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A B S T R A C T   

Precision livestock farming aims to improve animal welfare and farm management using digital technology. We 
investigated the potential of individual on-animal sensors to predict paddock-level pasture mass, an important 
metric for grazing management in pasture-based dairy systems. The study consisted of four groups of 25 cows 
assigned to different pasture allocations (ranging from an estimated 80% to 120% of their energy requirements) 
over two 20-day experimental periods (late spring and late summer). Each cow was fitted with five sensors that 
measured a range of behaviours, including rumination time, eating/grazing time, activity and lying time. These 
data were used to build predictive models of pasture mass, which was estimated by calibrated rising plate meter. 
Our results show that rumination time was the most critical behaviour for predicting paddock-level pasture mass; 
the best predicted was post-grazing pasture mass (kg DM/ha) with a maximum Adjusted-R2 value of 0.58 using a 
linear model. Including pasture and behaviour data at less than 24-hour resolution did not improve model 
performance, likely due to the importance of rumination, which is a diurnal behaviour. It is unclear whether this 
level of predictive ability is practically useful for making grazing management decisions; however, given its near 
real-time nature, low effort, and objectivity, the approach may provide value to farmers. Further evaluation is 
needed to determine how providing these data affects farmers’ decision-making processes and therefore its value. 
In conclusion, our proof-of-concept experiment demonstrates the potential of individual on-animal sensors to 
predict post-grazing pasture mass, and this could help farmers make informed decisions for grazing management.   

1. Introduction 

Rotationally grazed pasture is an important feed source in many 
dairy systems globally (Neal and Roche, 2020). Pasture growth rate, and 
therefore feed availability, varies in response to many factors, such as 
temperature, soil moisture, nutrient status and grazing interval (Neal 
et al., 2019). Consequently, pasture growth rate and utilisation vary 
considerably, within a year and between farms. This variability results in 
pasture-based feed systems being complex, dynamic, and difficult to 
manage accurately (Beukes et al., 2019). 

In response to this variation in pasture growth and quality, farmers 
use several strategic decisions to balance feed supply and herd demand. 
These decisions include block calving to align peak milk production with 
peak pasture growth rate (e.g., calving cows in mid to late winter, 

resulting in cows reaching peak milk production in mid-spring), choice 
of stocking rate (cows/ha), and use of supplementary feed (Macdonald 
et al., 2008; Macdonald et al., 2011). Despite these strategies, there are 
extended periods where pasture growth and herd demand are not 
matched, both within (e.g., seasonal growth surpasses cow intake) and 
between years (e.g., drought creates pasture deficit). Consequently, 
farmers also need to make tactical and operational decisions regarding 
land resource allocation for grazing across time and space. These de
cisions may include adjusting the area of pasture offered to the herd (e. 
g., building or using pasture on hand), setting aside area to conserve (e. 
g., to ensile), or to be converted into forage crop; the two latter points 
also require more decisions around timing of harvest or feeding (Glassey 
et al., 2010; Eastwood et al., 2017). These decisions require a trade-off 
between the often-conflicting requirements of pasture and animals (e. 
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g., promoting efficient pasture use while avoiding hunger, an important 
component of animal welfare). The effect of meeting cow requirements 
via consistency in pasture allocation results in improved milk produc
tion (Fulkerson et al., 2005). 

Knowledge of paddock-level pasture mass is important for making 
these decisions. The regular ranking of paddocks by pasture mass, in 
conjunction with farm-level pasture growth rate, is a common approach 
for identifying likely pasture surpluses or deficits, managing pasture 
quality and selecting the order to graze paddocks (McCarthy et al., 2014; 
Eastwood and Dela Rue, 2017; Eastwood et al., 2017). A range of 
methods exist to estimate pasture mass, many of which are related to the 
height of the pasture, though all have limitations. Using a rising plate 
meter (RPM) to measure compressed sward height is one method (Lile 
et al., 2001), however, it requires significant time to walk a represen
tative part of each paddock and is limited by the relationship between 
compressed height and dry matter mass (DM) changing between seasons 
(Thomson et al., 2001; Rennie et al., 2009; Murphy et al., 2021). At
tempts to automate measurement of pasture mass have shown promise, 
but challenges around accuracy relative to existing approaches and/or 
frequency of data availability have resulted in limited adoption of these 
technologies (Eastwood et al., 2020). Consequently, operational grazing 
management decisions often rely heavily on farmers’ experiential 
knowledge. While relying on past experience and personal judgement 
has historically been a feasible option for pasture management, a 
changing climate, larger farms, and changes in farm management staff 
create a need for data that is regular, robust, objective, and usable by the 
farm team. Thus, to avoid adding further cognitive burden to farmers 
facing increased complexity in farm decision making (Eastwood et al., 
2022), there is a pressing need to develop alternative decision support 
options. 

Pasture management can have a dramatic (positive or negative) 
impact on cow welfare in pasture-based dairy systems through the 
amount of feed offered. Monitoring cow behaviour, particularly as it 
changes over time, can provide indirect indicators of how the cow is 
experiencing her pasture environment. For instance, inadequate pasture 
allocation may result in a cow spending more time grazing to try to fulfil 
her motivation for satiety; this change will have carry-on effects on the 
cow’s available time for lying and ruminating. Monitoring of these 
behaviour changes is possible with the increasing adoption of on-animal 
devices (sensors) in pasture-based systems (Dela Rue et al., 2020). Many 
of these sensors use accelerometers to capture movement and, using 
proprietary algorithms, classify this data into behaviours such as eating, 
ruminating, and activity (Neave et al., 2021). These classifications can 
assist in the early detection of oestrus, lameness, or calving (Clark et al., 
2015; Mottram, 2016; O’Leary et al., 2020), and evaluating effects of 
management and weather on cow welfare (Neave et al., 2022a; Neave 
et al., 2022b). These sensors have also been used to estimate the pasture 
intake and liveweight gain on an individual cow basis (Greenwood et al., 
2017; Rombach et al., 2018; Augustine et al., 2022). Individual animal 
behaviour classifications represent a potential dataset for estimating 
paddock-level pasture mass and trends, inexpensively and in near real- 
time. Combining these outcomes with behavioural time budgets could 
also provide management information to inform farmer decision making 
for maintaining cow welfare. 

The objective of this experiment was to investigate whether pasture 
mass or allocation could be predicted using behaviour classifications 
from on-animal sensors. Our hypothesis was that the pre-grazing pasture 
allocation per cow could be predicted immediately after the cows left the 
paddock. Knowledge from this proof-of-concept study is useful for de
velopers of on-animal sensors and could be used by farmers to increase 
the return on investment, reduce cognitive load for themselves and for 
staff (when making pasture management decisions), and provide 
objective data on herd feeding levels for quality assurance. 

2. Materials and methods 

2.1. Experimental site and setup 

Four groups of spring calving Friesian-Jersey cross dairy cows (n =
25 cows/group) were established for two, 20-d experimental periods at 
the Ashley Dene Research and Development Station (Springston, Can
terbury, NZ). Period 1 ran from 7-Nov-2021 to 26-Nov-2021 (late 
spring) and Period 2 ran from 27-Feb-2022 to 18-Mar-2022 (late sum
mer). The use of animals was approved by the Lincoln University Animal 
Ethics Committee (AEC 2021–12). 

Each group consisted of 5 primiparous and 20 multiparous animals. 
One month prior to Period 1 commencing, a group of 110 animals were 
milk sampled, weighed, body condition scored using a 10-point scale 
(Roche et al., 2009), and blocked on age (2, 3, 4–8 and 9+ years old), 
liveweight, days in milk, and milk production. They were then randomly 
allocated to four groups (10 animals left as spares). To allow for social 
habituation, the animals were drafted into their allocated group five 
days prior to each period commencing. On day 17 of Period 1, one an
imal was exchanged for an equivalent spare animal (i.e., same blocking 
group) due to a leg abscess. At the end of Period 1, the animals re-joined 
the main herd on the research farm. Five days prior to Period 2, animals 
were re-drafted into their same allocated groups. During Period 2, there 
were three animals that were swapped for equivalent spare animals on 
days 6, 14 and 20, two due to lameness and one due to generally 
appearing unwell and requiring treatment. 

Each 20-d experimental period consisted of four 5-d blocks (Table 1). 
In Period 1 (late spring), during the first block, each group was allocated 
0.35 ha/d with an estimated pasture mass of 2800 kg DM/ha. Assuming 
a target post-grazing residual mass of 1500 kg DM/ha or a compressed 
pasture height of ~35 mm (Ganche et al., 2013), this was equivalent to 
18 kg DM/cow/d (100 % allocation; 39 kg DM/cow to ground level), the 
estimated requirements of the cows by back calculation of required 
energy for milk production (Nicol and Brookes, 2007). New pasture 
allocations were offered every 24 h following morning milking. During 
the second block, two groups received an over-allocation of pasture, 22 
kg DM/cow/d (120 % allocation; 43 kg DM/cow to ground level). 
Allocation of pasture was managed by adjusting the pasture mass (by 
picking an appropriate area), or grazing area, or both, to separate the 
effects of management. For Group 1, over-allocation was achieved by 
increasing the area to 0.42 ha/d, while keeping the block 1 pre-grazing 
pasture mass (2800 kg DM/ha); for Group 2, the pre-grazing pasture 
mass was adjusted to 3050 kg DM/ha, while maintaining the block 1 
area (0.35 ha/d). The other two groups received an under-allocation of 
pasture, 14 kg DM/cow/d (80 % allocation; 36 kg DM/cow to ground 
level). For Group 3, the under-allocation was achieved by decreasing the 
area to 0.28 ha/d, while keeping the block 1 pre-grazing pasture mass 
(2800 kg DM/ha); for Group 4, the pre-grazing pasture mass was 
adjusted to 2500 kg DM/ha, while maintaining the block 1 area (0.35 
ha/d). All groups returned to a 100 % allocation for block 3. After this 
period, each group changed to the opposite allocation (i.e., Groups 1 and 
2 received 80 %; Groups 3 and 4 received 120 %). The method by which 
the allocations were achieved remained consistent (i.e., Groups 1 and 3 
had an adjusted area; Groups 2 and 4 had adjusted pre-grazing mass). 

The same approach was used in Period 2 (late summer), however 
slight changes were made in response to the conditions (e.g., level of 
milk production). The 100 % allocation was targeted at 17 kg DM/cow/ 
d and achieved with a pre-grazing pasture mass of 2700 kg DM/ha and 
0.35 ha/d (assuming a 1,500 kg DM/ha residual pasture mass; 38 kg 
DM/cow to ground level). The 120 % allocation (41 kg DM/cow to 
ground level) was achieved with either 2,700 kg DM/ha and 0.43 ha/ 
d (area adjusted) or 3,000 kg DM/ha and 0.34 ha/d (pre-grazing mass 
adjusted), and the 80 % allocation (36 kg DM/cow to ground level) was 
achieved with either 2,700 kg DM/ha and 0.28 ha/d (area adjusted) or 
2,400 kg DM/ha and 0.38 ha/d (pre-grazing mass adjusted). Finally, the 
allocation method did not remain constant as it had in Period 1 (e.g., 
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Group 1 which received the 120 % allocation by adjusting the area went 
to the 80 % allocation by adjusting the pasture mass for block 4). 

As the aim of the experiment was to use behaviour classifications 
from sensors to predict the level of allocation, the experimental design 
was chosen so that each group experienced a range of pasture alloca
tions; no behavioural comparisons between the three levels of allocation 
were hypothesized nor planned. The block duration of 5 days was cho
sen to allow the animals time to adjust to their allocation. In total, 160 
data points were generated for use in the pasture allocation prediction (4 
groups × 20 days × 2 experimental periods). 

2.2. Pasture and allocation measurement 

The pasture allocations described in the preceding section were 
estimated using a rising plate meter (RPM; Period 1, Platemeters G1000, 
GPSit, Tauranga, New Zealand; Period 2, Jenquip EC20, Feilding, New 
Zealand) that measured compressed pasture height in mm. The target 
area allocation was attained by temporary electric fencing within 4.5 ha 
paddocks and was measured using a 1 m wheel. A minimum of 100 
compressed height measurements were taken in a W pattern with the 
RPM per allocation area to account for spatial variability of pasture mass 
and a mean calculated. This was converted to pasture mass (kg DM/ha) 
using the manufacturers standard equation of 28× mm compressed 
height +500 for pastures with a high proportion of green material. The 
pre-grazing pasture mass was estimated the day before grazing and 
small adjustments (±0.02 ha) to the area offered were permitted if the 
pasture mass was above or below the target to achieve the 80 %, 100 % 
or 120 % allocation. After the temporary fencing was set up, the GPS 
coordinates of each corner were recorded using a Reach M2 (Emlid, 
Hungary) to determine the actual area offered. 

In addition to the pre-grazing pasture assessment, the compressed 
height was measured 5 times at approximately equal intervals during 
daylight hours to enable a pasture disappearance curve to be deter
mined; this corresponded to approximately 10:30, 13:00, 15:30, 18:30 
and 20:30. Finally, post-grazing pasture residual was measured the next 
morning after the group had exited the allocated area, using the same 
RPM methodology described earlier. 

During each 5-day block, as well as 5 and 10 days prior (Block − 1 
and − 2) and 5 days following each experimental period (Block 5), a total 

of 36 quadrats (0.2 m2) were cut to ground level for post-experiment 
calibration of the RPM. Four quadrats were cut in three representative 
areas of each stage of pasture growth (pre-grazing, at intermediate 
pasture mass, post-grazing) to make the total of 36 (4 quadrats × 3 areas 
× 3 growth stages). Cut pasture was washed and dried at 60 ◦C for 48 h 
and then weighed and converted to kg DM/ha pasture mass. Linear 
regression was used to determine the relationship (calibration equation) 
between compressed pasture height from the RPM and the pasture mass 
for each 5-day period (Fig. 1). A second linear regression was performed 
for both the slope and intercept coefficients (by time) and tested for 
significance (P < 0.05). The slope was not significant for the intercept 
coefficients, so these were averaged to produce a single intercept value 
for each experimental period. The slope coefficients were significant. 
The predicted slope coefficient for each day and the intercept for each 
experimental period was combined with the RPM measurements of each 
allocation area to derive calibrated pasture mass for each RPM mea
surement. The final equations used to convert compressed pasture 
height (CPH; mm) to kg DM/ha were: (25.2 + 0.34 × day of period) ×
CPH + 469 (Period 1) and (34.4 – 0.53 × day of period) × CPH + 286 
(Period 2). During the experiment, the values derived from the standard 
plate meter equation were used for pasture allocation; however, for the 
analysis, the more accurate, calibrated pasture mass was used. 

Pasture samples for nutrient composition (crude protein, ADF, NDF, 
digestibility of organic matter in DM; DOMD) were collected by snipping 
a handful of pasture at estimated grazing height every 4th step along a 
random transect across at least 20 m of each area allocated, (i.e., 160 
samples). A 30 g (fresh weight) sub-sample was set aside and combined 
to create a bulked sample for each group × block (i.e., 2 experimental 
periods × 4 blocks × 4 groups = 32 bulked samples). These were 
separated into ryegrass leaf and sheath, ryegrass reproductive stem, 
white clover, herbs, and other grass species, weed species and dead 
matter components, dried at 60 ◦C for 48 h, and the dry weight of each 
component recorded. A second sub-sample of approximately 100 g 
(fresh weight) was dried at 60 ◦C for 48 h and ground to 1 mm and 
analysed using near-infrared spectrophotometer (NIRS; FOSS NIRSys
tems 5000, Foss Electric, Hillerød, Denmark). Metabolizable energy 
concentration (ME; MJ/kg DM) was estimated using the equation ME =
DOMD × 0.16 (AFRC, 1993). 

Table 1 
Mean pre-grazing planned pasture allowance (to achieve the target allocation) and actual calibrated pasture allocations (kg DM/cow/day to ground level). Period 1 
began on 7-Nov-2021 (cows’ days in milk: 96 ± 15 days) and Period 2 began on 27-Feb-2022 (cows’ days in milk: 209 ± 15 days). Each block was 5 days in length. The 
aim was to provide 100 % allocation (relative to requirements) for Blocks 1 and 3, and either over (120 %) or under (80 %) allocation for Blocks 2 and 4, depending on 
group. Allocations were achieved by adjusting area offered or pre-graze pasture mass with an assumed post-grazing residual of 1500 kg DM/ha.    

Period 1 (late spring) Period 2 (late summer) 

Group Block Allocation Planned Actual Allocation Planned Actual 

1 1 100 %  38.8  34.0 100 %  38.3  40.4 
2 120 % by area  42.5  46.3 120 % by area  40.8  46.0 
3 100 %  38.8  39.0 100 %  38.3  34.2 
4 80 % by area  35.6  32.5 80 % by mass  36.3  28.5  

2 1 100 %  38.8  34.1 100 %  38.3  40.2 
2 120 % by mass  42.5  41.9 120 % by mass  40.8  42.8 
3 100 %  38.8  42.8 100 %  38.3  34.6 
4 80 % by mass  35.6  36.7 80 % by area  36.3  26.2  

3 1 100 %  38.8  34.7 100 %  38.3  39.9 
2 80 % by area  35.6  29.4 80 % by area  36.3  30.6 
3 100 %  38.8  38.8 100 %  38.3  34.6 
4 120 % by area  42.5  46.8 120 % by mass  40.8  34.4  

4 1 100 %  38.8  33.6 100 %  38.3  39.8 
2 80 % by mass  35.6  32.4 80 % by mass  36.3  34.0 
3 100 %  38.8  37.8 100 %  38.3  34.7 
4 120 % by mass  42.5  45.7 120 % by area  40.8  40.8  
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2.3. Animal measurements 

Each animal had a total of 5 behaviour monitoring sensors (Fig. 2). 
An IceQube pedometer (Peacock Technology Ltd, Stirling, Scotland) was 
attached to the cows’ right hind leg. A CowManager tag (CowManager B. 
V., Harmelen, Netherlands) was attached to a button ear tag (on the side 
free from any management tags) while cows were restrained in a crush. 
While the animals were still restrained, a smaXtec SX2 rumen bolus 
(smaXtec animal care GmbH, Graz, Austria) was inserted orally. To 
minimize holding time, cows were restrained a second time the next day 
to apply the Agersens eShepherd neckband (Gallagher Group Ltd, 
Hamilton, New Zealand) and AfiCollar sensor (Afimilk Ltd, Kibbutz 
Afikim, Israel). The eShepherd neckband was used as a passive monitor 
only, no virtual fencing functionality was used in the experiment. The 
AfiCollar sensor was attached to the eShepherd neckband to minimize 
the weight of sensors worn around the neck of the animal. Details of the 
data provided by each sensor can be found in Table 2. Animals were 
fitted with their sensors at least 5 days prior to each experimental 
period; the AfiCollar and eShepherd neckbands were removed from the 
cows after completion of Period 1 and were reapplied for Period 2. Apart 
from several IceQubes that were removed due to having shifted or 
caused rubbing, these sensors were left on the leg until after Period 2. 
Data was processed by the manufacturers’ proprietary algorithms 
downloaded using the manufacturers’ provided software. Between 

Period 1 and 2, there was a software update to AfiCollar. Consequently, 
Afimilk Ltd retrospectively ran both versions of the software over the 
raw accelerometer data to produce a version 1 and version 2 of each 
cows’ behaviour estimates. 

Animals were milked twice per day at approximately 06:30 and 
15:00 through a 54-stall rotary dairy parlour (Waikato Milking Systems, 
Hamilton, New Zealand), with automatic cup removers. For contextual 
information, milk weight was recorded by in-line milk meters (AfiMilk 
Ltd) at each milking. 

2.4. Data analysis 

Mean calibrated pasture mass for pre- and post-grazing (kg DM/ha) 
were combined with the grazing area allocated to determine the amount 
of feed and divided by the number of cows to determine the value in kg 
DM/cow (to ground level). Pasture disappearance (‘disappearance’) was 
calculated by subtracting post-grazing (‘post’) mass from the pre-grazing 
(‘pre’) mass. Overall, there were a total of six combinations of metrics, 
two pasture metrics (mean calibrated kg DM/ha, mean calibrated kg 
DM/cow) and three types (pre, post and disappearance). 

Both animal behaviour and pasture mass data were transformed into 
daily time-series for the four groups over a period of forty days (20 days 
from each experiment). The final dataset consisted of 40 observations 
for each group, totalling 160 observations. For animal behaviour data, 
we calculated the daily total for each behaviour and cow individually, 
and then estimated daily average group values. Prior to averaging, we 
examined the data at individual cow level reported by each sensor, 
considering the recording frequency specific to each sensor type (e.g., 
hourly for AfiCollar). Instances of missing data resulting from sensor 
failures or malfunctioning sensors were identified and addressed. 
Notably, we omitted data from cows affected by sensor malfunctions; for 
instance, four cows from disparate groups exhibited inconsistent data 
patterns as reported by the IceQube sensor, and consequently, these data 
points were excluded from the dataset. We postulate that the omission of 
a small number of cows (one or two) from a given group due to sensor 
malfunctions would exert negligible influence on the calculated group 
average. This inference is predicated on the assumption that the group 
average, computed using the untainted data from the majority of cows, 
remains robust and representative despite the selective exclusion of a 

Fig. 1. Linear calibration equations for the rising plate meter (RPM) generated from 36 quadrats (0.2 m2) taken every 5 days, including 2 occasions prior to and 1 
occasion after the main experimental blocks (1–4). 

eShepherd neckband +
AfiCollar sensor (combined)

CowManager 
ear tag

IceQube 
pedometer

smaXtec SX2 
rumen bolus 
(indwelling) 

Fig. 2. Location on the cow of the 5 sensors used in the experiment.  
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limited subset of cows affected by sensor anomalies. 
All behaviour values are reported descriptively (Table 2); however, 

behaviours were excluded from the modelling if supported by science- 
based evidence (e.g., Pereira et al. (2018) reported poor accuracy for 
‘activity’ when compared to live observations for CowManager sensors, 
so activity was not included). 

To determine the hours the group was on pasture (accounting for 
time spent milking and walking to/from the parlour), the eShepherd 
GPS locations were intersected with the polygon created by four corners 
of the area allocated to determine if the point was inside the area or not. 
If less than 60 points out of a possible 150 (6 points/h × 25 animals) 
were in the allocated area, then the group was classified as having left 
for milking during that hour period. Entry times following each milking 
were determined as the minimum timestamp and the exit times were the 
maximum timestamp within the hour period(s) the group was at milk
ing. The time in the allocated area was the sum of the time between the 

group entering following morning milking to the time they left for af
ternoon milking plus the time between re-entering the allocated area 
after the afternoon milking and the time they left the next morning for 
milking. 

Fig. 3 represents a correlation plot between key variables in our 
dataset. The correlation plot was drawn using chart.Correlation function 
from the PerformanceAnalytics library in R (R Foundation for Statistical 
Computing, Vienna, Austria) with default pearson correlation coeffi
cient. We used the most recent versions of R (4.3.0) and its libraries at 
the time of the submission of this paper. 

We applied regression models, using the default statistics package in 
R, to analyse the empirical relationship between pasture mass and ani
mal behaviour. Equation (1) represents the generic equation of this 
relationship: 

yi = β0 + β1Xn + e (1) 

Table 2 
Details of behaviour classifications provided by each of the five sensors (n = 160; 4 groups × 20 days × 2 experimental periods; data averaged from 25 cows/group) 
and accompanying milk production and pasture allocation.    

Period 1 (late spring) Period 2 (late summer) 

Variable1 Sensor2 Min Mean Max SD Min Mean Max SD 

Activity behaviour 
Active (min/d) CowManager 105 165 355 44.6 81 136 235 37.4 
High Active (min/d) CowManager 92 133 214 25.4 123 186 256 28.9 
Not Active (min/d) CowManager 176 264 358 36.8 195 283 432 44.7 
Moving (min/d) eShepherd 122 175 236 27.5 113 177 229 27.8 
Activity Index smaXtec 188 247 297 23.6 229 279 343 23.5 
Steps (n/d) IceQube 3,474 5,635 7,433 821.4 4,644 5,970 7,689 625.3  

Feeding 
Eating (min/d) CowManager 344 427 501 34.2 394 454 514 26.8 
Eating (min/d) AfiCollarV13 86 224 415 70.2 121 360 502 83.0 
Eating (min/d) AfiCollarV23 191 377 559 75.1 197 474 616 86.6 
Grazing (min/d) eShepherd 428 511 618 33.7 438 515 594 36.8  

Positions 
Resting (min/d) eShepherd 543 612 678 29.4 484 570 651 34.2 
Lying (min/d) IceQube 443 538 640 42.7 398 533 661 45.1 
Standing (min/d) IceQube 800 902 997 42.5 779 906 1,042 45.5 
Transitions (no.) IceQube 12 17 21 2.1 10 15 23 2.3 
Transitions Down (no.) IceQube 6 8 10 1.1 5 8 11 1.2 
Transitions Up (no.) IceQube 6 8 10 1.1 5 8 11 1.3  

Rumination 
Ruminating (min/d) CowManager 272 456 567 52.3 254 381 455 46.2 
Ruminating (min/d) smaXtec 361 492 568 41.1 359 432 504 33.1 
Rumination (min/d) AfiCollarV13 309 439 553 59.9 231 317 438 40.9 
Rumination (min/d) AfiCollarV23 204 402 533 65.3 195 302 413 46.4  

Other 
Milk weight (kg/cow/d) AfiMilk 18 21 23 1.3 13 17 19 1.1 
Pre-grazing allocation4 RPM and CC5 27 38 51 6.0 24 36 52 5.6 
Post-grazing residual (kg DM/ha) RPM and CC5 1387 1761 2500 210 1114 1535 1977 186 
Dry matter % Oven 18 22 29 2 13 19 25 3 
Acid detergent fibre % NIRS 18.7 22.1 25.8 1.5 19.4 21.7 24.3 1.1 
Neutral detergent fibre % NIRS 31.9 38.3 43.7 3.0 26.2 35.0 43.6 3.0 
Crude protein % NIRS 11.8 16.2 21.2 2.1 13.8 17.7 22.7 1.9 
Metabolisable energy (MJ/kg DM) NIRS 11.4 12.4 13.0 0.4 11.6 12.3 12.9 0.3 
Ryegrass leaf Botanical 61 79 88 9 51 67 77 8 
Ryegrass seedhead Botanical 0 8 27 9 1 4 17 4 
Clover Botanical 1 5 9 2 1 10 22 7 
Other Botanical 3 8 16 4 0 19 35 10 

1 Each manufacturer’s behavioural definitions and algorithms are proprietary; thus, the behaviours are named according to the manufacturer’s classification (e.g., 
‘eating’ for Cow Manager and ‘grazing’ for eShepherd are not equivalent). 
2 Recording Frequencies: CowManager ear tag = 60 min; eShepherd collar = 10 min; smaXtec rumen bolus = 60 min; Leg-based IceQube = 15 min; AfiCollar (clipped 
to eShepherd neckband) = 60 min; AfiMilk milk meters = twice daily; RPM, CC, Oven and NIRS = daily; Botanical = every 5 days. 
3 A software update occurred between Period 1 and Period 2, values reported by each version for both periods are reported. 
4 Expressed in terms of mean kg DM/cow to ground level. 
5 RPM = rising plate meter; CC = calibration cuts. 
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Where: 
y pasture metric: pre, post, disappearance. 
i Measurement units of pasture cover: Kg DM/cow, kg DM/ha. 
Xn matrix of animal behaviour recorded by a given sensor, 24 h sum 

of each cow’s behaviour, averaged across the group. Unless otherwise 
stated, each model used data from a single sensor. See Table 2 for the 
variables provided by each sensor. 

β0, β1 linear regression coefficients and e is the error term. 
For a comprehensive analysis, we ran our regression models with 

slight variations in pasture measurement, such as the transformation of 
pre- and post- measures on a scaled rank from 1 to 10 to eliminate 
possible measurement bias, and three-day rolling averages. In addition, 
we conducted model performance comparisons using animal activity at 
sub-group levels for cows and heifers, and models with the additional 
explanatory variable number of grazing hours (spent inside the allocated 
area on a given day). Furthermore, we ran our models with several 
practical combinations of sensor data and aggregation methods, 
including using a modelled disappearance curve using the high- 
resolution time-series data consisting of 6 windows of time within 
each day between morning and evening (this particular analysis was 
conducted using AfiCollarV2 data only). 

To calculate intraday pasture disappearance curves, we employed 
asymptotic regression, a non-linear model well-suited for capturing the 
dynamics of diminishing returns. This approach allowed us to model the 
relationship between time and pasture disappearance during the day, 
accounting for the natural decline in pasture availability as grazing 

occurs. By fitting an asymptotic regression model to the observed data, 
we were able to estimate the initial pasture availability and the rate at 
which it disappeared throughout the day. 

Finally, we applied semi-supervised machine learning methods to 
benchmark the predictive power of our standard linear models. We 
implemented a k-fold cross-validation algorithm (Refaeilzadeh et al., 
2009) on lasso regression models leveraging the “caret” package (Kuhn, 
2008) in R, using data from AfiCollarV2, CowManager, and smaXtec, 
with the value of k set to 10. 

3. Results 

Table 1 summarises the planned and actual average pasture alloca
tions for the four groups across the four blocks and two experimental 
periods. All behaviours, as captured by the five animal-based sensors, as 
well as pasture quality and composition, are summarised descriptively 
in Table 2. Sensors reported proprietary behaviours (e.g., indices, 
behavioural transitions etc.), as well as several overlapping behaviours 
(e.g., feeding, ruminating, resting/lying). Fig. 3 illustrates the correla
tions among these various behaviours. Strong positive correlations (r =
0.95 to 0.96) were present between rumination time recorded by the 
AfiCollarV2, CowManager, and smaXtec. A positive correlation was also 
observed for eating time recorded by the AfiCollarV2 and CowManager 
(r = 0.64). Despite the positive relationships, large differences existed 
for group daily rumination (difference in mean value: Period 1 – 90 min/ 
d; Period 2 – 130 min/d) and feeding (e.g., difference in mean value: 

Fig. 3. Correlation between averaged pasture allocation and averaged sensor-recorded behaviours (n = 160; 4 groups × 20 days × 2 experimental periods). Size and 
colour of bubble represents the strength of the correlation (value presented on x-axis). Each manufacturer’s behavioural definitions and algorithms are proprietary; 
thus, the behaviours are named according to the manufacturer’s classification (e.g., ‘eating’ for CowManager and ‘grazing’ for eShepherd are not equivalent). 
‘Transitions’ for IceQube refer to the transition between lying and standing behaviour. 
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Period 1 – 134 min/d; Period 2 – 61 min/d) between the lowest and 
highest sensor-recorded mean values (excluding AfiCollarV1; Table 2). 
The variability of rumination time within animal-days is illustrated in 
Fig. 4. In terms of the relationship between pasture availability and 
animal activity, rumination time was strongly correlated with pre- (r =
0.47 to 0.49) and post-grazing (r = 0.69 to 0.73) pasture mass (Fig. 3). 
Rumination time was also correlated with dry matter percent (0.62 to 
0.65), crude protein (− 0.46 to − 0.53) and acid detergent fibre (0.33 to 
0.41) of the pasture. 

Comparing AfiCollarV1 and AfiCollarV2, AfiCollarV2 had Adjusted- 
R2 values ranging from the same to 0.06 less than AfiCollarV1, however, 
AfiCollarV2, being the current version, was used for further analysis. Of 
the pasture measures, post-grazing pasture mass (kg DM/ha) was best 
predicted by several sensors which recorded rumination and feeding 
behaviour (AfiCollarV2, smaXtec, CowManager; Adjusted-R2 = 0.48 to 
0.52; Fig. 5), while pre-grazing pasture allocation (Adjusted-R2 = 0.22 
to 0.30) and disappearance (Adjusted-R2 = 0.01 to 0.16) were not well 
predicted. Sensors which recorded eating and activity only (eShepherd) 
or activity only (IceQube) did not predict pasture mass well (Adjusted- 
R2 < 0.27; Fig. 5). Inclusion of the number of hours that groups spent 
inside the allocated area as an additional variable did not substantively 
improve the best-performing models, except for IceQube (where 
Adjusted-R2 increased by a maximum of 0.04). This observation is 
consistent with the fact that rumination continues even when the cows 
are outside the paddock (e.g., at milking). When compared to ranking 
(instead of using actual values), using a 3-d rolling average yielded slight 
improvements in the predictive ability in some models, by a maximum 
of 0.04 (Fig. 5). Parity (cow, heifer), did not improve the fit of the 
models (relative to the models in Fig. 5, R2 ranged from +0.01 to 
− 0.08). The performance models with intraday pasture disappearance 
curves and corresponding AfiCollarV2 animal behaviour data were not 
better than the daily models (Adjusted-R2 = 0.26 for kg DM/ha and 0.21 
for kg DM/cow). Combining data from some sensors only slightly 
improved predictive performance. For instance, when combining data 
from AfiCollarV2 and IceQube for predicting the 3-day rolling average of 
post-grazing mass (kg DM/ha), the Adjusted-R2 increased from 0.56 to 
0.59 (significant variables being rumination time and number of 

transitions). Including pasture quality data (acid detergent fibre, crude 
protein and dry matter percent) generally improved the Adjusted-R2 

values over those presented in Fig. 5, for AfiCollarV2, CowManager and 
smaXtec by − 0.01 to 0.07, for eShepherd by 0 to 0.13, and IceQube by 
0.02 to 0.20. The maximum increases for eShepherd and IceQube were 
for 3-d rolling average post-grazing residual (kg DM/ha), which 
increased to 0.38 and 0.40, respectively, from the values presented in 
Fig. 5. The maximum increases to Adjusted-R2 for AfiCollarV2, Cow
Manager and smaXtec were for 3-d rolling average pre-grazing pasture 
mass (kg DM/ha). 

Table 3 presents a summary of the best-performing models from 
Fig. 5. Post-grazing pasture cover (3-day rolling average) was predicted 
by rumination (smaXtec and AfiCollarV2) and rumination and eating 
(CowManager). The direction and magnitude of the coefficients for 

Fig. 4. Boxplot illustrating the variation in daily rumination time between 
animals and days for each period of the experiment. Number of data points 
were 1920, 1940, 1960 in Period 1, and 1880, 1940 and 1920 in Period 2 for 
AfiCollarV2, CowManager and smaXtec, respectively. The theoretical maximum 
was 2000 points (100 cows × 20 days). 

Fig. 5. Adjusted-R2 values for various linear models relating sensor-recorded 
behaviours (n = 160; 4 groups × 20 days × 2 experimental periods) to 
pasture parameters measured as kg DM/cow or kg DM/ha. 
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rumination were similar across the three sensors. The k-fold cross- 
validation algorithm on lasso regression models yielded R2 values of 
0.58, 0.52 and 0.53 for AfiCollarV2, CowManager and smaXtec, 
respectively, compared to the standard linear model values of 0.57, 0.51 
and 0.51 in Table 3. Fig. 6 presents the actual versus predicted values 
from the standard linear and semi-supervised machine learning models. 
The models appeared to underestimate post-grazing mass at the upper 
end of the range. 

4. Discussion 

The objective of this study was to investigate whether a relationship 
could be established between behaviour classifications from on-animal 
sensors and pasture parameters to provide objective data on herd-level 
feed allocation. The results suggest that this is feasible, but the accu
racy may limit its usefulness. We hypothesised that calibrated pre- 
grazing pasture allocation (kg DM/cow) would be the pasture param
eter that had the strongest relationship with animal behaviours. We 
expected per cow, rather than per ha, values to perform better because 
they account for the area offered as well as the number of animals in the 
area. Furthermore, kg DM/cow feed allocation is an important driver of 
milk production. However, pre-grazing allocation (kg DM/cow) ac
counts for the feed available to ground level. A variety of factors may 
impact how much of this is left behind, and these will not necessarily be 
encompassed in the behaviour captured by the sensors. Indeed, the best 
predicted pasture parameter was post-grazing pasture residual (kg DM/ 
ha). Post-grazing residual is also an important parameter for pasture 
management, alongside the proportion of the farm grazed each day, as it 
influences regrowth and pasture quality at subsequent grazings. It is 
arguably the best metric for illustrating the trade-offs between max
imising pasture performance and animal performance, when excluding 
potential animal welfare implications, such as hunger (Gregorini et al., 
2009). Objective knowledge of post-grazing residual is useful for 
improving farm system profitability (optimising pasture and animal 
performance) and may also reduce the cognitive load of farmers and 
their staff. For example, the availability of sensor data may result in a 
farmer feeling motivated to make decisions. McCown et al. (2012) 
suggests that such data may override the typical judgement the farmer 
might use in exchange for a perceived increased accuracy. We suggest 
this shift could help prevent the cognitive stress associated with 
increasingly more complex daily decisions farmers are tasked with; 
however, data must be presented in a condensed and usable format 
(Fountas et al., 2006) and in a way that is dynamic and easily updatable 
(Öhlmér et al., 1998). In addition, from an animal welfare perspective, 
post-grazing residual gives an indication of feed allocation, with 
consistent residuals being an indication of consistent feeding levels. 
Inconsistent pasture allocation can have adverse behavioural effects. For 

instance, when receiving a new pasture allocation, cows will increase 
their intake rate to ingest large amounts of grass to address energy re
quirements and hunger (Kennedy et al., 2009; Chilibroste et al., 2015); 
this coupled with reduced mastication, may result in altered rumination 
behaviour and longer rumen retention times, which then in turn impact 
future feed intake, ultimately compromising energy availability, as 
reviewed by Gregorini et al. (2017). Thus, including estimates of post- 
grazing residuals into time budget analyses evaluating the welfare of 
cows, e.g., Neave et al. (2021), may strengthen the outcomes of such 
studies. 

A possible explanation for why post-grazing residual (kg DM/ha) was 
the best predicted metric relates to the way pasture is offered under 

Table 3 
Coefficients of the best performing models presented in Fig. 5, between sensor- 
based behaviours and 3 day rolling mean of post grazing residual (kg DM/ha; n 
= 160; 4 groups × 20 days × 2 experimental periods). Significance depicted by 
asterisks (** = p < 0.01; *** p < 0.001), standard errors in brackets.   

AfiCollarV21 CowManager smaXtec 

Constant (kg DM/ha) 1017.65*** 
(70.24) 

1043.59*** 
(161.75) 

154.38 
(256.09) 

Rumination time 
(mins/day) 

1.88*** (0.13) 2.15*** (0.17) 3.01*** 
(0.31) 

Eating time (mins/day) − 0.06 (0.11) − 0.64** (0.32)  
Activity index 

(unitless)   
0.42 (0.52) 

R2 0.565 0.506 0.512 
Adjusted R2 0.559 0.500 0.506 
RMSE (kg DM/ha) 126 134 133  

1 A software update occurred during the study period and was retrospectively 
applied to the entire dataset by the manufacturer. Modelling was performed 
using the most recent version (V2) only. 

Fig. 6. Actual vs predicted post-grazing pasture cover (3-day rolling average) 
during the two 20-day experimental periods (n = 40) using the 3 best predicting 
sensors, using the equations from Table 3 (dots) and predictions from a semi- 
supervised machine learning k-fold cross-validation algorithm on a lasso 
regression model (squares). 
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rotationally grazed pastoral dairy systems. In such grazing dairy sys
tems, optimum profitability is achieved through careful balancing of 
animal and pasture production. For example, with a comparative 
stocking rate of ~80 kg liveweight/t DM of feed available (Macdonald 
et al., 2008; Macdonald et al., 2011), when grazing pressure is reduced, 
pasture utilisation declines, while higher grazing pressure compromises 
animal performance. When allocating pasture (kg DM/cow) at a daily 
level, it is generally assumed that milking cows will not graze below 
1500 kg DM/ha; in this experiment, the 80 % and 120 % allocations 
were determined using this assumption. While cows likely ate more 
when allocated 120 % (compared to what they would consume at 100 % 
allocation), generally they did not consume the full additional 20 % 
leaving behind higher post-grazing residuals, as reported previously 
(Pérez-Prieto and Delagarde, 2013). Conversely, cows in the 80 % 
allocation could partially make up for the 20 % deficit by grazing below 
1,500 kg DM/ha (Table 2). The cows in the 120 % allocation would be 
expected to graze less and ruminate more, while those in the 80 % 
allocation would likely have an inverse pattern of behaviour (Gregorini 
et al., 2012); this aligns with the models’ reasonable ability to predict 
post-grazing residual (kg DM/ha) using these behaviours. Furthermore, 
in over half of the possible pasture allocations (8 block/group combi
nations in Period 1, and 9 in Period 2) cows received on average, less 
pasture allocation than planned. This was due to paddock (pasture mass) 
availability and use of the RPM with a standardised equation, which 
would have introduced error (Table 1). Future work should focus on 
increasing pasture measurement accuracy to potentially strengthen the 
predictive ability of sensor-based behaviours, as this was likely a limi
tation of our study (see Fig. 1). Doing so may also improve the models for 
other relationships; for instance prediction of pasture disappearance, a 
proxy for animal intake, which is challenged by requiring estimates of 
both pre- and post-grazing pasture mass. 

There was a range in predictive ability between sensors and animal 
behaviours. As an individual behaviour, rumination time had the 
strongest relationship with pasture parameters. Following a grazing 
bout, cows must reduce the particle size of consumed feed by regurgi
tating and chewing it (ruminating). Consequently, it is logical that this 
behaviour explains more variation in post-grazing residual, compared to 
eating time or activity. The latter could be influenced by several factors, 
including pasture characteristics; for instance, we observed longer 
grazing times in the late summer period, which coincided with less 
ryegrass leaf and could have required more effort to eat. However, the 
inclusion of eating time (if the sensor provided it) did increase the 
predictive ability of the model compared with using rumination time 
alone, likely due to its direct link to post-grazing residual (e.g., more 
eating time, less pasture left). Eating time is known to be affected by 
reduced feed allocation, as well as the length of the feed, while the di
gestibility (e.g., neutral detergent fibre) impacts rumination (Beau
chemin, 2018). A large portion of rumination behaviour occurs at night 
(Gregorini et al., 2012; Pollock et al., 2022; Iqbal et al., 2023). Thus, it is 
logical that including duration in the paddock or pasture disappearance 
curves did not improve model performance; the majority of rumination 
would not be occurring when the cows were outside the paddock, nor 
coincide with changes in pasture height (disappearance curve). The 
paddock duration result has practical relevance since many sensors lack 
location monitoring, and our results indicate it is not required for the 
purpose of predicting pasture mass on a per ha basis. 

Including pasture quality in the model had a modest effect on model 
performance, particularly for eShepherd and IceQube. Both these sen
sors did not report rumination time and had poorer predictive ability 
(Fig. 5), consequently, the improvement was likely due to the correla
tions between pasture quality and rumination time (Fig. 3). However, 
the performance remained below that of the sensors that reported 
rumination time. It is challenging to collect pasture quality data in near 
real-time, limiting the use of the approach. 

There were strong correlations between the group level rumination 
time reported by different sensors as well as similar direction and 

magnitudes of their model coefficients; however, their outputs did differ 
(sometimes considerably). For instance, on average, compared to the 
spring period, CowManager and AfiCollarV2 sensors logged 26 min and 
97 min more eating time in the summer, while rumination time reduced 
by 75 min and 100 min, respectively. For the same behaviour there were 
differences in these group daily values between sensors ranging between 
20 and nearly 80 min. The variation between the sensors we used likely 
relates to a combination of the data recording method, how the device is 
secured (e.g., ear tag, neck collar, leg band, internal dwelling), and how 
the proprietary algorithms interpret the data (these algorithms can also 
change due to software upgrades as evidenced with the AfiCollar 
sensor). Furthermore, to our knowledge, there has not been a systematic 
comparison of how the various manufacturers’ algorithms cope with 
changes in the pasture type available at different types of year, e.g., 
longer, fast growing swards in late spring versus shorter, tougher 
herbage in late summer (Beauchemin, 2018). It is possible that due to 
the changes in the way the cow consumes these forage types (e.g., 
pulling more with the tongue), the algorithms may run into classifica
tion issues (e.g., feeding being confused with rumination and vice 
versa). Regardless of potential classification differences, similarly- 
named behaviours from various sensors proved to be equally useful 
for predicting pasture parameters. However, it does raise the question of 
whether any filtering criteria (such as minimum or maximum values) 
should be applied at an animal level prior to determining group averages 
for the prediction of pasture mass. 

Further attempts to improve model performance in our study were 
generally unsuccessful, except for the inclusion of pasture quality for 
sensors that did not report rumination time, as previously discussed. The 
inclusion of animal parity as a model factor did not improve the models’ 
predictive ability, nor did the inclusion of behaviours from multiple 
sensors. This is not surprising due to collinearity of the measures. 
Nonetheless, it is useful to know because if accuracy required multiple 
sensors, it would increase cost and complexity and reduce the likelihood 
of adoption by farmers. 

Machine learning methods performed slightly better in our study 
compared to traditional linear models, however we believe our training 
and test datasets were too small for these models to accurately capture 
all possible patterns of animal behaviour and pasture availability. There 
is a risk of overfitting in machine learning models when trained on a 
limited dataset (Ying, 2019), and though we employed cross validation, 
overfitting remains a possibility. 

Variability in the post-grazing models’ predictive ability could be at 
least partially attributed to differences in the ability of individual animal 
to cope with under allocation of pasture. Iqbal et al. (2022) demon
strated that up to 20 % of the variation in daily behaviours was driven by 
individual cow differences. While our study’s use of averages masked 
the extremes, it is likely that pasture depletion was experienced differ
ently by different animals. For example, average and maximum rumi
nation times in Period 1 were similar to that reported by Neave et al. 
(2021), who used CowManager sensors during a similar season as our 
study. However, we recorded lower minimum rumination times (e.g., 
more than 2 h less/day). While the study by Neave et al. (2021) aimed to 
provide consistent pasture allocation (between 19 and 20 kg DM/d per 
cow), it highlights that the under allocation in our study likely prevented 
some animals from getting an opportunity to ingest as much feed as their 
conspecifics (e.g., slower eating rate, subordinates being forced on to 
already grazed sections), thus impacting their rumination time nega
tively. Averaging of the data is necessary for the purposes of estimating 
group-based pasture allocation measures, but this raises the question 
about what the under allocation threshold should be to avoid compro
mising individual animal welfare on-farm. 

There are practical considerations for using on-animal sensor data 
for estimating post-grazing residual (kg DM/ha) as the best predicted 
pasture parameter. For instance, due to cows being crepuscular in nature 
(Iqbal et al., 2023), and offering fresh pasture every 24 h in our study, 
we created our model using daily behaviour; however, many pasture- 
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based herds graze multiple paddocks within a day (e.g., a new paddock 
every 12 h). Thus, it could prove challenging to predict post-grazing 
residual for each paddock. Due to this, as well as day-to-day variabil
ities common to on-farm environments, including feed supplementation, 
the practical relevance of our models for farm management may be 
limited to indicating the general trend of post-grazing residual. 

Despite the limitations outlined, this approach provides a near real- 
time, objective, measure of post-grazing residual that may have value to 
farm managers over existing subjective visual assessment or time- 
consuming use of RPM. Further, the root-mean-square errors of this 
approach, using on-animal sensors, compares favourably to those re
ported by satellite and aerial vehicle for estimating pasture mass (Gar
giulo et al., 2023). Future work should focus on collecting much larger 
datasets, including more accurate measures of pasture mass, with 
additional variables captured at different resolutions, to allow non- 
linear machine learning approaches to be applied, potentially address
ing some of the limitations we faced. Further, research is needed that 
provides this near real-time data to farmers and assesses the potential 
value by monitoring their decision making, cognitive load, and well- 
being. 

5. Conclusion 

This proof-of-concept experiment has demonstrated that data from 
individual on-animal sensors can be used to predict post-grazing pasture 
mass (kg DM/ha), a useful metric for grazing management. The most 
important animal behaviour was rumination time, and the predictive 
ability of sensors that included this behaviour was considerably better 
than those that did not. Sensors reporting similar behaviours (e.g., 
feeding, rumination) were strongly correlated, however, differences 
existed in the daily group averages each presented. The importance of 
rumination and its diurnal nature likely explains why including data at 
less than 24 h resolution (pasture disappearance curves) did not improve 
model performance. This, as well as day to day variability due to vari
ation likely caused by individual cow differences or weather, could limit 
the practical application of this for daily or sub-daily grazing manage
ment. However, given its near real-time nature, low effort, and objec
tivity it may still provide value; the latter must be determined by 
working with farmers to evaluate how providing this data affects their 
decision making. 
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