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Abstract

The accurate measurement of herbage mass is essential for feed budgeting and the manage-
ment of sustainable and profitable grazing systems. There are many techniques available to
estimate herbage mass in pastoral systems, and these vary in accuracy, cost, and time taken
to implement. In situ and remote sensing techniques are both associated with moderate
to high error, as herbage mass is affected by a number of dependent and independent
factors, including sward composition, soil structure, chemical characteristics and moisture
levels, climatic conditions, and grazing management, which must be considered in the
development of an accurate local calibration model for precise estimation of herbage mass.
This review provides an overview of commonly used herbage mass assessment techniques
and describes their limitations, synergies, and trade-offs, and also covers the integration
of new technologies which have the potential to monitor pastures at scale. This review
highlights the need for further research and to integrate new technologies for accurate and
precise measurement of herbage mass, noting the lack of calibration with in situ methods,
the need for development of new protocols for assessment, variance in equipment and
software compatibility, and the need to evaluate the effectiveness of methods/techniques
on a variety of livestock operations for extended periods.

Keywords: herbage mass estimation; livestock grazing system; pasture production

1. Introduction
Pastoral grazing systems (varying from intensive irrigated pastures to extensive range-

land) can provide a sustainable and cost-effective means of enhancing the productive
capacity of livestock [1,2]. The profitability of pastoral farms depends on pasture quality,
production (pasture grown per hectare), and efficient utilisation (pasture consumed per
hectare) [1–5]. The quality and quantity of pasture are essential to maintain farm animal
production, which is one of the key challenges associated with grazing systems [4]. This
may vary with sward composition, season, plant growth stage, and age of regrowth [4,5].
On the other hand, efficient pasture utilisation is a cornerstone of sustainable and profitable
livestock farming to ensure that the resource is used to its full potential [1]. However, this
remains a fundamental challenge in planning and decision-making in grazing systems [6].

Pastoral grazing systems have varying dynamics, which are influenced by plant
species morphological and functional characters, edaphoclimatic factors, sward compo-
sition, and pasture and livestock management practices. Due to these varying dynamics,
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farm managers are advised to monitor herbage mass (HM) production. However, multiple
parameters must be taken into account to select an appropriate technique; for example,
plant morphological characteristics, growth rate, HM production capacity, and availability
of labour, time, and finance are key factors when choosing the most appropriate technique
for estimating HM [6,7].

Different techniques for estimating HM are available, and these are often classified
based on technique/method; however, accuracy and ease of application vary between
techniques. The whole-plot direct sampling method can be used to accurately and reliably
measure HM [8,9], while plot sub-sampling is a direct method for estimating HM while
minimising interference with the entire sward [8]. These direct methods, while accurate,
are time-consuming and challenging at scale, i.e., in large paddocks with a wide variation
in pasture HM. Indirect methods of HM measurement minimise the physical removal of
herbage, reduce the cost of measurement, and allow for HM estimates to be made from
large areas relatively quickly [8]. Indirect methods include using a rising plate meter (RPM),
electronic capacitance probe, or a simple pasture ruler, which can be used to estimate the
HM after appropriate calibrations are undertaken [10,11].

There are substantial opportunities to use technology to improve utilisation of pasture
and thereby improve the profitability of pasture-based systems, through increased accuracy
and frequency of pasture monitoring [12–15]. Remote sensing and geographical informa-
tion systems are increasingly being used to estimate grassland production and validate
modelling and forecasting efforts, to support informed decision-making [16–18].

In general, no single method is the most appropriate for measuring HM under all
situations [6,9]. However, actual and predictive HM values, for example, uncompressed
and compressed plant height, vegetation density, canopy structure and ground cover, plant
maturity, botanical composition, visual obstruction measurements, or remote sensing data,
can be used to develop a more accurate regression relationship [9,19,20]. Over the past
50 years, more sophisticated and user-friendly techniques and tools have been developed,
but few of them have been widely adopted. Possible reasons for this include the fact that
these techniques and tools are frequently associated with moderate to high experimental
error, and results vary according to the techniques, user, and many other factors. Therefore,
the present review paper briefly discusses a variety of HM measurement techniques, their
appropriate use, their limitations and trade-offs, and synergies.

2. Techniques to Estimate Herbage Mass
Herbage mass can be directly measured or estimated at different points in the paddock

using appropriate techniques or tools termed in situ HM measurements, whereas remote
sensing can be used to capture the spatial heterogeneity of vegetation across the paddock
at a different scale. Figure 1 illustrates the hierarchical order of various HM assessment
tools and techniques. In situ techniques are often used to first calibrate remote sensing
instruments. Selecting an appropriate method or technique to estimate HM depends on
various factors such as sward characteristics, climatic variations, soil characteristics, and
statistical and financial limitations. Table 1 outlines a range of techniques and methods
that can be used to measure or estimate HM, along with comments on the synergies and
trade-offs of each.



Agronomy 2025, 15, 2264 3 of 24

Figure 1. A graphical illustration of the classification of in situ and remote sensing methods for herbage mass measurements.
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Table 1. Outline of various measurement techniques used to measure pasture herbage mass that were most relevant to temperate grasslands.

Assessment
Techniques and

Tools
Measure Accuracy Calibration Destructive or

Non-Destructive Synergies Trade-Offs References

Cut and weigh Weight High No Destructive
Direct method, and

accurate for a particular
sampling point

Expensive,
time-consuming, and

labour-intensive
Accuracy reduces when

generalising to a large area

[21–24]

Visual
estimates

SSH and
density

Highly
variable Yes Non-destructive

Quick method, low
expense, can assess a
large area and is more

suited for simple sward

Preliminary training is
essential, variation among

operators
[8,25,26]

Pasture condition
score tool

SSH and
density Low Yes Non-destructive

Provide timely resource
management

recommendations

Variation among operators
in scoring [27,28]

Electronic pasture
probe SSH Low Yes Non-destructive

Quick and simple
method for

homogeneous
vegetation canopies

Readings are affected by
moisture in the vegetation,

sward type, and ratio of
living to dead material

[8–10,23,29]

Sward stick SSH Low Yes Non-destructive

Simple and suitable for
recording the sward

surface architecture, and
best for hill counties

Less accurate with stemmy
material and very tall or

lodged grass,
time-consuming and
labour-demanding

[7,9,10,22,30]

Rising plate meter CSH Moderate Yes Non-destructive
Quick and cost-effective

Suitable for pure or
mixed pastures

Regular calibration is
essential, different

calibration relationships for
various seasons, different
species composition and

labour demand

[7,8,10,22,31,32]
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Table 1. Cont.

Assessment
Techniques and

Tools
Measure Accuracy Calibration Destructive or

Non-Destructive Synergies Trade-Offs References

Decision support
models Farm records - Yes Non-destructive Quick and

computer-based method

Complex to use and needs
training and

demonstrations
[33–35]

Light sensing
(C-DAX) SSH Moderate Yes Non-destructive

Provides fast, accurate
estimates and relatively
low cost among other
advanced methods, no
cloud cover challenges

Require different seasonal
calibrations specific to the

region
[36,37]

LiDAR SSH Moderate Yes Non-destructive

Less time and multiple
measurements can be

obtained from the same
place

Relatively expensive, and
poor ability to measure in

windy conditions
[38]

Ultrasonic sensor
aid SSH - Yes Non-destructive

Quick response, small
instrument, low power

consumption and
automation

Low accuracy and not
suitable for high levels of
biomass and sward height

[24,39]

Hyperspectral
sensing SA - Yes Non-destructive

Rapid, reliable approach
for near real-time

quantitative assessment
and accurate

Expensive and needs more
studies [40,41]

Multispectral
sensing SA - Yes Non-destructive Reasonable accuracy

and affordable Lack of long-term studies [40,42]

Satellite
multispectral SA - Yes Non-destructive

Large aerial coverage,
less time and remote

sensing

Cloud cover challenges and
needs more studies [40,43]

Where CSH = compressed sward height; SSH = sward surface height; SA = spectral absorption; “-” = denotes where data were not published as part of the studies or more scientific
evidence was needed.
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2.1. In Situ Measurement Techniques

(a) Cut and weigh technique

This is the most direct method to measure HM and is highly accurate for the area in
which the pasture is harvested. It can also provide an accurate estimate of post-grazing
residuals in trampled land [23]. However, in practice on farms, using this technique to
estimate HM is unlikely due to it being time-consuming, and it therefore does not allow for
relatively quick day-to-day management decisions [22].

Due to the complete removal of herbage from the quadrat, this direct method is
considered destructive, and it prevents further measurements in the harvested areas.
Similarly, this method does not account for the effects of urine and faeces on the pasture
or the effects of trampling or selective grazing, which may cause an overestimation or
underestimation of allocated pasture [6]. Lastly, this method is not recommended in
shrublands where the spatial variability is very large due to the plant structure, and
accuracy reduces when extrapolating to large areas [21].

The number of samples, size, shape, and frame material are based on statistical,
agronomic, ecological, practical, and financial considerations [7]. In this method, cutting
height is dependent on the grass species, animal grazing habits, industry/sector, and
management practices [8]. The size of quadrats depends on the growth habits of grass
species and sward uniformity. The number of samples needed to obtain a reliable estimation
of total herbage depends on the area size and needs to be representative of the sampling
area [7,8].

A strip-cut technique can be undertaken by using a cutting tool/machine that covers
more of the existing variation in the sward than using other quadrats [7]. The strip-cut
technique means the sampling area length is longer than it is wide. The width of the strip
depends on the width or diameter of the cutting machine (handheld power-driven tools,
clippers, and lawn or hedge trimmers), while the length can be determined by any type of
measuring device. It is a more accurate technique than quadrats in terms of implementation
at a paddock scale; however, it is hard to obtain spatial variability data [7], and like the
quadrat technique, it is work-intensive. Additionally, cutting machines often need frequent
sharpening due to proximity to abrasive soils and other debris [8]. The Danish harvester [7]
and Haldrup machines (Haldrup GmbH, Germany) are commonly used harvesters which
can reduce work intensity.

(b) Visual estimates

Visual estimation is a quick method for estimating HM; however, preliminary train-
ing and/or calibration are essential to ensure accurate estimation of the actual HM by
eye [8,25]. The appropriate calibration procedure can transform visual estimates into actual
estimations of HM [25]. However, without proper training and calibration, high observer
variation in estimation is a considerable drawback of this method [8]. It is more likely to
be successful if photographic standards of known yields are used as references during the
estimations [26]. This technique is less complicated for experienced operators and more
suited for monospecific or simple mixture pasturelands [7].

(c) Pasture condition score tool

The United States Department of Agriculture Natural Resources Conservation Service
developed the pasture condition score system to monitor and assess pasturelands [27,28].
This technique is commonly used in rangeland conditions; however, it is not commonly
used in New Zealand (NZ). Ten indicators of vegetation and soil status are rated on a scale
of 1 to 5, and their aggregate score is used to provide management recommendations and
inform resource utilisation [28,44]. The ten indicators include percent of desirable plants,
plant cover, plant diversity, plant residue, plant vigour, percent legume, uniformity of use,
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livestock concentration areas, soil compaction, and erosion [27]. However, variation among
operators in scoring (like those of visual estimates) and visually scoring some indicators,
such as soil compaction, indicate the need for rapid and objective methods that account for
spatial variability [44].

(d) Electronic pasture probe

Electronic instruments such as electronic capacitance meters (Alistair George Man-
ufacturing, Waihi Beach, New Zealand) and sonic sward sticks have been developed to
improve the speed and accuracy of HM measurement [9]. An electronic capacitance meter
uses a single rod probe and an electronic system that accumulates readings from various
sites within a pasture plot to estimate HM [9]. The system measures the capacitance of
the air–herbage mixture based on differences in the dielectric constants [9,10]. However,
readings are affected by moisture in the vegetation, sward type, season of growth, and ratio
of living to dead material [8,22,23], and adjustment on the calibration equations is often
needed to obtain a more precise estimation [9,10]. The sonic sward stick (Mk 1 version)
utilises an ultrasonic rangefinder to measure sward height [45] from the flight time of
an ultrasonic pulse bouncing off the surface of the plants [9]. However, the relationship
between sonic height and HM does not always have a proportional relationship due to the
multiple reflections from all surfaces, crop geometry (size, angle, and surfaces of leaves),
leaf surface, and density of plants [45–47].

(e) Sward stick method

A sward stick, also known as a pasture ruler, is the simplest instrument to estimate
HM by measuring the uncompressed canopy height (or ‘standing height’) of the plant [9].
The sward stick relies on a positive relationship between HM and uncompressed canopy
height [9,10] and is considered a good method for recording the architecture of the sward
surface [30], particularly in short pastures such as Lolium perenne L. and Trifolium repens
L. [7]. It is quick, user-friendly, and durable [48]. Numerous previous studies, presented in
Table 2, revealed the different regression equations, coefficient of determination (R2) values,
and error levels for different swards and seasons (unique to the country) using sward
sticks. These calibration equations can be readily employed in these swards with a quick
mathematical estimate by inputting the average sward height. For a more detailed analysis,
individual height measurements can be efficiently processed using a spreadsheet. However,
for more accurate estimations, there is a need to develop different seasonal calibration
equations, which may be site/location-specific.

Table 2. Regression models found in the bibliography for herbage dry matter mass (y) estimation
using the sward stick reading (x).

Country Pastures Regression
Equation Season/Month I R2 cv Error S.E. Reference

Japan

Bahia grass pasture
(Paspalum notatum)

y = 294 x − 2205 May 10 0.92 0.237 481 ** -

[49]

y = 192 x − 1091 June 50 0.92 0.179 306 ** -
y = 176 x − 1378 July 50 0.97 0.120 166 ** -
y = 232 x − 1460 August 10 0.93 0.184 270 ** -
y = 164 x − 286 September 50 0.91 0.168 361 ** -

y = 366 x − 2378 October 10 0.89 0.256 842 ** -

Centipede grass pasture
(Eremochloa ophiuroides)

y = 269 x − 893 June 50 0.88 0.200 338 ** -
y = 359 x − 1657 July 10 0.98 0.106 318 ** -
y = 422 x − 1451 August 50 0.84 0.264 1172 ** -
y = 283 x − 424 September 50 0.97 0.093 341 ** -

y = 510 x − 1450 October 10 0.97 0.109 443 ** -
y = 314 x + 540 November 10 0.57 0.354 1275 ** -
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Table 2. Cont.

Country Pastures Regression
Equation Season/Month I R2 cv Error S.E. Reference

New
Zealand

Plantain (Plantago
lanceolata) mix

y = 124.4 x + 1647.8 Early spring 168 0.66 - 21 * 6.93

[20]

y = 152.6 x + 1609.5 Late spring 192 0.49 - 26 * 11.26
y = 161.1 x + 1188.1 Summer 72 0.74 - 23 * 11.54
y = 109.9 x + 843.3 Autumn 144 0.59 - 20 * 7.75

y = 129.4 x + 1418.5 Mean 576 0.50 - 29 * 5.44

Chicory (Cichorium
intybus) mix

y = 118.5 x + 1553.3 Early spring 168 0.54 - 25 * 8.53
y = 142.6 x + 1465.8 Late spring 192 0.54 - 25 * 9.48
y = 119.1 x + 1534.8 Summer 72 0.56 - 26 * 12.5
y = 104.6 x + 814.2 Autumn 144 0.62 - 27 * 6.89

y = 112.5 x + 1453.8 Mean 576 0.46 - 30 * 5.05

Combined plantain and
chicory

y = 121.1 x + 1603.9 Early spring 168 0.59 - 27 * 5.48
y = 144.0 x + 1569.8 Late spring 192 0.51 - 26 * 7.29
y = 135.1 x + 1396.7 Summer 72 0.64 - 25 * 8.56
y = 104.7 x + 854.0 Autumn 144 0.61 - 24 * 4.94

y = 118.4 x + 1460.1 Mean 576 0.47 - 30 * 3.69

Where cv = coefficient of variation; I = number of observations; R2 = coefficient of determination; error = * RPE =
relative predication error (%), ** S.D = standard deviation (kg dry matter/ha); S.E = standard error; x = sward
stick reading (height of the plant); y = herbage dry matter mass; “-” = denotes where data were not published as
part of the study.

However, the sward stick is unsuitable for very tall or lodged grass and is less accurate
with stemmy material and after grazing [7,30]. Multiple measurements have been reported
to improve the accuracy of this method in post-grazed and uneven swards [50]. It can
also be relatively more expensive than other indirect methods; for example, in projects
involving many recorders, communal training is required to achieve consistency between
operators [30], and the application at a large farm scale can be challenging in relation to
accuracy and consistency when compared to more automated tools.

(f) The rising plate meter method

The RPM method is a commonly used on-farm tool to estimate HM [51]. This es-
tablished method measures compressed height, which reflects both sward height and
density [10,52,53], and converts this to HM via a calibration equation [7,20,31,54–57], and it
often shows a positive linear relationship [58]. Rising plate meters measure compressed
pasture heights at intervals of 0.5 cm to 1 cm, from a round or square plate of a standard
dimension and weight.

The accuracy of an RPM is also affected by factors including pasture type [8], species
diversity [31,59], herbage moisture content [8,59], the ratio of green to dead material [8],
plant maturity [31], soil type and fertility [53], season [8,53], and geographic region [58].
This instrument has been used to measure pure grass sward/mixed pastures, legumes, and
forbs with varying degrees of success (Table 3). These studies demonstrate that the RPM
is an effective tool for measurement of different swards; however, its accuracy may vary
depending on region and season. Similar to the sward stick, trained operators and regular
calibration can also improve estimation accuracy [60].

In addition, similar to a sward stick, the equation can be applied to estimate HM
in various ways, including as a direct mathematical calculation and/or combined with
applications which will improve the calculation. Recent advancements in RPMs provide
highly efficacious grassland management [54]. The RPM, with micro-sonic sensor, digital
data capture capabilities via Bluetooth communication, linked to a smart device application,
integrated mapping, and decision support tools, ease the HM estimation [54].
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Table 3. Regression models found in the bibliography for herbage dry matter mass (y) estimation
using the rising plate meter reading (x).

Country Pastures Regression
Equation Season/Month i R2 cv Error S.E. Reference

New
Zealand

High-sugar ryegrass and
clover y = 34.9 + 136.6 x

Summer
Autumn
Winter
Spring

50 0.84 - 4.16 * -

[61]

Perennial ryegrass and
clover y = 150.4 + 132.5 x 0.76 - 5.23 * -

Tall fescue and clover y = 139.4 + 118.5 x 0.81 - 3.95 * -

High-sugar ryegrass,
clover, herbs y = 450.5 + 105.3 x 0.86 - 2.90 * -

Perennial ryegrass, prairie
grass,

clover, herbs
y = 381.4 + 99.1 x 0.80 - 3.40 * -

Tall fescue, lucerne,
prairie, grass, clover,

herbs
y = 610.6 + 83.5 x 0.80 - 2.90 * -

New
Zealand

Chicory y = 86 x + 235

Summer

244 0.73 - 664 ** -

[31]Plantain y = 94 x + 455 135 0.70 - 711 ** -

Ryegrass-based y = 218 x + 48 135 0.73 - 772 ** -

New
Zealand

Plantain mix

y = 86.3 x + 1884.7 Early spring 168 0.63 - 22 * 5.09

[20]

y = 107.4 x + 1753.6 Late spring 192 0.54 - 25 * 7.12

y = 129.9 x + 1204.4 Summer 72 0.61 - 27 * 12.3

y = 100.3 x + 843.0 Autumn 144 0.68 - 18 * 5.78

y = 100.4 x + 1511.1 Mean 576 0.54 - 28 * 3.86

Chicory mix

y = 84.2 x + 1677.6 Early spring 168 0.52 - 21 * 6.28

y = 91.3 x + 1660.2 Late spring 192 0.55 - 25 * 6.04

y = 72.9 x + 1768.6 Summer 72 0.57 - 25 * 7.50

y = 76.3 x + 869.4 Autumn 144 0.66 - 26 * 4.61

y = 77.7 x + 1561.3 Mean 576 0.48 - 30 * 3.36

Combined plantain and
chicory

y = 84.4 x + 1794.6 Early spring 168 0.57 - 24 * 4.03

y = 95 x + 1752.4 Late spring 192 0.52 - 26 * 4.63

y = 83.7 x + 1716.1 Summer 72 0.53 - 29 * 6.59

y = 75.5 x + 1019.8 Autumn 144 0.63 - 24 * 3.41

y = 83.8 x + 1596.7 Mean 576 0.49 - 27 * 2.53

Colombia Ryegrass and kikuyu y = 79.7 x + 319.7 Summer 825 0.85 - - 0.53 [62]

Corvallis

Grass-based y = 87.7 x − 305.5

Spring

350 0.64 - - -

[63]

Legume-based y = 110.3 x − 405.7 350 0.81 - - -

Grass-based y = 65.1 x − 32.9 350 0.72 - - -

Legume-based y = 61.0 x − 79.2 350 0.81 - - -

Herb-based y = 79.1 x − 403.5 350 0.84 - - -

Ireland
Perennial and hybrid

ryegrass

y = −227.6 + 233.3 x
−5.35 × 2

Spring, Summer,
and Autumn

1640 0.59 - 19.8 * -

[57]y = −446.5 + t + m +
263.9 x − 6.6 × 2 1640 0.70 - 17.9 * -

y = 111.8 + t + m +
8.9 d + 118.7 x 1640 0.68 - 19.2 * -

Austria Grass-based y = (x − 40) × 25 Spring, Summer,
and Autumn 3796 0.73 33.7 - - [64]

Where cv = coefficient of variation; Herbs = (plantain +chicory); I = number of observations; m = month;
d = percentage of dry matter (DM) content; R2 = coefficient of determination; error = * RPE = relative predication
error (%), ** S.D = standard deviation (kg DM/ha); S. E = standard error; t = type of ryegrass; x = rising plate
meter reading (height of the plant); y = herbage DM mass; “-” = denotes where data were not published as part of
the study.
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It is important to note that few calibration equations are currently available to estimate
the HM using RPM in diverse pasture swards, comprising more than five species. The
calibration of an RPM for HM estimation can often differ between sward types, as they
are influenced by factors including the density of the sward [32], composition [31], and
morphology of the dominant plant [32]. Much like other indirect measuring tools, the
RPM method has limitations. Several studies have shown that using RPMs may not be
representative of the pasture for various reasons, including a poor relationship between HM
and post-grazing residuals (2.5–5.0 cm) [9,22] and the effect of hoof indentions and tram-
pling [23]; in addition, stemmy materials and economic studies suggest that a higher error
of prediction may cause economic losses [9,22,64,65]. Around a 10% to 15% error is consid-
ered acceptable in most of the RPM studies to generate profits for a farming system [9,10,64].
Generally, RPMs are used for day-to-day decision-making; however, they have some lim-
itations, including potential for high variability with different assessors/operators, and
inaccuracy of measurements as a result of rapid pasture growth changes in spring and
herbage accumulation on ungrazed areas [13,60].

The error rate can be substantially reduced through appropriate techniques and an
approach including an adequate number of readings, selecting a representative area to walk
(walking pattern), and correct use of the RPM. Previous studies showed that increasing the
number of readings per area reduced the error of average HM estimation. Around 50 to
80 readings are required for maximum accuracy [13,43,60,66]. Previous research conducted
in Australia by Gargiulo, Clark, Lyons, de Veyrac, Beale, and Garcia [43] revealed no effect of
the walking pattern on the accuracy of RPM. However, ensuring representative sampling is
essential to increase accuracy because variations in pasture height and density vary widely
across paddocks due to topography, soil characteristics, pasture composition, and grazing
patterns [67]. Generally, to avoid operator bias and maximise measurement precision,
the sampling points should be randomly selected and spatially balanced throughout a
paddock. This can be challenging to implement in practice, so a ‘W’-shaped walking pattern
is commonly recommended [13]. Because the operator needs to walk across paddocks
to take multiple readings, this is often perceived to be laborious and time-consuming.
However, the RPM, despite its issues, potentially has the greatest potential as an on-farm
tool to estimate HM at scale, e.g., at the whole farm level, as it is generally a sufficiently
accurate, quick, user-friendly, and cost-effective method.

2.2. Remote Sensing and More Recent Technologies for Measuring Herbage Mass

Smart farming integrates technologies and traditional farming approaches to improve
the quality and quantity of agricultural production, whilst significantly lowering inputs
through the utilisation of different techniques [68,69]. The advancement of the Internet of
Things, sensing technologies, machine learning, and unmanned/unoccupied aerial vehicles
(UAVs) has supported the vision of sustainable smart farming [68,70,71].

Proximal sensing technologies, such as handheld sensors or sensors mounted on UAVs
flying at low altitudes, can potentially collect large amounts of data with reduced time and
labour investment [13,70,72]. Remote sensing from satellite data has provided a precise es-
timation of the productivity of large areas [29,43,73], along with growth characteristics [17].
Commonly, broad-waveband sensors carried by Earth Observation Satellites are used in
grassland remote sensing [9,43]. However, the high cost of this new technology, including
actual equipment costs and licensing, may be prohibitive.

(a) Non-satellite pasture measurements

The most common measurements used in proximal-sensing pasture assessments
are digital photographs, Light Detection and Ranging (LiDAR), ultrasonic measure-
ments [39,74], handheld grassland vegetation monitoring systems [75,76], and decision
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support models [34,77]. Pasture height photographic estimation can be achieved with a
simple red–green–blue camera mounted onto a UAV or other vehicle [78]. The pictures are
rapidly taken by a UAV, flown over pastures at low altitudes, and loaded into a structure
from a motion (SfM) photogrammetry program. Structure from motion uses the ground
control point (high-visibility objects used to provide a frame of reference for determining
the position of the UAV in the pasture being photographed) to restructure the path of the
UAV and generate a point cloud, from which a digital surface model (DSM) and digital ele-
vation model (DEM) are derived [72]. The canopy height for a given point can be calculated
by subtracting the DEM height from the DSM height [72]. Lincoln University Dairy Farms,
NZ, reported that there is a stronger linear relationship between photogrammetry-derived
plant height and actual HM when compared to the normalised difference vegetation in-
dex (NDVI). The coefficient of determination was higher for photogrammetry methods
(R2 = 0.92May and R2 = 0.78June) than the NDVI (R2 = 0.65May and 0.66June) [79].

The LiDAR generates point clouds similar to SfM techniques but via a different
mechanism [72]. Light Detection and Ranging systems measure distance using the time a
laser beam takes to reflect off an object and return [38,72]. The combination of the position
of the UAV and LiDAR data can provide thousands of pasture height measurements with a
single flight, which then provides predicted HM data to the farmers [72]. Optical proximal
sensors and aerial vehicle remote sensing can analyse light reflectance correlated with
pasture parameters. They do this by extracting reflectance out from wavelengths through
remote sensing, which enables the analysis of vegetation indices, including NDVI and leaf
area index [70,80,81]. This then provides average HM data to the operators.

The C-Dax (New Zealand) rapid pasture meter (PM) is an example of LiDAR, de-
veloped in NZ, which has the potential to provide fast and accurate estimates of pasture
HM [82]. This tool is driven around a paddock to obtain many measurement points. The
PM comprises a set of light and optical sensors placed at 20 mm intervals. The accom-
panying software includes an equation to compute the amount of HM per hectare (ha),
which can be calibrated using grass height [36,82]. The use of a PM can reduce the time
required to estimate the HM at the paddock level [36,83] and has low inter-operator varia-
tion due to minimal operator input [36]. The PM has been calibrated for temperate dairy
pastures [36,82], and kikuyu [Cenchrus clandestinus (Hochst. ex Chiov.) Morrone]-based
pastures [36]. However, its suitability for more diverse pastures, or subtropical/tropical
pastures, is unclear.

Handheld grassland vegetation monitoring systems, utilising multispectral imaging,
are an emerging tool for monitoring HM [75,84]. Generally, multispectral image collec-
tion relies on spaceborne, airborne, or UAV platforms. However, due to the advanced
development of remote sensing techniques, handheld and ground-based tools such as
agricultural field robots [85] or a Specium IQ [84] have been developed [75]. Unfortunately,
these tools are expensive and require expert operation skills. More recently, smartphones
with high-resolution cameras, wireless connectivity, and Global Positioning System (GPS)
technologies have been developed, which are relatively inexpensive compared to previous
methods used to capture images [75]. The handheld GreenSeeker, Crop CirlceTM, and
CROPSCANTM are sensor-based NDVIs, which are relatively affordable, user-friendly tools
for measurement of plant growth and plant nutrient status [86–89]. GreenSeeker can be
effectively used to determine the impact of irrigation and nitrogen (N) fertiliser application
on crop plants, particularly in semi-arid regions [76].

Ultrasonic sensors work similarly to LiDAR by emitting a signal and calculating sward
height based on the time it takes the signal to return to the sensor [72]. However, ultrasonic
sensors use ultrasound and light together, and the height of the sensors relative to the
ground needs to be constant for accuracy [39,72].
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Decision support models, including Farmax Dairy Pro, DairyNZ pasture growth
model, GRAZPLAN, GrazeGro, Overseer, and LINGRA-CC, predict pasture growth rates
and help to monitor the HM by utilising sward details and meteorological inputs, includ-
ing photosynthetically active radiation, mean air temperature and rainfall, and fertiliser
(especially N) applications [34,77,90]. These mathematical models are complex and require
careful specification and statistical rigour. In some instances, even highly mechanistic
models are generally poorly suited to predict pasture growth, reflecting inadequate error
handling and data scarcity [33].

Digital assistants or Artificial Intelligence (AI) are anticipated to facilitate and drive
significant improvements and advancements across multiple sectors, including pastoral
farming [91]. Increased focus on the development and use of AI-based technologies/models
in pasture monitoring and decision-making has provided estimations of pasture growth
and quality based on a variety of resources, including satellite imagery, weather data,
digital photographs, GPS locations, and farm management records [92]. Recent AI-based
applications, including AIMERTM (Hamilton, New Zealand), Halter Pasture ProTM (Halter
USA Inc., Boulder, CO, USA), and ProveyeTM (Dublin, Ireland), provide HM estimation,
pasture cover forecasts, cow position/animal behaviour, animal health data, and virtual
fencing capabilities [92–95]. However, while these applications represent a significant
advancement in pastoral management, we suggest that their full potential and integration
with other ‘technology’ is yet to be achieved in NZ farming systems and therefore warrants
further study.

(b) Satellite pasture measurements

Satellites provide global data acquisition coverage when compared to other technolo-
gies [81]. Using satellites to monitor pastures can help monitor large areas with lower labour
requirements [70]. The satellite pasture measurement method is a potentially practical and
reliable technology for monitoring pastoral lands, because of recent developments in spatial
and temporal resolution, image processing and data analysis, and image cost [16,24,43],
and provides global data acquisition coverage compared to other technologies [81].

Currently, increasing availability of free or relatively affordable satellite data from
both public entities [National Aeronautics and Space Administration (NASA), and the
European Space Agency (ESA)] and private companies, including AgroInsider (Évora,
Portugal), Data Farming (Toowoomba City, Australia), LIC SPACETM (LIC, Hamilton,
New Zealand), Pasture.io (Pasture.io Pty Ltd., Sandy Bay, Australia), and Pasture Watch
(Australia), encourages the use of satellite pasture monitoring methods [18].

The Pasture from SpaceTM (PFS) technology estimates green feed on offer (above-
ground green HM) and pasture growth rate [96–98]. The Moderate Resolution Imaging
Spectroradiometer collects the information from PFS, which can rapidly calculate the
NDVI [96,97]. However, the NDVI calculated using satellite images varies among observed
and predicted feed on offer because it depends on cloud and atmospheric conditions,
geometric characters, pasture composition, and seasonal changes [97]. The principle
behind this technology is similar to multispectral imaging. The reflectance from plant solar
radiation differs in the red and the near-infrared parts of the electromagnetic spectrum. This
difference is used to create an index of plant greenness or the NDVI. By using systematic
relationship models such as regression models, the NDVI can be used to estimate herbage
mass [96]. The tools or online platforms developed using these models deliver information
in real time, at low cost, and are user-friendly [99].

In 2017, Livestock Improvement Corporation (LIC) launched LIC SPACETM as an
innovative method of monitoring NZ pasture HM using satellite technologies [100]. The LIC
SPACETM algorithm was used to transform the reflectance values into HM estimates [100].
Research conducted in the Canterbury region of NZ reported that LIC SPACETM enabled
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quick pasture management decisions without investing additional time, with 329 kg dry
matter (DM)/ha of standard deviation of error in the model predictions [101]. However,
a review was undertaken of the LIC SPACETM service in May 2025 by the LIC team, and
subsequently, a decision was made to close the LIC SPACETM service, which was attributed
to a lack of alignment with the company’s future goals [100].

Pasture.io is a similar satellite pasture monitoring platform, which was founded in
2005 and officially launched as a commercial service in 2014 [102]. The main difference
between LIC SPACETM and Pasture.io is that Pasture.io utilises a machine-learning envi-
ronment with three primary sources of information, including satellite imagery, weather
parameters, and farm records. This platform, accounting for approximately 30 indices, is
purported to produce tailored insights and adapt to seasonal variability and farm-specific
conditions [102]. However, this has not been subject to scientific studies, highlighting the
need for research to provide a more comprehensive understanding of its implications.

A range of issues can arise from these new technologies and techniques regarding
accessibility, availability, accuracy, and inadequate scientific evidence. In addition, there is
a need for robust protocols, refinement of methods, and ground truthing for the collection
and interpretation of data, and this is compounded by current difficulties in considering
spatial and temporal variations in different pasture species [13,16,43,70,103]. Furthermore,
challenges associated with these new technologies include: (i) scarcity and equipment
limitations (for example in plant phenotyping); (ii) inadequate networking communication
in rural areas which may result in the inability to perform and/or unreliable data transfer;
(iii) difficulty in selecting an optimal model for the particular crop due to lack of available
data for a particular pasture mixture; (iv) lack of knowledge and/or skilled professionals for
data interpretation and appropriate application; (v) concern surrounding data ownership
and security; and (vi) influences of environmental conditions like atmospheric, cloud, and
sun conditions [96,99,104–106]. However, cloud cover is not regarded as a major challenge
for long-term use of satellite data [107], as multiple images can be averaged, which expands
the possibilities for more data, which in turn supports accurate calibration [70]. Integration
of cloud detection systems and use of cloud filtering systems in the satellite data post-
processing steps can also lessen challenges associated with image quality [43,108–110].

The methods and protocols for conducting pasture assessments with new technologies
are still being developed, and equipment and software vary considerably, resulting in
compatibility and proprietary issues between different data streams, which potentially
reduces the accuracy and utility of these assessment methods [72]. It is critical to develop a
simple and more reliable workflow for the real-time application of data from these new
technologies. For example, the complexity of image processing, time requirements, cost
of equipment, and the amount of technical knowledge and expertise needed to generate
and interpret usable data may, at least in the beginning, be prohibitive to its adoption and
utilisation [70,111].

Machine-learning approaches have demonstrated a greater potential for yield estima-
tion from vegetation index data. Accurate yield estimations have been achieved throughout
the year over multiple years and include management changes/activity [112,113]. The
development of a model using machine learning, satellite imagery, and other data can be
an effective tool for grassland monitoring and management [112–115]. However, further
studies are required to determine the potential and the implementation of this approach.
Morais [113] reported that a model derived by machine learning can be used to estimate
the productivity of sown biodiverse pastures with an estimation error of ~882 kg/ha. This
model demonstrated good generalisation performance (predictive accuracy) as it did not
overfit the training data, indicating that it had learned general patterns in the data rather
than just memorising the training examples.
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3. Next Steps to Improve Accuracy and Uptake of Remote Tools
The underpinning key to successful pasture HM estimation includes ease and timeli-

ness of relevant data collection and simplicity of data conversion into useful and applicable
information, so that the best decisions can be made with all relevant information avail-
able [116]. Figure 2 illustrates the trade-offs between the various measurement techniques
and tools based on time taken to obtain results, relative cost, and accuracy. The data
presented in Figure 2 are from a 9-point hedonic scale, where ‘9’ represents very high and
‘1’ represents very low. These values are not absolute, solid numbers, but rather represent
an ordinal scale, which is ranked by using the existing literature and is subject to variation
based on context and methodology. Where the scientific literature is scant or does not exist,
‘accuracy’ could not be determined.

 

Cut and weigh

Visual estimates

Pasture condition score tool

Electronic pasture probe

Sward stick

Rising plate meter

Decision support models

Light sensing

Ultrasonic sensor aid

Hyperspectral sensing

Multispectral sensing

Satellite multispectral sensing

Figure 2. Relative comparison of herbage mass measurement techniques and tools based on time to
results (green), relative cost (orange), and accuracy (blue).

The advanced technologies offer a relatively faster response than traditional methods.
However, when applying advanced techniques at the farm level, the primary limiting factor
for successful adoption encompasses data interpretation and integration (different tech-
nologies and/or providers) and cost. Additionally, data calibration and validation/ground
truthing are needed, as the data generated are an approximation of an actual value, and
each data point has varying levels of quality and uncertainty [72,103,117].

Furthermore, applying advanced technologies remains difficult on more diverse
swards because of the variance in the actual species contribution, plant spacing, morphol-
ogy, distinct canopy characteristics, and colour when compared to a single crop geno-
type [116]. There is still uncertainty about the extent to which we can sense/collect
and attribute individual vegetative properties, along with difficulty in applying pro-
gram/machine learning. For example, constraints associated with satellite pasture mea-
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surements, including pixel size (spatial resolution), frequency of data collection (temporal
resolution), errors from cloud cover, geometric corrections, and weather conditions, have
prevented the widespread application of this technology [16,18,43]. It is apparent from
the methods and research outlined here that for many terrestrial, proximal, and aerial
sensing techniques, more extended, detailed studies over numerous seasons and pas-
ture/crop types need to be conducted before these technologies can become established
within pasture-based agriculture. On the other hand, the sward stick and the RPM offer a
good balance between quick results and cost with moderate accuracy. However, time and
workload are scalable and may increase with the size of the land being monitored.

Alternatively, combining different methods could provide a more accurate estima-
tion and help to overcome some of the aforementioned limitations [100,112,114,117]. A
study conducted in the Waikato and Canterbury regions of NZ by Anderson, Rawlings,
and Ogle [100] revealed that improved accuracy (R2 and root mean square error (RMSE)
improved from 0.672 to 0.703, and from 334 to 309 kg DM/ha, respectively) was observed
when the statistical pasture growth model was combined with satellite pasture measure-
ments to help overcome saturation. A comparison study conducted by Ali, Cawkwell,
Green, and Dwyer [112] reported that a satellite imagery and machine learning combined
model (R2 = 0.86, RMSE = 11.07 kg DM/ha) outperformed a traditional model (multiple
linear regression, R2 =0.31, RMSE = 25.05 kg DM/ha) [112].

4. Current Challenges Related to Precision Herbage Mass Measurements
and the Future of Pasture Monitoring

Effective pasture management and monitoring require the selection of appropriate
tools or techniques and the proper application of the selected method, which can reduce
errors and increase the accuracy of HM estimation. This review provides an overview of
commonly used HM assessment techniques and describes their limitations, synergies, and
trade-offs (Table 1). Some of the challenges which limit the use of HM tools and techniques
have been highlighted in the review, including sward characteristics, environmental factors,
and financial and labour requirements.

Moreover, because of conflict in priorities among farm activities, measuring HM may
be difficult, especially in the spring [118,119]. A recent technology survey reported that in
NZ, over half of the surveyed dairy farmers were practicing visual estimation (54%) for
pasture monitoring in spring, while 22% of respondents used RPM, 5% used satellite-based
systems, and 9% of respondents used a tow-behind device [120]. A survey conducted by
Eastwood, Dela Rue, and Kerslake [121] revealed that ~68% and ~70% of dairy farmers
were practicing some form of objective assessments to rank paddocks and/or determine
grazing rotation length in spring and summer, respectively. For example, more than 43% of
respondents use RPM, and 19% use a PM in summer. On the other hand, around 27% of
respondents in spring and 24% of respondents in summer relied on visual assessment of
pasture for decision-making [121]. However, ~10% of farmers did not measure at all over
the spring [120].

Within the literature outlined in this review, it is evident that there is a considerable
need for optimisation or improvement of HM measuring techniques to increase accuracy
and labour efficiency. Additionally, adequate training needs to be provided to the operator
to ensure appropriate use of techniques and interpretation of data [13,117]. Hall, Turner,
Irvine, and Kilpatrick [122] suggested that operators who are well trained in the HM
measuring techniques/methods are more confident in their pasture management ability
and are more likely to use these skills in their day-to-day pasture management.
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5. Pasture Data Integration: Opportunities and Challenges
Advances in remote sensing, proximal sensing, animal monitoring, and farm manage-

ment software have expanded the range of measurements available to farmers to support
pasture management [117,123]. These data streams, if integrated effectively, hold consider-
able opportunities for improving on-farm grazing decision-making by linking biophysical
(soil, plant, and animal) processes with real-time management. However, translation of
remote sensing outputs into actionable grazing plans is challenging. For example, satellite-
derived metrics such as the NDVI and related spectral products provide broad spatial
coverage and repeatable measurements of pasture conditions [16,124]. Yet, these indices
often lack a direct calibration to pasture DM yield, quality, and/or regrowth potential that
farmers require for informed decision-making [125], while reflectance from dense/thick
pasture canopy may result in underestimation of pasture availability during peak growth
periods, and/or under situations of environmental or production stresses [126,127]. This
in turn may be compounded by the frequency of remote data collection events, reflecting
costs and climatic variability (i.e., cloud cover), which may constrain temporal resolution
in fast-growing temperate pasture systems, where optimal defoliation rates are nuanced
and context-dependent [128].

We suggest that data integration challenges may also extend beyond sensor limi-
tations. Data ‘harmonisation’ across platforms/resources/providers may be limited by
inconsistencies in measurement scales, formats, and frequency [129,130]. Furthermore,
current farm management software is frequently designed for financial or compliance
reporting rather than for on-farm grazing decision-making, which we feel may result in
‘weak’ interoperability with remote sensing platforms and available data streams. The
lack of ‘standardised’ data schemes means that current satellite-derived pasture metrics
often cannot be easily incorporated into grazing management tools without substantial
preprocessing or model-based translation, which may restrict the ability of farmers and
rural professionals to access the data and limit ‘useful’ interpretation (e.g., paddock rotation
schedules, stocking adjustments, or feed budgeting). Current limitations in how these new
digital/technological tools present information in an intuitive and actionable format, where
data streams are integrated and translated into scalable grazing metrics, along with associ-
ated costs, will result in underutilisation, despite their technological potential. We suggest
that the development of integrated decision support systems will require co-design with
farmers and rural professionals, thereby ensuring that pasture data integration across re-
mote sensing systems/platforms, in-situ sensors, and farm management software packages
align with the ‘realities’ of grazing management.

Advances in machine learning, a ‘refocus’ on edge computing (i.e., where data pro-
cessing, analysis, and storage are moved closer to where data are generated, rather than
sending it to a centralised cloud or data centre), coupled with proximal sensors and animal-
borne devices, offer strategic pathways to overcome latency, with faster response times,
reduced network costs (by minimising data transmission), and improved efficiency and
reliability, enabling real-time, localised on-farm decision-making [131,132]. Machine learn-
ing approaches could be ‘trained’ to translate raw spectral indices into pasture DM and
nutritive metrics under diverse seasonal and regional conditions, and this, coupled with
edge-based processing, would allow data integration and decision support to occur in near
real time [133,134]. We feel the development of open, standardised data frameworks and
participatory innovation models that embed farmer knowledge into system design, will
be key drivers of new technologies for pasture data integration. We suggest that these
advances could shift satellite-derived information from ‘descriptive monitoring’ to effective,
prescriptive, context-dependent, system-integrated grazing management tools.
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6. Linking Measurement Quality to Economic and Environmental
Outcomes

Accuracy and reliability of pasture measurements are key drivers of economic ef-
ficiency, environmental sustainability, and system resilience [69,135,136]. Inaccurate or
low-resolution data on pasture DM, quality, and/or regrowth dynamics may result in mis-
aligned stocking rates, inefficient pasture allocation, and suboptimal rotation timing, which
may translate into tangible costs. For example, overestimation of available pasture may
result in overgrazing, leading to pasture degradation and reduced animal performance,
while underestimation of pasture availability may result in unnecessary supplementary
feeding, thereby elevating input costs and reducing profitability. We suggest that both
scenarios will likely negatively affect farm profit and may also compromise long-term
sustainability and resilience, in which relatively small per-ha inefficiencies can accumulate
into significant annual losses.

Environmental implications of measurement quality are equally critical to pasture
management. Inaccurate assessment of pasture availability can intensify the risk of over-
grazing, soil compaction, and nutrient imbalances. Furthermore, overgrazing reduces
biomass and soil organic matter accumulation, diminishing long-term carbon sequestration
potential [137,138]. In addition, misjudged pasture allocation may also increase reliance
on purchased feed, indirectly raising greenhouse gas (GHG) emissions through imported
concentrates and silage, and through associated fertiliser application, harvesting, handling,
and transportation. Poor temporal resolution in monitoring may also delay adjustments
to grazing pressure, exacerbating N leaching and phosphorus runoff during precipitation
events [138–140].

Quality measurements, by contrast, enable finer control of grazing intensity and
rotation frequency. When pasture growth rates and herbage quality are measured with
greater precision, animal demand with pasture supply can be better aligned, thereby
optimising pasture utilisation while maintaining sufficient residual biomass for regrowth
and soil protection. We suggest that this ‘balance’ not only supports consistent animal
production but also reduces input dependency and associated GHG emissions. Emerging
evidence suggests that farms employing integrated measurement systems, for example,
combining remote sensing, ground-based sensors, and predictive modelling, can achieve
simultaneous gains in profitability and environmental outcomes through improved feed
efficiency and reduced nutrient losses (as reviewed by Papadopoulos, Arduini, Uyar,
Psiroukis, Kasimati, and Fountas [141]).

We argue that ultimately, the data in pasture-based systems are not valuable in terms
of quantity but rather in quality or ‘decision relevance’. Measurement systems that min-
imise error, improve temporal and spatial resolution, and integrate pasture quality metrics
have the potential to transform grazing management from reactive to predictive, which
would support greater economic resilience of grazing systems and enhance capacity to
meet current and future environmental compliance and sustainability targets [142]. In-
tegration of pasture measurements methods with technological data streams should be
viewed as both a ‘technical’ agronomics challenge, but also as an economic strategy, where
enhanced precision and integration of pasture data drives profitability, by fully exploiting
potential cost advantages of pasture-based production, while buffering against financial
risks associated with pasture shortages and/or mismanagement.

7. Practical Implications
As discussed in this review, appropriate pasture management has the potential to

improve farm profitability. We suggest that the integration of pasture management in-
formation into decision-making processes has the potential to make a significant positive
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impact on farm pasture and livestock performance. However, the interface between tech-
nologies and practice is still in need of refinement, and while new technologies have been
developed to make the laborious, repetitive tasks involved in pasture measuring easier,
there still appears to be some way to go. Furthermore, new and promising remote-sensing
technologies for HM measurement require additional ground truthing for validation and
appropriate incorporation into the pasture management decision-making process.
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AI Artificial intelligence
CSH Compressed sward height
CV Coefficient of variation
DEM Digital elevation model
DM Dry matter
DSM Digital surface model
ESA European Space Agency
GHG Greenhouse gas
GPS Global Positioning System
HM Herbage mass
LIC Livestock Improvement Corporation
LiDAR Light Detection and Ranging
N Nitrogen
NASA National Aeronautics and Space Administration
NDVI Normalised difference vegetation index
NZ New Zealand
PFS Pasture from SpaceTM

PM Pasture meter
R2 Coefficient of determination
RMSE Root mean square error
RPE Relative prediction error
RPM Rising plate meter
S.D. Standard deviation
S.E. Standard error
SfM Structure from a motion



Agronomy 2025, 15, 2264 19 of 24

SSH Sward surface height
UAV Unmanned/unoccupied aerial vehicle
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