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Abstract: Mechanised non-contact, non-destructive imaging methodologies have revolutionised
plant phenotyping, increasing throughput well beyond what was possible using traditional manual
methods. Quantifying the variation in post-harvest material such as seeds and fruits, usually the
economically important part of the crop, can be critical for commercial quality assessment as well
as breeding and research. Therefore, reliable methods that gather metrics of interest, quickly and
efficiently, are of widespread interest across sectors. This study focuses on evaluating the phenotyping
capabilities of the Cgrain Value™, a novel grain imaging machine designed for quality and purity
assessment and used primarily in commercial cereal production and processing. The performance of
the Cgrain Value™ in its generation of high-throughput quantitative phenotypic data is compared
with a well-established machine, MARVIN, assessing repeatability and reproducibility across a range
of metrics. The findings highlight the potential of the Cgrain Value™, and some shortcomings, to
provide detailed three-dimensional size, shape, and colour information rapidly, offering insights into
oat grain morphology that could enhance genome-wide association studies and inform the breeding
efforts in oat improvement programmes.
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1. Introduction

High-throughput, non-destructive precision technologies to assess the variation present
in breeding populations and diversity collections are essential to accelerate the develop-
ment of new varieties that address emerging challenges such as disease and climate change
as well as to identify the underlying genes controlling traits. Linking the variation in
phenotypic traits with explanatory genetic and environmental factors typically requires
large datasets. The construction of such datasets is costly, particularly in terms of labour.
Mechanised and other systematic approaches can reduce the cost per data point. Thus,
high-throughput methodologies for the collection of plant phenotypic data can improve the
quality and efficacy of genome association studies over a range of species and measured
characters [1].

The measurement of cereal grain size and shape traits via image-based methodologies
have been found to be effective in successful genome-wide association mapping. For
example, data collected by the MARVIN Seed analyzer (GTA Sensorik GmbH) (hereafter
“MARVIN”) have been used to find QTLs associated with the variation in grain geometry
in wheat [2–4], barley [5,6], and triticale [7,8]. MARVIN has also been used to determine
the effect of the environment on grain size parameters [9]. Other more bespoke imaging
equipment have been used to reveal the genetic control of grain size and shape traits
in sorghum [10], using the SeedCount SC5000 (Next Instruments, Condell Park, NSW,
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Australia) and the Crop Grain Appearance Quality Scanning Machine (SC-E, Wanshen
Technology Company, Hangzhou, China) in wheat [11]. Open-source software packages
such as “GrainScan” [12] and “SmartGrain” [13], developed for use with “off the shelf”
imaging equipment have also been used in successful QTL mapping in, for example, durum
wheat [14] and rice [15]. These examples by no means constitute an exhaustive list, but
the predominant method for high-throughput cereal grain size and shape data collection
at time of writing utilises MARVIN. The data collected by MARVIN in these studies is
predominantly two-dimensional (2-D), and in many cases, also lacks colour information.
While MARVIN analysis has been very successful, the data provided limit a more nuanced
understanding of the genetic origins of shape. Some mid-throughput equipment and
methodologies have been implemented to capture three-dimensional (3-D) size and shape
data of seeds, such as the “phenoSeeder” [16], which is based on a pick-and-place robot
with high precision scales and 3-D imaging stations, uCT scanning [17–19], and point cloud
analysis [20]. However, the relatively low throughput of these methodologies render them
less suitable for genetic analysis.

The grain colour of oats is industrially significant, but difficult to measure accurately
and consistently. The current systems are based on human eye perception and classifying
into one group of named colours including “white”, “yellow”, “red”, “tan”, “grey”, “black”,
and various combinations thereof [21,22]. Oat husk colour varies by genotype and despite
being largely unrelated to the appearance and quality of the valuable groat within, there
are industrial market preferences for certain colours, particularly for “white” or “bright”
oats for both human and animal consumption [23–25]. Oat grain colour is also commonly
used in industry to detect problems—e.g., immature grains, mould, insects, or drying
damage [26–28].

The Cgrain Value™ (Cgrain AB, Uppsala, Sweden) (hereafter “Cgrain”), principally
developed for the rapid assessment of cereal quality and purity in end-use industrial appli-
cations such as mills and maltings, provides 3-D metrics [29,30]. By means of a right-angled,
mirrored imaging surface (Figure 1) and AI-based modelling by an integrated computer,
the machine is capable of predicting the 3-D geometry, weight, and colour information from
a single image-capture step at a rate of several grains per second. The machine therefore has
the potential to offer an enhanced dataset at little or no cost in terms of sample processing
time when compared to other mainstream grain phenotyping equipment.
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Figure 1. Example of an image of an oat grain as captured by the Cgrain Value™. The angled mirror
allows for almost complete visualisation of the grain surface, from which predictions of 3-D structure
and colour can be made.
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However, the Cgrain system has not previously been compared to other seed mea-
suring equipment in a research setting. Here, we report a benchmarking study of Cgrain
against MARVIN for the traits that both devices measure, using a large mapping pop-
ulation of oats that is currently under development within the breeding programme in
Aberystwyth. Additionally, we report the high-throughput collection of predicted 3-D grain
size and shape data as well as grain colour. We compare the data on a sample-by-sample
basis (or plant-by-plant in the context of this study) to that collected by MARVIN, and the
repeatability and reproducibility of the Cgrain results are also reported. Table 1 compares
the relevant capabilities of the machines used in the test.

Table 1. Description of the relevant measurement capabilities of the machines under investigation.

Measurement Units Definition
Machine Capability

MARVIN Cgrain

Whole Sample

Grain count n/a Total number of grains detected in the sample. Y Y

TGW g Estimation of the total weight of 1000
representative grains of the sample. Y Y

Individual Grains

Grain weight mg Estimation of the weight of the grain. N Y

Grain length mm Longest continuous linear distance between
two points on the outermost edge of the grain. Y Y

Grain width mm
Longest continuous linear distance between

two points on the outermost edge of the grain,
perpendicular to the length measurement.

Y Y

Grain area mm2 Area of background obscured by a single image
of the grain. Y Y

Grain thickness mm

The shortest maximum width of the grain in
any orientation about the length axis, i.e., the

smallest possible width slot (of infinite length)
through which the grain can fully pass.

N Y

Grain volume mm3 Total apparent volume in space occupied by the
grain, which is assumed continuously solid. N Y

Grain colour RGB/HSL Average pixel colour of segmented grain image N Y

2. Materials and Methods
2.1. Plant Material and Growing Conditions

Gerald and Mascani, two popular UK varieties of husked winter oats, and 138 F5
progeny from a cross between these 2 varieties were used for this study. A total of 3 repli-
cates of 138 individual F5 plants along with the parents were grown from September 2022
to April 2023. F4 seeds were sown in 6 cm pots in Levington F2 compost and germinated
for 7 days before vernalisation for 4 weeks (5 ◦C, 12 h day length), watering as required.
Vernalised seedlings were transplanted to 3.5 L pots of the same compost and allowed to
establish for 10 days before they were transferred in a randomised block design to the Lem-
naTec automated phenotyping platform (LemnaTec, Wuerselen, Germany) in glasshouses
at IBERS, Aberystwyth University. Plants were retained on the system to maturity and
harvest ripeness with 16 h daylength provided with top-up LED lighting, as required, to
450 µM/m2/s under a temperature regime of 18 ◦C by day and 15 ◦C by night. Daily
automated watering maintained compost at 65% field capacity until GS91, where water-
ing ceased. The ripe panicles were harvested by hand and threshed using a laboratory
threshing machine (Hans-Ulrich Hege Saatzuchtmaschinen GmbH, Hohebuch, Germany).
The seed samples were cleaned of debris and chaff by hand. Care was taken to manually
pull apart any remaining multiple-kernel spikelets into individual grains. Only samples
containing sufficient seed for the next generation of plants (≥25 seeds) were included in
the analysis. In total, 78,259 seeds from 372 plants were analysed.
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2.2. Seed Counting and Thousand Grain Weight Analysis

For the determination of seed number and Thousand Grain Weight (TGW), seeds
from each plant were counted using a Data Count S-25 seed counter (Data Technologies
Ltd., Tsor’a, Israel) and weighed to 2 decimal places on a Precisa XB 220A balance (Precisa
Gravimetrics AG, Dietikon, Switzerland). TGW was determined by the formula:

TGW = Total Weight of Sample × 1000
Total Number of Grains in Sample

2.3. MARVIN Image Analysis

Grain length (mm), width (mm), and area (mm2) data were collected from all seeds
produced from each plant. These measurements are collected automatically for each “object”
detected by the machine, the code for which is not available to the user and therefore cannot
be further defined here. Data collection comprised several individual sample presentations
and image capture events per plant: grains were tipped onto the imaging tray in batches
of approximately 100 for image capture, and this was repeated until all seeds from a
given plant were imaged. Seeds were left in their randomly adopted resting position. For
geometric measurements, any multiple seed units and overlapping/touching seeds were
removed by using an area threshold of 55 mm2. This threshold successfully removes any
multiple seed units across all genotypes while removing very few genuine single grains.
TGW (an automatic output for each image but not for a whole sample) for each plant from
the MARVIN analysis was made by the following formula:

TGW =
Total Weight Analysed
Total Objects Identified

× 1000

Grain roundness was calculated for each grain by its width-to-length ratio, resulting
in a number between 0 and 1, with a score of 1 being perfectly circular:

Grain Roundness =
Grain Width
Grain Length

2.4. Cgrain Image Analysis

The Cgrain can hold and analyse one bulk grain sample at a time up to a maximum
of approximately 500 g for oats. In each instance, the entire sample was tipped into
the machine’s sample inlet and the oat grains were automatically presented to the image
capture area at a steady rate by means of the integrated vibrating bowl, which automatically
adjusts the speed of the vibration to maintain a sampling rate of approximately 5–7 seeds
per second. For each sample, the Cgrain was allowed to operate until all grains had
passed over the imaging surface and into the collection drawer below, from which they
were recovered before the next sample was analysed. The calibration used, “Cgrain Oats
v.1”, is a non-optimised, generic oat calibration used for demonstration purposes and was
provided by the manufacturer.

A representative estimation of TGW for the whole sample is made by the Cgrain—this
result is a function of seed count and total weight but is also adjusted based on the image
classifications and individual seed measurements. The final TGW result is an output of
the integrated Artificial Neural Network (ANN), the code for which is not accessible to
the user and is proprietary in nature, so it cannot be further defined here (this is the case
for all automatically outputted Cgrain metrics). The Cgrain also estimates the weights of
each individual grain by the same method. The Cgrain therefore outputs two different
results for TGW, one based on the entire sample as discussed above (TGWANN), and
another result equal to the mean estimated grain weight from the sample, multiplied by a
thousand (TGWCalc).

Grain roundness (not an automatic output of the Cgrain analysis) was calculated in
the same way as for MARVIN using the “length” and “width” parameters.
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Cross-sectional grain roundness was calculated for each seed by its thickness-to-width
ratio, resulting in a number between 0 and 1, with a score of 1 being perfectly circular:

Cross Sectional Grain Roundness =
Grain Thickness

Grain Width

All samples were analysed in duplicate and plant means were taken from the two sets
of results for all measurements.

2.5. Statistical Analysis

Statistical analysis was carried out using R (version 4.3.2) in the R Studio environment.
Arithmetic mean results per plant for each of the traits under investigation were calculated,
except for colour. Mean grain colour per plant in the RBG colour space is estimated using
the quadratic mean of the RGB (0–255) values as follows:

Mean Red =

√
∑ r2

n
, Mean Green =

√
∑ g2

n
, Mean Blue =

√
∑ b2

n

Mean grain colour per plant in the HSL colour space is estimated using the arithmetic
mean of saturation and light, and the circular mean of hue as follows (adapted from [31]):

Mean hue = arctan2
(
∑n

i=1 sin[huei], ∑n
i=1 cos[huei]

)
Final genotype trait means for the measured traits are calculated as the means of the

individual per-plant means.
For per-plant trait means that returned normally distributed data when tested with the

Shapiro–Wilk test, significance of differences between genotypes was assessed by ANOVA,
and a paired T-test was carried out to assess significance of differences between machines.
For non-parametric data, significance of differences between genotypes was assessed by
the Kruskal–Wallis test and significance of differences between machines were assessed
using the Wilcoxon Signed Rank Test. Linear correlations and corresponding r-values
for equivalent measurements were made using least squares linear regression. Bland–
Altman analysis was carried out on equivalent measurements to show the relationship
between results and the limits of agreement. Where the quantitative differences between
measurements are non-parametric when tested by the Shapiro–Wilk test, the 95% limits of
agreement are estimated by the 2.5th and 97.5th percentiles. For quantitative differences
between measurements that are accepted the Shapiro–Wilk test, the 95% limits of agreement
are set by the mean difference (bias), +/−1.96 standard deviations [32].

For repeatability assessment between the duplicate analyses through the Cgrain, a
coefficient of variation (CV) for duplicate measurements is calculated as follows [33]:

CV(%) = 100 ×

√√√√∑
(

d
m

)2

2n

where d is the difference between duplicates, m is the duplicate mean, and n is the total
number of plants.

To visualise trait associations, correlation plots are made for the final genotype means
for both machines using the Pearson method. Biplots of the first and second principal
components are made for both machines [34].

3. Results

First, we compare the TGW, obtained using a manual reference method common in
the industry, versus both MARVIN and the two outputs for the TGW from the Cgrain.
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We then compare the measurement types that are common to both MARVIN and Cgrain.
Finally, we report the data captured only by Cgrain.

3.1. Thousand Grain Weight

Shapiro–Wilk tests suggest that the TGW data produced for all plants in the population
by the manual method and Cgrain TGWANN are non-parametric (W = 0.99 and 0.99,
p-value = 0.04 and 0.05, respectively) while the MARVIN and Cgrain TGWCalc data can be
treated as normal (W = 0.99 and 0.99, p-value = 0.20 and 0.07, respectively). The TGW varied
significantly by genotype for the manual method and for all three predictive methodologies
(Manual: Kruskal–Wallis Test, p-value < 0.0001, MARVIN: ANOVA, p-value < 0.0001,
TGWANN: Kruskal–Wallis Test, p-value < 0.0001, TGWCalc: ANOVA, p-value < 0.0001).

All three prediction methods produced TGW results that showed a strong linear
relationship to the manual data (r > 0.89) (Figure 2). The TGW estimation by MARVIN for
each plant was significantly higher than the manual result (Wilcoxon Signed Rank Test,
p ≤ 0.0001) with a mean difference of +1.5 g. The TGW estimation data by calculation from
the Cgrain mean estimated seed weight (TGWCalc) was not significantly different from the
manual result (Wilcoxon Signed Rank Test, p = 0.22). The ANN-generated TGW prediction
by Cgrain (TGWANN) showed significantly lower TGW than the manual method (Wilcoxon
Signed Rank Test, p < 0.0001) with a mean difference of −2.7 g.

Seeds 2024, 3, FOR PEER REVIEW 7 
 

 

 
Figure 2. (A–C) Scatter plots of manual TGW (g) vs. TGW (g) as predicted by MARVIN, by Cgrain 
calculation from mean seed weight (TGWCalc), and Cgrain ANN output (TGWANN) with linear re-
gression lines and corresponding r values and line equations. (D–F) Scatter plots of manual TGW 
(g) vs. TGW (g) as predicted by MARVIN, by calculation from Cgrain mean seed weight (TGWCalc), 
and Cgrain ANN output (TGWANN), shown with the line of equality (y = x) for the manual TGW (g) 
data. 

3.2. All Seeds—Grain Length 
In addition to obtaining data on the mean grain parameters of each plant, both 

MARVIN and Cgrain provide data on each individual seed that is analysed. This reveals 
the wide range of sizes found within the grain from an individual plant. For example, the 
distribution of length measurements of each individual grain analysed by MARVIN and 
Cgrain are shown in Figure 3. The MARVIN data have more longer grains, whereas the 
Cgrain analysis indicates a much tighter distribution of grain lengths with no grain longer 
than 19.2 mm. Oat grain length data distribution for both machines is non-parametric and 
multi-modal. The distributions differ significantly between machines (Wilcoxon Signed 
Rank Test, p < 0.0001). 

Figure 2. (A–C) Scatter plots of manual TGW (g) vs. TGW (g) as predicted by MARVIN, by Cgrain
calculation from mean seed weight (TGWCalc), and Cgrain ANN output (TGWANN) with linear
regression lines and corresponding r values and line equations. (D–F) Scatter plots of manual TGW
(g) vs. TGW (g) as predicted by MARVIN, by calculation from Cgrain mean seed weight (TGWCalc),
and Cgrain ANN output (TGWANN), shown with the line of equality (y = x) for the manual TGW
(g) data.

3.2. All Seeds—Grain Length

In addition to obtaining data on the mean grain parameters of each plant, both MAR-
VIN and Cgrain provide data on each individual seed that is analysed. This reveals the
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wide range of sizes found within the grain from an individual plant. For example, the
distribution of length measurements of each individual grain analysed by MARVIN and
Cgrain are shown in Figure 3. The MARVIN data have more longer grains, whereas the
Cgrain analysis indicates a much tighter distribution of grain lengths with no grain longer
than 19.2 mm. Oat grain length data distribution for both machines is non-parametric and
multi-modal. The distributions differ significantly between machines (Wilcoxon Signed
Rank Test, p < 0.0001).
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in the study as predicted by the two machines.

3.3. Plant Means—Grain Length, Width, Roundness, and Area
3.3.1. Grain Length

A Shapiro–Wilk test suggested that the mean grain length for all plants in the population
assumes a non-parametric distribution when measured by MARVIN (W = 0.99, p-value = 0.02)
and is normally distributed when measured by Cgrain (W = 1.0, p-value = 0.32). The mean
grain length per plant was significantly different between genotypes for both machines
(MARVIN: Kruskal–Wallis Test, p-value < 0.0001, Cgrain: ANOVA, p-value < 0.0001).

The mean grain length per plant was significantly lower when measured by Cgrain
compared to MARVIN (Wilcoxon Signed Rank Test, p < 0.0001) but the mean length data
were strongly correlated between the two machines (r = 0.94) (Figure 4A).

The plot of the results, as compared to the line of equality (Figure 4B) and the Bland–
Altman plot (Figure 5A), shows a proportional bias: as the grain length increases, the extent
to which Cgrain apparently underpredicts the grain length also increases. For the Bland–
Altman analysis, the limits of agreement are predicted by the 2.5th and 97.5th percentiles,
meaning approximately 95% of the plant mean grain length results when measured by
Cgrain were between equal (0.0 mm) and 1.3 mm lower than the MARVIN prediction, with
a mean bias of −0.5 mm.
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with linear regression line and corresponding r value and line equation. (B) Scatter plot of mean
grain length when measured by MARVIN vs. Cgrain, shown with the line of equality (y = x) for the
MARVIN data. (C) Scatter plot of mean grain width when measured by MARVIN vs. Cgrain, shown
with linear regression line and corresponding r value and line equation. (D) Scatter plot of mean
grain width when measured by MARVIN vs. Cgrain, shown with the line of equality (y = x) for the
MARVIN data. (E) Scatter plot of mean grain roundness when measured by MARVIN vs. Cgrain,
shown with linear regression line and corresponding r value and line equation. (F) Scatter plot of
mean grain roundness when measured by MARVIN vs. Cgrain, shown with the line of equality
(y = x) for the MARVIN data. (G) Scatter plot of mean grain area when measured by MARVIN vs.
Cgrain, shown with linear regression line and corresponding r value and line equation. (H) Scatter
plot of mean grain area when measured by MARVIN vs. Cgrain, shown with the line of equality
(y = x) for the MARVIN data.
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3.3.2. Grain Width

A Shapiro–Wilk test suggested that mean grain width for the all plants in the popula-
tion assumes a normal distribution for both machines (MARVIN: W = 1.0, p-value = 0.71,
Cgrain: W = 1.0, p-value = 0.89). The mean grain width per plant was significantly differ-
ent between genotypes for both machines (MARVIN: ANOVA, p-value < 0.0001, Cgrain:
ANOVA, p-value < 0.0001).

The mean grain width per plant was significantly higher when measured by Cgrain
compared to MARVIN (Wilcoxon Signed Rank Test, p < 0.0001). The Cgrain mean width
data were moderately well correlated to that collected by MARVIN (r = 0.86) (Figure 4C).

The plot of the results, as compared to the line of equality (Figure 4D) and the Bland–
Altman plot (Figure 5B), does not appear to show any strong discernible proportional bias.
For the Bland–Altman analysis, the limits of agreement are predicted by the 2.5th and
97.5th percentiles, meaning approximately 95% of the plant mean grain width results when



Seeds 2024, 3 445

measured by Cgrain were between 0.21 mm higher and 0.03 mm lower than the MARVIN
prediction, with a mean bias of +0.07 mm.

3.3.3. Grain Roundness

A Shapiro–Wilk test suggested that the mean grain roundness for the all plants in
the population assumes a normal distribution for both machines (MARVIN: W = 1.0,
p-value = 0.87, Cgrain: W = 1.0, p-value = 0.49). The mean grain roundness per plant
was significantly different between genotypes for both machines (MARVIN: ANOVA,
p-value < 0.0001, Cgrain: ANOVA, p-value < 0.0001).

The mean grain roundness per plant was significantly higher when measured by
Cgrain compared to MARVIN (Wilcoxon Signed Rank Test, p < 0.0001. The Cgrain mean
roundness data were strongly correlated to that collected by MARVIN (r = 0.90) (Figure 4E).

The plot of the results, as compared to the line of equality (Figure 4F) and the Bland–
Altman plot (Figure 5C), does not appear to show any strong discernible proportional bias.
For the Bland–Altman analysis, the limits of agreement are predicted by the 2.5th and
97.5th percentiles, meaning approximately 95% of the plant mean grain roundness results
when measured by Cgrain were between 0.004 lower and 0.029 higher than the MARVIN
prediction, with a mean bias of +0.015.

3.3.4. Grain Area

A Shapiro–Wilk test showed that the mean grain area for the all plants in the popu-
lation assumes a normal distribution for both machines (MARVIN: W = 0.99, p-value =
0.085, Cgrain: W = 0.99, p-value = 0.11). The mean grain area per plant was significantly
different between genotypes for both machines (MARVIN: ANOVA, p-value < 0.001, Cgrain:
ANOVA, p-value < 0.001).

The mean grain area per plant was significantly lower when measured by Cgrain
compared to MARVIN (Wilcoxon Signed Rank Test, p < 0.0001). The Cgrain mean area data
were strongly correlated to that collected by MARVIN (r = 0.96) (Figure 4G).

The plot of the results, as compared to the line of equality (Figure 4H) and the Bland–
Altman plot (Figure 5D), suggests a weak proportional bias: as grain area increases, the
extent to which Cgrain apparently underpredicts grain area also increases. For the Bland–
Altman analysis, the limits of agreement are predicted by the 2.5th and 97.5th percentiles,
meaning approximately 95% of plant mean grain area results when measured by Cgrain
were between 1.4 mm2 lower and 4.4 mm2 lower than the MARVIN prediction, with a
mean bias of −2.9 mm2.

3.4. Cgrain Specific Traits: Grain Weight, Thickness, Cross-Sectional Roundness, and Volume

Additional per-grain morphometric traits that are not obtainable from MARVIN are
measured by Cgrain. These include grain weight, 3-D estimations of thickness (and the
derivative cross-sectional roundness), and volume.

The mean grain weight as measured by Cgrain has been separately discussed as
TGWCalc, (which is the same number as mean grain weight in milligrammes): the distri-
bution can be assumed normal and there are significant differences between genotypes.
(Shapiro–Wilk test: W = 0.99, p-value = 0.07, ANOVA: p-value < 0.0001) (Figure 6A).

A Shapiro–Wilk test suggested that the mean grain thickness for the all plants in the
population as determined by Cgrain assumes a non-parametric distribution (W = 0.99,
p-value < 0.01) (Figure 6B). The mean grain thickness per plant varied significantly between
genotypes (Kruskal–Wallis Test, p-value < 0.0001).

A Shapiro–Wilk test suggested that the mean grain cross-sectional roundness for all
plants in the population as determined by Cgrain assumes a non-parametric distribution
(W = 0.99, p-value = 0.03) (Figure 6C). The mean grain cross-sectional roundness per plant
varied significantly between genotypes (Kruskal–Wallis Test, p-value < 0.0001).
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Figure 6. Histograms showing the distributions of per-plant means for the additional morphometric
traits estimated by Cgrain: (A) mean grain weight, (B) mean grain thickness, (C) mean cross-sectional
grain roundness, and (D) mean grain volume.

A Shapiro–Wilk test suggested that the mean grain volume for the all plants in the
population as determined by Cgrain is normally distributed (W = 1.0, p-value = 0.90)
(Figure 6D). The mean grain volume per plant varied significantly between genotypes
(ANOVA, p-value < 0.0001).

3.5. Cgrain: Repeatability of Geometric Measurements

The seeds from all plants were analysed twice with Cgrain and a comparison between
the two sets of results obtained was made. With the exception of the mean grain length,
geometric measurements were significantly different between passes. Repeat analyses
correlated strongly (r ≥ 0.94) with the exception of the mean grain cross-sectional roundness,
which was relatively poor (r = 0.82). Table 2 summarises the differences/agreement between
the two replicates for the overall plant means of grain morphometric measurements.

Table 2. Comparison of the 1st and 2nd passes of each plant sample through the Cgrain.

Measurement r
Wilcoxon

Signed Rank
Test p-Value

Median
Paired

Difference 1

Median Difference
95% Confidence

Interval 2

95% Limits of
Agreement 3

Coefficient of
Variation (CV)

(%)

Mean grain
weight (mg) 0.94 <0.0001 −0.35 −0.48, −0.23 −3.8, +3.8 2.2

Grain length (mm) 0.96 0.13 −0.01 −0.02, +0.00 −0.4, +0.3 1.0
Grain width (mm) 0.95 <0.0001 −0.016 −0.020, −0.014 −0.04, +0.10 0.9
Grain roundness 0.94 <0.0001 −0.0012 −0.0016, −0.0008 −0.008, +0.010 1.3

Grain thickness (mm) 0.96 <0.0001 −0.009 −0.012, −0.006 −0.05, +0.08 0.7
Cross-sectional grain

roundness 0.82 <0.001 +0.0015 +0.0007, +0.0023 −0.016, +0.015 0.7
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Table 2. Cont.

Measurement r
Wilcoxon

Signed Rank
Test p-Value

Median
Paired

Difference 1

Median Difference
95% Confidence

Interval 2

95% Limits of
Agreement 3

Coefficient of
Variation (CV)

(%)

Grain area (mm2) 0.95 <0.0001 −0.14 −0.18, −0.09 −1.0, +1.2 1.4
Grain volume (mm3) 0.98 <0.0001 −0.34 −0.44, −0.24 −1.5, +3.0 1.4

1 Median of 2nd pass minus 1st pass for each plant. 2 From Wilcoxon signed rank test. 3 The 2.5th and 97.5th
percentiles of paired differences.

3.6. Association between Grain Traits

A correlation plot of the genotype means of morphometrical traits from each of the
machines is given in Figure 7, with their respective correlation coefficients. Biplots of
the first (PC1) and second (PC2) principle components for the morphometrical traits as
measured by Marvin and Cgrain are shown in Figure 8. The length of the arrows indicates
the relative contribution of that trait to the overall variation between genotypes. The angle
between any pair of arrows describes the relationship between those traits with acute or
obtuse angles, respectively, indicating a positive or negative correlation. For the data from
MARVIN, grain weight was highly correlated with grain width and area. This was also
found with the data from Cgrain but this analysis revealed that the 3-D traits not measured
by MARVIN, grain thickness and grain volume, were also highly correlated with grain
weight. Grain roundness was negatively correlated with grain length for both machines.
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3.7. Cgrain: Grain Colour

The Cgrain outputs a colour measurement per grain, representing the average pixel
colour from the segmented image in both RGB and HSL formats.

In the RGB colour space, the quadratic means for grain red (R), green (G), and blue
(B) values (per plant) all formed non-parametric distributions (Shapiro–Wilk test, W = 0.99,
0.99, 0.98, p-value < 0.01, <0.001, <0.0001, respectively). R, G, and B, when tested inde-
pendently, varied significantly by genotype (Kruskal–Wallis Test, p-value < 0.0001 for all)
(Figure 9A–C).
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distribution of mean segmented grain red intensity (A), green intensity (B), blue intensity (C), hue (D),
saturation (E), and light (F) for all plants in the experiment.
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In the HSL colour space, the mean grain hue and light formed normal distributions
accepted by a Shapiro–Wilk test (W = 0.99, 1.0, p-value < 0.07, 0.84, respectively). The
distribution for saturation was rejected by the same test (W = 0.98, p-value < 0.0001). The
hue and light values varied significantly by genotype (ANOVA, p-value < 0.0001 for both).
The saturation also varied significantly by genotype (Kruskal–Wallis Test, p-value < 0.0001)
(Figure 9D–F).

4. Discussion
4.1. Summary of Findings

For all the shared plant trait measurements between the two machines used (mean
grain length, width, roundness, and area), the two machines produced data that was
well correlated but significantly different. The Cgrain overall predicted shorter, wider
grains than MARVIN. For grain length, and the length-derivative grain area, Cgrain
showed a proportional bias relative to MARVIN. Grain roundness did not appear to
show a proportional bias. The morphometric plant trait measurements estimated only by
Cgrain—mean grain weight, thickness, cross-sectional roundness, and volume showed
significant differences between genotypes. The mean grain colour also showed significant
differences between genotypes.

The Cgrain two-pass analysis showed small but statistically significant differences
between the first and second passes for the plant means for all geometric traits except mean
grain length. For all measurements, the correlation between the first and second passes were
strong, apart from cross-sectional roundness, which showed relatively poor correlation.

The two machines produced data with similar resulting trait associations.

4.2. Cgrain vs. MARVIN

The TGW data, the only character in this study that we could compare against manual
data, showed statistically significant differences between machines. TGWANN-the Cgrain
automatic “black box” output of TGW (this is the value that the machine operator sees
on the summary screen immediately after analysis) had the highest paired differences
from the manual value. These differences (mean = −2.7 g) would not be tolerable in an
industrial context but given that the relationship is linear and strongly correlated, a simple
bias adjustment in the model would likely transform the TGWANN output to an acceptable
degree of agreement. The calculated TGWCalc result from the Cgrain analysis was not
significantly different from the manual result. The MARVIN TGW results were significantly
higher than their paired manual results; the differences were modest (mean = +1.5 g) but
the correlation was the weakest of the methods tested. The larger TGW prediction when
measured by MARVIN is likely due to touching grains—these groups of two or more grains
would have been counted as single objects in the analysis and, therefore, reducing the total
object count for the same given sample weight would have elevated the TGW result. It is
possible, through careful operation of the MARVIN, to reduce the frequency of touching
grains, but this comes at the cost of a reduced throughput. In contrast, the mechanism by
which the Cgrain presents the sample into the imaging area almost completely removes
this issue. All three predictive methods for TGW have produced a dataset that could be
legitimately used for a genome-wide association study (GWAS) or a similar trait association
study. It is worth noting that the glasshouse-grown oat plants used in this study appear
to have produced atypically large grains compared to field-grown material. For example,
the parents of the mapping population, Gerald and Mascani, produced grains with a
TGW averaging 37.4 g and 45.4 g, respectively, when grown in multi-site, multi-year field
trials [9], whereas the same genotypes averaged 55.1 g and 62.1 g, respectively, in this
project. The overall TGW data in this study is substantially higher than what was seen
in several published multi-year, multi-site (temperate), and multi-cultivar studies [35–37],
and grain length is also higher than usually reported [9,38], supporting the view that the
oat grains under the test were atypically large.
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Grain lengths, when looking at the entire seed collection, display a distribution char-
acteristic of oats. The within-sample distribution of oat grain size data are of particular
interest compared to other cereal grains, due to the spikelet development and multifloret
structure. Spikelets may contain up to three grains, with the primary kernel being the
largest. The size differential between the primary and secondary or tertiary grains give
rise to bi-modal and tri-modal distributions, and the relative proportions of each from a
given plant are affected by both the environment and genotype [39,40]. This particular trait
is of interest to the milling industry and thence to the breeding programmes. The results
from this study and the distributions, illustrated in Figure 3, further support this: there
are two distinct peaks, with the largest likely to be representing primary grains, and the
smaller peak likely to be representing secondary grains, hulled groats, or a combination
thereof. The distributions for the two machines closely overlap for the smaller peak at
approximately 10 mm but are not as strongly aligned for the larger peak, which occurs
at about 14 mm for Cgrain and 15 mm for MARVIN, with the latter also having a longer
tail. It is possible that this length distribution skewing of the larger grains is due to awned
grains; the MARVIN output will add awns to the length parameter, whereas the Cgrain
ANN model may remove them as not being part of the grain. A significant contributor to
the differences in length measurement of the longer grains may be the limited size of the
Cgrain’s image capture area. During analysis on the Cgrain, image capture is triggered by
the falling grain at a rate of several grains per second. In most cases, this millisecond-precise
trigger/capture event is successful, and the resultant images look like the examples in
Figure 1. In some instances, at the point of image capture, one end of the grain is outside the
image capture area and the resultant image is of an incomplete oat (Figure 10). Intuitively,
and from the dataset produced in this study, it appears likely that this “cutting” of oats
is more likely to occur for longer grains than shorter ones. The image capture area of the
Cgrain instrument is approximately 19.1 mm long, which serves as a theoretical maximum
grain length, but from the entire Cgrain dataset in this study, the longest grain successfully
captured fully within the image capture area was 16.7 mm. The Cgrain can classify these
problem images as “cut”, but exactly how they are handled by the ANN is unknown. The
length data in the raw output (and length-derivative data such as area and volume) appear
to represent only the oat that is seen, i.e., there is no artificial extrapolation or modelling to
predict the final geometry of an incomplete oat. MARVIN, by contrast, has a significantly
larger imaging area (200 mm × 200 mm) and therefore has no practical upper limit of oat
grain length prediction.
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Cgrain underpredicts the mean grain length per plant relative to MARVIN, and the
extent worsens as the mean grain length increases. The plots in Figures 4 and 5 show a
grouping of data for the Cgrain mean grain length analysis that appear non-linear relative
to MARVIN and is possibly asymptotic to the maximum possible mean grain length that
the Cgrain is able to predict.
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This limitation of grain length appears to be a sizable disadvantage of the Cgrain
when measuring oat material with larger grains. As previously discussed, the oat grains
in this study are substantially larger than usually seen from field grown material. It is
possible, therefore, that the material presented to the Cgrain in this study was sufficiently
atypically large that some of the grains were outside its scope of operation. It is also
possible that the Cgrain could be physically optimised (e.g., zooming out of the camera) to
increase the maximum grain size but this feature is not currently available as an operator-
level adjustment.

Despite this apparent limitation, the Cgrain produced a dataset for grain length that
correlated well with MARVIN data over the range of genotypes examined. Since there
was significant variation between genotypes, the Cgrain data could therefore be deemed
suitable for genetic analysis.

The mean grain width per plant was significantly higher when measured by Cgrain
relative to MARVIN, with a mean bias of 0.07 mm, but the data obtained from the two
machines was highly significantly correlated. This relatively small bias is unlikely to be a
concern at an industrial level, but the upper 95% limit of agreement at 0.21 mm would be
significant. This observed difference could be due to the rotational orientation of grains
in the MARVIN tray at time of image capture. In the MARVIN analysis, oat grains are
unlikely to be resting with their widest width perfectly horizontal relative to the top-down
camera—meaning the 2-D width prediction is likely to be slightly lower than its true value,
whereas the Cgrain can make a measurement closer to the widest width of the entire grain.
This problem can be mitigated in MARVIN analysis by careful positioning of the individual
grains and resting them individually on the ventral furrow, but this is impractical at scale.
This operational issue with MARVIN is known [41]. Both machines have produced width
data that correlate well and vary significantly by genotype, with the Cgrain data possibly
revealing more nuanced width information at a higher resolution, meaning that it may be
suitable for GWAS.

The mean grain roundness per plant varied significantly between machines. Round-
ness is a function of the width and inverse length, and given that the Cgrain underpredicts
length and reports wider widths relative to MARVIN, it follows that the Cgrain generates
data with significantly higher roundness than MARVIN. Roundness (sometimes discussed
in the literature in terms of its inverse “L/W ratio”) has wide implications for quality,
storage, and processing (e.g., in the de-hulling or milling process) and is therefore an
important trait [42]. It appears that neither machine’s roundness prediction method is ideal,
with the apparent underprediction of length by Cgrain and width by MARVIN. However,
the roundness data correlates well between machines and varies significantly by genotype,
meaning that the Cgrain roundness data may be suitable for a GWAS.

The industrial relevance of the mean grain area as a trait is difficult to determine. It has
served as a proxy for overall grain size in 2-D imaging but suffers in the same way as grain
width in that the result is affected by the rotational orientation of the grain at the time of
image capture, and, in any orientation, tells little about the geometry of the grain’s vertical
plane relative to the surface. Cgrain underpredicts the area relative to MARVIN, possibly
due to the discussed issue of “cut” images and MARVIN potentially incorporating awns
into the total area where present. The statistically significant differences in the mean grain
area between the machines are proportional in the same way as grain length, i.e., as grain
area increases, the degree of disagreement also increases, suggesting the disagreement is
more strongly linked to the problem of “cut” images in the Cgrain analysis. Again, the
measurements of grain area by Cgrain are strongly correlated to the MARVIN data with
significant differences between genotypes, making the dataset potentially valid for GWAS.

The thickness of the grain is a measurement only made by Cgrain in this study. It has
industrial relevance in that the relative proportions in mechanical grain sieving fractions
and screenings (the amount of grain that passes through a calibrated sieve, usually 2.0
mm for husked oats) is an important quality trait at end use [43]. The material that
passes through the screen (known as “thrus”, “thins”, or “reject fraction”, among other
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names) is of little value and therefore genotypes with a phenotype of high screenings are
treated unfavourably in breeding and industry. The thickness parameter, being “thinner”
than width, could be more likely to give a prediction of the screening trait and could
therefore be considered with interest. This trait varied significantly between genotypes and
therefore could be considered for GWAS. The relationship between the mean grain width
and thickness is fairly strongly correlated, suggesting that the thickness of corns generally
increases linearly with increased width. But there is interesting information in that specific
relationship between the width and thickness of each grain, which we discuss in terms of
“cross-sectional roundness”.

Cross-sectional roundness has the potential to be a character of interest in the milling
industry in the same way as roundness, and is possibly a way of converting qualitative as-
sessments of “plumpness” or “boldness” into a quantitative one. Cross-sectional roundness
may also describe the depth of the ventral crease, which has implications in milling effi-
ciency [44]. Cross-sectional roundness varied significantly by genotype and could therefore
be considered suitable for GWAS.

Grain volume describes the overall 3-D space that a grain occupies and is therefore
linked to several important quality traits and yield. The manner in which oat grain volume
(and other 3-D measurements) are specifically related to processability traits or traits of
nutrition would represent an area for valuable further study. The oat grain volume in this
study showed significant variation between genotypes and could therefore be suitable for
a GWAS.

The trait association by principal component analysis (PCA) for both machines
(Figure 8) gives similar interpretations of the sources of phenotypic variation, with PC1
principally being grain “size” traits, essentially “smaller to bigger”, and PC2 being pre-
dominantly about grain “shape”, or “skinny to plump”. The PCA positioned the parent
genotypes into similar positions observed in [9], with Mascani typically having larger grains
and Gerald having smaller and slightly rounder grains. The trait associations for both
machines (Figure 7) show a negative relationship between the total seed count and seed
size—particularly TGW—which is a well-documented “trade-off” in seed crops [45,46]. The
relatively strong negative relationship between the total seed count and the 3-D geometric
traits as measured by Cgrain (thickness, cross-sectional area and volume) potentially offer
valuable new insight into this significant breeding “hurdle”: in this study, it appears that
the higher grain numbers produced per plant was a trade-off for plumpness, similar to
what has been reported for barley, with sieving analysis used as a proxy for grain width
and thickness [47].

4.3. Cgrain Repeatability

For all geometrical analyses, bar grain length, the plant means were statistically
different from one another between analysis rounds. The mean grain geometries were
lower on the second pass, giving overall smaller grain size results. However, the paired
differences, limits of agreement, and the coefficients of variation suggest that the repeat
passes have produced results that are within what would be considered a reasonable
measurement error if using a manual method, e.g., vernier callipers.

The assumptions of these repeatability tests are that the “true” result does not change
between replicates—but this is not necessarily the case with material such as this. It is
possible that, through the mechanical agitation of sampling and passage through the
machine, the grain sizes are slightly altered (especially at the fragile points at the tips of the
husks). It is also possible that the grain lost a proportion of its volume via moisture loss,
given that the material was in ambient storage for several days between the first and second
passes. Interestingly, the grains were measured as having a higher degree of cross-sectional
roundness on the second pass—if the hypothesis of lost moisture content is accurate, then
this dataset could give valuable insight into the nature of post-harvest geometry changes,
such as those described for maize and rice [48].
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4.4. Grain Colour

The mapping population parents, Gerald and Mascani, are classed as “white” and
“yellow”, respectively [49,50], meaning that colour variation in the progeny was expected.
All six values for the mean grain colour that were gathered by the machine (RGB and
HSL) varied significantly by genotype and may be suitable for GWAS. To increase the
industrial relevance and usefulness of these measurements, a system could potentially be
developed to classify samples into the colour groups currently used by plant breeders and
marketers. With sufficient data, such an approach should be possible and offers advantages
over screening by human eye [51], and there have been successful models for cereal colour
classification, such as red and white wheat [52].

5. Conclusions

Despite being targeted primarily to the commercial sector, Cgrain produced a set of
data that agrees very well with other current seed phenotyping methods, both in terms of
accuracy and throughput. Thus, the machine could be highly suitable for a wide variety of
research purposes. The population under test represents the phenotypic diversity typically
seen in a breeding programme, which is much less that typically seen in GWAS studies.
Nevertheless, we found statistically significant phenotypic differences between genotypes
over a range of measurements relating to grain size, shape, and appearance. For the traits
that could be measured by MARVIN, the correlation was high.

Moreover, Cgrain already provides quantitative data on a wider range of traits than
MARVIN, in part due the combination of novel imaging and its internal ANN. Thus,
several additional physical traits such as colour, thickness, and volume were provided,
and others might be inferred. Additional traits may require additional training, but the
machine returns the raw image data to the user and bespoke data analysis routines could
be developed. The precise grain-by-grain trait information could also provide a scope for
different types of data analysis. One potential limitation is how the Cgrain deals with long
grains: the length of these grains tends to underestimated.

Therefore, with a potential caveat on length, we conclude the Cgrain Value™ offers an
informative and high-throughput oat grain phenotyping capability.
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