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Abstract: This study evaluates the use of remote sensing to improve real-time adaptive management of
grasslands. By quantifying grassland biomass through changes in sward height from pre- and post-grazing
events using unmanned aerial systems (UAS), we derived accurate biomass estimates. Additionally, we aimed
to enhance the biomass estimation with spectral data from Sentinel-2 imagery, which is often hindered by cloud
contamination, by combining it with a random forest algorithm. The calibration of UAS biomass using field
measurements from sward height changes through 3D photogrammetry produced strong regression metrics
(R%=0.75, RMSE= 1240 kg DM/ha and MAE=980 kg DM/ha). Integrating this UAS-derived data with Sentinel-2
imagery, the satellite based biomass model (R?= 0.56, RMSE=2140 kg DM/ha and MAE=1585 kg DM/ha)
compared to using the Sentinel-2 random forest-enabled model alone (R?= 0.56, RMSE=2140 kg DM/ha and
MAE=1585 kg DM/ha). This study emphasise the importance of timely and accurate biomass estimation for
adaptive gazing management at the field level, highlighting the balance between utilising advanced remote
sensing technologies and addressing operational complexities. By optimising the integration of UAS and
satellite data, we aim to enhance grassland utilisation, ecosystem functions, nutrient cycling, and sustainability
in land use.

Keywords: machine learning; artificial intelligence; drone; photogrammetry; pasture; grassland;
monitoring; agricultural sustainability; adoption; management

1. Introduction

Grassland ecosystems play a significant role in supporting plant and animal diversity [1],
providing ground cover to prevent erosion [2], supporting vital ecosystem and agricultural
production while contributing to global carbon sequestration [3,4] Regular information about
grassland structure, canopy height, and volume is crucial to maintaining ecological health [5,6] and
preventing overgrazing, understocking, or natural adverse events [7] that threaten habitat loss [8].
Sustainable grazing management that minimises the risk of bare ground exposure by fastidious
monitoring of grassland components such as biomass quantum and quality, litter, and residual [9] at
the farm level to control the carrying capacity index (ecological, economic, environmental, and social)
[10] is more likely to increase enterprise profitability while maximising environmental stewardship
[11].

However, site-specific monitoring at the farm scale (< 1 ha) requires a high level of precision and
detail to provide specific management interventions on-demand in real-time, such as accounting for
cell grazing (high intensity short rotation grazing) as advocated in regenerative trials [12,13]. Pre-
and post-grazing monitoring provides information about biomass utilisation and whether the
reduction in pasture heights has exceeded the targeted threshold to avoid degradation [14]. An
unmanned aerial system (UAS) equipped with 3D point cloud photogrammetry data at a very high
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spatial resolution (1-5 mm) could provide comprehensive details of biomass and small-scale variation
between and across the paddocks [15]. Although satellites offer wider coverage, they have a lower
spatial resolution and are often constrained by clouds [15]. Similarly, traditional methods of taking
physical cuts in the field are labour-intensive and time-consuming [12].

Previous studies used various point cloud techniques i.e., digital stereo aerial photographs or
visible camera (5 cm) [5,16,17], multispectral cameras [16], Light Detection and Ranging (LIDAR)
[18,19] and combination of visible camera and LIDAR [20-22] to create vegetation heights of
grasslands from digital surface model (DSM). Normalised Difference Vegetation Index (NDVI) from
a multispectral UAS camera with random forest algorithm has been used to assess grassland biomass
from a 1 ha plot [23]. However, these studies were based on woodland, arid or semiarid ecosystems
where the assessment of grassland considered inter-canopy gaps [24] instead of vegetation density
typical of intensively managed pastures [2]. Consequently, the methods presented did not consider
biomass utilisation but estimated vegetation heights from shrubs, which are characteristic of
rangeland systems [17]. In advancing timely assessment of the grassland ecosystem, Gillan et al. [17]
argued that most studies that used remote sensing with UAS and satellites often compare
coregistered spectral imagery with ground biomass sampling methods without multitemporal
seasonality of images. Comparing satellite estimates with the most accurately known ground
sampling (i.e., destructively sampling) method [25] from multitemporal spectral imagery to show the
seasonality and phenology of grassland ecosystems will likely provide a better assessment [2].
However, the spectral changes in vegetation canopy between pre- and post-grazing events planned
for ~ 24 hours in a livestock rotation around multiple small paddocks needed for adaptive
management may pose a critical challenge for satellite data. This is because clouds and other logistics
could hinder the alignment of datasets between space-borne and ground sampling [2,26]. Instead,
UAS may provide an understanding of biomass used from pre-grazing and post-grazing events using
3D photogrammetry modelling [16].

In the present study, historical management of the study site, Okehampton, south-eastern
Tasmania, Australia, shows that the rangeland has been exposed to poor agricultural practices
including overgrazing during periods of low production (i.e., summer and drought), causing loss of
native species and increasing bare ground exposure [27,28]. The dominance of sown species, together
with historical land degradation of existing pasture species, including Phalaris (Phalaris aquatic) and
cocksfoot (Dactylis glomerata) [27] over perennial ryegrass (Lolium perenne), wallaby grass
(Austrodanthonia species), kangaroo grass (Themeda triandra), was the rationale to investigate possible
sustainable grazing management avenues to recover native species and land degradation and
erosion.

Earlier studies suggested that intensively grown pastures through a multi-paddock system can
rejuvenate grassland conditions through soil aggregation and porosity and litter conversion, thus
enhancing soil and pasture productivity through high stock density [12,29,30]. Therefore, this study
introduced multiple paddocks to enable grassland monitoring through high stocking density and
intensive grazing management. Consequently, Site one consists of seasonal rotational grazing across
small twelve paddocks. The other sites consisted historical degraded grassland mainly dominated by
Phalaris and cocksfoot spear grass interspersed by native vegetation.

The aim of this study was to investigate whether remote sensing can enable accurate real-time
grazing management, focusing on the integration of UAS and Sentinel-2 imagery for biomass
quantification and the impact of different grazing intensities on pasture productivity. To achieve this,
we addressed the following objectives:

Objective 1: To assess whether high resolution drone data could improve the accuracy and
temporal resolution of biomass estimates derived from Sentinel-2 imagery, particularly in regions
prone to cloud cover. The goal was to calibrate drone sward height changes (pre- and post-grazing)
from the 3D model into field biomass, and then use this to improve the Sentinel-2 random forest-
enabled model, which is susceptible to cloud cover. Grassland biomass was sampled within 24 hours
of sheep grazing, with pre-grazing biomass cut data used for calibration. We regressed the change in
height from UAS data (captured pre-grazing and post-grazing) against pre-grazing biomass cut data
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to convert height changes into biomass (kg DM/ha). This UAS-derived biomass data, captured at a 5
mm ground resolution, was then compared with biomass estimates from Sentinel-2 imagery, which
utilised random forest-enabled spectral retrieval. Sentinel-2, with its five-day revisit cycle and 10 m
spatial resolution, provided complementary monitoring data at the farm level.

Objective 2: To evaluate the effect of different sheep grazing intensities on the productivity and
selective grazing of sown species (Phalaris and Cocksfoot). One paddock was used as a business-as-
as-usual control, while another paddock included a mixture of sheep and pregnant ewes. We
compared the sampled data height data of Phalaris and Cocksfoot species in both paddocks with
NDVI values derived from Sentinel-2 imagery to determine the impact of grazing intensity on pasture
productivity.

2. Material and Methods

2.1. Study Area and Field Data Collection

The study was conducted on a sheep enterprise near Triabunna, Tasmania, Australia (42°30'S,
147°59" E), with an annual rainfall of 648 mm and temperature ranges of 7 °C (minimum) and 17 °C
(maximum) [31]. The farm management aimed to maintain native and newly sown perennial
vegetation communities by implementing more sustainable grazing practices [27].

Site 1 comprised the Vault and Bougainville paddocks, each divided into six small paddocks of
0.25 ha size (Figure 1). These paddocks featured diverse native and sown ground cover species that
were not degraded by past agricultural practices. The pasture species included Cocksfoot, Phalaris,
Ryegrass, Tall Fescue (Festuca arundinacea), Strawberry Clover (Trifolium fragiferum), Sub Clover
(Trifolium subterraneum), Soft Brome (Bromus hordeaceus), Vulpia (Vulpia bromoides), Thistle (Cirsium)
and Flatweed (Hypochaaris radicata). The Vault and Bougainville paddocks underwent 1-day intensive
grazing (7 am to 7 pm) with a high stock density of 2000 DSE/ha (DSE= dry sheep equivalent) to
improve pasture and soil productivity through trampling effects associated with regenerative
grazing (see [12][12]. This high stocking density is assumed to flatten the biomass, stimulate soil
microbial and aggregation, and reduce bare ground exposure [12,29,30]. The experiment was
conducted from December 2021 to January 2023.

Site 2 included the “Cottage Paddock” (118 ha) and the “Old Bougainville paddock” (80 ha)
(Figure 1). During the experiment in spring 2019 (September to November), these paddocks were
predominantly composed of sown species with Phalaris (Phalaris aquatic) and Cocksfoot (Dactylis
glomerata) being dominant (Figure 2). They also contained fragmented native grasses, including
wallaby and kangaroo grass. To restore native species, both Cottage and Old Bougainville paddocks
were treated with 2 litre/ha of Glyphosate herbicide and 200 ml/ha of Ecopar herbicide to control
weeds, and they were irrigated.
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Figure 1. Location of commercial sheep farm “Okehampton” (42°30’ S, 147°59" E) near Triabunna,
southeastern Tasmania, Australia. The yellow panel represents Site 1 (12 paddocks each of 0.25 ha),
the red panel represents Cottage paddock, and the blue panel represents Old Bougainville (located
on hilltop). The red dots in the panels represent the sampling points. Study site was mapped using
2020/21 global land cover from the European Space Agency (ESA), developed and validated with 10
m resolution of Sentinel-2 and Sentinel-1 (https://doi.org/10.5281/zenod0.5571936).

2.1.1. Bougainville and Vault Ground Sampling Protocol

Standing biomass (aboveground biomass) was destructively sampled using five quadrants
across each of the twelve paddocks between December 2021 and January 2023. Biomass harvest was
performed using a battery-operated shearing handpiece at each 0.5 x 0.5 m quadrant. The average of
the five readings was computed as the standing biomass per paddock to minimise sampling error.
For each sampling date, only pre-grazing ground sampling was conducted due to one experienced
operator available. We scaled up this measurement to the paddock level to conform to the 10 m
resolution of Sentinel-2 imagery using Equation 1. The 0.5 x 0.5 m quadrant measurement was
compared with 5 mm drone resolution.

Average BiomasSquadrant

Total biomassyqgaock = ( ) X Area of Paddock (1)

Area of Quadrant
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For each destructive sampling, a non-destructive visual assessment of the estimated % species
contribution to the standing biomass was made. Species assessment was based on ranking within the
quadrant of each paddock [32]. The assumption was that the species composition would enhance
pasture productivity due to the regenerative grazing management adopted [12].

2.1.2. Cottage and Old Bougainville Ground Sampling Protocol

The two paddocks were stocked with mixed-age Merino ewes. The Cottage paddock was
stocked at 700 DSE/ha and opened to adjoining paddocks to enable the sheep to move freely across
them. This business-as-usual treatment paddock served as the control. The Old Bougainville paddock
was stocked with a mixture of sheep and pregnant ewes at 350 DSE/ha and closed to the adjoining
paddocks. Both paddocks were grazed for five days. The height of the dominant Phalaris and
Cocksfoot species was randomly measured along the quadrants across both paddocks before and
after grazing in October and November 2019. Measurement (in cm) was made using a handheld
ruler/sward stick from the ground surface to the tip arch of the grass [17]. The geographic location of
the sampling points was recorded.

We observed whether the sheep preferred selective grazing of Phalaris or Cocksfoot species in
the two paddocks. Additionally, we examined the treatment effect of pregnant ewes and during the
lambing period, considering the increase in DSE and subsequent increase on feed requirements
[33,34]. The assumption was that increased DSE would impact grazing intensity and pasture
productivity in Old Bougainville paddock, while Cottage paddock, used as a business-as-usual
control, would experience moderate grazing due to the adjoining paddock being opened. Using the
pasture height measurements, we correlated grazing intensity with satellite data.

To examine rainfall variability in the Cottage and Old Bougainville paddocks, gridded daily
rainfall data at a 5 km resolution were obtained from the Australian Government of Bureau
Meteorology as archived for November and December 2019 [35]. The daily rainfall data was
formatted into a weekly event to correlate with grazing period (5 days), and referenced to pasture
performance [12].

Figure 2. Representative ground cover conditions for Cottage and Old Bougainville at Okehampton,
Triabunna, Australia, as of January 2019. (a) The typical ground cover of Phalaris shows a high
proportion of bare ground and flatweed (Hypochaeris radicata), (b) sheep track beside the heavily
browsed ground from historical management. (c) Significant flatweed in Phalaris “tongues” and (d)
Healthy Phalaris.

2.5. UAS Data and Processing for Bougainville and Vault
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Drone flights were undertaken by a DJI Matrice 300 remotely piloted aircraft system with a
Zenmuse P1 camera, flying 40 m above ground level, yielding a ground resolution of 5 mm. The UAS
is equipped with real-time-kinematics (RTK) for improved georectification. A GNSS survey of
ground control point (GCP) tiles (Figure 3a) was completed on 4 January 2022, wherein paddock
corners and sample plots (bricks and pins) were surveyed as recommended by James et al. [36]. On
11 January 2022, trial flights were conducted over the Vault plots to test the bricks and control points'
visibility while refining data processing quality assurance.

The survey campaign included Site 1 for Bougainville and Vault tiles and paddock corners.
These plots were monitored with UAS from each successive flight, with 690 GNSS (RTK) survey
points collected. Drone survey marks were sampled along diagonal transects within each grazing
paddock (Figure 3, plates c and d); in all cases, transects were positioned at least 10 m from paddock
boundaries to avoid edge effects. Smaller tiles (0.1 m x 0.1 m) were installed to identify ground control
points where repeated drone measurements were taken. The collected UAS imagery was processed
to generate digital elevation models (DEM) and orthophotos.

R\

Referente paint comer post

(c)

i

ference point corner post

Figure 3. UAS campaign with survey protocol installations to compare UAS grass height
measurements and destructively sampled biomass at the Okehampton farm, Triabunna, Tasmania,
Australia. (a) ground control point at the boundary of Vault paddocks, (b) bricks and pins installation
to identify the ground control points, (c) and (d) the diagonal transects along each paddock where
sampled biomass data was collected, and (e) example of 3D point cloud photo of one of the processed
UAS images captured for a pre-grazing event at Okehampton sheep grazing farm, Triabunna (photo
taken in the pre-trial flight on 2 December 2021). Images b, d and e were taken from [37].

2.6. Calibration of UAS Pasture Height Changes into Biomass Using Sample Field Biomass

Although post-grazing biomass was not directly measured (as explained in Section 2.1.1),
changes in sward height pre- and post-grazing events were monitored using drone campaign. UAS
pre-grazing data dates correlated with the destructively sampled biomass for all events. Ground
quadrants were located using differential GPS (DGPS), allowing imagery to be overlaid and
subsequent extraction of image metrics for comparison with ground surveys. Datasets were
georeferenced using GCPs (tiles) at the corner of each trial paddock. UAS imagery was processed
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with high-performance computing (HPC) infrastructure, resulting in digital elevation models
(DEMs) and orthophotos at 5 mm resolution. Using filtering by classes, all trees and artifacts were
removed [38].

Pasture height differential pre- and post-grazing was calculated using flights before and after
grazing. This delta height was correlated with concurrent measurements of pasture biomass to
determine the relationship between delta sward height and biomass. To ensure higher accuracy
compared with a previous study [16], average pasture heights were estimated from five quadrants
along the same transects. Hence, the pasture height differential was based on averaging five
quadrants each of pre- and post-grazing flights.

The sward height changes derived from the 3D models were calibrated using pre-grazing
biomass, which was destructively sampled from 0.5 x 0.5 m quadrants (Section 2.1.1). We developed
a linear relationship between these changes in sward height and the pre-grazing biomass data. The
regression Equation (2) was determined by correlating the height changes with the corresponding
pre-grazing biomass measurements:

Biomass (kg %) =a X AHeight +b (2)

where AHeight is the change in sward height, and a and b are regression coefficients.

The assumption here is that the change in sward height is directly proportional to the change in
biomass, which allows us to infer biomass reduction due to regenerative grazing. The linear
relationship was used to create biomass maps for the Bougainville and Vault paddocks. To compare
the drone biomass data with satellite estimates, zonal statistics were performed to derive the mean
biomass for each paddock. This ensured that the drone scale corresponded to the satellite scale. The
calibrated UAS-derived biomass data were then used to improve the Sentinel-2 random forest-
enabled model (Section 2.7). The association between UAS and the sampled biomass was compared
using the following regression statistics R?, root mean square error (RMSE), and median absolute
error (MAE).

2.7. Sentinel-2 Data for Modelling Bougainville and Vault Biomass Using Random Forest Algorithm

We downloaded 56 cloud-free Sentinel-2 images that have been corrected for atmospheric and
topographic effects from Digital Earth Australia (https://www.dea.ga.gov.au/products/dea-surface-
reflectance, accessed on 24 February 2023) for all dates that matched up (i.e., 5 December 2021 to 24
January 2023) with the destructively sampled data. The images were checked for quality assurance.
Cloudy pixels were removed using a cloud detection algorithm [39]. The study used ten bands of
Sentinel-2, namely, b2, b3, b4, b5, b6, b7, b8, b8A, b11 and b12 to extract their reflectance values.

We created a random forest algorithm from the ten spectral bands of Sentinel-2, which were
used as input features. Using 56 datasets, we partitioned into 75% training and 25% test sets. By
carefully using parameters to achieve maximum depth without using grid search to reduce model
complexity and overfitting, we reached the optimum parameter, n=50. The Model performance was
evaluated using the test set and compared with the linear regression of UAS calibrated from the
sampled biomass using R?, RMSE and MAE.

2.8. Sentinel-2 Derived NDVI for Cottage and Old Bougainville

Cottage and Old Bougainville paddocks were masked to remove trees and shrubs. We obtained
cloud-free Sentinel-2 imagery from Digital Earth Australia [12] for Cottage and Old Bougainville
paddocks. Images correspond to the dates of pasture height measurements during the spring season
(September to November). We extracted the reflectance value per pixel based on visible bands 2
(blue), 3 (Green), 4 (Red), and 8 (NIR-1) bands. A cloud detection algorithm was applied to remove
all pixels affected by clouds [39]. NDVI for all GPS points representing Phalaris and Cocksfoot species
height measurements was computed from red and NIR-1 bands. NDVI values were compared to the
sampled heights of Phalarisand Cocksfoot using the correlation coefficient R2.

d0i:10.20944/preprints202408.0372.v1
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3. Results

3.1. Assessment of Biomass Calibration Using Sward Height Changes and Sentinel-2 Random Forest Models

Our result (Figures 4, 5 and 6) shows that the high-resolution drone data can be calibrated from
the field biomass measurement, and at the same time be used to calibrate and validate Sentinel-2
models, thereby, addressing the challenge of cloud contamination and enhancing biomass
monitoring capabilities.

The linear modelling of the change in grassland heights for pre- and post-grazing flights of UAS
into biomass when calibrated with deststructively sampled data, yielded a strong relationship with
a coefficient of determination (R?) of 0.75, RMSE= 1240 kg DM/ha and MAE=980 kg DM/ha (Figure
4). Equation (2) shows the mean biomass computed for each of the twelve paddocks.

Biomass = 10119 X Change in grass height + 941 2)

The relatively large coefficient (10119 kg DM/ha) indicates that small changes in grass height can
lead to significant changes in biomass. It implies a strong response and high sensitivity of biomass to
the variations in grass height. It also represents the baseline for the residual biomass for which the
post-grazing (i.e., grass height change =0) event is 914 kg DM/ha.

- 7]
—— Regression Line /’
——- 1:1Line ,/

10 1Biomass = 10119.02 * Grass Height + 914.98 e
R? = 0.75 | RMSE = 1.24 | MAE = 0.98 ‘-

Biomass (kg DM/ha x 10%)

T T
0.0 0.2 0.4 0.6 0.8 1.0
Mean Grass Height (m)

Figure 4. A linear relationship between the mean grass height from UAS and actual sampled biomass.
The relationship modelled change in grass heights into biomass for pre- and post-grazing.

As shown in Figure 5, the evaluation of the random forest modelling using Sentinel-2’s ten bands
as the retrieval produced the following regression statistics, R?= 0.56, RMSE=2140 kg DM/ha and
MAE=1585 kg DM/ha. Comparing Figures 4 and 5, the modelled biomass from 3D photogrammetry
signifcantly outperformed the Sentinel-2 random forest-enabled model (S2-RF). The UAS
demonstrated a stronger linear relationship with substantially lower error, highlighting its
superiority over the S2-RF model, which exhibited higher error margins.

However, the integration of UAS data, available on demand for pre- and post-grazing events,
can enhance the performance of Sentinel-2 imagery, as illustrated in Figure 6. Despite the lower R? of
0.46 compared to the S2-R2 R? of 0.56, the UAS model exhibited lower error metrics (RMSE= 1370 kg
DM/ha and MAE=1135 kg DM/ha). This indicates that while the S2-RF is better suited to explain the
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variance in actual biomass, the UAS model tends to make accurate estimates on average biomass.
Insights into the larger proportion of the variance in biomass provide a clue to the broader trend and
understanding of underlying patterns. This justifies the training of the field biomass input dataset
alongside the spectral features using a random forest algorithm. The UAS 3D photogrammetry model
is more accurate in predicting biomass from pre- and post-grazing events, even though it may not
account for all variations in biomass.

12000 .
—-- 1l:l Line R4
—— Regression Line e ,/
f”
10000 {y = 1.43x + -1905.61 7
R? = 0.56 L ./1'
MAE = 1532.73 s
RMSE = 2021.30 g

8000

6000

Actual (kg DM/ha)

4000 A

2000 A

T T T T T
0 2000 4000 6000 8000 10000 12000
Predicted (kg DM/ha)

Figure 5. Sentinel-2 data assimilated using random forest modelling of grassland biomass with the
actual sampled biomass for Vault and Bougainville (Site 1) in the study location. .
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Figure 6. Sentinel-2 biomass calibration using UAS-derived biomass change data. Each point
represents the average biomass at the paddock level for both the drone and satellite. This calibration
aims to enhance the temporal frequency and accuracy of biomass estimates from Sentinel-2 imagery,
addressing the challenges of cloud in Tasmania, Australia.
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Although Figures 4 and 5 show that both models tend to overestimate biomass, more than half
of the calibrated data points from the UAS model show a higher overestimation of biomass relative
to the S2-RF model. In contrast, about half of the data points derived from the 52-RF model tend to
underestimate biomass. The seasonal plot of the representative paddocks (Figure 7) confirms this
pattern of overestimation by the UAS and underestimation by the S2-RF model.

The S2-RF model demonstrates greater accuracy when imagery acquisition is closer to the date
of field sampling. For instance, Sentinel-2 imagery acquired on 24 April 2022, compared with sampled
biomass on 26 April 2022 in Vault-2 (Figure 7), estimated biomass at 2339 kg DM/ha, closely matching
the sampled biomass of 2506 kg DM/ha. On the same date, the UAS modelled biomass estimated a
higher value of 3530 kg DM/ha, further illustrating its tendency to overestimate biomass. The
performance of UAS data is based on the finer details the spatial resolution can provide (Figure 8).

12000 T T T T

12000 T T T

-© — Actual biomass

Vault-1 /

10000 - | _4  gentinel-2 biomass 4 }

-6 — Actual biomass

Vault-2
10000 - | —&— Sentinel-2 biomass T

8000
8000 [~ b
6000

6000
4000

Pasture Biomass (kg DM/ha)
|
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Figure 7. Comparison of the seasonality of UAS biomass in two representative paddocks against
Sentinel-2 modelling. The UAS model estimates biomass change based on changes in grass heights
between pre- and post-grazing events, while the Sentinel-2 estimates biomass using the nearest
temporal imagery and a random forest algorithm. Each point represents the average biomass at the
paddock level for both the drone and satellite.
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Figure 8. Pixel-based comparison and spatial resolution between the UAS point cloud and Sentinel-2
instruments deployed for investigating grassland biomass at Okehampton in Triabunna, Australia.
(a) RGB (red, green, and blue) image for pre-graze on 25 January 2023 for the Vault paddocks, (b)
post-grazing event on 27 January 2023, and (c) Sentinel-2 image available on 24 January 2023. Field
biomass was sampled on 25 January 2023. The UAS could capture more detailed observations
compared to Sentinel-2 larger pixel-size imagery. Units of each legend are shown in kg DM/ha.

The non-destructive visual assessment of the estimated % of species shows variability in species
composition and biomass productivity across the seasons in all the paddocks (Figure 9). Biomass
productivity is influenced by the collective contribution of all species rather than by any single
species. While the visual assessment of species by % ranking help to understand the variability of
grassland biomass across paddocks, this ranking process is unsuitable for training satellite or drone
mapping algorithms.
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Figure 9. Species composition as a contribution toward grassland biomass in each paddock. Note:
scaling is unique to each paddock as species distribution differs across plots.

3.2. Sentinel-2 Derived NDVI for Modelling Grazing Intensity

NDVI responded positively to weekly rainfall and management interventions, such as weeds
control in both paddocks, with a peak rainfall observed on October 21, 2019 (Figure 10). This indicates
that NDVI can effectively detect changes in vegetation cover resulting from varying environmental
factors and grazing intensity treatment. The productivity of Phalaris species in the Cottage paddock
was notably higher compared to the Old Bougainville paddock, demonstrating more vigour and
recovery from spring grazing (Figure 10).

Despite higher stocking density in the Cottage paddock, selective grazing on Phalaris and
Cocksfoot species was not evident, likely due to the paddock being open to adjoining areas, allowing
sheep graze more freely. This result in minimal impact from high stocking density on the Cottage
paddock. A decrease in NDVI and selective grazing on Cocksfoot was observed compared to Phalaris
when sheep was moved to adjoining paddocks. In contrast, the Old Bougainville paddock exhibited
selective grazing, particularly on Cocksfoot species, as shown by the reduction in pasture height from
5 cm to 2 cm (Figure 10). The arrival of lambs and subsequent in stocking rate intensified grazing
intensity, leading to a decrease in NDVI values on November 4, 2019, indicating potential
overgrazing in the paddock.

Weekly rainfall showed a strongly correlation with NDVI changes in the Cottage paddock
(R?=0.73) (Figure 11), indicating that rainfall significantly influence pasture productivity, particularly
for Phalaris species. However, in the Old Bougainville paddock, the correlation between rainfall and
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NDVI was weaker (R?=0.27), primarily due to intensity grazing on Cocksfoot species, which did not
correspond to the rainfall pattern and NDVI values (Figure 12). The strong correlation between
rainfall and NDVI in the Cottage paddock is likely influenced by its topography. The Cottage
paddock, situated on flat terrain, experience more uniform water distribution and retention
compared to the Bougainville paddock, which is located on a hilltop. The elevation position of Old
Bougainville could lead to faster runoff and less water retention, thereby reducing the effectiveness
of rainfall on NDVI in this paddock. Our view is that the topographical difference supports the
observed variation in the correlation between rainfall and NDVI in the two paddocks.
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Figure 10. NDVI response to weekly rainfall and grazing management in Cottage and Old
Bougainville paddocks, highlighting specie-specific productivity and grazing patterns. Cottage
paddock (a) was used as business-as-usual by opening its gate to adjoining paddocks. Pasture species
show peak heights when sheep moved to adjoining paddocks. Old Bougainville paddock (b) shows
non-selective grazing from increased lambing.
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The interaction between rainfall and NDVI shows a strong positive correlation between Rainfall
and NDVI (Figure 11), while no observable correlation exists between NDVI and the species (Figure

12).
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Figure 11. Correlation between weekly rainfall and NDVI response, emphasising the significant in
Cottage and Old Bougainville paddocks in the spring of 2019 in Okehampton, Triabunna, Australia.
Each data point represents the average NDVI and cumulative rainfall for that week.


https://doi.org/10.20944/preprints202408.0372.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 August 2024 d0i:10.20944/preprints202408.0372.v1

15

74
1 R?=o0.06 ¢ R? = 0.01 *
Old Bougainville paddock . Old Boungainville paddock
o ]
5 . 54 e =
]
K &
o

2 . " e wee 2 - . ee *
0.’10 0_'15 0.‘20 O.I25 0_‘30 0_‘35 0.:10 0_,:15 o_l50 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50

NOVI NDVI

22.5 1
101 » o L/
R? = 0.06 R?=0.32
Cottage paddock R Cottage paddock
81 .
17.5 1
L]
- L

15.0 1

Phalaris

12.5 1

Cocksfoot

10.0 1

7.5 1

5.0 1

0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.‘30 0.’35 O.’40 0.:15 O.ISO 0.‘55 O.IEO 0.65
NDVI NDVI

Figure 12. Correlation between NDVI and pasture species (Phalaris and Cocksfoot) indicating varying
degrees of relationship influenced by grazing intensity and management practices. No statistical
correlation was observed between NDVI and the species. The moderate correlation between Phalaris
species and NDVI indicates it dominance in the Cottage paddock.

4. Discussion

4.1. Grassland Biomass Modelling from a Change in Grass Heights Using 3D Photogrammetry and Sentinel-
2 imagery with Random Forest Algorithm

Results presented in this study demonstrate the capability of remote sensing from Sentinel-2 and
UAS imagery for adaptive real-time management of grasslands. This contributes to conservation,
improved utilisation, and potentially sustainable management at the farm level [5,12,17,40]. We
combined the strengths of imagery from both satellite and UAS instruments to quantify grassland
biomass; this combination yielded a more robust result than the application of either method alone.
We applied cell grazing approaches in the field, where very high livestock stocking densities were
used to flatten pasture biomass, with the aim of improving grassland productivity [12,41] and carbon
and nutrient recycling [30,42], before moving sheep to the adjacent paddock in rotational grazing
management. However, monitoring singular, intense grazing regimes with the five-day revisit of
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Sentinel-2 imagery is challenging, particularly when frequent cloud cover obscures the time between
clear satellite imagery [2,43]. Even in places with fewer clouds, grassland growth responds
dynamically to environmental variables (particularly rainfall and nutrient addition) [44,45],
suggesting that Sentinel-2 with 5-day pass rates may be too sparse [26]. To determine whether more
timely monitoring would close this gap, we used higher-resolution UAS data to calibrate and validate
Sentinel-2 models, thereby, addressing the challenge of cloud contamination and enhancing biomass
monitoring capabilities.

The calibration of UAS biomass using field measurements from sward height changes through
3D photogrammetry, and the validation of Sentinel-2, produced stronger regression metrics (R?=0.75,
RMSE= 1240 kg DM/ha and MAE=980 kg DM/ha) (Figure 4) and (RMSE= 1370 kg DM/ha and
MAE=1135 kg DM/ha) compared to using Sentinel-2 random forest-enabled model alone, (R>= 0.56,
RMSE=2140 kg DM/ha and MAE=1585 kg DM/ha). However, a concern lies in the lower of R? 0.46
when UAS was used with Sentinel-2 compared to an of R? 0.56 when used alone. This analysis shows
that a moderate spatial resolution of multispectral satellites like Sentinel-2 imagery provide more
insightful information about biomass variation, including broader trends and underlying patterns
using machine learning, than UAS photogrammetry alone. This suggests that factors such as field
heterogeneity and seasonal and environmental variables contribute to biomass variability, which the
resolution and scale of UAS cameras alone may not capture [2,16]. This phenonmenon is particularly
evident when Sentinel-2 imagery aligns with the temporal window of the grazing event. For instance,
Sentinel-2 imagery on 24 April 2022, compared with sampled biomass on 26 April 2022, in Vault-2
(Figure 7), estimated biomass at 2339 kg DM/ha, closely matching the sampled biomass of 2506 kg
DM/ha. On the same date, the UAS modelled biomass estimated a higher value of 3530 kg DM/ha.
The only known study that used similar approaches (changes in sward heights to estimate biomass)
with a UAS spatial resolution of 10 mm obatianed an R? of 0.78 when compared with the traditional
method. Therefore, the utility of UAS photogrammetry models with satellites like Sentinel-2
represent a balance of trade-offs in remote monitoring and management of agricultural sustainability
[2].

The current study faced limitations in capturing post-grazing events due to logistical challenges
inherent in the traditional field sampling method. In contrast, the drone campaigns considered pre-
and post-grazing data, and the Sentinel-2 method helped determine the implications of any given
grazing event for biomass availability, including biomass trampled through high stocking density,
and left standing, and utilised in relation to livestock productivity [2,41,46,47]. The feed utilisation in
regenerative grazing provides a generic application to livestock grazing and land management
beyond the scope of one day as presented in this study. Ideally, feed utilisation represents feed intake
by the livestock through pre- and post-grazing. Our approach considers feed utilisation by
subtracting trampled (flattened) biomass after grazing from the standing biomass before grazing [12].
This process ensures liveweight gain and animal welfare through efficient feed intake, while
promoting environmental stewardship by pushing unconsumed biomass down to the soil through
high stocking density. This practice facilitates carbon storage, soil microbial stimulation and
aggregation and bare-ground prevention [12,30,48].

4.2. Modelling Grazing Intensity and Ground Cover Productivity Using Sentinel-2 derived NDVI

In this study, we demonstrate that NDVI effectively detects vegetation dynamics and variability
due to different grazing management practices in two paddocks “Cottage and Old Bougainville” on
the same farm experiencing similar environmental conditions. Different grazing intensity strategies
were applied to promote uniform or non-selective grazing, preventing the dominance of either
Phalaris or Cocksfoot, while also stimulating native species. Known grazing management techniques,
such as grazing down during late spring or summer (October to December) to manage soil fertility
decline and weed encroachment [49-51], were employed with varying stocking densities. Based on
the optimal season for lambing [52,53], the stocking density was increased in the Old Bougainville
paddock to intensify grazing, while the Cottage paddock was left open to the adjoining areas as a
business-as-usual control. Selective grazing was observed on Phalaris species in the Old Bougainville

d0i:10.20944/preprints202408.0372.v1
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paddock. In contrast, the low pasture cover species (Phalaris and Cocksfoot) in the Cottage as seen
in Figure 10, caused livestock to move to adjoining paddocks with more abundant pasture cover [28].
NDVI did not correlate well with Phalaris and Cocksfoot species in the two paddocks, likely due to
ground cover variability (mix of bare ground and vegetation), or the presence of more dominant
pasture species within the GPS quadrant location. We found that NDVI correlated more closely with
the productivity of grassland (multi-species) within each quadrant than with individual species
(Figure 10).

Pasture productivity correlates with rainfall weekly data, as seen in Figure 11. NDVI correlation
produced an R? of 0.73 for the Cottage paddock and an R? of 0.27 for the Old Bougainville paddock,
indicating the productivity of ground cover as a contribution of collective pasture species (i.e. canopy
cover). The higher correlation in the Cottage paddock compared to Old Bougainville is due to the
influence of topographical characteristics [54]. Situated on flat terrain, the Cottage paddock,
benefitted from more uniform water distribution and retention, which enhanced the effectiveness of
rainfall on pasture growth [54]. Thus, NDVI has proven to be an effective model for monitoring the
health of vegetation cover to support animal behaviour and grazing management [55-57]. Including
vegetation indices such as enhanced vegetation index (EVI) and soil adjusted vegetation index (SAVI)
has highlighted ways to enhanced NDVI's effectiveness in sparse vegetation [2]. We speculate that
this relationship could be further improved by linking biophysical models of plant production that
account for climate (temperature, rainfall, solar radiation), soil conditions and management,
particularly if integrated with livestock grazing behaviours [58-60].

5. Conclusions

This study aimed to utilise remote sensing technology to improve the real-time adaptive
management of grasslands. By measuring feed intake through changes in grass heights from UAS
data over one day of pre- and post-grazing events, we model grassland biomass, calibrating this data
with traditionally obtained method. We also employed a multispectral (Sentinel-2) dataset using a
random forest-enabled model to quantify biomass.

Integrating high-resolution (5 mm) drone model with Sentinel-2 satellite data, which is known
to be susceptible to cloud contamination, improved the latter’s accuracy and reduced uncertainty.
However, the newly improved Sentinel-2 biomass model still faced challenges in detecting biomass
variance due to the limitation of 3D photogrammetry. The Sentinel-2 random forest-enabled model
is better suited to detect biomass variations by training on neighbouring pixels, providing insights
into information about the broader trend and understanding of underlying patterns. We conclude
that incorporating both technologies will provide more timely and precise data, enhancing pasture
management and agricultural sustainability at the agronomic level.

The visual ranking of pasture species within each quadrant only provided qualitative
information about pasture productivity within each paddock and could not be integrated into the
drone or Sentinel-2 systems. Future studies should consider methods that provide quantitative
training data for mapping. Upscaling the 3D photogrammetry into hyperspectral imaging can
enhance mapping efficiency through spectral analysis, offering better accuracy and understanding
of underlying variability.
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