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1. Introduction
➢ Eastern Ontario has developed into one of the most agriculturally intensive
regions in Canada, in part, due to spatial limitations, but also due to high
levels of agricultural inputs (Kerr and Cihlar, 2003).
➢ In intensive agricultural basins, water quality reduction is largely due to
excessive inputs of phosphorous- and nitrogen-enriched nutrients via
fertilizers, which redeposits into streams and, eventually, larger aquatic
ecosystems via rainfall-induced runoff (Carpenter et al., 1998).
➢ Controlled Tile Drainage (CTD).
➢ Maintenance and adjustment of ground water levels in the root zone.
➢ Enables the mitigation of anomalous and extreme weather events (such
as seasonal droughts and flooding).
➢ Reduces uncontrolled outflow of fertilizer-loaded water into streams.
➢ Unmanned Aerial Vehicles (UAVs).
➢ Recent technological proliferation has provided increasing opportunities
to test low-cost remote sensing platforms for effective crop monitoring.
➢ Generation of point clouds and elevation products.
➢ Various vegetation indices derived from multispectral sensors.
➢ Objective: This study examines the applicability of high-resolution, UAVderived multispectral products for analyzing the relationship between crop
health and CTD. The objective is to identify areas of stability and instability
in the relationship between CTD and crop health when examined from
different sensors, resolutions, and vegetation indices.

3. Methods

Local Spatial Autocorrelation:
➢ Bivariate local Moran’s I – A local indicator of
spatial autocorrelation (LISA).
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Figure 7. Bivariate Moran’s I scatterplots reprojected as hexagonal bin counts with bivariate I
(standardized values) as the x-axis and bivariate J (spatially lagged variable) as the y-axis. Results
strictly depict statistically significant values at 0.2 m resolution with eBee SQ as bivariate I. Horizontal
and vertical means represented by black lines.

where 𝑧𝑖 and 𝑧𝑗 are standardized cell values, 𝑤𝑖𝑗 is
the spatially-weighted adjacency matrix, and
summation over 𝑗 indicates the exclusivity of cells
𝑗 ∈ 𝐽 to the neighbourhood of cell 𝐼𝑖 .

Figure 8 (left).
Bivariate LISA results
depicting
classifications of local
spatial
autocorrelation –
strictly for satellite
sensors. Column
headings indicate
input vegetation
indices and bivariate
I (left) and J (right)
variables. Rows
indicate resolution.
S2A = Sentinel-2A.

➢ Monte Carlo permutations – A test of statistical
significance.
➢ 𝐻0 - The observed bivariate local Moran’s I
is likely to be explained by a random
process of spatial distribution.
➢ 𝐻1 - The observed bivariate local Moran’s I
is unlikely to be explained by a random
process of spatial distribution.
➢ Criteria for rejecting 𝐻0 : One-sided p-value
for 99+1 simulations with 𝛼 = 0.05.
➢ Classification of local
spatial autocorrelation:

Figure 1. Schematic of tile drainage when a)
uncontrolled and b) controlled.

Vegetation Index Calculations:
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Figure 4. Normalized difference vegetation index (NDVI)
and normalized difference red edge vegetation index
(NDRE) for eBee SQ, RapidEye, and Sentinel-2A.

Figure 2. Overview of the study field in relation to
CTD tile lines, tile outlets, and drainage channel.

4. Results

5. Findings
➢ Stability in bivariate local SA across all resolutions.
➢ Complement of lower resolutions due to revelation of
significant local variability and sensor disagreement.
➢ NDRE more useful than NDVI in identifying sub-field
vegetation deficiencies. NDVI becomes insensitive at high
crop densities while NDRE remains sensitive to
chlorophyll and greenness.
➢ eBee SQ more effective in identifying localized crop
deficiencies. Over-/underestimation by coarser resolutions
of satellite sensors.
➢ No significant spatial relationship observed between CTD
tile lines and bivariate local SA, nor for raw vegetation
index products.

2. Study Area
➢ 35.2 ha (0.352 km2) field within the South Nation watershed in Eastern Ont.
➢ Part of the Blanchard-Bisaillon experimental watersheds which contain
approximately 200 experimental crop fields.
➢ Slopes are generally <1% and the region is predominantly underlain by
Blainsville silt loam (Agriculture and Agri-Food Canada, 2000).
➢ Temperature and precipitation normals:
➢ 6.5°C and 789 mm, respectively.
➢ 15.8°C and 536 mm during the growing season (May – October;
Environment Canada, 2016).
➢ Crops types are predominantly corn (40%) and soybean (20%), but may
vary from year-to-year (Kross et al., 2015a).
➢ Controlled tile drainage: 17 tile lines within 5-15 m spacing at ~1 m depth.

6. Conclusions

Figure 6 (above). Bivariate LISA results depicting
classifications of local spatial autocorrelation – strictly for 0.2
m resolution – in relation to controlled tile drainage tile lines
and tile outlets. Column headings indicate bivariate I (left) and
J (right) variables. Rows indicate input vegetation indices.
S2A = Sentinel-2A.

➢ Low-cost UAVs have the potential to detect sub-field
variations in crop health more accurately than
conventional satellite sources.
➢ UAVs provide unrivalled opportunities for more effective
and reliable crop management due to high spatial
resolution and on-demand temporal coverage.
➢ Despite negligible results for CTD, the absence of adverse
effects holds promise in the capacity to regulate field
conditions and leaves room for future research.
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