Biosystems Engineering, Volume 155, March 2017, Pages 84-95
DOI:10.1016/j.hiosystemseng.2016.12.006

1 Optimising configuration of a hyperspectral imager for on-line field

2 measurement of wheat canopy

3 Rebecca L Whetton?, Toby W Waine?, and Abdul M Mouazen®®*

4 dCranfield Soil and AgriFood Institute, Cranfield University, Bedfordshire MK43 0AL, UK.
5 b Department of Soil Management, Ghent University, Coupure 653, 9000 Gent, Belgium.
6 E-mail of corresponding author: Abdul.Mouazen@UGent.be

7  Abstract

8 There is a lack of information on optimal measurement configuration of hyperspectral
9 imagers for on-line measurement of a wheat canopy, this paper aims at identifying this
10  configuration using a passive sensor (400-750 nm). The individual and interaction effects of
11  camera height and angle, sensor integration time and light source distance and height on the
12 spectra’s signal-to-noise ratio (SNR) were evaluated under laboratory scanning conditions,
13 from which an optimal configuration was defined and tested under on-line field measurement
14  conditions. The influences of soil total nitrogen (TN) and moisture content (MC) measured
15  with an on-line visible and near infrared (vis-NIR) spectroscopy sensor on SNR were also
16  studied. Analysis of variance and principal component analysis (PCA) were applied to
17  understand the effects of the laboratory considered factors and to identify the most

18 influencing components on SNR.

19  Results showed that integration time and camera height and angle are highly influential
20 factors affecting SNR. Among integration times of 10, 20 and 50 ms, the highest SNR was
21  obtained with 1.2 m, 1.2 m and 10° values of light height, light distance and camera angle,

22 respectively. The optimum integration time for on-line field measurement was 50 ms,
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obtained at an optimal camera height of 0.3 m. On-line measured soil TN and MC were found
to have significant effects on the SNR with Kappa values of 0.56 and 0.75, respectively. In
conclusion, an optimal configuration for a tractor mounted hyperspectral imager was

established for the best quality of on-line spectra collected for wheat canopy.

Keywords

Hyperspectral imager, signal-to-noise ratio, wheat canopy, principal component analysis,

soil properties.

1 Introduction

Advanced methods for early disease detection in crops is vital for improving the efficacy of
treatment, reducing infection and minimising the losses to yield and quality. Traditionally,
disease detection is carried out manually, which is costly, time consuming and requires special
expertise (Schmale & Bergstrom, 2003; Bock et al., 2010). Developments in agricultural
technology have led to demands for a non-destructive, automated approach for crop disease
detection that should be ideally rapid, disease specific, and sensitive to early symptoms
(Lopez et al., 2003). Optical sensing methods are non-destructive, allowing repeated data
acquisition throughout the growing season without inhibiting crop growth. Spectroscopy and
imaging techniques have been used in disease and stress monitoring (Hahn, 2009). However,
their in-situ application although established in other industries (e.g. health services,
pharmacology and food safety) is still rather limited. Both Lenk et al. (2007) and Sankaran et

al. (2010) focused on implementing the technology in the field, as a mobile (on-line)
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application for mapping crop disease. Yuan et al. (2016) have used high spatial satellite
imagery in the detection of powdery mildew. Remote spectral sensing for identification of
weeds in wheat fields has been tested by means of ground collected data (Gémez-Casero et
al., 2009). Herrmann et al. (2013) have applied proximal hyperspectral imagery in the field for
weed detection (e.g., both broadleaf and grass weeds), reporting 85% accuracy. Okamoto &
Lee (2009) collected in situ hyperspectral images for the detection of green citrus fruits,
reporting promising results for identification of citrus fruits from background objects. In
contrast, non-mobile (off-line) and laboratory methods for disease classification and plant
growing conditions have been studied and demonstrated (Roggo et al., 2003; Wu et al., 2008).
Hahn (2009) claims that spectroscopic and imaging techniques could be integrated with
agricultural vehicles, providing non-invasive and reliable systems for the monitoring and
mapping of crop diseases, with further potential for early disease detection. Moshou et al.
(2005) have shown that hyperspectral imaging for the recognition of in-situ disease can
provide identification with a high degree of accuracy. Depending on the method of analysis

and data fusion, an error between 1 - 16.5% was reported.

Spectral reflectance in vegetation canopies is dependent on several factors including the
illumination angle, the canopy architecture and the radiative properties of the plants. The
reflectance of crop canopies is non-lambertian scattering, varying with the sun position, view
positions and meteorological conditions including cloud cover (Pinter & Jackson, 1985; Asner,
1998). Plant species, maturity, phenology, level of foliage and nutrient status are plant
properties affecting reflectance (Asner, 1998; Coops et al., 2003; Gnyp et al., 2014).
Geometrical arrangement of objects can affect the spectral reflectance such as leaf
orientation, which cannot be controlled during on-line measurements (Asner, 1998; Coops

et al., 2003). This creates problems associated with reduced reflection from light scattering.

3
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Shadows at small scale can be reduced by additional light sources and that opposing lighting
can help reduce shadows (Barbedo et al., 2015). Oberti et al. (2014) argued that the angle
between the canopy and camera in the range between 0° to 60° affects the sensitivity of a
mounted on-line (mobile) sensor due to light backscattering, suggesting the potential of an

oblique camera angle, to reduce the impact on signal-to-noise ratio (SNR) variation.

A tractor mounted hyperspectral imager allows for on-line field crop canopy sensing and
mapping, however, an optimal configuration of the camera, light source and integration time
needs to be established for optimal quality of imagery and spectra to be collected. Spectral
guality is predominantly affected by sensor integration time, camera orientation, and light
height and angle from the object (leaf or canopy). Integration time is the period over which
the detector collects photons of light. The greater the integration time and light intensity, the
more reflected light is expected to be captured by the detector, providing a higher SNR and
pronunciation of the spectral peaks. Though when relying on sun light the intensity can be
variable. When applying a spectral technique to a forward moving platform (on-line
measurement) longer integration times result in an average spectrum over a larger area,
reducing the sensitivity. Furthermore, the greater the distance between the camera and its
subject, the larger the area observed and captured by a single pixel, reducing spatial
resolution. Therefore, optimising the measurement configuration is essential before on-line
field measurements can be successfully carried out. Furthermore, background soil influences
canopy spectra, and efforts have been made to remove this influence (Huete, 1988). Based
on remote sensing data of the surface soil, Demetriades-Shah et al. (1990) suggested using a
second order derivative to remove deviations caused by the soil background. However, none

of these studies have investigated the influences of on-line measured (at a depth of 15-20
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cm) soil properties [e.g., moisture content (MC) and total nitrogen (TN)] on the quality of crop

canopy spectra.

This paper evaluates, under laboratory conditions, the individual and interaction effects of
camera height and angle, integration time and light distance and height on the spectral SNR
of a wheat plant canopy captured with a hyperspectral line imager. Furthermore, the
influence of on-line measured soil MC and TN on SNR of plant spectra collected on-line in the
field is also assessed. This was essential to inform optimal configuration and operational

conditions for on-line field measurement of crop canopy and diseases.

Table 1. Factors included in configuring hyperspectral imager (multiple configurations
considered)

Camera angle, Light height, Light distance, Camera height, Integration

deg ® m m m time, ms
0 0.90 0.60 0.15 10

5 1.2 0.90 0.30 20

10 - 1.2 0.45 50

- - - 0.60 1000

2 Materials and methods

2.1 Hyperspectral configuration in the laboratory
Winter wheat Triticum Sativum (Solstice variety) was grown outdoors in 600 x 400 mm trays
(depth of 120 mm) with 100 seeds evenly sown and spaced in 5 parallel lines. After seeding

the trays were predominantly rain fed, to reduce input of excess salts from treated tap water.
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A push broom hyperspectral imager (spectrograph) (HS spectral camera model from Gilden
Photonics Ltd., UK) was used to capture high-resolution line images with a resolution of 1,608
pixels over 1 second, using a diode array detector. It is a 12 bit Basler piA 1600-35 gm camera,
with Schneider-Kreuznach XNP1.4/23 lens and has a pixel pitch of 7.4 um
interpolated/averaged to 0.6 nm readings with a spectral range of 400 - 750 nm. The reflected
light from the target travels through the lens, past an entrance slit through a series of
inspector optics in the spectrograph and then split by the prism dispersing element into
different wavelengths. This sensor was chosen for its potential for being applied to crop
canopy measurements, and was of low price compared to comparable sensors, commercially

available in the market.

The data captured is in the form of a line array, with each pixel containing a spectrum and
one detector per pixel across the swath. In order to compile a full image, every line across a
target must be captured (Gilden Photonics Ltd, Glasgow, UK). When configured on a
consistent moving platform, the imager sweeps across an area to build up an image. Due to
practical restraints of applying a consistent moving platform the spectraSENS v3.3 (Gilden
Photonics Ltd, Glasgow, UK) software was adapted to record a single line array, which
required an additional RGB photo taken by a 5 megapixel camera with a 3.85 mm f/2.8 lens
at the same time of image capture, so that the scanned area could be comprehended. Two
laser pointers were added at each side of the hyperspectral imager to indicate the area of the
canopy to be scanned. The laser pointers were shut off when the spectral image was captured
to remove any interference. Before data analysis, the collected scans were corrected by
means of a dark and white reference, which were collected just before spectral capture, and

at 10 minute intervals until scanning was completed. The white reference used was a
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commercially available Spectralon Teflon white calibration panel with 99.9% white reflectance
value.

Factorial analysis was undertaken to understand and quantify the influence of configuration
parameters on SNR. The wheat was at growth stage 47 according to Zadoks scale (Zadoks et
al., 1974) (whilst the head was booting) at the time of scanning. The studied configuration
parameters are shown in Table 1. The same area was scanned in triplicate for the different
combination of configurations. The laboratory (simulated-field) measurement configuration
is shown in Figure 1. For the indoor environment, two 500 watt diffused broad spectrum
halogen lamps were positioned at either end of the crop sample tray. The additional
illumination used in the current work was shown by experience to reduce the influence of
shadow within the complex and non-homogenous canopy structure. Imagery data was then
captured at different camera and light heights, light distances, camera angles and integration
times (measured in milliseconds (ms)), as illustrated in Table 1. Light angle was kept constant
at 45°, which is debated as the optimal angle to provide the strongest response (Huadong,
2001). Additional opposing lighting was used to reduce shadows (Barbedo et al., 2015). Four
integration times of 10, 20, 50 and 1000 ms were adopted as these cover the most practical
ranges. The 1000 ms integration time illustrates the highest potential time, during which the

system will absorb the reflected light hence; this is expected to give the smoothest spectra.

Having determined a suitable configuration in the laboratory the next experiments were
designed to apply the configurations to a field environment, and assess the impact of the
environmental factors; e.g., soil moisture and total nitrogen, on SNR. Field measurements
were conducted in a 9 ha field at Duck End farm, Wilstead, Bedfordshire, UK (52°05'46.3"N

0°26'41.4"W), with an average annual rainfall of 598 mm. The farm has a crop rotation of
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barley, wheat and oil seed rape. Wheat was cultivated during the experiment in 2013
cropping season. The dominant soil type in the field is a clay loam, but has a sand fraction due

to underlying gravel deposits.
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Figure 1. Schematic illustration of the laboratory (simulated field) configurations used and the
variables implemented to obtain the hyperspectral data with the highest signal-to-noise ratio
(SNR). The hyperspectral imager is a passive sensor, but has been applied with an external
halogen light source. The Laser pointers allow to precisely position the hyperspectral imager
over the target.

2.2 On-line soil and crop measurements in the field

The on-line field measurements included crop spectra and soil MC and TN. The reason why
MC and TN were the selected soil properties, is that the former affects the soil physical and
mechanical conditions, influencing the soil dynamic behaviour below the tractor tyres during
the on-line measurement, whereas both may well be linked with crop growth (assuming that
TN is directly linked to mineral nitrogen). It is worth mentioning that mineral nitrogen (e.g.
nitrate and ammonia) cannot be measured with visible (400-780 nm) and near infrared (780-

2200 nm) (vis-NIR) spectroscopy (Kuang et al., 2012). Furthermore, the literature confirmed
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the potential of the vis-NIR to measure MC and TN, which is attributed to the direct spectral
response of these properties in the NIR range (Stenberg et al., 2010; Kuang et al., 2012). The
SNR values from the canopies hyperspectral data was compared against the on-line measured
soil properties at the same location via Kappa statistics and visual comparisons. This was
essential to evaluate whether or not the optimal measurement configuration established in

the laboratory is applicable in the field, and whether modifications should be considered.

An on-line vis-NIR soil sensor developed by Mouazen (2006) was used in this study to measure
soil MC and TN, with the objective of mapping the spatial variability of these two selected soil
properties. The system consists of a subsoiler, opening a smooth trench at 15 cm depth
(Mouazen et al.,, 2005). The sensor was mounted on a three-point linkage of a tractor
travelling at a speed of 3 km h™ and collecting spectral soil data at 10 m parallel intervals. In
order to measure soil spectra an AgroSpec mobile, fibre type, vis—NIR spectrophotometer
(Tec5 Technology for Spectroscopy, Oberursel, Germany), with a measurement range of 305—
2200 nm and a light source of 20W tungsten halogen lamp were used (Kuang & Mouazen,
2013). A differential global positioning system (DGPS) (EZ-Guide 250, Trimble, California, USA)
recorded the position of the on-line spectra with sub-meter accuracy. The collection of soil
spectra and DGPS readings took place at 1 sec sampling resolution using AgroSpec software

(Tec5 Technology for Spectroscopy, Oberursel, Germany).

The same hyperspectral imager (Gilden Photonics Ltd, Glasgow, UK) as that used in the
laboratory to optimise measurement configuration was used for on-line measurement the
wheat canopy in the field. The following hyperspectral measurement configuration was
considered: an integration time of 50 ms, a camera height of 0.3 m and light height and

distance of 1.2 m and a camera angle of 10°. The hyperspectral imager was mounted on a
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tractor boom (Fig. 2) traveling at approximately 4 km h™ The direction and angle of the imager
was kept consistent, and a day with uniformly overcast weather (complete cloud cover) was
selected, which helped prevent issues of moving shadows from lateral sun movement on the
data (West et al., 2003). Nevertheless, a handheld LUX meter (RS 180 — 7133, RS Components
& Controls, India) was utilized to check the sunlight and readings ranged between 1950 and
2000, indicating no significant difference. The hyperspectral camera was mounted to the side
of the tractor. It captures images of 1608 pixels per line, over a one-second interval, which is
subsequently logged and geo-located using a DGPS. The collected scans were corrected by
means of a dark and a white reference (spectralon 99% white reflectance panel). The latter
was used before spectral capture, and at a maximum of 30 minute intervals until scanning

was completed.

Broad spectrum
diffused light source

Figure 2. lllustrates the on-line field hyperspectral measurement using hyperspectral
measurement configuration.

2.3 Data analyses

2.1.1 Spectrograph spectral data processing and evaluation
Quality of the wheat canopy spectra (measured both in the laboratory and field) was

evaluated by analysing SNR. The SNR is defined here as a ratio of the signal strength to that of

10
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unwanted interference. A strong signal devoid of interference is the desired outcome in
measurements. If the data is too noisy it can hide key features of the spectrum, and data pre-
processing such as smoothing can result in them being removed (Dasu & Johnson, 2003). A noisy
spectrum can result in poor calibration models, due to noise being considered as a feature. There
are many applications for estimating the SNR from sources such as electrical, chemical, and
spectral. Different methods are often applied to estimate the SNR value, depending on the
data input. Curran & Dungan (1989) used a bright homogenous surface to estimate the SNR
and produced a method termed the geostatistical method for removal of periodic noise in
images. Van der Meer (2000) used a method outlined by Lee (1990) for remote spectral
sensing, to asses SNR of Landsat Thematic imagery. Analysis of image SNR has also been
conducted through production of histograms of an image (Ramamurthy et al., 2004). A similar
approach was outlined earlier by smith (1999), where spectra were collected from grayscale
images. Smith (1999) exampled a SNR range between 0.5 and 2.0, stating that there is only
an issue if the SNR value drops below 1.0. We have used a crop canopy in this study instead
of a white or grey reference panel to calculate SNR, since the intension was to use the optimal
configuration for on-line measurement of crop canopy in the field, where variations in canopy
architecture and leaf orientation are foreseen. Similar to the current work, Daumard et al.
(2010) relied on crop canopy spectra to maximise SNR, although details of the calculation of
SNR were not provided. However, they considered central pixels only in their calculations,
whilst we have considered all pixels in a line image after removing non-crop canopy spectra.
The following assumptions were made in the current study to justify the selection of a crop

canopy for achieving an optimal measurement setup:

1- Non-crop contaminated spectra including soil and soil-plant, etc. can be excluded from the

analysis. This was done by calculating normalised differential vegetation index (NDVI) of all

11
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pixels. Spectra of pixels with NDVI values smaller than 0.3 were removed from the calculation

of SNR. This method is used by Bravo et al. (2004) and Rouse et al. (1974).

2- Spectra of remaining pixels contain both noise and actual canopy signal, the intensity of
which depends on the pixel position within a complex canopy structure of the crop. This will

allows mimicking the measurement of actual canopy.

3- Variation in position of pixels for a series of scans can be minimised by fixing the position
of crop trays, so that line images are collected from the same target area for different
measurement configurations. In this case, whilst uniform intensity cannot be achieved across
the spectrum in one scan, each pixel has almost the same target object throughout all the

scans.

The calculation of the SNR was done in this study following a similar approach adopted by
Ramamurthy et al. (2014) and described earlier by Smith (1999). As the data collected is single
line 2-dimensional captures, the data was assessed as spectra rather than images. This
method of SNR was selected as it could be used as a basis of comparison between individual

spectral data captures. We calculated the SNR of individual wavelength (SNR,,) as follows:

SNRy, = M,/SD,, (1)

Where: M,, is the mean reflectance value of individual wavelength through all the pixels, and
SDy, is the standard deviation of individual wavelength of all pixels (Fig. 3). It is worth noting

that all pixels were considered important in the current work to calculate SNR. An alternative
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approach to this method would have been to select central pixels only to calculate SNR, a

method applied by Daumard et al. (2010).

The mean spectral signal describes what is being measured, whereas the standard deviation
represents noise and other interference for each pixel (Smith, 1999). M,, values for different
wavelengths were calculated on remaining 967 wavebands, after removing the spectral range
outside of the 400 to 750 nm range, since they were found to be noisy. Once Mw and SDw
are calculated for each individual wavelength, the SNR for a spectrum (SNR;) was calculated

as follows (see Fig. 3):

SNR, = M,/SD; (2)

Where: M;is mean reflectance of all wavelengths in a spectrum (a scan) and SD is mean

standard deviation of all wavelengths in a spectrum.

The SNRs was used in this study to evaluate the strength of scans, hence, the quality of
spectral signal. It is worth noting that SD is not important in itself, but only in comparison to
the mean. While convenient and straightforward, the deviation is a statistic doesn't fit well
with the physics of how signals operate (Smith, 1999). Therefore, a strong SNR with
pronounced absorption peaks provides increased recognition for the association of spectral

signatures to a subject.

A principal component analysis (PCA) was also undertaken on laboratory measured

hyperspectral data only using Statistica software (StatSoft inc., Oklahoma USA) to identify
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parameters with the greatest impact on SNR. PCA is a statistical method, which analyses the
distribution of data in multidimensional space (principal components) or similarity maps,
where similarities (within groups of variable) and differences between groups can be
evaluated (Dytham, 2011). In this instance, SNR, integration time, light height and distance,
and camera angle and height were used as input variables for the PCA analysis. Additionally,
a two-way analysis of variance (ANOVA) was carried out with RStudio software (RStudio
Boston, MA) to estimate significant influences of individual variables and interaction between

variables on SNR (Webster, 2007; Dytham, 2011).

2.1.2 On-line soil sensor calibration

Laboratory measurements of MC and TN were carried out using standard reference method.
Soil MC was measured with oven drying of samples at 105°C for 24 h, whereas TN was
measured with a TrusSpecCNS spectrometer (LECO Corporation, St. Joseph, MI, USA), using
the Dumas combustion method (Dumas, 1826 as cited by Buckee, 1994). The on-line collected
soil spectra were subjected to pre-processing before modelling. Pre-processing included noise
cut by removing wavelengths smaller than 400 nm and larger than 1900 nm. Noise cut was
followed successively by maximum normalisation, first derivative and smoothing. Partial least
squares regression (PLSR) analysis with leave-one-out full cross-validation was carried out to
establish correlations between soil spectra and laboratory measured MC and TN. Spectra pre-
processing and PLSR analysis were carried out using Unscrambler 7.8 software (Camo Inc.;

Oslo, Norway).
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2.4 Mapping

Maps for on-line vis-NIR predicted MC and TN and on-line spectrograph measured crop
canopy of wheat were developed used ArcGIS 10 (ESRI, California, USA) software. Kriging was
used to develop maps, assuming that the distance or direction between sample points reflects
a spatial correlation that can be used to explain spatial variations. The advanced parameters
option in ArcGIS 10 software (ESRI, California, USA) allowed control of the semi-variogram
used for kriging, selecting spherical as the best fit. The semi-variogram values were calculated

in RStudio (RStudio, Boston, MA).

The similarity assessment between maps can be performed by visual inspection and statistical
tests (Tekin et al., 2013). The simplest way of comparing between maps is by visual inspection,
to conclude on similarities that may exist or not. However, this is insufficient, as quantitative
estimation of similarity is a more robust approach to adopt. To compare statistical
relationship of pairs of maps, Kappa statistics (Cohen, 1960) analyses were performed to
calculate Kappa value (k), using SPSS (Statistical Package for the Social Sciences, IBM, Armonk,
New York, USA). However, before running Kappa statistics data was subjected to raster
analyses to have the same 5 m by 5 m grid size for all maps, after which the data was

normalised.
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Figure 3. Schematic illustration outlining how mean, standard deviation and signal-to-noise
ratio for wavelength (M,, SD., SNR,, respectively) and a spectrum (M, SDs, SNRs,
respectively) were calculated.

3 Results and Discussion

3.1 Spectral quality in the laboratory

Typical crop canopy spectra can be observed in Figure 4, which shows clear, noisy and
saturated spectra. The clear and saturated spectra can be observed to be more pronounced,
whereas a weak absorption in the spectral signature and interference in the noisy spectrum
leads to reduced quality, low SNR, masking detail in the signature and causing a loss of
important spectral information through the entire spectral range studied. The clear spectrum
is the best quality, and the target to be obtained. The noisy spectrum is caused by the low
integration times, and greater distance of the Halogen light source. A strong SNR with
pronounced absorption peaks would allow for a greater success in analysis of crop
assessments and disease presence. Although, pre-processing of spectral data includes
techniques such as smoothing, if the process of cleaning the data is intensive due to noisy
spectra it can lead to the loss of important spectral features, and thus impact on the success

of analysis (Dasu & Johnson, 2003).
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Saturation predominantly occurs within the central pixels associated with the highest
reflectance, causing data in the peaks of the electromagnetic spectrum to be lost (starting
around 650 nm). Leaf reflectance in the NIR range is affected by the structure of the plant
leaves (Gates et al., 1965), and can be related to the leaf wax coating (Cameron 1970). In the
case of spectral saturation the data becomes unusable. In the remaining parts of the
spectrum, however, particularly the visible range (400—700 nm), there is a lower reflectance
due to a larger absorption of the light, which is attributed to the photosynthetic pigments of

the plants leaves, (Gates et al., 1965).

When analysing the entire spectral signature saturation causes a reduction in sensitivity.
Therefore, sensor configurations leading to saturated spectral data were removed from the
analysis of SNR. All saturated data was obtained with integration time of 1000 ms, this is in
line with the literature, where larger integration times can cause saturation of the data

(Dell’Endice, 2008).

12 »

Relative Reflectance
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o ™

o
»
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0
400 430 460 490 520 550 580 610 640 670 700 730

Wavelengths nm

Figure 4. Examples of smooth (the grey line with 1.6 signal-to-noise ratio (SNR), noisy (the
black line with 1.2 SNR), and saturated (the dotted line with 1.8 SNR) spectra of wheat canopy.
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The saturated spectrum flattens off at 680-750 nm and important information is lost on the
peak around 700 nm that is otherwise illustrated by the clear spectra.

3.2 Hyperspectral images configuration parameters; laboratory

The integration time considerably affected the SNR, expressed as average and SD values (Eq.
1), as shown in Table 2. The longer the integration time the greater the opportunity for more
energy to be captured by the spectrograph. The 1000 ms configuration was the highest
potential integration time and was trialled (under field simulations) to see the potential
highest SNR, whilst the manufacturer recommended around 20 ms for laboratory use. The
results from the 1000 ms integration time provided a high percentage of saturated results,
the non-saturated recordings were of the same SNR values to that of the 50 ms integration
times, so integration times higher than 50 ms were not trialled further. With varying the
integration time, parameters have constant values apart from the camera height. The optimal
camera height decreases with the integration time, the closer the camera to the object the
shorter the integration time required. This may mean that the most influencing parameters
on the SNR are the integration time and camera height. Other studies demonstrated that the
movement (adjustments, bounce or vibration) between the imager and the subject during
integration time can cause a compiled image to be warped or noisy (Zhong et al., 2011). For
on-line measurements the easiest variable to control is integration time, as angle and height
can alter slightly as ground is uneven, crop stands vary and unavoidable movement in
mountings. It becomes necessary to have the optimal configurations set initially but to
understand there would be slight deviations. A NADIR camera angle was selected, due to

reports from Oberti et al. (2014) and Van Beek et al. (2013).

ANOVA showed that all individual variables and interactions of variables have significant

influences on SNR at the (0.005) 95% confidence level, except for the interactions of light
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distance and integration time (0.001), and light distance, camera height and integration time
(0.01). Therefore, the null hypothesise ‘that variables and subsequent interactions of

variables will have no significant effect on SNR’ can be rejected.

Figure 5 illustrates the similarity maps of principal component (PC) 1 and 2 (a), and PC1 and 3
(b) accounting for 47.62% and 42.26% of variance, respectively. Examining the plot of PC1 vs
PC2 one can observe that the integration time, SNR and camera height are gathered in one
group, which explains these to be closely related. Integration time shows the strongest
influence and correlation with SNR, whereas, camera height demonstrates the second closest
corresponding variable on SNR with the latter having a weaker influence (Fig. 5a). Light
distance, light height and camera angle seem to have only minor influences on SNR, as they
make a separate group associated with PC2 with minor variance associated with PC1.
Disregarding other variables, it becomes clear that a longer integration time and a smaller

camera height result in a higher SNR.

Although the light distance and height are strongly associated in the PCA similarity maps (Fig.
5a & b), they have a negligible influence on the SNR. This does not mean that the absence of
light would have no effect. As long as there was ample diffused light, in order for the detector
to collect photons, light variables appeared to have little impact. Although the influence of
camera height was the second largest in the PC1-PC2 similarity map, in the PC1-PC3 similarity
map, the camera height has small influence on SNR similar to the light variables. Furthermore,
the close correlation between camera height and integration time shown in the PC1-PC2
similarity map is not observed in the PC1-PC3 similarity map. In the latter similarity map (Fig.
5b), the camera angle has the second largest influence on SNR after the integration time. This

means that both camera height and angle have strong influences on the SNR. Under
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laboratory measurement conditions, larger camera angles were reported to be beneficial for
powdery mildew recognition in leaves of grape vines by Oberti et al. (2014). Smaller view
angles are discussed by Pisek et al. (2009) to theoretically be better due to observing a larger
area. Rautiainen et al. (2008) concluded greater nadir angles are more suitable for viewing
the top canopy and had a very limited view of the understory. This is supported by the finding
that 80% of the crop yield is calculated from the health of the top 3 leaves (HGCA, 2008). The
correlation between green leaf retention and yield has been observed in a number of trials
(Reynolds et al., 2009; Ali et al., 2010; Hunt & Poole, 2010) and can be observed with
reference to trial work in barley conducted by the authors in 2009, where every 1% reduction
in green leaf area on flag-1 at GS80 correlated to a 20 kg/ha loss in yield. This is true when
applying a camera angle. But when assessing light conditions, an off-nadir angle can create
more lighting variability, due to shady and sunlit areas of the crop. Van Beek et al. (2013)
found that for smaller off-nadir viewing angles (<20°) of the sensor, the sun orientation was
found not to be important. This, along with issues of shadow from the infield mountings, is

why small angles for the configurations were selected.
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415  Figure 5. Principal component analysis similarity maps developed for principal components 1
416  and 2 (a) and for principal components 1 and 3 (b). Input variables are camera and light height,
417  light distance, camera angle, integration time and signal-to-noise ratio (SNR)

418
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To make a decision on an optimal configuration that would result in the highest SNR, was not
a straightforward process. However, when SNR values are arranged according to the
integration time (Table 2), a clear trend is observed. For example, SNR increased with
integration time, where the highest values of SNR were obtained with an integration time of
1000 ms, however, they were only marginally higher than the SNR values at 50ms. Since
several variable combinations resulted in similar SNR values, it is perhaps premature to
suggest the optimal configuration as the single highest, so configurations with SNR variability
of less than 5% from the highest reading (of each integration time) were considered for
further evaluation. The further analysis confirms that the highest SNR occurs with the same
configurations of 1.2 m, 1.2 m, and 10° of light height, light distance and camera angle,
respectively. As stated earlier, the camera height is negatively correlated with the integration
time (Table 2). A possible theory for reoccurrence of these configurations could be that they
allow for the greatest amount of reflected light to be captured by the detector. Among the
integration time steps of 10, 20, 50 and 1000 ms selected, a practical range for on-line
measurement is between 10 ms and 50 ms, a range which is suggested by the manufacturers.
Assuming that the best integration time for practical on-line (mobile) measurement in the
field is 50 ms, the optimal configuration parameters of 1.2 m, 1.2 m, 0.3 m and 10° are
recommended for light height, light distance, camera height, and camera angle, respectively.
The average SNR for this integration time is 1.669 (seen in table 2), which in reference to
Smith (1999) we believe is a strong signal for a crop canopy. These optimal configuration
parameters were adopted for the on-line measurement of wheat canopy measurement in this

study.
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443  Table 2. Average and standard deviation (SD) values of the highest signal-to-noise-ratio
444  (SNR) obtained with different integration time, camera and light source settings when

445  scanning a wheat canopy. Theoretical forward distance travelled (and captured to a single
446  data line) if applied on a moving platform at field scale.

447
Integration Light Light Camera Camera Distance
Average,
SD time, height, distance, height, angle, travelled,
SNR
ms m m m deg m
1.688 0.102 1000 1.2 1.2 0.15 10 4
1.669 0.160 50 1.2 1.2 0.30 10 0.2
1.471 0.103 20 1.2 1.2 0.45 10 0.08
1.386 0.078 10 1.2 1.2 0.45 10 0.04

448 3.3 Hyperspectral imager; on-line measurement

449  During the on-line measurement, it was noticed that there was an unavoidable bounce in the
450 boom observed to be at +0.2 m of the original height of the mounting (set at 0.3 m above the
451  crop canopy). On inspection of the data the camera height from the object affected the
452  uniformity of light intensity measured across the pixels, (particularly at the beginning and end
453  of the captured line). Therefore, for calibrating the on-line hyperspectral scans, it is
454  recommended to overcome this fluctuation by removing the first and last 320 pixels from the
455  spectral data. This is specific to this hyperspectral imager but is an interesting factor for
456  consideration.

457  Comparing the laboratory with on-line field measured canopy spectra, one can observe that
458  the laboratory reflectance scans to be marginally higher and more consistent than the on-line
459  scans (Fig. 6). Initially, the on-line spectra showed variation in canopy spectra throughout the
460 field, which appeared to be in response to different crop spatial conditions. For example, the

461  field scan 1 refers to canopy of water stressed wheat plants, whereas field scan 2 refers to
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healthier wheat plants. Crop starts to show yellow colour as a symptom of water stress, which
leads to reduce light absorption and increased reflectance as shown in field scan 1 (Fig. 6).
More detailed analysis of crop and soil properties needs to be assessed to understand

differences in quality of canopy spectra collected in the field.

12 +

Relative Reflectance

400 430 460 430 520 550 580 610 640 670 700 730

Wavelengths nm

Figure 6. Comparison of canopy spectra of wheat crop obtained in the laboratory (the dashed
line) and on-line in the field (the dotted and grey lines). Crop was of the same culture and at
comparable growth stages. Laboratory scans were collected under the suggested optimal
configurations. The on-line field scans are: 1) field scan 1 (the grey line) is of a more water
stressed plant and 2) field scan 2 (the dotted line) is of a less water stressed plant.
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Figure 7. Maps of on-line measured soil moisture content (MC) (a) total nitrogen (TN) (b), and
the average signal-to-noise ratio (SNR) per scan (c).

3.4 Influence of soil properties on signal-to-noise ratio during the on-line

measurement

The on-line measured soil MC and TN maps of the field provided a visual explanation (Fig. 7)
for a drop in absorbance within certain areas of the field. Comparing the MC map with the

SNR map, one can draw a general conclusion that areas of low MC correspond with areas of
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high SNR, and vice versa (areas of high MC being of low SNR). This can be explained by the
fact that soil deformation under the tractor tyre in wet soils is larger than that in drier soil
conditions. A larger soil deformation should result in a larger fluctuation in camera height and
angle, compared to the baseline setup, which may lead to reducing the SNR. Work carried out
by Séhne (1958) showed that an increase in the MC of a soil and the increase in payload on a

tyre both increase the depth of soil deformation.

Both on-line measured MC and TN were found to have significant effects on the SNR of the
wheat canopy spectra at 95% confidence. The kappa values between the SNR map on one
hand and TN and MC maps on the other hand confirm spatial similarity or difference the field.
Landis & Koch (1977) classified Kappa values into different categories: 0-0.20, 0.21-0.40,
0.41-0.60, 0.61-0.80, and 0.81-1, which indicate slight, fair, moderate, substantial, and
almost perfect agreement, respectively. Results show that the Kappa value between TN and
SNR is rather small (kappa = 0.56), indicating moderate similarity between these two maps.
Since TN is the main source of mineral nitrogen essential for crop growth and development,
it can be influential on the quality of crop canopy and SNR. The kappa value between MC and
SNR was much higher (kappa = 0.75) than that between TN and SNR map, confirming
substantial similarity between the two maps. This supports the earlier suggestion about the
influence of MC on soil deformation that changes the initial (optimal) hyperspectral
measurement configuration obtained in the laboratory and implemented for on-line
measurement in the field. In order to reduce the negative influence of soil deformation on
SNR due to high soil MC during on-line scanning, proper spectra pre-processing is
recommended e.g., normalisation, derivation, and multiplicative scatter corrections. Further

research is required to confirm this assumption, as when measuring on-line, deviations from
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the optimum configuration (due to tractor vibration, bounce in the boom and soil

deformation) were unavoidable.

4 Conclusions

This study was undertaken to determine an optimal measurement configuration of a
hyperspectral line imager (400-750 nm) by evaluating the individual and interaction effects of
the systems configurations, on the hyperspectral calculated SNR for measurement of a wheat
canopy under laboratory scanning conditions. Optimal configuration was determined and
implemented for on-line field measurement. The influence of on-line measured soil moisture
content (MC) and total nitrogen (TN) on SNR was evaluated. Results allowed the following

conclusions to be drawn:

1- The integration time followed by the camera height and camera angle appeared to have
the largest influence of the SNR. A long integration time (>50 ms) was of a negligible influence

and only slightly increased the SNR, but result in spectral saturation, hence should be avoided.

3- The PCA similarity map showed that the light height and distance have a strong correlation

with each other but a minimal influence on SNR.

4- Both on-line measured MC and TN were found to have significant effects on the SNR of the
wheat canopy spectra at 95% confidence. The on-line soil measurements revealed stronger
spatial similarity between the hyperspectral SNR and MC maps (kappa value = 0.75), which

was attributed to soil deformation below the tractor tyre.

5-The variable reflected light intensity captured by the different pixels across the line imagery

is an interesting factor to take into account, due to the impact of varying camera height during
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the on-line measurement. Whilst the solution suggested here is appropriate, it is camera

specific.

Further work is planned to overcome variation in SNR associated with camera height changes
(vibration, bounce in the boom, and soil deformation during the on-line measurement) by the
implementation of a proper spectra pre-processing. It is also planned to implement these
hyperspectral measurement configurations for on-line measurements of crop canopy for

detection of crop health and disease presence.
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