remote
sensing. High-resolution imagery can also be obtained using UAS technology due to low
flight altitude, according to [31]. More importantly, multispectral, high-spatial-resolution
data that can be acquired with UAVs may be combined with satellite data for scale-up
applications in large areas [32,33].

Remote sensing has been used to determine spatial patterns in crop performance
through spectral vegetation indices (VIs). The normal difference vegetation index (NDVI)
is derived based on light intensities reflected from canopies in the visual and near-infrared
range [34,35]. This index has enormous potential to derive information on the dynamic
changes in different vegetation types. Consequently, NDVI has been a good index for in-
vestigating spatial and temporal variations in other vegetation types. However, it has been
observed that NDVI saturates when estimating biomass in fully developed canopies [36].

Other VIs have been designed to investigate spatial and temporal variations, including
the normalized difference red edge (NDRE), which centers around 740 nanometers [37].
The NDRE is suggested to be the most suitable index to investigate crop growth variation
throughout the growing [38]. The EGI is used chiefly to determine greenness [39,40]. The
index was used by [41] to differentiate living plant vegetation from background soil and
dead vegetation. Researchers, including [42-45], used this VI to develop strategic weed
mapping and management programs.

The primary objective of this research is to develop and validate a straightforward
UAS-based protocol to identify, quantify, and characterize spatial variability in maize yields
between and within fields while exploring the relationships between yield variations and
the spatial distribution of bare areas, weeds, and the target crop. The study aims to assess
whether the UAS-based protocol can accurately detect spatial variability in yields, distin-
guish differences between fields, and correlate these variations within-field factors such
as bare areas, weed density, and crop distribution. Additionally, the research emphasizes
the implications of these spatial patterns on overall maize productivity, hypothesizing that
(1) the UAS-based protocol will accurately detect and quantify spatial variability in maize
yields within and between fields, demonstrating a high correlation with traditional yield-
monitoring methods and (2) the UAS-based protocol will be effective in distinguishing
yield differences between fields by accurately mapping the spatial patterns of weeds, bare
areas, and crop density, providing actionable insights for precision management.
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2. Materials and Methods
2.1. Study Site

This research was part of the Feed the Future initiative, a global program led by the
U.S. Government aimed at combating hunger and improving food security. The study
specifically targeted fields of certified seed maize (Zea mays L.) producers located in three
areas of Ghana: Sombolouna and Tilli in the Upper East Region and Yendi in the Northern
Region (Figure 1), whose site-specific details are provided in Table 1. Sombolouna and
Tilli are positioned within the Volta Basin agroecological zone, known for its relatively
fertile soils, formed in weathered granite, greenstone, and phyllites. In contrast, Yendi is
situated in the Guinea Savanna agroecological zone, characterized by less fertile soils with
parent materials rich in iron and aluminum oxides and a mineral composition dominated
by quartz [46].
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Figure 1. Location of maize production sites (red pins) that served as project sites: Sombolouna and
Tilli in the Upper East Region of Ghana and Yendi in the Northern Region.

Table 1. Geographical center coordinates of maize production fields used in this study.

Coordinates t

Field Name Latitude Longitude
Sombolouna 11.0054 —0.3927
Tilli 10.9050 —0.5633
Yendi 9.4419 0.1720

t Coordinates are recorded in decimal degrees.

2.2. Unmanned Aerial Systems Technology: Image Capture

A handheld Garmin SD MAP 64sc global positioning system (GPS) was employed
to survey the coordinates of producer field boundaries. Subsequently, flight plans for a
fixed-wing eBee UAS, a cost-effective agricultural drone. This drone provides an extended
flight time of up to 55 min and can cover up to 160 hectares (395 acres). Flight plans
were formulated based on the previously ground surveyed GPS coordinates. To ensure
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uniformity, identical flight plans and parameters (Table 2) were applied to all maize fields
in the three aerial surveys conducted in each location during the growing season.

Table 2. Overview of equipment and settings for unmanned aerial flights, aerial platform, software,
and parameters.

UAS Platform eBee Ag (Sensefly)

Flight planning software eMotion (Sensefly)

Flight altitude 77 m above elevation data (AED)
Resolution 7.0 cm/px
Lateral Overlap 60%
Longitudinal overlap 80%

Sensor Sequoia multispectral
Green, Red, Red Edge, Near infrared

13m

Spectral bands captured

Spacing of images

2.3. Image Processing and Spatial Analysis
2.3.1. Creation and Description of Orthomosaics

All images were captured at each maize field’s R2 or blister stage. Every image
captured was annotated with GPS coordinates and precision metrics, the latter facilitated
by the internal global positioning system of the UAV. The photos were seamlessly combined
using the Pix4D mapper software [47], relying on tie points identified in overlapping
images. This amalgamation process resulted in the formation of red, green, and blue
(RGB) three-dimensional point clouds, representing the surface contours of objects in three-
dimensional space [48]. Subsequently, Pix4D software was employed to generate seamless
RGB GeoTIFF orthomosaics from these point clouds.

2.3.2. Excess Green Index Classification of Differential Yield Zones

Tree removal from the orthomosaics was a prerequisite to spatial analysis because
healthy and nonhealthy tall tree signatures can have confounding effects on the outputs
of the subsequent classification of components on the landscape. As a process, the ortho-
mosaics were exported into ArcGIS Pro. Trees were visually identified, and their polygon
shape files were created. The ArcGIS Pro ERASE tool manually deleted all tree polygons to
create treeless orthomosaics. EGI, the predominant index for assessing greenness [41,42],
was used to distinguish between background bare soil, deceased vegetation, and thriving
vegetation comprising maize plants and weeds. EGI was calculated using the equation in
Table 3, which relies on the normalized values of the green, red, and blue bands obtained
from Equations (1)—(3).

Table 3. Summary of vegetation indices, aerial sensors, spectral bands, and formulae used to derive
the EGI an NDRE.

Vegetation Index Sensor Type Spectral Bands qu:ia:mn qu:;}lon qu:;;mn Formula Reference
Sequoia
Sensor .
o Normalized
Greentndex ' Drone | seenred oo O, R B reimagror e
Applications and blue. ® R+G+B R+G+B R+G+B
(SODA)
Sequoia
Normalized Sensor
Difference Optimized for Near Infrared NDRE — NIR — RE [39]
Red-edge Index D'rone.: Red edge NIR + RE
Applications

(SODA)
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2.3.3. Classification and Characterization of EGI

Examining land surface cover dynamics involved a two-step binary classification
process using the EGI as input. In the initial classification, entire fields were categorized
into bare soil and green vegetation, while the subsequent classification further divided
green vegetation into maize crop and weed cover. This binary classification approach
employed threshold values, iteratively adjusted between component classes until visual
verification validated the accuracy of breaks and boundaries.

The raster was superimposed on the high-resolution RGB orthomosaic, and breaks
were fine-tuned until a visual alignment between bare soil and vegetated areas was
achieved. Once confirmed, a standalone raster was generated using the reclassify tool in
ArcGIS Pro, with the first binarization assigning a value of 1 to vegetation and no data to
bare soil. The raster calculator multiplied the original EGI raster by the vegetation raster,
yielding a raster of EGI values for vegetation.

Using the earlier methodology, the vegetation EGI raster was binarized in the second
classification into maize and weeds. This time, maize was reclassified as 1, and weeds
were designated as no data. The ultimate outcomes or products of the EGI classification
process were rasters depicting bare soil, maize coverage, and the extent of weed infestation
in the fields.

The NDRE was used to evaluate plant health [39]. This index, calculated using the
equation in Table 3, resembles NDVI, with the distinction that the red edge band is utilized
instead of the red band in the derivation of NDVL

2.3.4. Identification and Generalization of Differential Yield Zones (DYZs)

Identifying differential yield zones (DYZs) in the three fields involved two steps using
the raster calculator. Firstly, maize rasters from the EGI and the NDRE were generated for
each field. The resulting NDRE rasters underwent classification using the Jenks natural
breaks algorithm [49] based on productivity levels, categorizing them into potentially
low, medium, and high DYZs based on crop health [50]. Given the high resolution of
imagery collected through the UAS technology (<10 cm/pixel on average), pixel-based
maps derived from UAV data contained intricate details impractical for small-scale farmers’
use as a base to make management decisions. Consequently, the need arose to generalize
the DYZs while preserving the integrity of the original high-resolution spatial zones.

The systematic flow diagram in Figure 2 provides a comprehensive overview of the
generalization steps employed.

Region T __-----""\\ Extract T __--""'\
“‘ ot ) ﬂby my(  Lemse ) Search
k Attributes A Regions v Polygons

Raster to

Polygon

~

Figure 2. Illustration of how DYZs were generalized. Blue ovals are input layers not produced in the
generalization process, yellow rectangles are the tools used in ArcGIS Pro, and green ovals are layers
produced by the tools used. Arrows display the workflow used to create the final generalized zones.
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The GIS zonal statistics tool examined raster maps derived from the classified EGI
maps. This analysis calculated the percentages of bare areas, maize plant cover, and weed
coverage within each zone based on the generalized maps. In the concluding step, land
cover rasters served as the input values, the file containing differential yield zones was
utilized to calculate the values, and the resulting output raster consisted of average values
for the selected land cover types in each zone.

2.3.5. Maize Plant Population Count and Yield Assessment

Due to the lack of a clear and organized planting plan for maize, initial attempts to use
automated methods for determining plant populations were unsuccessful. Consequently,
as discussed earlier in this paper, a manual plant counting approach was implemented,
utilizing the high-resolution and georectified orthomosaics produced from UAS data. A
0.0064-hectare polygon template was created in ArcGIS and overlaid on corresponding
areas within each maize field, aligned with the three zones on the orthomosaics. Maize
plants within the polygons were manually counted, and the average count was scaled to a
per-hectare basis.

Toward the end of the growing season, three 2 m x 2 m sampling plots were identified
within pre-established DYZs in each maize field. Maize plants in subplots were harvested,
and cobs were separated from stover. All ears were manually shelled, and kernel weights
were recorded. The M3GTM (Dickey-john) device was employed to determine the moisture
content of the maize grain at harvest. The final weight of maize grain was obtained by
adjusting the field weight to 15% moisture content.

2.3.6. Statistical Analysis

Analysis of variance (ANOVA) was used to test yield differences and mean separations
were calculated using Tukey’s studentized range with an alpha of 0.05 differences [51].

2.3.7. Scenario Analysis

The methodology evaluated the stepwise impacts of addressing yield-limiting factors
in maize production through environmentally sustainable and profitable land management
practices. In the first scenario, it was assumed that all production factors in the lower-
yielding zones across all fields would be improved to match the levels of the medium-yield
zones. The second scenario applied a similar approach, aiming to enhance production
conditions across all fields to reach those of the high-yield zones. Predicted yields for these
scenarios were then estimated for all fields.

3. Results
3.1. Orthomosaics and Zonation

The original orthomosaics, derived from georeferenced aerial data captured by the UAS,
are depicted in Figure 3a— for Sombolouna, Tilli, and Yendji, respectively. Figure 4a—c illus-
trate the initial detailed classified maps of maize fields into low, medium, and high DYZs,
following the materials and methods section description. The generalized DYZ maps, where
pixels are grouped to form three distinct, spatially contiguous, and agronomically homoge-
neous zones, are displayed in Figure 5a—c for Sombolouna, Tilli, and Yendi, respectively.



Drones 2024, 8, 633 8 of 22

e

Rt T2 eI Tanddn Tehdfn T6ESH0 6640

(c)

Figure 3. High-resolution RGB orthomosaics of maize production fields at (a) Sombolouna, (b) Tilli,
and (c) Yendi, captured using unmanned aerial systems technology at the R2 stage of the maize
crop: (Coordinate System: WGS 1984 WGS 1984 UTM Zone N; Projection: Transverse Mercator:
Datum: WGS1984).
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Figure 4. Detailed (high resolution) NDRE differential yield zone maps: (a) Sombolouna, (b) Tilli,
and (c) Yendi, showing low-, medium-, and high-yielding areas at the R2 stage of the maize crop.
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Figure 5. Generalized maps of fields at (a) Sombolouna, (b) Tilli, and (c) Yendi, showing low, medium,
and high differential yield zones at the R2 stage of the maize crop.

3.2. Spatial Distribution of Differential Yield Zones in Fields

The analysis of the spatial distribution of DYZs across three maize production fields—
Sombolouna, Tilli, and Yendi—indicated a predominance of high-yield zones as the leading
category in all fields (Figure 6).
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Figure 6. Percent land coverage of high, medium, and zones at Sombolouna, Tilli, and Yendi.
According to Tukey’s studentized range test, bars of the same texture and color with the same letter
are not significantly different at the 0.05 level.

The extent of these high-yield zones varied significantly, with Yendi exhibiting the
most significant proportion, covering 79.0% of the field area, followed by Sombolouna
with 60.5%, and Tilli occupying an intermediate position. Using Tukey’s pairwise multiple
comparison tests, the statistical analysis confirmed that the coverage of high-yield zones at
Yendi was significantly greater than that observed at Sombolouna and Tilli.

Medium-yield zones were less dominant, with their coverage ranging from 16.9% at
Yendi to 23.8% at Sombolouna. However, no statistically significant differences were found
between the fields in the medium-yield zone coverage, indicating a relatively uniform
distribution of medium-yield areas across the study sites.

In contrast, the low-yield zones were the least prevalent but showed noteworthy
differences in their spatial distribution. Sombolouna had the highest coverage of low-yield
zones at 15.8%, significantly more significant than the coverage observed in Tilli (6.0%) and
Yendi (4.1%).

3.3. Bare Areas in Fields

Upon detailed visual inspection of the original orthomosaics for the three maize
production fields—Sombolouna, Tilli, and Yendi (Figure 3a—c)—noticeable gaps were
observed within the maize stands, indicating areas where plants were either absent or
poorly established. Figure 7a presents the spatial distribution of these bare areas across the
fields, revealing that Yendi had the highest % of unoccupied spaces, at 34%.

This was substantially higher than Sombolouna and Tilli, which had bare spaces
covering 12.5% and 12.0% of their respective field areas. This stark contrast suggests a
significant variability in field conditions or management practices that may influence plant
establishment, particularly in Yendi.

The analysis of the distribution of bare spaces within the differential yield zones (DYZs)
further highlights the relationship between these unoccupied areas and yield potential.
Figure 7b shows that the lowest yield zones across all fields had the highest proportion of
bare spaces, averaging 31.7%. This observation suggests that gaps in the maize stands are
strongly associated with areas of lower yield potential, which may be due to underlying
issues such as poor soil conditions, inadequate water retention, or other stress factors
affecting plant growth.
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Figure 7. Percentage of bare areas in (a) production fields and (b) differential yield zones within
fields. Using Turkey’s studentized range test, bars with the same letters are not significantly different
at the 0.05 level.

Conversely, the medium and high DYZs exhibited lower proportions of bare areas,
with averages of 16.9% and 10.3%, respectively. Statistical analysis revealed no significant
differences in the coverage of the bare regions between medium and high DYZs, indicating
that, while gaps are present in these zones, their impact on yield potential is less pronounced
than the lowest DYZs.

3.4. Total Vegetation Cover

Figure 8 illustrates the overall vegetation cover in the three maize production fields,
detailing the specific contributions of maize and weeds. The fields at Sombolouna and Tilli
exhibit notably higher vegetation cover, with 88% and 87.5%, respectively, in contrast to
Yendi, which has a lower overall cover of 65.7%. A closer look at the field-level breakdown
reveals that Tilli has a significantly higher weed coverage at 22%, compared to 14.1% at
Sombolouna and 12.6% at Yendi. Regarding maize cover, Sombolouna has the highest
proportion at 73.9%, significantly more significant than Tilli’s 64.6% and Yendi’s 53.9%. This
suggests that while overall vegetation is high at Tilli, a more substantial portion comprises
weeds. In contrast, Sombolouna has the highest proportion of maize cover, reflecting more
effective crop establishment and management practices than other fields.
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Figure 8. Maize and weed coverages at Sombolouna, Tilli, and Yendi. Using Turkey’s studentized
range test, bars with the same letters are not significantly different at the 0.05 level.

Approximately 67.1% of the maize crop was found in the medium DYZ and 68.0%
in the high DYZ, with no statistically significant difference (Figure 9). However, both
values were significantly higher than the maize coverage in the low DYZs, which stood
at 56.5%. Although the zone did not affect the percent distribution of weeds, the highest
weed infestation, at 21.7%, was observed in the high DYZ.

: %
| a
. E Iy

Differential yield zone

M Total Vegetation [ Weeds Maize

Figure 9. Vegetation distribution and its partition into maize and weeds as a function of zones.
Using Turkey’s studentized range test, bars with the same letters are not significantly different at the
0.05 level.

3.5. Maize Population Density

The highest estimated plant population density was observed at Tilli, reaching
21,563 plants per hectare (Figure 10). However, this density was not significantly different
from the 19,497 plants per hectare recorded at Sombolouna. The lowest maize population
density was found at Yendi, with 16,389 plants per hectare. An apparent variation in plant
densities was observed across different zones, following the expected pattern: high DYZ
with 23,723 plants per hectare, medium DYZ with 18,941 plants per hectare, and low DYZ
with 14,774 plants per hectare.
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Figure 10. Plant density (plants/ha) production in fields (a) and (b) in differential yield zones within
fields. Using Turkey’s studentized range test, bars with the same letters are not significantly different
at the 0.05 level.

3.6. Maize Grain Yield and Land Productivity

This research explored two simple yet illustrative land management scenarios to
demonstrate the foundational principles of PA. It enabled a comprehensive evaluation of
maize productivity across the three project sites, with the results presented in Figure 11
and Table 4. Maize grain yields varied significantly, ranging from 860 kg/ha in the low
DYZ at Sombolouna to 4900 kg /ha in the high DYZ at Tilli. On average, yields followed
the pattern of study identified high > medium > low zones, with 4530 kg ha~! in high
zones, 3790 kg/ha in medium zones, and 1830 kg/ha in low zones (Figure 11a). Although
there were no significant differences between the high and medium zone yields, both were
substantially higher than those in the low zones, as shown in Table 4.

Table 4. Yield statistics of identified zones at Sombolouna, Tilli, and Yendi.

Differential . Average Yield Productlor.l Based Output per
Yield Zone Size (ha) (kg/ha) on Zone Size and  Hectare of Land
Potential (mt) (kg/ha)
Sombolouna
Low 0.61 860 520
Medium 2.34 4020 9410
High 3.92 4150 1627
Total field 6.87 3010 2620 3810 A*
Tilli
Low 0.69 2830 1950
Medium 8.26 3650 30,150
High 2.66 4900 13,030
Total field 11.61 3790 45,130 3890 A*
Yendi
Low 0.39 1800 760
Medium 7.50 2620 19,650
High 1.60 4540 7260
Total field 9.49 2990 27,610 2910 B*

* Using Turkey’s studentized range test, yield outputs per hectare with the same letters are not significantly
different at the 0.05 level.

In terms of overall productivity, measured as production per unit of land, Tilli exhibited
an average of 3890 kg/ha, which was not significantly different from Sombolouna’ s average
of 3810 kg ha~!. However, both sites displayed notably higher productivity than Yendi,
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which had a lower average yield of 2910 kg/ha. This finding suggests that, while Tilli and
Sombolouna showed relatively similar performance, Yendi lagged in maize yield per hectare.

5000 5000
5 1500 3 1000 R B ,
£ 4000 B =
ED 3500 gm 3000
3 a0 c 3 2000
; 2500 ; 1000
g 2000 g
Eﬁ 100 ? ' Sombol Tilli Yendi
‘E IUUU ‘:‘_. S0mbolouna 1. 1 } endai
b 500 = Production Field
0
Differential yield zone
@) (b)
Figure 11. Maize grain production in (a) differential yield zones and (b) in production fields. Using
Turkey’s studentized range test, bars with the same letters are not significantly different at the
0.05 level.
When comparing yields across the entire production fields, Tilli had the highest aver-
age yield at 3890 kg /ha followed by Sombolouna with 3810/ha and Yendi with 2990 kg/ ha.
The total maize productivity for each field was estimated by summing the products of
the zone sizes and their respective average yields. The results showed that the estimated
productivity per hectare was similar between Sombolouna and Tilli, with no significant
differences. These findings emphasize the need to target low-yield zones for management
improvements to achieve more uniform and higher overall productivity, a justification for
the adoption of precision agriculture in small-scale maize production systems.
3.7. Scenario Analysis
The results of scenario analyses are presented in Tables 4-6. In the initial scenario, it
is assumed that all agronomic factors limiting production are enhanced to the standards
of the medium zone using environmentally sustainable management interventions. As
outlined in Table 5, this scenario resulted in production increases of 7.34%, 1.29%, and
23.02% at Sombolouna, Tilli, and Yendi, respectively.
Table 5. Yield statistics for designated zones at Sombolouna, Tilli, and Yendi, assuming that all
low-zone agronomic conditions are elevated to the medium.
. Potential Yield
Differential . Average Yield PI‘OduCtIOI‘.l Based  Output per Hectare Differential
. Size (ha) on Zone Size and of Land o
Yield Zone (kg/ha) Potential (k) (kg/ha) from Initial
& Conditions (%)
Sombolouna
Low - - -
Medium 2.95 4020 11,860
High 3.92 4150 16,270
Total field size 6.87 4090 28,060 4090 7.34
Tilli
Low - - -
Medium 8.95 3650 32,670
High 2.66 4900 13,040
Total field size 11.61 4280 45,700 3400 12.9
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Table 5. Cont.
. Potential Yield
Differential . Average Yield ~ [roduction Based - Output per Hectare Differential
. Size (ha) on Zone Size and of Land .re
Yield Zone (kg/ha) Potential (ke) (ke/ha) from Initial
& & Conditions (%)
Yendi
Low - - -
Medium 7.89 2620 20,670
High 1.60 4540 2260
Total field 9.49 3580 33,970 3580 23.02
Table 6. Yield statistics of identified zones at Sombolouna, Tilli, and Yendi in scenario analysis, where
in all low and medium zones, agronomic conditions are brought to high zone level.
. Potential Yield
Differential . Average Yield Pl‘OduCthI} Based Output per Differential
. Size (ha) on Zone Size and Hectare of Land e
Yield Zone (kg/ha) Potential (kg) (ke) from Initial
& & Conditions (%)
Sombolouna
Low - - -
Medium - - -
High 6.87 4150 28,510
Total field size 6.87 4150 28,510 4150 8.92
Tilli
Low - - -
Medium - - -
High 11.61 4900 56,890
Total field size 11.61 4900 56,890 4900 25.96
Yendi
Low - - -
Medium - - -
High 9.49 4540 43,080
Total field 9.49 4540 43,080 4540 56.01

In the second scenario, it is assumed that targeted action is taken and production
conditions and management in all fields are brought to those of their high DMZs. According
to our analysis, this will result in substantial yield productivity of 8.92% at Sombolouna,
25.96% at Tilli, and 56.01% at Yendi (Table 6).

4. Discussion

This study demonstrates the feasibility of using UAS technologies, backed by spatial
analysis, to lay a foundation for PA in small-scale farming systems. Specifically, it presents
a rudimentary step-by-step methodology to describe and understand maize productivity
heterogeneity in the landscape. It has developed a system to identify, characterize, and
quantify attributes of potential maize DYZs within small-scale production systems.

The low-altitude flight capability of unmanned aerial vehicles facilitated the acqui-
sition of georeferenced ultra-high-resolution imagery of three fields at Sombolouna, Tilli,
and Yendi, all in the northern part of Ghana. These aerial data were subsequently used
to generate high-resolution RGB 3D orthomosaics. These orthomosaics represent an ex-
traordinary source of thematic information by providing the true-to-life representation of
surficial features, which is essential for Geographic Information Systems analysis. In these
orthomosaics, heights, tilts, topographic relief, and lens distortions are rectified to ensure
geometric parity, as asserted by [40,52], and objects are presented in map-like projection,
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permitting the identification and characterization of field features. They provided the best
understanding of the identified DYZ regarding bare areas and vegetation cover, partitioned
into maize and weed intensities.

The orthomosaics were used in two binary classification steps using the normalized
values of green, red, and blue bands. The authors in ref. [41,42] observed that the EGI
provided a near-binary intensity image that outlines a plant region of interest based on
selected threshold values for the analyzed image. Ref. [53] used a similar approach to
binarize weeds and crops to generate weed maps. In this approach, they used a dynamic
and auto-adaptive classification system to discriminate and quantify weeds and maize
coverage from high-resolution UAS data. It combined object-based features to characterize
quasi-equidistant lines of maize as a row crop compared to the unstructured nature of weed
distribution on the land. However, considering the unstructured planting architecture
in small-scale tropical farming systems, this study creatively used the attributes of the
high-resolution orthomosaics generated to adjust and confirm breaks to map maize and
weeds visually and manually.

The NDRE was used as an index of plant health in this study for three reasons: first, [54]
observed a strong relationship between NDRE and maize yield at the V12 developmental
growth stage. Second, ref. [55] showed that NDRE was much less susceptible to saturation
than NDVI later in the season. Third, high levels of chlorophyll accumulation during the
middle to last stages of crops lead to poor penetration of red light, as asserted by [56,57].

The NDRE classification of maize rasters of maize fields followed by the Jenks natu-
ral breaks algorithm [49] produced fine, detailed, high-resolution crop health maps and
potential yield performance. The classification algorithm is renowned for its robustness
in managing spatial data distributional systems. It excels at organizing data into distinct
classes by minimizing variance within classes and maximizing differences between them.
This approach ensures that the classification accurately reflects the natural groupings within
the data, thereby capturing true spatial variability [58,59]. Its ability to effectively delineate
yield variation makes it an invaluable tool in agricultural planning and management, allow-
ing for more precise interventions and improved decision making in precision agriculture
practices. These maps were generalized to generate high, medium, and low agronomically
homogenous zones, the sizes of which will be within small-scale maize producers’ manage-
ment capabilities. The efficacy of NDRE in identifying and separating the three yield zones
is justified by the significant linear positive correlation between zones and end-of-season
maize grain yield (r = 0.873 p = 0.003). This is also corroborated by Figure 11, which shows
the relationships between zones and maize grain yields.

The spatial analysis of the maize fields focused on characterizing zones of bare areas
and the distribution of vegetative cover, including both maize and weeds. The study
revealed that most of the production space fell within the high-yield zones, which occupied
an average of 70.4% across the three fields. This classification system indicated that, on
average, 21% of the field area in each site was classified as medium-yield zones, while
low-yield zones accounted for 8.6%.

Bare spaces, defined as areas lacking adequate plant cover, were found to vary sig-
nificantly among the fields, with percentages ranging from 12.0% to 34%. The Yendi field
showed the highest occurrence of bare areas at 34%, suggesting that substantial portions
of the land were underutilized or suffering from conditions that hindered proper crop
establishment. This high percentage of unproductive space may be attributed to soil-related
constraints, such as poor soil fertility, compaction, erosion, or inadequate water retention,
which could limit maize growth. This could also reflect inefficiencies in land management
practices, highlighting potential areas for improvement in optimizing the use of available
land resources.

Research has shown that bare soil can have profound implications for environmental
sustainability. As reported by [60], the ratio of soil loss values between bare soils and
croplands can be as high as 20:1 in humid tropical regions, indicating that bare areas are
particularly susceptible to erosion and degradation. Consequently, these unoccupied spaces
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reduce the overall productivity of the fields and pose a risk to the environmental integrity
of the agricultural landscape. The potential for increased soil erosion and nutrient loss
from bare areas can contribute to long-term soil quality degradation, negatively impacting
maize production.

Moreover, the analysis showed that a significant proportion of the bare areas was
concentrated in the low-yield zones of the fields. This is not surprising, as the factors
leading to lower productivity, such as poor soil conditions or inadequate management, are
often associated with higher incidences of bare spots. These findings underscore the need
for targeted interventions in these low-yield zones, such as soil amendments, better land
preparation practices, or enhanced plant establishment techniques, to reduce bare areas
and improve yield potential. Addressing these issues could help mitigate land degradation
risks and support more sustainable and productive maize farming practices.

The analysis revealed that the surficial vegetative cover was significantly lower at
Yendi compared to Sombolouna and Tilli. These differences in vegetative cover can be
attributed to the inherent soil fertility and texture variations across the three fields. As
reported by [61], Sombolouna is characterized by clayey soil textures with slightly elevated
pH and moderate aluminum levels, which are generally favorable for plant growth. Tilli’s
soil, with loamy sand textures and moderate pH, also provides suitable conditions for veg-
etative development. In contrast, the soil at Yendi is gravelly with low pH and phosphorus
levels, which likely hinder the establishment and growth of vegetative cover, contributing
to its significantly lower surficial vegetation.

Further analysis showed a significant (p = 0.1) positive correlation between the percent-
age of weeds in the fields and key maize performance parameters, including population
density (r = 0.832; p = 0.005) and maize grain yield (r = 0.604; p = 0.085). This finding is
counterintuitive, as conventional wisdom suggests that weed competition reduces crop
yields. However, it could be argued that favorable environmental conditions, such as ade-
quate soil moisture, optimal sunlight, and nutrient availability, support the growth of both
maize and weeds, particularly in high-yield zones. Conversely, in low-yield zones, where
conditions are less favorable, maize and weed growth are likely suppressed, reflecting a
more complex interaction between biotic and abiotic factors.

Variability in maize population densities significantly impacts grain yields, as noted by [62].
There is considerable variation in maize population densities across the West African
subregion. For instance, in Ghana, ref. [63] reported plant densities ranging from 49,000 to
65,000 plants per hectare, while [64] estimated densities between 18,000 to 55,000 plants per
hectare in Nigeria. In this study, plant population densities ranged from 14,774 plants per
hectare in the low-yield zones to 23,733 plants per hectare in the high-yield zones. These
densities are notably below the attainable and profitable densities reported in Ghana and
Nigeria, suggesting that land resources in the studied fields are not utilized to their full
potential. This finding underscores the need for optimizing planting densities to enhance
maize yields.

Maize yields across the fields varied significantly, ranging 886 metric tons per hectare
in the low-yield zone at Sombolouna to 4900 metric tons per hectare in the high-yield zone
at Tilli. On average, the highest per unit land yield observed in this study exceeds Ghana’s
current average maize grain yield, which stands at 1700 kg/ha~ [65]. This indicates that,
under optimal conditions, the fields studied have the potential to produce yields well above
the national average, highlighting opportunities for improving maize production through
better land and resource management strategies.

Leveling the Playing Field: Relevance of Study to Small-Scale Precision Agriculture

Precision agriculture (PA) is fundamentally aimed at managing field variability to
optimize agricultural productivity [66]. This approach involves assessing spatial variabil-
ity within fields to identify and address the factors limiting crop yields, particularly in
underperforming areas. By implementing targeted management strategies, PA seeks to
achieve uniform and optimal crop performance across the entire field, essentially “leveling
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the playing field” to ensure each section reaches its full yield potential. As defined by [67],
scenario analysis is a strategic planning tool used to develop adaptable long-term plans
by exploring a range of potential future events and their implications. This method in-
volves evaluating positive and negative scenarios to identify possible outcomes and make
informed decisions.

While this study confirmed yield inconsistencies across three distinct differential
yield zones (DYZs) within the fields, it did not delve into the underlying causes of these
variations. Nevertheless, the study’s findings can be applied to two illustrative scenarios
demonstrating how reducing variability, a fundamental principle of PA, can enhance
overall productivity. In the first scenario, it is assumed that management practices and
input constraints in the low-yield zones (low DYZs) are improved to the level of the
medium-yield zones through environmentally sustainable and cost-effective strategies.
According to Table 5, implementing this approach would increase production by 7.34% at
Sombolouna, 1.29% at Tilli, and 23.02% at Yendi. This scenario emphasizes the potential
benefits of targeted interventions in low-yield areas to elevate their performance closer to
medium-yield zones.

In the second scenario, targeted actions are taken to elevate the production conditions
in all fields to match those of the high-yield zones. Our analysis suggests that this approach
would lead to significant yield increases of 8.92% at Sombolouna, 25.96% at Tilli, and
a substantial 56.01% at Yendi (Table 6). These results clearly illustrate the principle of
leveling the playing field in precision agriculture, demonstrating that aligning management
practices across varying field zones to the highest standard can significantly enhance overall
productivity. By reducing variability and optimizing conditions across all zones, these
scenarios highlight the transformative potential of precision agriculture in achieving more
consistent and higher yields, thereby aligning with its core objective of managing field
variability for maximum productivity.

5. Conclusions

This study presents a practical approach for assessing and quantifying variability
in three maize-producing fields in northern Ghana, utilizing high-resolution data from
low-altitude remote sensing conducted with a UAS platform. The EGI was employed to dis-
tinguish and create rasters of bare areas and dead vegetation from living plants. By NDRE
analysis, combined with the Jenks natural break classification system and a subsequent gen-
eralization process, we delineated three spatially contiguous, agronomically homogeneous
zones classified as low, medium, and high DYZ across the fields. The classification process
was validated through end-of-season maize yield analysis, which confirmed the accuracy
of the zonation. Spatial analysis was then conducted to characterize the delineated zones
based on critical factors such as the percentage of bare spaces, vegetative cover, maize
and weed infestation, population densities, and overall land productivity. Additionally, a
scenario analysis was performed to evaluate the potential impact of this technology-driven
zonation process and its significance for PA. The scenario analysis indicated that addressing
yield-limiting management factors in the low DYZs to elevate them to the levels of medium
DYZs could enhance maize productivity by 7.34% at Sombolouna, 1.29% at Tilli, and 23.02%
at Yendi. Furthermore, improving the conditions of both low and medium zones to match
the agronomically productive levels of the high DYZs could lead to even more significant
yield increases of 8.92% at Sombolouna, 25.86% at Tilli and a remarkable 56.01% at Yendi.

The findings from this study on maize-producing fields in northern Ghana demon-
strate a practical and replicable methodology for assessing and quantifying spatial vari-
ability in agricultural systems, which can be generalized to other regions worldwide. By
utilizing high-resolution data from UAS and advanced analytical techniques such as the
EGI and NDRE analysis, similar assessments can be conducted in diverse agricultural
landscapes, enabling the identification of agronomically homogeneous zones based on
critical factors like vegetative cover and land productivity. The successful validation of the
zonation through end-of-season maize yield analysis highlights the reliability of this ap-
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proach, suggesting that it could be adapted to optimize crop management practices globally.
Furthermore, the scenario analysis illustrating potential yield increases by addressing man-
agement factors in lower yield zones emphasizes the applicability of this technology-driven
framework in enhancing productivity across various contexts. As regions face unique chal-
lenges and opportunities in agriculture, implementing such precision agriculture strategies
can improve resource allocation and sustainability, ultimately contributing to global food
security and agricultural development.
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