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Abstract
Improving pasture yields is a primary goal for plant 
breeders. However, measuring and selecting for yield 
is a major bottleneck in breeding, requiring methods 
that are laborious, destructive, and/or imprecise. A 
computerised scanner developed in Canterbury using 
LiDAR (light detection and ranging) technology was 
evaluated in the Waikato on perennial ryegrass paired-
row breeding plots. At eight timepoints, all plots were 
scanned prior to mechanical defoliation and recording 
of fresh weight (FW) and dry matter (DM) yield on a 
random subset of plots. Yield data on 1206 FW and 504 
DM samples were compared with LiDAR scan results 
on a seasonal basis by regression. Winter, spring, 
summer and autumn correlation with FW were R2 = 
0.81, 0.92, 0.94 and 0.90, respectively, and with DM 
yield R2 = 0.87, 0.73, 0.87 and 0.79, respectively. These 
results indicate LiDAR estimation of DM yield was 
accurate within seasons for the paired-row breeding 
plots, although it was sensitive to large changes in dry 
matter content (%) among seasons, which may require 
seasonal algorithms to correct for this variation if this 
technology is to be adopted. In conclusion, the scanner 
could be useful in removing a major bottleneck in 
perennial ryegrass breeding and may have application 
for agronomy and farm management in cases where 
precise non-destructive real-time estimation of DM 
yield are of value.
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Introduction
Yield of perennial ryegrass is a complex trait with 
genetic, environment and management effects 
integrated by the plant and expressed dynamically over 
time (Conaghan et al. 2008; Parsons et al. 2011; Fè et 
al. 2015). Increasing seasonal DM yield is a major goal 
in pasture plant breeding, as it is the main economic 
trait in New Zealand pastures (Chapman et al. 2017). 
The rate of genetic improvement for a complex trait 
is influenced by the speed, accuracy and scale of 
the breeding strategy. Scale is generally limited by 
the number of breeding units that can be accurately 
evaluated at a low cost, thus limiting the rate of genetic 
gain. This has led to development of technology that 

may increase the speed and accuracy or lower the cost 
becoming a major goal for plant breeding in general 
(Furbank & Tester 2011).

For seasonal DM yield of perennial ryegrass, 
breeders generally rely on 100s to 10,000s of plants to 
select among, making observations or collecting trait 
data for each plant, or plant progeny samples grown in a 
row or plot. In each regrowth cycle between defoliation 
events, breeders wait until the best plots in a field 
trial are at optimal regrowth, then estimate DM yield 
by visual assessment, or by mechanical defoliation 
followed by drying and weighing to measure DM yield 
empirically. Both methods have significant limitations 
in repeatability, accuracy, speed and/or cost. These 
limitations influence breeding strategy, constrain field 
trials, and limit the selection pressure applied for DM 
yield, and are ultimately a major bottleneck that limits 
the rate of genetic gain for seasonal DM yield in forage 
grass breeding.

Over the last decade, there has been a proliferation 
of ‘phenomics’; the use of sensors and computer 
technology to measure plant traits in glasshouse and 
field settings. This has occurred for both plant breeding 
and agronomy, with progress and opportunities the 
subject of recent Australasian and global reviews 
(Gebremedhin et al. 2019; Roitsch et al. 2019).

Light detection and ranging (LiDAR), a sensor-
based time of flight distance measurement method, 
and established technique in tree height measurement 
(Næsset 2002; Holmgren et al. 2003) and in-field forest 
characterisation (Harding et al. 2001; Lovell et al. 2003) 
is increasingly becoming useful in crop phenomics. 
It also maps soil and ground height (Reutebuch et al. 
2003; Hodgson & Bresnahan 2004). LiDAR is also 
being used as a component of pasture trait measurement 
systems (Schaefer & Lamb 2016; Pittman & Butler 
2016) but only recently we used a LiDAR-based only 
system, which can measure forage DM yield in real-
time (Ghamkhar et al. 2019). LiDAR both sends and 
receives laser signals. Unlike normal cameras, its 
scanners acquire depth and dispersal data (Fowler 2000). 
Ground-based types have shown accurate estimation of 
plant distribution (Saeys et al. 2009), DMY (Eitel et al. 
2014) as well as biomass (Jimenez-Berni et al. 2018) 
in crops; among many promising observations from 
airborne types across different applications. In forages, 
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LiDAR in perennial ryegrass has shown very accurate 
DM yield and biomass measurements in four different 
experiments in row plots with R2 >0.8 for both traits 
(Ghamkhar et al. 2019).

Building on recent progress in Canterbury developing 
a mobile precision phenomics platform using LiDAR 
to measure seasonal DM in the field (Barrett et al. 
2018; Ghamkhar et al. 2018), the aim of this study 
was to evaluate this platform for the accuracy of non-
destructive, real-time estimation of FW and DM yield 
in a perennial ryegrass breeding trial in the Waikato.

Materials & Methods
Trial site & management 
In spring 2017, 184 half-sib families from a perennial 
ryegrass breeding population were sown in an 
agronomic yield evaluation trial at Ruakura, Waikato, 
New Zealand (37°46’15.99’’S, 175°18’25.99’’E). A 
row–column experimental design with three replicates 
was used. Each replicate also contained six commercial 
breeding lines and 20 repeated checks. Each column 
consisted of 18 plots, and there were 35 rows (630 plots 
in total). Each plot consisted of a pair-row consisting of 
two adjacent, 2 m long rows sown on 15 cm centres with 
a cone seeder at 20 kg/ha. Spacings between outside 
rows of adjacent plots were 40 cm and columns were 
spaced 30 cm apart. A border row around the outside of 
the trial was included to reduce edge effects. The trial 
was rotationally grazed by a mob of 100–150 sheep 
when 2200–3000 kg DM/ha were visually estimated to 
have accumulated in the top performing lines. (visual 
assessments were guided by dry matter information 
from prior harvests). Sheep were removed from the trial 
when post-grazing residuals were visually estimated to 
be 1200–1300 kgDM/ha. Herbicides were applied when 
required to control broad leaf species and (bromoxynil, 
ioxynil, mecoprop-p and dicamba) tropical grass 
invasion (fenoxaprop-P-ethyl and mefenpyr-diethyl). 
Nitrogen fertiliser was applied as urea (46-0-0-0) at 
200 kg N/ha/year in small increments (20–25 kg N) 
following grazing.

Yield and LiDAR data collection & analysis
LiDAR measurements were taken pre-grazing at eight 
time points between August 2018 and April 2019. 
Prior to each grazing, all plots were scanned using 
the M6  scanner platform. Development of the M6 
platform is described elsewhere (Barrett et al. 2018). 
The scanner was set to a speed of 1 km/hr and the front 
wheel width adjusted to straddle the inter-plot gap. 
The trial was scanned by driving the scanner down 
each row and back up the adjacent row in a serpentine 
pattern and data was saved as a .txt file at the end of 
each row.

 In August 2018, post-LiDAR scan, a random subset 

of 324 plots were cut to 4 cm above ground level using 
a rotary lawn mower with the cut herbage weighed 
and recorded (fresh weight (FW)). At all subsequent 
harvests, only 20% of plots (126 plots) were cut and 
FW recorded. A further random subset of at least 50 
samples per cut were dried at 80°C for at least 48 hours 
to obtain DM (g) and %DM (DM/FW*100) to enable 
calculation of DM yield (kg/plot). The location of 
the 126 plots varied at each harvest, so no single plot 
was mechanically harvested more than once in five 
consecutive harvests. This ensured that breeding lines 
were exposed to as much ruminant grazing pressure 
as possible and helped mitigate any grazing-induced 
bias in yield or vegetative persistence among entries 
(this strategy was implemented after the August 2018 
harvest). If substantial residual herbage remained after 
grazing, the entire trial was mown to a height of 4 cm to 
achieve a uniform residual. All harvested herbage was 
removed from the trial site.

LiDAR raw data were analysed using a software 
processing package that converts raw data to a 
unitless volumetric index (LiDAR volume, LV) via 
a developed algorithm by Ghamkhar et al. (2019). 
In the field, the LiDAR capture software parameters 
were set to: row length = 36 m; segments per row = 
18; row spacing = 550 mm; and cutting height = 40 
mm. User-defined plot alignment was required from 
time-to-time to distinguish the start and end of plots. 
Results are presented by season and include data 
from multiple harvests. The number of harvests per 
season was dependent on growth rate. Yield and LV 
data were analysed in GenStat v18 including summary 
statistics, regression and comparison of slope among 
regressions.

Results
Yields varied considerably between seasons, with FW 
ranging from a mean of 0.23 kg/plot in autumn to 
0.74 kg/plot in summer (Table 1). Variation was also 
observed for DM yield, and DM % on a seasonal basis, 
ranging from 21.7% in winter to 39.2% in autumn 
(Table 2). 

Comparison of LV and FW data revealed strong 
correlations ranging from R2 = 0.81 in winter to R2 = 

0.94 in summer (Figure 1, Table 1). A linear response 
was observed across all seasons for FW, although this 
deteriorated in summer and plateaued at very high FW 
values. 

Correlations of LV and DM yield ranged from R2 = 
0.73 in spring to 0.87 in summer (Figure 2, Table 2). 
Similar to FW, a linear response was observed within 
winter, spring and autumn for DM yield. The linear 
trend for summer broke down at very high levels of 
DM, values well beyond the level of management 
parameters for herbage accumulation prior to grazing. 
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Table 1	 Seasonal summary of fresh weight (FW) and LiDAR volume (LV) data collected from 1206 paired-row plot harvests 
from the Ruakura breeding trial site between August 2018 and April 2019. n = number of observations. R2 = correlation 
coefficient.

	 	 	 	 	 	 	 	 	 	          
 	 Mean	 Standard deviation	 Minimum	 Maximum	

Season	 n	 R2	 FW (kg)	 LV	 FW (kg)	 LV	 FW (kg)	 LV	 FW (kg)	 LV

Winter	 324	 0.81	 0.52	 84.78	 0.11	 11.92	 0.29	 56.96	 0.87	 121.67
Spring	 378	 0.92	 0.54	 80.36	 0.15	 20.13	 0.21	 38.06	 1.14	 149.61
Summer	 252	 0.94	 0.74	 105.20	 0.33	 35.11	 0.25	 44.57	 1.43	 167.18
Autumn	 252	 0.90	 0.23	 32.51	 0.09	 10.50	 0.06	 13.12	 0.54	 64.47
Annual	 1206	 0.92	 0.51	 76.74	 0.25	 32.33	 0.06	 13.12	 1.43	 167.18

Figure 1	 Correlation between harvested fresh weight yield 
(FWY) and the scanned LiDAR volume (LV) for 
each of 1206 paired-row plots randomly sampled 
and scanned at harvests between August 2018 
and April 2019 in a perennial ryegrass breeding 
trial at Ruakura. Winter, spring, summer and 
autumn correlations were R2 = 0.81, 0.92, 0.94 and 
0.90, respectively.
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Autumn 252 0.90 0.23 32.51 0.09 10.50 0.06 13.12 0.54 64.47 
Annual 1206 0.92 0.51 76.74 0.25 32.33 0.06 13.12 1.43 167.18 
                      
 
Table 2: Seasonal summary of DM yield and LIDAR volume (LV) data collected from 504 
paired-row plot harvests from the Ruakura breeding trial site between August 2018 and April 
2019. DM = Dry Matter percent, n = number of observations, r2 = correlation coefficient. 
                        
      Mean Standard deviation Minimum Maximum 

Season n r2 

DM 
yield 
(kg) LV 

DM 
(%) 

DM 
yield 
(kg) LV 

DM 
(%) 

DM 
yield 
(kg) LV 

DM 
yield 
(kg) LV 

Winter 55 0.87 0.12 86.98 21.67 0.03 14.90 0.99 0.07 61.20 0.17 116.63 
Spring 144 0.73 0.12 72.68 25.17 0.03 16.63 1.74 0.07 42.39 0.21 119.08 
Summer 161 0.87 0.18 107.50 27.82 0.06 34.64 2.12 0.07 44.57 0.32 163.76 
Autumn 144 0.79 0.09 33.06 39.21 0.03 11.11 4.41 0.03 13.68 0.21 62.26 
Annual 504 0.79 0.13 74.05 28.47 0.06 37.11 2.32 0.03 13.68 0.32 163.76 
    

 
                  

Comparison of LV and FW data revealed correlations (r2) ranging from 0.81 in winter to 0.94 in 
summer (Figure 1, Table 1). A linear response is observed across all seasons for FW, although 
this deteriorates in summer and plateaus at very high FW values.  
 
Correlations of LV and DM yield ranged from r2 = 0.73 in spring to 0.87 in summer (Figure 2, 
Table 2). Similar to FW, a linear response is observed within winter, spring and autumn for DM 
yield. The linear trend for summer broke down at very high levels of DM, values well beyond 
the level of management parameters for herbage accumulation prior to grazing. The slope of the 
response was less (P<0.05) in autumn than the other seasons (Figure 2) which coincided with a 
higher DM% (Table 2) in autumn than the other seasons.  
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Table 2	 Seasonal summary of DM yield and LiDAR volume (LV) data collected from 504 paired-row plot harvests from the 
Ruakura breeding trial site between August 2018 and April 2019. DM = Dry Matter percent, n = number of observations, 
R2 = correlation coefficient. 	 

 	 Mean	 Standard deviation	 Minimum	 Maximum

Season	 n	 R2	 DM 		  DM	 DM		  DM	 DM		  DM
			   yield 	 LV	  (%)	 yield	 LV	 (%)	 yield	 LV	 yield 	 LV
			   (kg)			    (kg)			   (kg)		  (kg)	

Winter	 55	 0.87	 0.12	 86.98	 21.67	 0.03	 14.90	 0.99	 0.07	 61.20	 0.17	 116.63
Spring	 144	 0.73	 0.12	 72.68	 25.17	 0.03	 16.63	 1.74	 0.07	 42.39	 0.21	 119.08
Summer	 161	 0.87	 0.18	 107.50	 27.82	 0.06	 34.64	 2.12	 0.07	 44.57	 0.32	 163.76
Autumn	 144	 0.79	 0.09	 33.06	 39.21	 0.03	 11.11	 4.41	 0.03	 13.68	 0.21	 62.26
Annual	 504	 0.79	 0.13	 74.05	 28.47	 0.06	 37.11	 2.32	 0.03	 13.68	 0.32	 163.76
 	  		   	  		   	  		   	 	 	 

Figure 2	 Correlation between harvested dry matter yield 
(DMY) and the scanned LiDAR volume (LV) for 
each of 504 paired-row plots randomly sampled 
and scanned at harvest between August 2018 and 
April 2019 in a perennial ryegrass breeding trial 
at Ruakura. Winter, spring, summer and autumn 
correlation with DMY were R2 = 0.87, 0.73, 0.87 
and 0.79, respectively.

5 
 

 
 
Figure 1. Correlation between harvested fresh weight yield (FWY) and the scanned LIDAR 
volume (LV) for each of 1206 paired-row plots randomly sampled and scanned at harvests 
between August 2018 and April 2019 in a perennial ryegrass breeding trial at Ruakura. Winter, 
spring, summer and autumn correlations were r2 = 0.81, 0.92, 0.94 and 0.90, respectively. 
 
 

 
 
 
Figure 2. Correlation between harvested dry matter yield (DMY) and the scanned LIDAR 
volume (LV) for each of 504 paired-row plots randomly sampled and scanned at harvest between 
August 2018 and April 2019 in a perennial ryegrass breeding trial at Ruakura. Winter, spring, 
summer and autumn correlation with DMY were r2 = 0.87, 0.73, 0.87 and 0.79, respectively. 
 
Discussion 
These data suggest it is possible to rapidly and accurately assess yield in ryegrass paired-rows in 
the Waikato, at an accuracy comparable to that observed in Canterbury for single row plots 
(Barrett et al. 2018). Overall, the accuracy of the LIDAR in estimating both FW and DM yield 
compares favourably with prior reports for this LIDAR system (Barrett et al. 2018; Ghamkhar et 
al. 2018) and is a substantial advance on traditional methods (Smith et al. 2001).  
 
The level of accuracy achieved here, ranging from 0.73 to 0.87 compares favourably with the r2 
= 0.76 for pasture grass assessment using a more complex system relying on LIDAR augmented 
with an additional sensor providing normalised difference vegetation index data (Schaefer & 
Lamb 2016). Ongoing improvements in the accuracy of the LIDAR scans may be achievable 
through factoring-in field trial format, germplasm characteristics, and continued algorithm 
improvements among other factors.  
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The slope of the response was less (P<0.05) in autumn 
than the other seasons (Figure 2) which coincided 
with a higher DM% (Table 2) in autumn than the other 
seasons. 

Discussion
These data suggest it is possible to rapidly and 
accurately assess yield in ryegrass paired-rows in the 
Waikato, at an accuracy comparable to that observed 
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in Canterbury for single row plots (Barrett et al. 2018). 
Overall, the accuracy of the LiDAR in estimating both 
FW and DM yield compares favourably with prior 
reports for this LiDAR system (Barrett et al. 2018; 
Ghamkhar et al. 2018) and is a substantial advance on 
traditional methods (Smith et al. 2001). 

The level of accuracy achieved here, ranging from 
0.73 to 0.87 compares favourably with the R2 = 0.76 for 
pasture grass assessment using a more complex system 
relying on LiDAR augmented with an additional sensor 
providing normalised difference vegetation index data 
(Schaefer & Lamb 2016). Ongoing improvements in 
the accuracy of the LiDAR scans may be achievable 
through factoring-in field trial format, germplasm 
characteristics, and continued algorithm improvements 
among other factors. 

Plant breeders using visual assessment for DM yield 
typically have a varying degree of accuracy ranging 
from R2 = 0.23 to 0.75 for breeding rows and 0.16 
to 0.85 for plots (Smith et al. 2001), and also vary 
among breeders, suggesting LiDAR scanning offers a 
substantial improvement in the quality of data available 
to support breeder decision making, which can be 
acquired at a speed similar to or above that achieved 
when collecting data by visual assessment.

The significant interaction of season by LV for DM 
yield prediction (Figure 2) suggests there is opportunity 
to further improved accuracy with the modification 
of algorithms for seasonal and/or regional conditions, 
or to incorporate a DM% sensor as an additional data 
source. The impact of changes in DM% may also 
have implications for measuring among differing 
populations of ryegrass and different species, including 
those differing in ploidy. 

The high levels of accuracy within season suggest 
there may be potential to undertake repeated scanning 
during regrowth phases to monitor accumulation of 
dry matter over time. This could lead to assessment 
of growth rate on a weekly or even daily basis as a 
trait of interest in pasture grass breeding. The LiDAR 
sensor and its high level of accuracy may also create 
possibilities for agronomy and farm management 
applications where accurate, real-time and non-
destructive assessment of pasture mass is of value. The 
technology may have applications in agronomy and 
pasture management and may be improved through use 
of seasonal or other context specific algorithms.

Conclusion
Use of mobile, non-destructive LiDAR scanning in the 
field to acquire dry matter yield data in trials evaluating 
perennial ryegrass breeding lines is further validated 
by this research, enabling levels of scale, accuracy 
and efficiency previously unattainable in forage plant 
breeding. This offers a substantial improvement on 

current practice, and addresses a major, longstanding 
bottleneck in data collection for the major economic 
trait (i.e. yield) in forage plant breeding. 
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