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8 Abstract: Tissue testing used to assess the chemical contents in potato plants is considered

9 laborious, time-consuming, destructive, and expensive. Ground-based sensors have been assessed
10 to provide efficient information on nitrogen using leaf canopy reflectance. In potatoes, however,
11  the main organ required for tissue testing is the petiole to estimate the elements of all nutrients.
12 This research aims to assess whether there is a correlation between the chemical contents of potato
13  petioles and leaf spectrum, and to examine whether the spectrum of dried or fresh leaves have
14 higher correlation values. Petiole chemical contents of all elements were tested as a reference point.
15  Leaves were split equally into dried and fresh groups for spectral analysis (400-2500 nm). Lasso
16  Regression models were built to estimate concentrations in comparison to actual values. The
17  performances of the model were tested using the Ratio of (standard error of) Prediction to
18  (standard) Deviation (RPD). All elements showed reasonable to excellent RPD values except for
19  sodium. All elements showed higher correlation in the dried testing mode except for nitrogen and
20  potassium. The models showed that the most significant wavebands were in the visible and very
21  near infrared range (400 - 1100 nm) for all macronutrients except magnesium and sulfur, while all
22 micronutrients had the most significant wavebands in full range (400 - 2500 nm) with a common
23  significant waveband at 1932 nm. The results show high potentials of a new approach to estimate

24  potato plant elements based on foliar spectral reflectance.
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Nomenclature

N Nitrogen y Chemical results of petioles

P Phosphorus Xi Spectral results of the leaves of the i-th waveband

K Potassium Bi Regression coefficient of the i-th waveband

Ca Calcium pe Intercept

Mg Magnesium Z Vector of spectrum inputs

S Sulfur r? Coefficient of determination

Mn Manganese r Pearson’s correlation

Zn Zinc SD Standard deviation

Fe Iron SEP Standard Error of Prediction

Na Sodium RPD Ratio of (standard error of) Prediction to (standard) Deviation
Cu Copper C Number of datapoints

Al Aluminum An Actual concentrations at n-th datapoint from 1 to C

B Boron En Estimated concentrations at n-th datapoint from 1 to C
Vis Visible range n Index of datapoint 1, ..., C-1, C

VNIR Very near infrared A Complexity parameter (Lambda)

SWIR Short wave infrared

1. Introduction

In Canada, potatoes (Solanum tuberosum L) are the largest vegetable crop accounting for 27.2% and
14.7% of all vegetable and horticultural receipts, respectively (Agriculture and Agri Food
Canada, 2020). Since the early 1990s, Canadian potato production has expanded to meet
international demand for frozen potato products (International year of the potato, 2008). Potato
growers have then integrated management schemes to increase the production efficiency (Bohl and
Johnson, 2010). One of these management schemes is to evaluate the level of inputs of fertilizers to
produce quality potato tubers (Torabian et al., 2021).

The nutritional composition of potato tubers is responded by the availability of both macro and
micronutrients for plant uptake (Naumann et al., 2020). Macronutrients such as nitrogen (N),
phosphorus (P), potassium (K), calcium (Ca), magnesium (Mg), and sulfur (S) are needed in large
guantities with respect to their physiological functions in plant metabolism and for tuber yield

formation (Koch et al., 2020). Also, the micronutrients such as manganese (Mn), zinc (Zn), iron
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(Fe), sodium (Na), copper (Cu), aluminum (Al), and boron (B), whose inclusion in the fertilizer
schedule is very essential to sustain production and quality, are needed in small quantities.
Commonly, nutrients are applied either by soil or foliar treatments. However, as soil application is
sometimes incapable to supply the nutrients in adequate quantity (Moinuddin et al., 2017), foliar
application can be more efficient in the supply of nutrients (AL-Jobori and AL-Hadithy, 2014).
Therefore, proper identification of nutritional status of crop species is important for foliar
application to correct the diagnosis of nutrient deficiencies.

Current methods such as visual diagnosis, plant tissue tests, soil tests, and cropping history are
frequently used to assess nutrient deficiencies before taking the decision of application (Fageria et
al., 2009). Among these methods, tissue tests were declared to be the most accurate (Motsara and
Roy, 2008). However, the credibility of tissue testing immensely depends on the time gap between
sample collection and testing. A study stated that tissue testing can be a credible tool for deficiency
diagnosis when the tissue samples for vegetable crops are collected from the field, shipped to the
laboratory, and analyzed in the lab in the next day, otherwise remedial actions would be disrupted
(Hochmuth et al., 2018). Therefore, a rapid, efficient, and cost-effective techniques for routine
analysis to identify nutritional status is needed (Liao et al., 2012).

Non-destructive techniques have been used to provide efficient information on the plant functional
traits including nutrient contents using leaf/ canopy reflectance (Herrmann and Berger, 2021). The
concept of such techniques is based on the reflectance of visible light and near infrared which have
proportional relationships with the chlorophyll content (Povh, and dos Anjos, 2014). Previous
research found that significant spectral bands in forestry and crop applications exist at the visible
and very near infrared (Vis-VNIR, 400 - 1100 nm) and in short wave infrared (SWIR, 1000 - 3000

nm) (Saari et al., 2011).
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Ground-based sensors, based on vegetation indices using specific wavelengths, are delivered to
markets to estimate plant properties (Gabriel et al., 2017). Also, remote sensors are widely used to
detect stressed plants by obtaining the electromagnetic wave reflectance information from canopy
as the leaf area index (LAI) (Xue and Su, 2017). However, both sensors have drawbacks related to
canopy reflectance including atmospheric and soil interference (Mufioz-Huerta et al., 2013). Several
studies then analyzed the reflectance at the leaf level to eliminate the noise coming from atmospheric
and soil interference such as Mahajan et al. (2021), Peng et al. (2020) and Liao et al. (2012). These
studies relate the specific waveband found to the chemical analysis of the leaves as a reference point.
Several studies have been done to detect N deficiencies using spectral results in different testing
modes. Testing modes of leaves are differentiated into intact analysis directly in the field (fresh,
intact leaves), fresh leaves removed from the plants for laboratory scanning (fresh removed leaves),
and dried and ground leaf samples (dried ground leaves) (Prananto et al., 2020). A study done by
Zerner and Parker (2019) estimated N using NIRS (350 nm - 1100 nm) on fresh/ intact wheat leaf
in comparison to dried ground wheat leaves. In other studies, poor calibration models were found
based on the analysis of fresh leaves such as the ones built by Rotbart et al. (2013) for olive leaf N,
and Menesatti et al. (2010) for orange leaf P. Rotbart et al. (2013) refers the reason that leaf
dehydration improves the model performance significantly by to a better calibration for N estimation
using dried ground olive leaves, over fresh/ intact leaves.

Predicting foliar nutrients other than N is still limited and their deficiency diagnosis still follows
destructive methods. For fingered citron, a good calibration model was obtained for P, K, F,
and Mn in dried leaves, whereas the prediction of Cuand Zn were poorly reliable (Liao et al.,
2012). Another research studied the possibility to estimate leaf NPK contents in temperate degraded

vegetation using the wavelength range of 325 to 1075 nm(Peng et al,
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2020). Their research demonstrated that the sensitive wavebands for P were in the green and NIR
regions, and the sensitive bands for K were in the green, red and NIR regions.

However, petioles are the main organ for tissue testing in potato plants. Nevertheless, spectrum over
a petiole is impractical due to its thin shape that will not fill the ground of a handheld
spectrophotometer or a cup for lab spectrophotometer. Moreover, collecting the petioles is
destructive because there is a need to collect 40 to 50 petioles per sample for adequate lab analysis
(Rowe, 1993). Therefore, few research has been ongoing to find the correlation between leaf
spectrum and petiole chemical testing rather than leaf chemical testing. A study concluded a
significant relationship between leaf reflectance and petiole nitrate-N for Ranger Russet and Russet
Burbank early in the growing season with coefficient of determination values up to 0.65 (Davenport
et al., 2005). Another study showed a strong correlation between petiole nitrate concentration of
Russet Burbank and Shepody potato cultivars and leaf protein content for Russet Burbank, with
correlation coefficients ranging between 0.48 and 0.89, and a strong correlation between petiole
nitrate concentration and chlorophyll content with correlation coefficients not less than 0.63 (Botha
et al., 2006). One more study assessed the relationships between leaf spectral reflectance at 400 -
900 nmand N levels in potato petioles and leaves for the purpose to assess the potential of a satellite
to perform spatial analysis of nitrogen levels in potatoes (Cohen et al., 2010). Another work used
imaging spectroscopy to predict foliar nitrogen and petiole nitrate at different wavelength regions
of different potato cultivars and planting seasons (Liu et al., 2021)

There are no studies that compared the results of NIRS between leaves with petiole chemical testing
for nutrients other than N. In addition, spectral analysis using the full spectrum (400 - 2500 nm)
have not been widely tested for utility in predicting potato nutrient status. Therefore, the overall

purpose of this research work is to investigate whether there is a correlation between the chemical
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testing of potato petioles and leaf spectral data, and to examine which testing mode of dried or fresh
leaves has higher correlation in a lab-based level. Our analysis includes all macro and micronutrients
investigated by farmers in Canada. The results of this research will be used into further analyses to
build validated robust models.

2. Materials and Methods

2.1. Sample preparation
The experiment of this research work followed the current protocol of sample collection,
preparation, and chemical testing by potato growers in NB, Canada. A total of 40 datapoints of
Russet Burbank, the major potato variety in NB, Canada, were taken from sub plots at two potato
farms in the Lakeville of New Brunswick in season, and hereafter is called farm data. Sampling was
performed from late June (40 - 45 days after planting), to late September 2020. This sampling
covers a period when measurement of crop nutrient status could give the best results (Zebarth et al.,
2007). Other 20 datapoints were taken at sub plots from an indoor cultivation area from September
to December 2020 at the Department of Engineering in the Agriculture Campus of Dalhousie
University in Truro, Nova Scotia, and hereafter is called indoor data. The indoor cultivation was
implemented to increase datapoints to the dataset.
The typical grower practice is to band-apply all fertilizer at the planting stage in Atlantic Canada
(Zebarth et al., 2004). Thus, indoor cultivation area gives us the opportunity to apply different
fertilization schemes. We followed an over application for NPK in one group (20-20-20 NPK
application) and a cut in P content for the second group (22-0-22 NPK weekly) from the fourth week
until the end of the season.
At each location (the two farms in Lakeville and the indoor area at Dalhousie University), sampling

took place every other week as per the protocol in Atlantic Canada (Zebarth et al., 2007). Figure 1
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shows the steps taken for sampling and analysis. Both petiole and leaf samples from the farm were
collected from the fourth leaf from the apex of the shoot on healthy plants (Rowe, 1993). Each
datapoint contained 40 petioles and 40 leaves for lab chemical testing. This quantity of petioles is
also required by the DairyLand Lab inc. (Arcadia, Wisconsin, USA), at where the analysis took
place, to give a dry weight of 3 gram necessary for chemical testing. The leaves were split equally
into two groups, labelled as fresh and dried, with 20 in each. The leaves and petioles were
immediately vacuum packed into sampling bags after peeling them off and refrigerated before
shipment. At each location, sampling was random within the same sub plot over the season. The
samples were packed with ice bag and the time lag until reception by lab was two days. The leaves
were analyzed for their spectral reflectance using NIRS Analyzer (DS2500, Metrohm USA Inc.)
(Table 1). The leaves and petioles were dried at 55 - 60 degree Celsius (°C) over 16 - 24 hours and
till a constant weight was achieved. Chemical testing was performed for all nutrients following the

official methods of the Association of Official Analytical Chemists (AOAC).

2.2. Spectral measurements

The NIRS Analyzer measures the reflectance of leaves between 400-2500 nm, whereas the data
generated by the WinISI software of the analyzer are displayed after converting to absorbance (log
(1/reflectance)). The spectral observations of the leaves were taken within a black cup to reduce
the impact of stray light (Figure 1.c). The leaves were trimmed symmetrically for all samples to
fit the size of the cups. The spectral measurements were given at 0.5 nm interval with a total of
4,200 readings. The values of absorbance were converted back to reflectance values using the
relationship of (10-Absoeance) Rather than using the entire 4200 readings, one reading was taken in
an interval of 8 nm, (i.e., every 16 readings because the spectral resolution is 0.5 nm) as a

representative spectral signature, so that a total of 262 readings were used for data analysis. All
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subsequent steps were performed using the R statistical language (R Version 4.0.2; R Core Team,
2021).

2.3. Wavelength selection and development of models

In this research, a Pearson’s correlation (r) analysis between the wavelengths range of 404 - 2492
nm and the content of each element was first performed. The absolute highest correlation values
could potentially be considered as the key wavelengths for the statistical models. We used multiple
linear regression (MLR) to build models of correlation between the chemical results of petioles
and spectral results of leaves. The chemical results of petioles acted as responses (y) and the
spectral results of the leaves within the range of 404 - 2492 nm functioned as predictors (x),
resulting in the following model:

y=p.+ Zizil X P 1)

In this dataset, the number of predictors is larger than the number of datapoints, which may result
in over-fitting (Ye et al., 2020). Prediction accuracy thus can be improved by shrinking or setting
some coefficients to zero using subset selection methods. Lasso MLR is one of the shrinkage
methods that performs regularization and identifies the most informative, least redundant features
to predict the responses (Hastie et al., 2008). Lasso is regulated by a complexity parameter 4, which
controls the amount of shrinkage: the larger the value of 1 is, the greater the penalization of the
non-zero coefficients in the model can be, and consequently a greater shrinkage imposed on
coefficient values can be achieved. Efficient algorithms are available for computing the entire path
of solutions as A is varied (Hastie et al., 2008). The model selects the value of 2 which minimizes
the root mean squared error (RMSE). The chosen 1 parameter determines the number of
coefficients that will compose the final model, which are selected as the ones with the greatest

explanatory power in relation to the target variable.
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Lasso was implemented using the glmnet and caret packages of the R statistical language
(Friedman et al., 2010; Kuhn, 2022). Model training and performance assessment were conducted
using 5-fold cross validation, with the value of 4 chosen based on the smallest root mean squared
error (RMSE). Table 3 shows the number of coefficients at the selected 4 and the selected RMSE
value by the model. Table 3 also shows the first four significant wavebands, as 4 bands are

normally sufficient in NIRS analysis (Williams, 2019).

2.4. Model performance

The values of r? between the actual and estimated concentrations were calculated as the mean
across the cross validation folds as shown in Table 4. The performance of the models was
categorized based on the ratio of standard error of prediction (SEP) to standard deviation (SD) of
actual concentrations (Williams, 2019), known as Ratio of (standard error of) Prediction to

(standard) Deviation (RPD). This is calculated according to Equation (2).

JaEai-1@an? ey c-vp

RPD = )

[ B2~ [5an-En? /cl)/ic-1)
The RPD for the prediction of functionality factors such as grain texture were categorized as
excellent (> 4.1), very good (> 3.5 - 4.0), good (> 3.0 - 3.4), fair (>2.5 — 2.9), and poor (< 2.0) as
described by Williams (2019) who mentioned that SEP shall be considerably lower than the SD,
and ideally the ratio of the SD to SEP should be 3 or higher. Another study for monitoring the
foliar nutrients status of mango using spectral indices gave another classification for RPD as
excellent (>2), acceptable (> 1.4 - 2.0) and nonreliable (< 1.40) (Mahajan et al., 2021). Considering
that mango is a horticultural crop (Salco, 1997) as potato crop (Agriculture and Agri Food
Canada, 2020), we followed the latter classification.

3. Results and Discussion
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3.1. Influence of temporal and spatial distribution on chemical analysis of potato petioles

The results obtained from the chemical analysis over the entire growing season are presented in
Table 2, which shows the range of maximum and minimum results for each element with
arithmetic mean values in comparison to the normal range of nutrients in potato petioles as
recommended by A & L Canada Laboratories Inc in Ontario. The normal range is similar to what
was recommended by the University of Minnesota for potato petioles (Kaiser and Rosen, 2018).
The form of lab analysis commonly includes the chemical testing of macro nutrients in percentages
(%) and micronutrients in particles per million (ppm) except for Na which is in percentage (%).
Figure 2 shows the temporal concentration of each element and their distribution along with the
normal range. Figure 2 also shows the spatial distribution of the measured concentrations whether
their sampling was in the farm or indoor cultivation area. The common practice in New Brunswick
is to add commercial fertilizers to soil such as NPK to reduce the potential for nutrient losses in
latter stages. Ca and Mg are supplied through lime, while the micronutrients are only supplemented
if a deficiency is observed (Government of New Brunswick, Department of Agriculture,
Aquaculture and Fisheries, 1988). Based on those practices, the illustration in Figure 2 of the
chemical content of nutrients are the common ranges of nutrients found in soil within the season.
At this level of research, we did not perform any soil testing and we cannot ensure that the low
concentrations of elements in petioles are due to deficiency in soil or stressed plants, as our focus
is to find correlation between the nutrients’ concentration in the petioles and the foliar spectral
reflectance.

3.1.1. Dilution of NPK and S, and effects on micronutrients (Mn, Fe and Cu)
The high NPK concentrations in the beginning of the season refers to the current practice of largely

applying fertilizers at early stages to fulfill the fertilizer requirements during plants’ vegetative and

10
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reproductive stages and to avoid deficiencies later in the season (Figure 2.a, b, ¢). The decline of
NPK during the growing season may be explained by the dilution phenomenon as plant biomass
increases (Du et al., 2020; Gémez et al., 2020). The higher uptake of N, and P at late stages was
also documented by Liu et al. (2021) and Rosen et al. (2014), respectively. While the slight
increase in concentrations of the NPK at the end of the season may refer to the reason that potato
plant uptake of NPK reached to the maturity phase of the tubers and NPK elements are no longer
moving from foliage to underground tubers. Apparent trend was similarly noticed for S through
the season and its uptake possibly refers to the translocation within the plant both for its
contribution to plant yield and quality (Koch et al., 2020). Knowing that the application of S to
potato plants is usually fertilized with K>SOy4 instead of KCI, the elevation in S concentration
would be referred to the high K application at the beginning of the season which was found in
Figure 2.d in response to concentrations in Figure 2.c.

Another synergistic effect is potentially available between K, Mn, and Fe, as it was documented
that the increasing level of K causes a larger uptake of Mn concentration (dos Anjos, and Monnerat,
2000), and excessive level of K might result in excessive uptake of Mn and Fe (Torabian et al.,
2021). The link among K and Mn was noticed in our chemical results as shown in Figure 2.c, e till
80 days after planting. The random distribution of Mn concentration thereafter may raise doubts
about the reliability of the chemical testing. On the other hand, the synergistic effect between K
and Fe was found in our chemical results as shown in Figure 2.c, f, except three concentrations
were found to be anomalous at one specific timing and this could refer to less reliability of
chemical testing in that week of petiole analysis. On the other hand, Cu concentration was noticed
to decrease with K’s increase in the petioles as shown in Figure 2.c, g, and these results agree with

a study done by dos Anjos, and Monnerat (2000).

11
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3.1.2. Increasing uptake of Mg and Ca and their effects on micronutrients (Al, Zn and B)
Mg is recognized as a competitive cation to K for plant uptake (Koch et al., 2020). That means a
low concentration of K in plant samples would cause a rise in Mg concentrations, which was the
case towards the end of the season as shown in Figure 2.h. A previous study observed a similar
phenomenon based on a cation antagonism between K and Mg, where there was a significant
decrease in Mg concentrations with higher K supply in potato plants (Koch et al., 2019). In
addition, the Ca concentrations have shown high values during the growing season (Fig 2.i)
because of the probable transport of Ca via the xylem rather than being transported for tuber
formation (Koch et al., 2020). Ca and Mg are commonly known for their contribution to maintain
a stable pH in soil through the application of lime in the shape of Ca.Mg(CO3). (Government of
New Brunswick, Department of Agriculture, Aquaculture and Fisheries, 2011).

The supply of Ca is commonly used not only to neutralise the soil pH but also to inhibit the uptake
of Al and Mn that may cause toxicity to potato plants. This could explain the Al concentrations
under the maximum normal range for both farm and indoor data as shown in Figure 2.j. Moreover,
three concentrations of Al at one specific timing were higher than the normal range and this could
refer to the non-reliability of chemical testing at this time of sampling.

Ca application will further impact the uptake of Zn due to the decrease in soil acidity. A previous
study stated that when pH is raised by the addition of lime, Zn will be less available to potato
plants (Koch et al., 2020) and this could justify the decrease in Zn concentrations after 70 days
from planting (Figure 2.k) concurrently with the increase of Ca shown in Figure 2.i. Furthermore,
low B concentrations was documented to be found in the acidic soils (Wagar et al., 2012).
Therefore, the addition of lime in shape of Ca shall increase the B concentration uptake, which

correspond to our chemical results shown in Figure 2.i, 1.
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3.2. Correlation analysis and Lasso MLR analysis

Table 3 shows the selected wavebands, most significant wavebands, and RMSE of the training
model given by Lasso. These absorption bands of Vis-NIR are commonly known as overtones
which can be assigned to specific functional groups. Sometimes two absorbers coincide to the
extent that an absorption band appears near the sum of the frequencies of the two fundamental
wavebands, and thus, we show the first four significant wavebands in Table 3 as recommended by
Williams (2019). Figure 3 shows the results of the highest absolute r values between the petiole
chemical contents and the reflectance of wavelength range from 404 - 2500 nm for both testing
modes (dried and fresh leaves). The vertical bars of width 20 nm show the regions of the four most
significant waveband given by the Lasso MLR models. This width is arbitrarily chosen to check
whether the most significant wavebands would cross in the same range.

3.2.1. Pearson’s correlation and Lasso MLR significant wavebands for macronutrients
Amongst all macronutrients, S gave the highest r value in the fresh testing mode as shown in
Figure 3.a-f. A comparable result was given by Lasso MLR for S with close r? value in both modes
(Table 4). Similarly, P and K were given highest r values in the dried testing mode (Figure 3.b, c),
and Lasso MLR also gave indistinguishable r? values in both modes. In contrast to Pearson’s
correlation, Lasso MLR training model showed that N has highest r? values for the fresh testing
mode as shown in Figure 3.a.

The most significant wavebands were in the Vis range for N, P and C as presented in Figure 3.3,
b, d, except for one waveband found in the NIR range for K, Mg and S (Figure 3.c, e, f), which
might possibly be related to the synergistic effect among them as explained earlier in Sections
(3.1.1, 3.1.2). The significant wavebands in Vis range would probably explain having the highest

correlation in fresh testing mode for N and K, in addition to P, and S as those wavebands will not

13



293

294

295

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

interfere with water absorbance spectra in the NIR range (Prananto et al., 2020). Similar significant
wavebands were concluded for P prediction in the VNIR region of the spectrum in corn canopy
(Siedliska et al., 2021), and for S and K prediction at Vis- VNIR range of the spectrum in mango
leaves (Mahajan et al., 2021).

3.2.2. Pearson’s correlation and Lasso MLR significant wavebands for micronutrients

excluding Na

All micronutrients show highest r values in the dried testing mode like the results given by Lasso
MLR modelling, except for Fe that has a comparable r? value in both modes (Figure 3.g-m, Table
4). The four significant wavebands were found in Vis range only in Mn (Figure 3.g), while B had
a solo significant waveband in NIR region (Figure 3.j) regardless its interference with Ca (Section
3.1.1), which possibly give a fingerprint for B. Amongst the elements, Zn, Fe, Cu, and Al had
similarities in having two significant adjacent wavelengths in Vis and NIR (Figure 3.h,i,k,l),
respectively, whilst those wavebands in the NIR range are not interfering with the significant
waveband found for the macronutrient affecting them such as K and Ca (Sections 3.1.1, 3.1.2).
The above correlation analysis of the spectral data showed that the most significant wavebands
were more prominent in the Vis-NIR region. These prominent spectral variations were also
reported by Osco et al. (2020) for predicting macro and micronutrients in orange and by Ling et

al. (2019) for detecting concentrations of leaf nutritional elements.

3.3. Estimation of concentrations and models performance

3.3.1. Lasso MLR models performance for macronutrients
The Lasso MLR results suggest excellent performance for estimating all macronutrients based on
the RPD classification shown in Table 4 except for S that showed acceptable RPD value.

Moreover, the high RPD values shown in Table 4 may provide supporting evidence that the

14
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generated models accounted for more of the variance in the datapoints represented by the chemical
results shown in Figure 2.a-d, 2.h-i.
For instance, the vast majority of the N concentrations (93%) was above the normal range (2.49 -
3 %) (Figure 4.a), in spite of that, the model had reasonable estimation, likewise, for P estimation
model presented in Figure 4.b. In addition, K, and Mg estimation models showed fair distribution
around the fitting line despite being beyond the normal range (Figure 4.c, e). Mg estimation model
gave a fairly distribution of estimated concentrations around the fitting line more than the
concentrations above the normal range (Figure 4.e).
Only the Ca estimation showed a low correlation, but a high RPD value at 2.55 (Table 4), which
would possibly refer to the fair variance in the actual measurements shown in Figure 2.i. S was
the only macronutrient that had all concentrations below the normal range, nevertheless, its model
performance gave reasonable results of r2 and RPD values in comparison to other macronutrients
(Table 4). For that reason, models of Ca and S may require enriching the datasets with more
variability in chemical concentrations.

3.3.2. Lasso MLR models performance for micronutrients excluding Na
RPD evaluation hovered around acceptable to excellent performances for the estimation of all
micronutrients as shown in Table 4. The Lasso MLR models unveiled considerably high
correlation values except for Mn. Nevertheless, Mn estimation model showed an excellent RPD
value (Table 4) which may correspond to the variance in the chemical concentrations shown in
Figure 2.e. Al had less reliability in chemical concentrations at the beginning of season as
explained in Section 1.3.2 and shown in Figure 2.j. Those unreliable concentrations of Al may
have biased the model during training, especially since model selection was based on the lowest

RMSE value. In Figure 4.1, the Al model shows good estimation results when the concentrations
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were under 300 ppm, and beyond 1000 ppm, three datapoints were shown to be underestimated.
For that purpose, additional analysis was performed on Al dataset after re-grouping datapoints to
avoid underfitting that occurred due to the high concentrations in the beginning of the season. After
re-grouping, Lasso testing model showed an improvement in r? value from 0.67 to 0.71 and RPD
value decreased slightly from 2.61 to 2.39. Moreover, when we considered the three datapoints
shown at day 52 in Figure 2.j as out of accepted range of concentrations, the r? value of the testing
model was marginally decreased from 0.67 to 0.62 and the RPD value increased from 2.61 to 3.78.
Thus, further investigation is required for Al modelling, with larger datasets.

Likewise, Fe concentrations showed three inconsistent values in comparison to others within the
growing season in Figure 2.f and Figure 4.i. Nevertheless, cross validation results of the Lasso
model yielded r?value at 0.65 and RPD value at 3.66 (Table 4). This high value of RPD commonly
means that a small error of estimation is found in comparison to actual values. However, we had
less confidence of these three concentrations in comparison to the other Fe concentrations during
the season. For that purpose, we re-assessed the model performance after dropping these three
concentrations and the results showed a decrease in the r? value from 0.65 to 0.40 and RPD value
from 4.23 to 4.24. Although r? was devalued, the range of the actual Fe concentrations entered for
training the model are more reliable. For the other micronutrients, the concentrations were well
estimated around the fitting line (Figure 4.g, h, j, k) and the model performance with regards to

RPD gave an acceptable to excellent accuracy for Zn, Cu and Mn, B, respectively (Table 4).

3.4. Overall evaluation of the datasets and the developed models
The dataset was made of samples collected from 3 locations and had no more than 60 datapoints
collected over one season. In our effort to maximize the range of observations in terms of different

nutrient concentration, we took the samples over one season with an interval of two weeks between
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samples taken from the same subplot following the current protocol of sample collection, and
preparation by potato growers in NB, Canada. This resulted in ranges that went higher, within and
below the normal ranges for N, P, K, Mg, Zn and Mn (Figure 2.a, b, ¢, h, k, and I). We were able
to extend the range of P in particular by the indoor cultivation area which used to apply P in
concentrations that cannot be implemented in commercial farms. In the future, we will continue to
use the indoor area to expand the ranges of other macronutrients as well as testing the models on
wider ranges of observations.

This preliminary analysis assists in identifying the correlation between chemical contents of
petioles and spectrum of leaves. Pearson’s correlation was initially considered to find out whether
any correlation would exist between the chemical contents of petioles and spectrum of leaves, and
to highlight the wavebands that could potentially be considered as significant wavelengths. The
testing mode of the highest Pearson’s correlation agreed with the highest r? value given by Lasso
MLR estimation models for all elements except N, S and Zn. The models showed that most
significant wavebands were in the Vis-VNIR range for all macronutrients except Mg and S, which
had significant third and fourth wavebands in SWIR. On the other hand, all micronutrients had the
most significant wavebands in both Vis-VNIR and SWIR with a common significant waveband at
1932 nm, along with an adjacent waveband at 1940 nm. Similar results are supported by findings
of other researchers such as N (Liu et al., 2020; Ye et al., 2020), P (Siedliska et al., 202), S and K
(Mahajan et al., 2021). The visible correlation between the actual and estimated values of elements
supported by reasonable RPD values shows a potential to estimate petiole elements based on foliar
spectral reflectance in a lab-based level. The estimation models were trained by Lasso MLR on 48

datapoints and tested using the remaining datapoints, which we will enhance in the following
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seasons as we increase the number of datapoints used for the training and validation processes for
all the models.
3.4.1. Correlation of Na

Na showed an exceptional pattern in comparison to other elements. The Na chemical content
within the season showed a discrete distribution with a dominant concentration at 0.02% (Figure
2.m). These unchanging concentrations might be due to the reason that the chemical analysis of
Na is based on the percentage unit rather than ppm, unlike the other micronutrients. The percentage
unit might not be capable to describe changes in Na concentrations occurring within the season.
Despite this discrete distribution in Na concentrations, the Pearson’s correlation did not show an
odd pattern in comparison to other elements as shown in Figure 3.m. In contrast, the Lasso MLR
model gave a dominant estimation value at 0.02% (Figure 4.m) regardless to the other actual values
up to 0.05 % shown in Figure 2.m. This estimation model resulted in a low r? value at 0.19 (Table
4). The RPD value at 4.36 (Table 4) indicates that the actual data variance is low, and thus the
value for the RPD cannot be accurate to judge on the efficiency of the estimation capacity (Parrini
etal., 2021). We are uncertain whether this low model performance happened as a reason for non-
reliable chemical concentrations of Na or there is in fact no correlation between petiole Na content
and leaf spectrum. Accordingly, we will remove Na from the analysis.
4. Conclusion

The results of this research show that there is a correlation between the chemical contents of potato
petioles and leaf spectrum for all elements tested except Na. The models over the two testing
modes show that most elements had higher correlation in the dried leaves except for N and K.

Besides, the models showed potential to estimate P, S, and Fe in the fresh mode as stated in Table
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4. These results set off a new technique to estimate petioles chemical contents based on two sets

of foliar spectral reflectance: dried or fresh leaves.
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Figure 2. Temporal distribution for each nutrient during the growing season. Horizontal lines represent the
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A & L Canada Laboratories Inc in Ontario. @ , @presents farm and indoor data, respectively.
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Figure 3. Pearson’s correlation (r) for dried (— ) and fresh leaves (— ) across the spectrum. Absolute peaks
represent the highest r. The solid line outlines the testing mode of the highest coefficient of determination (r?)
using Lasso Regression, while dashed line represents the testing mode with less r?. The bars present the region
of the four most significant wavebands by Lasso Regression. The intensity of the grey scale of the bars intensity

gives the sequence of important wavebands from darker to brighter.
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Figure 4. Validation results of the actual versus estimated concentrations of the testing mode (green for
fresh, brown for dried) of the highest coefficient of determination (r?). I shows the normal range of

nutrients in potato petioles as recommended by A & L Canada Laboratories.
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Table 1. Operating specifications of NIRS DS2500 Analyzer

Item

Specification

Measurement Mode
Wavelength Range
Detectors

Optical Bandwidth
Spectral resolution
Number of data points

Wavelength Accuracy

Reflectance

400 - 2500 nm

Silicon (400 - 1100 nm) and Lead Sulfide (1100 - 2500 nm)
8.75+0.1 nm

0.5nm

4200

+ 0.05 nm
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Table 2. Descriptive content of petiole nutritional concentrations during the entire growth season

N P K Ca Mg S Mn Zn Fe Na Cu Al B
Parameter

(%) %) (%) (%) (%) (%) (ppm)  (ppm)  (ppm) (%)  (ppm) (ppm)  (ppm)
Number of datapoints 60 52 52 52 52 52 52 52 52 50 52 49 49
Maximum measured 6.04 0.70 11.74 2.24 1.43 0.27 2545 282 3343 0.05 28 2415 44
Maximum recommended* 2.49 0.35 11 3 0.8 0.35 200 60 100 0.03 30 300 60
Minimum measured 1.78 0.07 3.32 0.84 0.22 0.11 31 13 49 0.01 1 26 22
Minimum recommended* 3 0.24 8 1.4 0.3 0.24 60 35 50 ND 10 ND 36
Mean 4.36 031 754 1.53 0.64 018 360 96 280 0.02 8 263 32
SD 1.02 019 236 0.37 035 0.04 47136 59.97 621.98 0.01 552 48399 6.16

* Normal range in nutrient concentrations stated by A & L Canada Laboratories Inc. ND: not defined
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Table 3. Number, range, and first four significant wavebands resulting from Lasso MLR modelling at the better testing mode of each element

Element Better testing mode Number of bands Range of bands (nm) First four significant wavebands (nm) RMSE value
N Fresh 13 404 - 1828 660, 684, 404, 484 0.64
P Dried 10 404 - 1924 708, 404, 540, 700 0.10
K Fresh 17 404 - 2300 404, 428, 588, 948 1.23
Ca Dried 20 404 - 2100 404, 444, 588, 540 0.30
Mg Dried 14 404 - 1940 700, 532, 1716, 524 0.18
S Dried 18 404 - 1916 404, 588, 516, 1452 0.03
Mn Dried 22 428 - 2492 660, 628, 428, 492 377.41
Zn Dried 12 468 - 2124 1932, 524, 1852, 532 49.11
Fe Dried 19 404 - 2316 1932, 636, 524, 2308 329.70
B Dried 11 412 -1932 684, 1932, 412, 460 232.62
Cu Dried 23 428 - 2484 1940, 676, 428, 1716 2.48
Al Dried 17 404 - 2316 1932, 2308, 524, 652 232.62
Na Fresh 20 548 - 2148 548, 972, 700, 1028 0.01
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Table 4. Validation results of Lasso MLR models estimating elements.

Testing mode used Validation results

Element Unit

for modelling 72 RPD
N % Fresh 0.59 3.06
P % Dried 0.74* 2.26
K % Fresh 0.75** 244
Ca % Dried 0.32 2.55
Mg % Dried 0.77 2.85
S % Dried 0.50* 1.82
Mn ppm Dried 0.24 2.30
Zn ppm Dried 0.54 2.26
Fe ppm Dried 0.65* 3.66
B ppm Dried 0.62 2.08
Cu ppm Dried 0.58 2.09
Al ppm Dried 0.67 2.61
Na % Fresh 0.19 4.36

* r2 values are < 0.04 compared to values of the fresh mode

** 12 values are < 0.02 compared to values of the dried mode
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