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ABSTRACT

Increasing availability of cropland geospatial data are providing farmers with
opportunities but also challenges in interpreting these data for precision cropland
management decisions. The objective of this study is to evaluate spatial variability and
precision management decisions using mapping technology in dryland cropping system.
The study was initiated in 2018 in Akron, Colorado on field size plots ranged from 2.4 to
4.5 ha (6-11 acres) with substantial production variability. The cropping system consists
of (i) Business-As-Usual (BAU) management with wheat-fallow cropping under reduce
tillage (WF-RT) and (ii) Aspirational (ASP) with four-year cropping of winter wheat-corn-
millet-flex under no tillage (WCMFlex-NT). Each phase of each rotation was included in
each year of the study with three replications. Soil samples in each field were taken in a
30-m (100-ft) georeferenced grid. Two or three management zones were defined in each
field by yield, soil properties, and elevation. Veris-EC/pH was used as a tool to evaluate
some aspects of soil properties. Two eddy covariance towers were installed to estimated
carbon and water fluxes. High-resolution topographical maps reveal elevation changes of
more than 2 m (6.5 ft) in some fields. Yield differences between high and low yielding
zones within each field varied by as much as 135 bu ac™ (8.5 Mg ha™') for corn and 85 bu
ac™' (5.3 Mg ha') for wheat. Preliminary geospatial analyses are showing promise in
guiding precision farming decisions and could provide a unique opportunity to dryland
farmers for optimizing crop production, reducing inputs, and enhancing economic return
in the central Great Plains Region.

INTRODUCTION

Precision Agriculture is a farming concept that accounts for spatial and temporal
variability in crop production and soil resources. This can be done by using global
positioning system (GPS) to coordinate collection of soil, site, and plant information;
generating maps and relationships between spatial variability of soil and site properties
in correlation with crop yield; and applying those relationships to guide variable-rate inputs
for seed, fertilizer, and pesticides. The increase in world’s population and the demand for
food and fiber challenge the agriculture industry to increase food production, maximize
profits, and conserve available resources. Adaptation of precision farming strategy may
help increase food production, reduce inputs, enhance resource use efficiency, and
improve economic return (Franzen and Mulla, 2016).

The usage of Unmanned Aerial Vehicles (UAV) technology with high resolution
imaging equipment assists researchers and producers to identify spatial variability of key
factors in the field and apply appropriate management strategies. The UAV provides
assessments of crop yield, crop water and nutrient stress, weed problems, insect and



pathogen infestation, soil characteristics, and other field conditions, all of which can
contribute to maximize land sustainability (Olson and Anderson, 2020). The spectral
cameras in these UAV can be used to identify crop stand count (Torres-Sanchez et al.,
2015), weed detection (Hansen et al., 2013), and biotic stress detection (Bock et al.,
2008). The incorporation of remote sensors and UAV technology allow plant breeders
and researchers to gather phenotypic information quickly and efficiently for making
management decision that enhance production (Yang et al., 2017). Crop yield and quality
assessment, for a specific year, can be influenced by crop genetics, weather pattern, soil
nutrients, and land management decisions (Raun et al., 2001). The usage of UAV-based
imagery have enhanced crop assessment accuracy (Mekonnen et al., 2020) due to real
time evaluation of crop progress though the life cycle (Ballester et al., 2017).

Soil water is the most limiting factor for crop production in dryland agricultural
systems. Monitoring crop water stress with UAV technology can assess fluctuations in
crop water needs throughout the season (Santestaban et al., 2017) and allow for
improved irrigation scheduling (Crusiol et al., 2019) Crop nutrients such as nitrogen (N),
phosphorus (P), and potassium (K) are essential for crop production and are applied
regularly to soil. Crop nutrient-use efficiency could vary from year to year depending on
water availability and ambient temperature. Insufficient synchronization between crop
nutrient needs and available soil nutrients may cause deficiencies or lead to leaching of
nutrients with harmful effects on the environment (Olson and Anderson, 2020). The UAV
can be equipped with spectral sensors for crop nutrient assessments to indirectly assess
real-time nutrient deficiencies (Liu et al., 2018). This also could improve estimates of
fertilizer requirements and associated costs (Olson and Anderson, 2020).

In precision agriculture, mapping soil characteristics is important for management
decisions due to spatial soil heterogeneity (Govers et al., 2013). The UAV provides
precise and high-resolution soil mapping, which helps with enhanced input efficiency.
Veris instrument that use measured soil electrical conductivity (EC) to estimate soil
properties that can be transferred into maps (Pei et al, 2018; Azhar et al., 2021). Soil
properties informed by Veris data may include soil organic carbon (SOC), total nitrogen
(TN), moisture, soil texture (clay, silt, and sand), cation exchange capacity (CEC), calcium
(Ca), magnesium (Mg), potassium (K), and pH (Pei et al., 2018).

The semiarid region of the Great Plains exhibit erratic weather patterns with low
precipitation, high evaporation, and high temperature during summer months. The
production in dryland cropping systems of this region depends on soil water storage that
is influenced by land topography, cropping intensity, and tillage practices (Kuhling et al.,
2017). There is an information gap linking land topography, soil water storage, crop soil
water availability, soil properties, and crop yield (Brown et al., 2020). The objective of this
study is to evaluate precision management decisions for enhancing land productivity in
dryland cropping system in Akron, Colorado. In this report we will focus on precision
technologies in relation to productivity.

MATERIALS AND METHODS
The precision management approach initiated in 2018 at Akron, CO on field size

plots that exhibited high degree of variability in crop production, soil nutrients, and soil
water content. Two management practices have been implemented: (i) Business-as-



Usual (BAU) that consist of wheat-fallow rotation with reduce tillage (WF-RT) and (ii)
Aspirational (ASP) that consist of a four-year rotation with winter wheat-corn-millet-
fallow/flex (WCMFlex) and no-tillage. The choice between fallow and an appropriate crop
(flex) in the fourth year will depend on the available soil moisture at planting for that year.
Each phase of rotation is included in each year with 3 replications. The field plots size
ranged from 6-11 acres (2.4-4.5 ha). Average annual precipitation over the previous 29
years (1991-2020) was 16.2 inches (410.5 mm). In 2018, soil samples were taken using
a gridded sampling design of 100 ft x 100 ft equidistant spacing with georeferenced grid
points to generate field maps (Figure 1). Soil samples were taken from 0-6 inches (0-15
cm) and 6-12 inches (15-30 cm) depth.

Figure 1. Soil sampling points diagram.
Soil samples were taken using grid of
100 ft x 100 ft equidistant spacing and
georeferenced each grid point.

Figure 2. Diagram of the neutron
tubs installed in each field plots at
low, medium, and high yield zones.

Soil samples were analyzed for chemical properties such as EC, pH, N, P, K,
organic matter. Crop yield was evaluated using yield combine harvester equipped with
georeferenced instrument to establish yield maps. Crop yield in each field plot was
organized in three zones (High, Medium, and Low) by yield, soil properties, and elevation.
Soil moisture is being evaluated using neutron probe measurements from two tubes
installed in each zone within the same field (Figure 2). Correlation among different
parameters (yield, soil nutrients, soil water content, etc.) and crop yield was evaluated
using Random Forest models.

RESULTS AND DISCUSSION

Field plots varied in land elevation (Figure 3). The differences in elevations within the
same field plot ranged between 7-10 ft (2.1-3.0 m) with BAU and ASP. In 2019 corn and
wheat yield ranged from 25.0 bu/ac in the low yielding zone to 160 bu/ac in some high
yielding zone for corn and 110 bu/ac for wheat (Figure 4). The yield differences between
the high and the low yielding zones was about 135 bu/ac (8.5 Mg ha') for corn and 85
bu/ac (5.3 Mg ha') for wheat. This represents about 8.5 Mg/ha differences with corn
yield and 5.3 Mg/ha for wheat yield within the same field plot. Yield in each field plot
exhibited 7 zones blended with each other (Figure 4) which could cause some
management challenges regarding inputs. Therefore, organizing the field plot into three
management zones may help with improving field management efficiency.
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Figure 4. Wheat (blue color) and corn (green color) yield variability within the field plot
associated with Business-as-Usual (BAU) and Aspirational (ASP) management
decisions.

The 2019 yield data were correlated with field elevation (Figure 3 and 4). The
higher elevation areas of the field exhibited lower yield, while the yield decreased with
elevation. The yield dynamic for corn and wheat was expected because soil water is the
most limiting factor in dryland system. Land topographies contribute to soil differences,
soil water differences, and nutrients differences, as nutrients are transported from higher
elevation to lower elevation area of the field. This process can translate into enhanced
yield in the low elevated section of the field plot compared with high elevated section of
the field. Topography is just a surrogate parameter, however, so the next step is to
differentiate the contribution of each of these factors, and others, to the observed yield
differences.

The influence of different parameters studied on crop yield were evaluated using
Random Forest models (Figure 5). These preliminary data showed elevation to be the



most influential factor on crop yield. This could be related to soil water and nutrient
availability in this dryland cropping system.
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Figure 5. The influence of different studied parameters on crop yield (A, B, and C)
individually and on all crops combined (D).

CONCLUSIONS

The data collection and usage of precision technologies and analyses for soil
nutrients, crop monitoring, and field mapping will be continued till 2023. This
information could improve the application of precision farming in this region. Overall,
this project provides a unique opportunity to evaluate precision farming practices for the
dryland cropping system in the Central Great Plains Region.

REFERENCES

Azhan, M.N.H.M., M.H.B.H. Ravali, M.N. Masrek, and A.Q. Puteh. 2021. Soil electrical
conductivity mapping system using intelligence sensor at young oil palm area.
Agric. Eng. Int.: CIGR Journal. 23:274-283.

Ballester, C., J. Hornbuckle, J. Brinkhoff, J. Smith, and W. Quayle. 2017. Assessment of
in- season cotton nitrogen status and lint yield prediction from unmanned aerial
system imagery. Remote Sens. 9:1149. https://doi.org/10.3390/rs9111149.

Bock, C. H., P.E. Parker, A.Z. Cook, and T.R. Gottwald. 2008. Visual rating and the use
of image analysis for assessing different symptoms of citrus canker on grapefruit
leaves. Plant Dis. 92: 530-541. https://doi.org/10.1094/PDIS-92-4-0530.




Brown M, R. Heinse, J. Johnson-Maynard, and D. Huggins. Time-lapse mapping of crop
and tillage interactions with soil water using electromagnetic induction. Vadose
Zone J. 20:e20097. https://doi.org/10.1002/vzj2.20097 .

Crusiol, L. G. T., M. R. Nanni, R. H. Furlanetto, R. N. R. Sibaldelli, E. Cezar, L.M.
Mertz-Henning, and J.R.B. Farias. 2019. UAV based thermal imaging in the
assessment of water status of soybean plants. Int. J. Remote Sens. 41: 3243—
3265. https://doi.org/10.1080/01431161.2019.1673914.

Franzen, D., and D. Mulla. 2016. A history of precision agriculture. In Q. Zhang (ed.).
Precision agriculture technology for crop farming. pp. 1-20. CRC Press.
https://library.oapen.org/handle/20.500.12657/41698.

Govers, G., R. Merckx, K. Van Oost, and B. Van Wesemael. 2013. Managing Soil
Organic Carbon for Global Benefits: A STAP Technical Report. Washington, DC:
Global Environ. Faci.

Hansen, K. D., F. Garcia-Ruiz, W. Kazmi, M. Bisgaard, A. La Cour-Harbo, J.
Rasmussen, and H.J. Andersen. 2013. An autonomous robotic system for
mapping weeds in fields. IFAC Proceedings Volumes (IFAC-PapersOnline).
https://doi.org/10.3182/20130626-3-AU-2035.00055

Kdhling, I., D. Redozubov, G. Broll, and D.Trautz. 2017. Impact of tillage, seeding rate
and seeding depth on soil moisture and dryland spring wheat yield in western
Siberia. Soil and Tillage Res. 170: 43-52.
https://doi.org/10.1016/j.still.2017.02.009

Liu, S., L. Li, W. Gao, Y. Zhang, Y. Liu, S. Wang, and J. Lu. 2018. Diagnosis of nitrogen
status in winter oilseed rape (BrassicaNapus L.) using in-situ hyperspectral data
and Unmanned Aerial Vehicle (UAV) multispectral images. Comput. Electron.
Agric. 151:185-195. https://doi.org/10.1016/j.compaqg.2018.05.026.

Olson, D., and J. Anderson. 2020. Review on unmanned aerial vehicles, remote
sensors, imagery processing, and their applications in agriculture. Agron. J.
113:1-22. https://doi.org/10.1002/agj2.20595.

Pei, X., K.A. Sudduth, K.S. Veum, and M. Li. 2019. Improving in-situ estimation of soil
profile properties using a multi-sensor probe. Sens. 19,

1011; https://doi.org/10.3390/s19051011.

Raun, W. R., J.B. Solie, G.V. Johnson, M.L. Stone, E.V. Lukina, W.E. Thomason, and
J.S. Schepers. 2001. In-season prediction of potential grain yield in winter wheat
using canopy reflectance. Agron. J. 93:131-138.
https://doi.org/10.2134/agronj2001. 931131x

Santesteban, L. G., S. F. Di Gennaro, A. Herrero-Langreo, C. Miranda, J.B. Royo, and
A. Matese. 2017. High-resolution UAV-based thermal imaging to estimate the
instantaneous and seasonal variability of plant water status within a vineyard.
Agric. Water Manag. 183: 49-59. https://doi.org/10.1016/j.agwat.2016.08.026.

Torres-Sanchez, J., F. Lépez-Granados, N. Serrano, O. Arquero, and J.M. Pena. 2015.
High- throughput 3-D Monitoring of Agricultural-Tree Plantations with Unmanned
Aerial Vehicle (UAV) technology. PLOS ONE, 10, e0130479.
https://doi.org/10.1371/journal.pone.0130479.

Yang, G., J. Liu, C. Zhao, Z. Li, Y. Huang, H. Yu, and R. Zhang. 2017. Unmanned aerial
vehicle remote sensing for field-based crop phenotyping: Current status and
perspectives. Front. Plant Sci. 8:1111. https://doi.org/10.3389/fpls.2017.01111.




