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Thank you for taking the time to review our manuscript. We will address the comments and revise
the paper accordingly. Our detailed responses are as follow:

The paper presents a case study of prediction performance comparisons between a couple of
standard machine learning methods commonly used in soil spectroscopy (PLS and Cubist) and a
deep learning algorithm (convolutional neural networks, CNN). These algorithms are tested in a
large soil spectral library. The paper clearly shows that CNN outperforms PLS and Cubist when the
number of calibration observations is large. All the algorithms tend to perform poorly when they
are used in small (calibration) sample sets. In my opinion, the manuscript does not present a clear
contribution to soil science. | just have some comments that | hope help the authors to improve
their manuscript.

We agree that the comparison on the performance of deep learning vs machine learning (Cubist and
PLS) using a large NIR spectra library to predict soil properties has been published by our group
(Padarian et al and Ng et al., 2019). Deep learning application in soil spectroscopy, and even in
spectroscopy is still new (Yang et al. 2019)

Currently, there is still no guideline on how many samples would we need to effectively use deep
learning methods. Deep learning was developed to handle a large amount of data (millions of
images), and clearly soil spectra data are not that large. For example, a recent study used deep
learning on 135 soil samples (Chen et al., 2018). Clearly the advantage of using deep learning on
such small number of samples is questionable. A recent review on spectroscopy showed that there
are a large number of studies where deep learning was used with small sample size (Yang et al.
2019). The review indicated that increased training samples could further improve the calibration
performance, however there is no guideline how much improvement can be expected and what is
the minimum number of samples.

In addition, there is a hypothesis in machine learning literature that common regression methods
will reach a plateau with increasing sample size, while the performance of deep learning will still
increase. We tested this hypothesis in soil NIR modelling,

Hence, the contribution to soil science is:

- Establishing the number of samples required for deep learning to be effective

- Totest the hypothesis that common machine learning models with reach a plateau in
accuracy with an increasing number of samples.

- Establishing how much improvement in accuracy when we increase the number of
calibration sample

- Demonstrating how to interpret deep learning models

Chen, H., Liu, Z,, Gu, J., Ai, W., Wen, J. and Cai, K., 2018. Quantitative analysis of soil nutrition based
on FT-NIR spectroscopy integrated with BP neural deep learning. Analytical methods, 10(41),
pp.5004-5013.

Yang, Jie, Jinfan Xu, Xiaolei Zhang, Chiyu Wu, Tao Lin, and Yibin Ying. "Deep learning for vibrational
spectral analysis: Recent progress and a practical guide." Analytica Chimica Acta (2019).



General comments: - The method used by the authors to estimate the effective calibration sample
size is entirely based on prediction performance indicators (e.g. root mean square error) which
requires prior knowledge of the response variables of the samples used as candidates for
calibration. Therefore, the method is rather unrealistic/impractical.

The objective of this paper is not on calibration sampling or estimating the effective number of
sample size for an area as done by Ramirez-Lopez et al., 2014. We recognise the title would need a
revision, which we will revise.

The aim of the application of spectroscopy in soil science field is to provide rapid prediction of soil
properties. In order to do it, prior knowledge of the response variables is indeed needed. There is no
other way of estimating the effective calibration size rather than using empirical data.

- Since the main objective of the paper is related to calibration sampling for soil spectroscopy, |
encourage the authors to review the literature available on this topic. This might help to clearly
identify research needs and also to identify already available methods to optimize the number of
samples used in calibration (see Esbensen et al., 2014; Ramirez-Lopez et al., 2014; De Gruijter et
al., 2006 ; Petersen et al., 2005; Minkkinen, 2004).

The objective of this paper is not on calibration sampling or estimating the effective number of
sample size for an area. This paper aims to provide a guide on the number of samples to be used
within the calibration model for both deep learning and machine learning model in a large and
diverse dataset. In our previous study, we have found that the machine learning model reaches
plateau performance when the number of sample size reach several thousand. We would like to
understand a comparison of performance of machine learning vs. deep learning with number of
samples.

- The effective size of the calibration set for a given spectral dataset largely depends on the
variability or complexity embedded in such dataset. For example, a small area where a large
number of soil spectra is available (as in the case of on-the-go soil spectroscopy), the optimal size
of the calibration set would be rather small. Furthermore, in such non-complex scenario, the use
of CNN would be arguable, as the conventional methods would be expected to perform well (as it
has been proven). In this respect, the authors seem to focus only on the size of the calibration sets
disregarding very important aspects of the theory of sampling (see Minkkinen, 2004) and draw
general conclusions from a single experimental dataset.

We agreed that for a smaller area, the use of conventional machine learning would be suitable. We
did not disregard the theory of the sampling and as described above this paper is not about
establishing sampling for calibration. The sample selected for the calibration model is based on
stratified sampling scheme, where the samples from the same sites are grouped together.

- The conclusions are not clear and despite their original research question (how many samples are
required to get CNN performing better than PLS and Cubist) is answered for their particular
dataset, there is no useful procedure or method presented by the authors to reproduce or
extrapolate this to other cases in a useful way.

Although the conclusion we drew applied only for this dataset, it would provide the readers a guide
of when to and not to use the CNN model within their own dataset. Clearly CNN requires a large
dataset. It would not be possible to analyse all combination of spectra library. We believe the 2000
samples are applicable as a general guide.



Specific comments: - Section 3 (chemometrics model): the authors need to provide information on
model optimization and references. For example, why do they choose a learning rate of 0.001 and
adam optmizer, what does it mean? Is there any reference the readers can be referred to?

We will provide this information in the revised paper. We need to ensure that the learning rate is
not too high or too low. Adam is one of the learning optimizer that is used when training neural
network (aside from RMSprop, SGD, Adadelta, etc.) For more information regarding this optimizer,
refer to Kingma and Ba (2014).

Kingma, D. P., and Ba, J.: Adam: A method for stochastic optimization, arXiv preprint
arXiv:1412.6980, 2014.

How many PLS components and committees were tested in PLS and cubist respectively?
Optimization of the algorithms play a key role in their performance.

We could not agree more that the optimization is important. We had included this within the paper.
For the PLS model, we selected number of components that resulted in the lowest RMSE based on
cross validation approach. The committees for the Cubist model was set as 1.

- Section 4.4 (sensitivity analysis): this whole section does not seem to bring any significant
contribution to the objectives of the paper.

We still think this is an important part of modelling. This section is not related to sampling size for
both machine learning and deep learning model, however interpretation is as much important as
getting a highly accurate prediction. We would like to demonstrate that deep learning does not
necessarily be a black box. We show that the sensitivity analysis can relate the model back to the
basic knowledge. The sensitivity of certain region can be related to the presence of certain
molecules that affect the prediction of certain soil properties.

- Section 4.4 (sensitivity analysis): The estimations of the importance of variables for modeling for
different modeling algorithms are based on different methods, therefore the comparisons
between the results carried out in the paper are not appropriate.

We couldn’t agree more. We recognise the differences and that each method is unique, and it is
mentioned in the paper. For example, PLS regression parameters method cannot be applied to
Cubist and CNN. We just want to mention that there are different methods to interpret the model.

- Section 4.4 (sensitivity analysis): the authors need to be more clear with their statement: “the
wavelengths used Cubist were derived based on model usage”.

We have clarified it in our revised paper as: The important wavelengths were selected based on the
variables that were used within the model either as predictors (blue lines) or conditions (pink lines).



Interactive comment on “Estimation of effective calibration sample size using visible near infrared
spectroscopy: deep learning vs machine learning” by Wartini Ng et al.
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Received and published: 16 March 2020

Thank you for taking the time to review our manuscript. We will address the comments and revise
the paper accordingly. Kindly find our detailed responses as follow:

The manuscript tackles with an important and interesting topic; however, the presentation was
really poor, not easy to follow. The most important issue is that the manuscript lacks the
Discussion section! Actually the manuscript is not ready to be submitted to a journal.

We will elaborate the discussion section.

- Apart from the Abstract and Introduction sections, the other sections were totally mixed in a way
that in some parts you could not get, which section you are reading. For example, Lns. 176-196 are
method but have been presented in the Results sections. This is a critical issue in a paper that
needs to be solved.

We will move it into Method section, and keep the results within Result section.

- The authors have compared CNN with PLSR and Cubist, as two common machine learning
techniques, although Cubist have not been very common in soil spectroscopy so far compared to
RF and SVM. It would be fine if these algorithms also be taken into account.

We’'ll remove the word “common method” when referring to Cubist model. Several of the studies
below had shown that Cubist > RF and SVM. Hence, the inclusion of RF and SVM would not be
necessary.

Sorenson, P. T., Small, C., Tappert, M. C., Quideau, S. A., Drozdowski, B., Underwood, A., and
Janz, A. 2017. Monitoring organic carbon, total nitrogen, and pH for reclaimed soils using
field reflectance spectroscopy. Canadian Journal of Soil Science, 97(2), 241-248.

Sharififar, A., Singh, K., Jones, E., Ginting, F. |., and Minasny, B. 2019. Evaluating a low-cost
portable NIR spectrometer for the prediction of soil organic and total carbon using different
calibration models. Soil Use and Management, 35(4), 607-616.

Silva, E. B., Giasson, E., Dotto, A. C., Caten, A. t., Dematté, J. A. M., Bacic, I. L. Z., and Veiga,
M. d. 2019. A Regional Legacy Soil Dataset for Prediction of Sand and Clay Content with Vis-
Nir-Swir, in Southern Brazil. Revista Brasileira de Ciéncia do Solo, 43.

- Some parts repeating the same thing several times. For instance, the section 4.3. generally
repeats the same contents in Lns. 158-163 and Lns. 168-173 that should be avoided.

We understand that it seems that we are repeating the same thing several times. However, R?itself
is not enough in chemometrics. Thus, RMSE are also implemented to evaluate model performance.

In our example, although it seems that Cubist and PLSR performed better than the CNN model in
terms of R? for smaller sample size (see Figure 5); there are larger variances in the RMSE of Cubist
model in comparison to CNN model. Based on the R? itself, both PLSR and Cubist seemed to also
perform similar. However, when we compare the model performance in terms of RMSE ratios, we
can see that there are less variances using the PLSR model.



- In presenting the comparison between PLSR and Cubist has been missed. Please compare them
as well. In general, the Results sections should be more detailed furnished with more obtained
values and comparison of them.

Yes, we shall include the comparison between the PLSR and Cubist model within the script as well (
see updated figure 6)

- Surprisingly, the manuscript does not have the Discussion section, which is one of the most
important parts of each paper. There are only some lines in the Result section whitin authors have
presented the results of other similar studies (e.g. Lns. 148-151, Lns. 198-207, Lns. 212-215), which
cannot be considered as the discussion of the results of the current work. Please separate the
section of Results from the Discussion with detailed and informative discussion of your works’
outputs.

We'll elaborate the discussion as we have mentioned above..

All to all, | reject the manuscript at this step but highly recommend its resubmission after the
corrections done.

We have revised the paper, and added discussion of our findings.



EstimationThe influence of effeetive-ecalibratientraining sample size-
using—visible near—infrared—speetroseopy:on the accuracy of deep

Style Definition: Normal

Style Definition: Heading 2: Space After: 8 pt, Don't add
space between paragraphs of the same style, Line spacing:
Double, Outline numbered + Level: 1 + Numbering Style: 1, 2,
3, ... + Start at: 1 + Alignment: Left + Aligned at: 0 cm +
Indent at: 0.63 cm, Don't keep with next

learning vs—machinelearningmodels for the prediction of soil
properties with NIR spectroscopy data

Wartini Ng', Budiman Minasny', Wanderson de Sousa Mendes?, José A.M.Dematté 2,

! School of Life and Environmental Sciences & Sydney Institute of Agriculture, The University of Sydney, NSW, Australia
2 Department of Soil Science, “Luiz de Queiroz” College of Agriculture, University of Sdo Paulo, Av. Padua Dias 11, Portal

Box 9, Piracicaba, Sao Paulo state Code 13418-900, Brazil

Correspondence to: Wartini Ng (wartini.ng@sydney.edu.au)

Abstract

The number of samples used in the calibration dataset affects the quality of the generated predictive models using visible, near
and shortwave infrared (VIS-NIR-SWIR) spectroscopy for soil attributes. Recently, the convolutional neural network (CNN)

is regarded as a highly accurate model for predicting soil properties on a large database;hewewver. However, it has not been

ascertained yet how large the sample size should be for CNN model to be effective. This-paperThis paper investigates the

effect of training sample size on the accuracy of deep learning and machine learning models. It aims at providing an estimate

of how much calibration samples are needed to improve the model performance of soil properties predictions with CNN—ttis
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used as compared to conventional machine learning models. In addition, this paper also looks at a way to interpret the CNN

models, which are commonly labelled as black box. It is hypothesized that the performance of machine learning models will

increase with an increasing number of training samples, but it will plateau when it reached a certain number, while the

performance of CNN will keep improving. The performances of two machine learning models (Partial least squares regression

(PLSR) and Cubist) are compared against the CNN model. A VIS-NIR-SWIR spectral library from Brazil containing 4251

unique sites, with averages of 2-3 samples per depth (a total of 12,044 samples), was divided into calibration (3188 sites) and
validation (1063 sites) sets. A subset of the calibration dataset was then created to represent smaller calibration dataset ranging
from 125, 300, 500, 1000, 1500, 2000, 2500 and 2700 unique sites, or equivalent to sample size approximately 350, 840, 1400,
2800, 4200, 5600, 7000, and 7650. All three models (PLSR, Cubist, and CNN models) were generated for each sample size of
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the unique sites for the prediction of five different soil properties, i.e. cation exchange capacity, organic matter, sand, silt and
clay content. These calibration subset sampling processes and modelling were repeated ten times to provide a better
representation of the model performances. Similar—results—were—observed—whenLearning curves showed that the
performaneesaccuracy increased with an increasing number of bethtraining sample. At a lower number of samples (<1000)
PLSR and Cubist medel-were—compared—to—theperformed better than CNN-medel-where—the. The performance of CNN

outweighed the PLSR and Cubist model at a sample size of 1500 and 1800 respectively. It can be recommended that deep
learning is most efficient for spectral modelling for sample size above 2000. The accuracy of the PLSR and Cubist model

seemedseems to reach a plateau above sample size of 4200 and 5000, respectively-, while the accuracy of CNN has not

plateaued. A sensitivity analysis was—performed-enof the CNN model_demonstrated the ability to determine important
wavelengths region that affected the predictions of various soil attributes.

Keywords: convolutional neural network, deep learning, machine learning, infrared spectroscopy, soil properties, soil analysis
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1. Introduction ‘—[ Formatted: Line spacing: 1.5 lines

There has been an increasing demand for a rapid and cost-effective method as an alternative for conventional laboratory soil<—[ Formatted: Space After: 12 pt

analysis. Visible, near and shortwave infrared (VIS-NIR-SWIR) spectroscopy has been proposed to be used as an alternative
tool for soil analysis for the last few decades (Bendor and Banin, 1995;Shepherd and Walsh, 2002;Stenberg et al., 2010). This

method enables the simultaneous prediction of various properties and has non-destructive characteristics.

Various machine learning models, such as Partial Least Squares Regression (PLSR), Cubist, random forest, and support vector
machines had been utilized to model spectroscopy data. However, the performances of these regression models are dependent
on the spectra pre-processing methods (Rinnan et al., 2009), as well as the size of ealibration-dataset-and its-representativeness
of the calibration samples (Kuang and Mouazen, 2012;Ng et al., 2018). Different orders and combinations of the spectra pre-

processing methods, which—are-developed to remove artefact in the spectral signal, will result in differentvarious model

performances. Furthermore, the spectra pre-processing techniques developed for a particular dataset might not work for a

different dataset. Better generalization can be made by training the model in a larger dataset. However,reduced-orplatean

2048)However, several studies demonstrated that the performance of the machine learning model did not increase significantly

or even plateaued as the calibration sample size increased (Figueroa et al., 2012:Ramirez-Lopez et al., 2014:Ng et al., 2018).

Advances in-the artificial intelligence, such as deep learning enable the possibility of extracting features from data without
hand-engineered features (LeCun et al., 2015), such as pre-processing. Various deep learning convolutional neural network
(CNN) model (AlexNet, VGGnet, GoogLeNet, ResNet}), had been developed and trained on large volumes of data, which

included over 10 million image data (Krizhevsky et al., 2012;Simonyan and Zisserman, 2014;Szegedy et al., 2015;He et al.,
2016).

_Although CNN often deals with images as input data, it has recently been successfully applied to vibrational spec—t-reseepy—.ﬂlﬂ Formatted: Space After: 12 pt

reflectance spectroscopy (Acquarelli et al., 2017:Cui and Fearn, 2018:Liu et al., 2018:Ng et al., 2019;Padarian et al., 2019).

Acquarelli et al. (2017) found that the CNN based model outperformed other models (Partial Least Square — Least Discriminant
Analysis, logistic regression and k-nearest neighbour) for the classification of various vibrational spectroscopy data. CNN also
has recently been successfully utilized for regression modelling using reflectance spectroscopy data (Cui and Fearn, 2018;Liu

etal., 2018;Ng et al., 2019;Padarian et al., 2019)Jn-particular, recent studies (Ng et al., 2019;Padarian et al., 2019)-had-shown

NN-model had-the-capabilitvto-outperform R and bist-m

3

number-of ealibration-samples. Cui and Fearn (2018) compared the performance of CNN and PLSR to predict protein and ash

content of wheat kernels and wheat flour from the NIR-SWIR spectra data with calibration sample size ranging from 415 —

6.987. Liu et al. (2018) developed one-dimensional CNN model using VIS-NIR-SWIR spectra data to predict soil clay content

with a calibration sample size of 16,000. Other studies had shown that CNN model had the capability to outperform PLSR and

Cubist model for the prediction of various soil properties using VIS-NIR-SWIR (Ng et al., 2019:Padarian et al., 2019), mid-
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infrared (MIR) and combined VIS-NIR-SWIR with MIR spectra (Ng et al., 2019) with a calibration sample size greater than
10,000.

FheDeep learning such as CNN was developed to handle a large amount of data (millions of images), and clearly soil spectra

libraries these days are not that large yet. For example, a recent study used deep learning on 135 soil samples (Chen et al.

2018). The advantage of using CNN on such a small number of samples is uncertain. A recent review on spectroscopy showed

that there were several studies where deep learning was used with a small calibration sample size (Yang et al., 2019). The

review indicated that increased calibration samples should further improve the calibration performance, however, there is no

guideline how much improvement can be expected and what is the minimum number of samples for it to be effective.

Strategy to select adequate calibration set in terms of representativeness and size is vital in obtaining a model with ood<‘[ Formatted: Space After: 12 pt

generalization ability. Although various sampling algorithms (Kennard-Stone, conditioned Latin Hypercube sampling, k-

means clustering) to select representative samples have been explored (Ramirez-Lopez et al., 2014:Ng et al., 2018), the

question of how much samples are needed for the CNN model to perform better than the-machine learning medelusing
themodels for spectroscopy data has yet to be determined. It is commonly depicted and hypothesized_in a learning curve that
as more data are available, CNN will perform better compared to traditional machine learning models which-will-reach-a
plateau-with-an-inereasing-amount-of data-(Mahapatra, 2018) (see Figure 1). Machine learning models tend to reach a plateau

or show marginal improvement with an increasing amount of data as the model has limited complexity to deal with an

increasing amount of data (Zhu et al., 2016).

Thus, the purpose of this study is to assess the amount of calibration data needed for the CNN model to perform better than

machine learning models. PLSR and Cubist are chosen as the representatlves of the regressionand-machine learning models

a-machine learning models which had

been found to perform well in soil spectra data (e.g., Dangal et al. (2019)). In addition, to be able to predict soil properties

accurately, we need to understand and interpret how a CNN model can predict soil properties from spectra. Fhe-sensitivity

-Specifically, this

paper presents the following specific contributions:

- testing the idea that common machine learning models with reach a plateau in accuracy with an increasing number of

calibration samples,
- establishing the number of calibration samples required for deep learning to be effective for VIS-NIR-SWIR spectra

data,

- establishing how much improvement in accuracy is achieved the number of calibration sample for deep learning and

machine learning models is increased, and
- demonstrating how to interpret deep learning model using a sensitivity analysis.

4
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2. Materials and Methods ‘—[ Formatted: Space After: 12 pt, Line spacing: 1.5 lines

2.1. Dataset and chemical analysis

This dataset comprises of 12,044 soil samples from 4,251 unique sites. The soil samples, collected from several regions 0f<‘[ Formatted: Space After: 12 pt

Brazil, i.e., states of Sao Paulo, Minas Gerais, Goias, and Mato Grosso do Sul. This dataset is part of The Brazilian Soil Spectral
Library and extracted from Terra et al. (2018) and Bellinaso et al. (2010). The soils were derived mostly from basalt (volcanic

rock) and sedimentary ones (sandstone). Each site has up to seven samples measurements from the surface up to 1 m depth.

The measured properties include soil texture (sand, silt, and clay), organic matter (OM) content and cation exchange capacity<‘[ Formatted: Space Before: 0 pt, After: 12 pt

(CEQ).

termined-usingThe soil particle size was quantified by the pipette method, as described in Donagema et al. (2011).

The method consists of using a 0.1 M NaOH solution as dispersing agent under high-speed mechanical stirring during 10 min.

Then, the sand fraction was separated by sieving and the clay portion by sedimentation. The silt was quantified based on pre-
and post-difference. Organic carbon (OC) was determined by the Walkley and Black method (Walkley and Black, 1934)-
i - i i i i -, in which OC was

oxidised using K>Cr»,O7 in a wet environment and then measured by titration with 0.1 M ammonium iron sulphate. After that

the organic matter (OM) was calculated by multiplying the OC quantified per the Van Bemmelen factor of 1.724. As described

in Donagemma et al. (2011), a 1 M KCI solution was used to extracted aluminium, exchangeable calcium and magnesium.

The atomic absorption spectrophotometry was used to quantify Ca and Mg concentrations. Aluminium concentration was

determined by titrating with 0.025 M NaOH. Potassium and phosphorus contents were extracted using Mehlich-1 (0.05 M HCI

with 0.0125 M H,S0.) solution. The concentration of P was quantified by colourimetry and the K concentration by flame

photometry. Afterwards, CEC was determined as the sum of exchangeable cations. The descriptive statistics of the soil

properties measured are included in Table 1.

2.2, Spectral measurements ‘—[ Formatted: Space After: 12 pt, Line spacing: 1.5 lines

The VIS-NIR-SWIR spectra of the soil samples were obtained with FieldSpec3 spectroradiometer (Analytical Spectral‘—[ Formatted: Space After: 12 pt

Devices, Boulder, Colorado) with a spectral range of visible to shortwave infrared (350 — 2500 nm) and spectral resolution of
1 nm from 350 to 700 nm, 3 nm from 700 to 1400 nm, and 10 nm from 1400 to 2500 nm. The sensor scanned an area of
approximately 2 cm?, and a light source was provided by two external 50-W halogen lamps. These lamps were positioned at a
distance of 35 cm from the sample (non-collimated rays and a zenithal angle of 30°) with an angle of 90° between them. A
Spectralon (Labsphere Inc., North Sutton, NH) standard white plate was scanned every 20 min during calibration. The samples

were oven--dried at 45°C for 48 hours before being ground and sieved < 2 mm. The sample was distributed homogeneously in
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petriPetri dishes for spectra measurement. Three replicates (involving a 180° turn of the Petri dish) were obtained for each

sample. Each spectrum was averaged from 100 readings over 10 s.

2.3. Training and validation ‘74[ Formatted: Space After: 12 pt, Line spacing: 1.5 lines ]

To better represent the soil distribution, we split and subset the data based on sites. The dataset is first randomly split into 75%‘*—[ Formatted: Space After: 12 pt ]

calibration (3188 sites) and 25% validation (1063 sites) based on the unique sites.

From the calibration dataset, we-ereated-smaller sample sizes ranging from 125, 300, 500, 1000, 1500, 2000, 2500 and 2700
unique sites_were created, which is equivalent to_a sample size of approximately 350, 840, 1400, 2800, 4200, 5600, 7000, and
7650. Better representations of model performances were provided by ten replicates of these sizes. Each sampling for the same
number of sites could generate a slightly different number of samples since the number of measurements varied from one site
to another. However, the model performance was evaluated on the common validation dataset using a total of 1063 sites

(sample size N = 3017). Thus, we create a learning curve of the accuracy of the models of the validation dataset as a function

of the number of calibration samples.

2.4. Chemometrics model Hﬁ Formatted: Heading 3, Space After: 12 pt, Line spacing: 1.5}
lines

Prior to the development of machine learning models (PLSR and Cubist), the spectra data were subjected to some pre—H—[ Formatted: Space After: 12 pt ]

processing methods: (i) conversion to absorbance followed by (ii) Savitzky - Golay smoothing filter with window size of 11

and second--order polynomial (Savitzky and Golay, 1964), (iii) spectral trimming to discard region that has low signal to noise

ratio (<500 nm and between 2450 — 2500 nm) and (iv) standard-normal-variate (SNV) transformation (Barnes et al., 1989).

For the deeplearningCNN model, the spectra were only normalized with SNV priertebefore being fed into the model. Our

previous research (Ng et al., 2019) found that CNN has its own filtering algorithm that made pre-processing not necessary.

This filtering approach will be discussed in the results section.

2.4.1. PLSR model Hﬁ Formatted: Heading 4, Space After: 12 pt, Line spacing: 1.5
lines

PLSR is one of the standard and most commonly used models with the spectroscopy data. It is a linear chemometric regression

model that projects spectra data into latent variables that explain the variances within the spectra data and the response variables

(Wold et al., 1983). The optimal number of latent variables used in the PLSR regression that resulted in the smallest root mean

square error (RMSE) using the cross-validation approach was used to create the models.

1 PLSR wasCubist del Hﬁ Formatted: Heading 4, Space After: 12 pt, Line spacing: 1.5
lines
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These-machine learning models-were implemented in the R statistical software (R Core Team, 2019) using the “pls” package
(Mevik et al., 2018).

2.4.2 ist m 1 Formatted: Heading 4, Space After: 12 pt, Line spacing: 1.5

lines
" s g

Cubist has been used successfully in soil spectroscopy studies and in many cases found to perform better than PLSR and other

machine learning models (Dangal et al., 2019). Cubist creates one or more rules, in which if the rules are met, a certain linear

model can be utilized to predict the target task. The model was evaluated using the "Cubist" package (Kuhn and Quinlan

2018) in R.

2.4.3. CNN model “{ Formatted: Heading 4, Space After: 12 pt, Line spacing: 1.5
lines

The CNN model is composed of three types of layers: convolutional, pooling and fully-connected layer. The convolutional
layer extracts feature from the inputs, the pooling layer reduces the dimensionality of the input feature, and the fully connected
layer connects the outputs from previous layers to the desired target outputs.

The CNN model utilized in this study iswas derived from our previous study (Ng et al., 2019), where the spectra data were fed
into the model as a one-dimensional data. The architecture of the CNN model is included in Table 2 and Eigure2—-Figure 2.

Some of the layers within the network are shared to enable simultaneous output predictions.

The CNN model was trained with an initial learning rate of 0.001 and Adam optimizer: (Kingma and Ba, 2014). The network

was trained a batch size of 50, and a maximum epoch of 200. For model optimization purposes, the calibration data is further
divided into 75% train and 25% test set. Dropout, early stopping and reduced learning rates are used as a regularization
technique to prevent network overfitting. BetailsFor further details of the CNN model, the reader is giveninreferred to Ng et
al. (2019)-and-wil-notberepeated-here:

. The CNN model was implemented in Python (v3.5.1; Python Software Foundation, 2017) using Keras library (v2.1.2; Chollet;‘[ Formatted: Space After: 12 pt

2015) and Tensorflow (v1.4.1; Abadi et al., 2015) backend.

All the model performances are compared in terms of coefficient of determination (R?), and the root mean square error

(RMSE), bias and ratio of performance to inter-quartile distance (RPIQ) values based on the validation dataset. Generally,

larger values of R? and RPIQ and smaller bias and RMSE indicate better model performance.
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2.5. Sensitivity analysis: evaluating important wavelengths “[ Formatted: Space After: 12 pt, Line spacing: 1.5 lines

To uncover how CNN predicts different soil properties, a sensitivity analysis was conducted to assess the importance of each<‘[ Formatted: Space After: 12 pt

wavelength in contributing to predictions. Evaluating the sensitivity of the model can be done in several ways, for example,
Cui and Fearn (2018) calculated the sensitivity of a CNN model for NIR by taking a numerical partial derivative of the output

with respect to each wavelength. For wavelength i, the sensitivity S was calculated as:

_ Ky Xt 6 Xp) = f(X)

Si :

(Eq. 1)

where X is the reflectance spectra, and f(X) is the CNN prediction using the spectra, € is a small number. The idea is that if‘—[ Formatted: Space After: 12 pt

wavelength i has an important contribution to the prediction, a small perturbation to the reflectance value will create a large

change in the prediction.

In our previous study (Ng et al., 2019), we calculated the sensitivity as a function of the variance of the model for each window

of spectra. Here, we calculate the sensitivity based on the variance principle as an alternative approach:

5 _ Var (f(Xy, o, Xi o, Xn) — (X))
v Var (Y)

(Eq.2)

Where Var is the variation calculation, f (X, ..., X;, ..., X;,) is the prediction of spectra due to variation in wavelength i With‘—[ Formatted: Space After: 12 pt

other wavelengths held constant at their mean values, and f(X) is the prediction value using the mean values of the spectra

9
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and Y is the observed values of the target variable. In essence, we calculated how the model varied in comparison to the

observations as a function of wavelength.

The current sensitivity analysis (Eq. 2) considers the actual variance of the data for a better approximation of wavelengths
sensitivity. To calculate the variance sensitivity, two new data frames wereare created. The first data frame contains data which
is the average of all the validation spectra data (X) and the second contains modified average spectra data ( X;), in which some

of the average measurements wereare replaced with the actual spectral reflectance at a wavelength width of 5 nm.

The illustrations of the process of deriving new data frames are included in Figure 6. Both data frames wereare then fed into

the pre-trained CNN model (f()). The variance between the average and modified average spectra wereare then compared to

the actual variance of the target properties as a measure of the model sensitivity (Eq. 2).

3. Fhesensitivity-analysi he modeHinpredicting-each-property-is-illustrated-in Figure 7- Onlycertainps “[Formatted:SpaceAfter: 12 pt, Line spacing: 1.5 lines

3.1. VIS-NIR-SWIR spectral characteristics

Large variability within the soil properties and texture could potentially influence the soil spectral characteristics (shown in

Figure 3). In general, there was an increase in reflectance between 400 - 1000 nm, with several prominent absorption features

at 1400, 1900 and 2200nm. Absorption features in the VIS-NIR (400 - 1000 nm) which is related to iron oxides, such as
haematite (Fe,O3) and goethite (FeOOH) (Clark, 1999). Absorption near 1400 nm is associated with the first overtone of an

O-H stretch vibration of water or metal-O-H vibration, while absorption is 1900 nm is combination vibrations of water related

to H-O-H bend and O-H stretch (Viscarra Rossel et al., 2009). Absorption in the 2100-2400 nm region is related to the

combination vibrations of minerals. Generally, spectra that have a higher clay content would show smaller reflectance (greater

absorption) values in comparison to those with lower clay content. The representative samples of the VIS-NIR-SWIR spectra

before and after pre-processing were included in Figure 3.

3.2. Visualization of the spectra within CNN model

An attempt to take a look at what the CNN model actually learns was conducted. As the raw reflectance spectrum was fed into

the CNN model, it passed through a convolutional layer which extracted information from the spectra. Filters from the first

two convolutional layers were included in Figure 4. Though only raw spectra were fed into the CNN model, we could see that

the spectra underwent some spectra pre-processing within each filters of the layers. Some of the filters shown in the first

convolution layer looked like the input spectra pattern (filter #3, 4 and 10), and some of them mimicked like transformation

pattern: absorbance (filter #1, 5. 6, 7, 9, 13 and 16) and derivatives (filter # 2, 8, 11, 12, 14 and 15). The spectrum became

10
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smoother when they passed through the second convolutional layer, where some filters only accentuated certain peaks (Figure

4.

3.3. Prediction of soil properties and model comparison

The model performances for the validation dataset using the full calibration data (ng.= 3188, N=9027) for various soil

properties and chemometrics model were presented in Table 3. CNN model outperformed both Cubist and PLSR model (in

terms of higher R? and RPIQ and lower RMSE).

The performance achieved using the CNN model with the prediction of sand (R?>= 0.85; RPIQ =1.52), silt (R>=0.58: RPIQ
=0.75). clay (R?=0.86; RPIQ =1.05), organic matter (R?>=0.69; RPIQ =0.91) and CEC (R?=0.68; RPIQ =0.69). Both the PLSR

and Cubist had similar performance for the prediction of the various properties. PLSR model achieved R? of 0.79, 0.47, 0.80.
0.48 and 0.52, and RPIQ of 1.29, 0.67, 0.87, 0.70, and 0.57 for the prediction of sand, silt, clay, organic matter, and CEC
respectively. Meanwhile, Cubist model achieved R? of 0.78, 0.45. 0.81, 0.54 and 0.52 and RPIQ of 1.19, 0.67, 0.92, 0.70 and

0.59 for the prediction of sand, silt, clay, organic matter, and CEC respectively. Nonetheless, on some cases, the CNN model

prediction yielded higher bias on the prediction of some soil properties, such as OM and CEC (bias = -0.11 and -0.76

respectively), than PLSR model (bias = 0.04 and -0.17) for the same properties. The Cubist model yielded bias of -0.22 and -

0.17 for the prediction of OM and CEC respectively.

Among all the properties predicted, the sand and clay content showed the best performance with R? values greater than 0.75

regardless of the types of model used ranging from (0.78 — 0.85 and 0.8 — 0.86) respectively. This finding is in agreement with

the ones from Dematté et al. (2016), who observed good predictions for sand and clay content with R? of 0.86 and 0.85.

Pinheiro et al. (2017) reported the prediction accuracy of 0.62 and 0.78 for the sand and clay content, respectively. The low

performance of the silt predicted can be linked to error associated with the laboratory analysis method, where the silt content

is derived from the difference of the soil mass after the sand and clay content are determined. The prediction for OM content

in our study ranges from R? of 0.48 — 0.69. Shibusawa et al. (2001) reported R? of 0.65 for the prediction of OM using slightly
different wavelength region (400-2400nm). Our prediction of CEC ranges from R? of 0.52 — 0.68. Chang et al. (2001) and

Islam et al. (2003) reported R? of 0.81 and 0.88, respectively for the prediction of CEC. Although some prediction accuracies

are slightly lower than other studies, they are still within an acceptable range.

34. Effect of sample training size: learning curve

A total of nine subset models based on the unique sample sizes were generated to investigate the effect of training sample size.

The performance comparison of all the models expressed as average R? values is illustrated as a learning curve in Figure 5.

The depicted R? values are the average performance prediction for all five properties of all ten replicates, except for the largest

sample size (N = 9027) where a single data random split for validation of the data is used. The learning curve generally follows
11




299 the common pattern found in machine learning studies (Figueroa et al., 2012), the performance increased rapidly with an

300 increase in the size of the training set from around 350 to 1400. For PLSR and Cubist, the growth in performance became

301 slower after it reached 2800 samples. PLSR performance reached a plateau after 4000 samples while the increase in

302 performance in Cubist was marginal after 5500 samples.

303 In general, the PLSR and Cubist model tend to perform better when the sample size was relatively small (<1500). When the

304 sample size was approximately 1800, there was only a small difference in the performances for all models. However, when

305 the sample size was further increased (>2000), the CNN model started to show better performance in comparison to both PLSR

306 and Cubist model. The effectiveness of PLSR and Cubist model reached a plateau at approximately 4000 and 5500 samples,

307 respectively, while the performance of CNN was still increasing, as depicted in the theoretical curve (Figure 1). The slight
308 drop in Cubist’s performance at sample size 9027 was because there was only one realization of data split (75% of the data).

309 We further compared the average model performance based on the RMSE ratios of machine learning models against the CNN

310 model (Figure 6). This comparison was developed using the model performance for each unique property, and the variances
311 presented was based on ten simulations. If a particular model X performs better than the Y model it is compared against, the

312 RMSE ratios of X/Y should be less than one.

313 Upon comparing the RMSE ratios of PLSR/Cubist model. we found that PLSR performed better than the Cubist model when

314 the sample size is less than 1400. Cubist model performed better than the PLSR model as the sample size was increased. Using

315 the RMSE ratios of PLSR/CNN model, PLSR was found to perform better than CNN when the sample is less than 1400

316 (Figure 5). Similar performance of both PLSR and CNN model was achieved when the sample size is approximately 1400. In

317 terms of RMSE ratios of Cubist/CNN, overall CNN model performed better in comparison to the Cubist model regardless of

318 sample size. This was slightly different than the one that was observed when only R? parameter was utilized. The RMSE ratios

319  of Cubist/CNN seemed to vary more for a smaller sample size (longer whisker). When the sample size is approximately 850,

320 both models seemed to perform similarly. A portion of the model performed better, while the remaining performed worse. As

321 the calibration sample size increased. the CNN model performed better in comparison to the Cubist model. Thus, it can be

322 recommended that the current CNN model structure is most efficient for VIS-NIR-SWIR spectral modelling with sample size

323 above 2000. CNN still can be used for small number of samples, but its performance is not better than PLSR or Cubist.

324 3.5, Sensitivity Analysis

325 The critique of CNN is that it is a complex model and a black box. To uncover how the CNN model works, a sensitivitw‘[ Formatted: Space After: 12 pt

326 analysis was conducted to show how CNN is predicting each of the soil properties, illustrated in Figure 7. Only certain parts

327 of the spectra were used by the CNN model for prediction, which corresponded to the soil properties and composition. The

328 important wavelengths for the prediction of CEC are between the regions of 1600 — 2000 nm. This result is similar to the

12



|329 observations made by Lee et al. (2009) on the surface horizon dataset where 1772 and 1805 nm are impertantessential in
330 predicting the CEC. The presence of high CEC is often linked to the presence of organic matter (OM) and clay content. It is

331 interesting that the same region is important in predicting organic matter but not clay content. Aside from the same region

‘332 used by CEC, wavelengths’ region between 1100 — 1200 nm are also deemed #mpertantrelevant by the CNN model for the
333  prediction of OM content. This finding is slightly different to those reported by Lee et al. (2009) in which the important
334 wavelengths reported are at 1772, 1871, 2069, 2246, 2351 and 2483 nm for the profile dataset and 1871, 2072 and 2177 nm
335 for the surface horizon dataset. H-is-also-worth-neting-that the-model- does-not-use-the-visible-part of the-speetrafor predietion
336
337

338  Similar wavelength regions are deemed to be important in predicting the soil texture although the importance slightly varied
339 among the type of texture of interest (sand, silt and clay) at wavelengths between 500 and 1800 nm. The important wavelengths
340 for the prediction of sand and clay content share a higher similarity in comparison to that of silt content prediction. The most
341 #mpertantcrucial wavelength identified is around 850 nm for the prediction of sand and clay content, and around 1100 nm for
342  the prediction of silt content. These observations are also different from those reported by Dematté (2002) and Lee et al. (2009)
343  where the important wavelengths for the prediction of soil texture are at 1800 — 2400 nm. In particular, the soil texture
344  prediction found in the CNN model is strongly related to hematite and/or goethite, -OH and Al-OH groups from kaolinite
345  (Viscarra Rossel and Behrens, 2010;Pinheiro et al., 2017;Fang et al., 2018).

346

347 We also compare important wavelengths from the machine learning models against the one from the deep learning model for‘*—[ Formatted: Space After: 12 pt

348 the prediction of OM as an example. Common wavelengths found to be related to the organic matter predictions are 1100,
349 1600, 1700 — 1800, 2000, 2200 — 2400 nm (Dalal and Henry, 1986;Stenberg et al., 2010).

350 As a comparison, we calculated important wavelengths used in the PLSR and Cubist models. The important wavelengths

351 utilized in the PLSR model was derived based on the absolute value of the regression coefficients. The height of the line
352  indicates the importance of a-particular wavelengthwavelengths for the determination of organic matter content in the soil.
353 Important wavelengths identified for the prediction of organic matter were 500 — 700, 1400 and 1715 nm.

354 The wavelengths used in the Cubist were derived based on model usage (Figure-8)—The-blue-and pinktinesrepresent-which
355 wavelengths—are—usedeither as predictors and(blue lines) or conditions within-the-Cubist-medel—respeetively-(pink lines
356 (Figure 9). Some of the wavelengths used in the Cubist model are similar to those observed in the PLSR model, in particular

357  the visible (500 — 700 nm), and shortwave infrared regions (1400 and 1900 nm).

358 4. Discussion
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4.1. Understanding the CNN models

While conventional PLSR and machine learning models require spectra pre-processing for the spectra data input, CNN model

takes raw spectra as inputs. CNN has been shown to be a successful end-to-end learning model which learn feature

automatically while minimizing hand-crafted pre-processing process. Upon taking a closer look at the various filters within

the convolutional layers, we found that the filters behaved like spectra pre-processing method. It is interesting to note that

using the raw spectral input, various spectral pre-processing that was commonly used within spectroscopy could be observed

within the layer itself. Given the various complexity within the CNN model, the use of spectra pre-processing prior to being

fed is unnecessary. This advantage opens up possibilities of developing highly accurate chemometrics model, which also plays

a role in automatic spectral pre-processing.

CNN have been proven to be extremely successful, however how they work remains largely a mystery as they are buried in

layers of computations. Sensitivity analysis enabled us to see better the inner workings of the CNN model. We could understand

better which wavelengths features are essential from the spectra when used in developing the regression prediction. Important

wavelengths derived from the sensitivity analysis based on the CNN model looked slightly different from those of PLSR and

Cubist models. Wavelengths around the 1700 nm region were deemed to be the most important, followed by those between

the 1150 nm region. Nonetheless, some of the important regions overlapped. It was also worth noting that the model did not

use the visible part of the spectra for prediction. In comparison to the sensitivity of MIR spectra data on previous study (Ng et

broad peak.
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Although all three methods used different ways to derive important wavelengths, PLSR model tendstended to use most parts<‘[ Formatted: Space After: 12 pt

of the spectra. When irrelevant wavelengths are included in model development, it may reduce the model performance. The
Cubist model seemsseemed more selective in terms of wavelengths used, however this example showed that it also used most
parts of the VIS-NIR-SWIR spectra. CNN model used wavelengths between 800- — 2000 nm, with partienlar
emphasizeemphasis around 1100 and 1700 nm.

——Ceonclusion

4.2 The effect of calibration sample size to model performance




387 PLSR. Cubist and CNN represent models with increased complexity. By combining results from 5 soil properties, we can

388 show better a generalisation of the performance of the models as a function of training sample size. Simpler models (PLSR)

389 performed better at a smaller sample size (< 1400). Cubist outperformed PLSR at sample size > 2000, while CNN outweighed

390 other models when sample size > 2500. The increase in the accuracy of machine learning models (PLSR and Cubist) became

391 insignificant when the number of samples was greater than 5000. This trend of plateauing of performance (maximized up to a

392 certain point) with an increase in sample size as had been observed by several authors (Shepherd and Walsh, 2002;Kuang and

393 Mouazen, 2012:Ramirez-Lopez et al., 2014:Ng et al., 2018). This trend is related to the complexity of the model. as a simpler

394 model (such as PLSR) cannot capture all variation in the data. Thus, a more complex model is suitable when the number of

395 samples is large.

396 Previous studies by Ng et al. (2019) and Padarian et al. (2019) had shown that CNN performed better than PLSR and Cubist

397 when the model was trained with more than 10,000 samples. However, there were also studies using CNN with a small number

398 of training samples. This study showed that CNN model only outperformed PLSR and Cubist models when the sample size is

399 greater than 2000. As sample size increases, the efficiency of CNN model is increased. We observed a larger reduction in

400 RMSE (CNN compared to the other 2 models) with increasing calibration sample size. Thus, we recommend using a minimum

401  of 2000 samples to train CNN model for the VIS-NIR-SWIR spectra. To further improve the performance of the CNN model

402  simultaneous prediction of soil properties could also be implemented within the model.

403  The advantage of using deep learning on a small number of samples is minimal as CNN is a data-hungry model; it is also more

404 computationally expensive than the typical machine learning models. While our results pertain to the spectral dataset from

405 Brazil and a particular structure of the CNN, we believe our results can serve as a guide on the number of samples needed to

406 create a better deep learning model. Future research could test this idea on larger and more variable datasets (e.g. a global

407  spectral library with more than 100,000 samples) and to see if a more complex and deeper network of CNN can handle such
408 dataset.

409 5. Conclusions

410 In this paper, we assessassessed the effeetiveeffect of training sample size and identifyidentified important wavelengths in<‘[ Formatted: Space After: 12 pt

411 predicting various soil properties using Cubist and CNN model. In general, the CNN method-eanperform-model performed
412 better than the Cubist when the sample size is relatively large—Fhe-number-of-calibration-samples—is-also-affected-by-the
413 h 4 0 1 adyv-mieh h n

414

- (>2000). Here, we found that with its

415 current model structure, CNN is more accurate than a machine learning model when the number of calibration samples is

416 above 2000. The more complex and deeper network of a deep learning model, the smestmore likely it will need a larger number

417  of samples for training. PLSR and Cubist models performedperform less accurate than the CNN model as sample size
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increases, and it-seems—tike—they-both models reached a plateau after a sample size of 4000-_— 5000. Meanwhile, the
performance of CNN still increases until the maximum number of data used in this study (N = 9000). Future studies should
explore larger dataset to see the generalization of the accuracy vs sample size and to explore if the deep learning CNN model

ever reachedreaches a plateau in accuracy.
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largest sample size (a=N = 9027) is a single realization 75% of the data.
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563  the validation spectra data and (C) represents the modified average of the validation spectra data.
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566  properties using the Convolutional Neural Network (CNN) model. The graph depicts sensitivity index (calculated from(Eq. 2)) for

567 different soil properties as a function of wavelength.
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Table 1: Descriptive statistics of the soil properties measurements.

“*f‘[ Formatted: Line spacing: 1.5 lines

Sand Silt Clay oM CEC
g kg! mmol. kg!

Minimum 50.0 0.0 5.0 2.0 3.4
1t Quartile 644.0 31.0 112.0 6.0 229
Median 757.0 57.0 174.7 9.4 32.7
Mean 703.8 69.7 226.5 11.2 37.7
3rd Quartile 839.0 93.5 283.3 14.3 46.3
Maximum 969.0 562.0 840.0 69.0 375.7
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578  Table 2: Architecture of the convolutional neural network.

579
580

Type Shared Filter size # Filters Activation
Convolutional Yes 20 32 ReLU
Max-pooling Yes 2 - -
Convolutional Yes 20 64 ReLU
Max-pooling Yes 5 - -
Convolutional Yes 20 128 ReLU
Max-pooling Yes 5 - -
Convolutional Yes 20 256 ReLU
Max-pooling Yes 5 - -
Dropout (0.4) Yes - - -
Flatten Yes - - -
Fully-connected No - 100 ReLU
Dropout (0.2) No - - -
Fully-connected No - 1 Linear

*ReLU: rectified linear units
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581  Table 3: Results of model validation for the prediction of various soil attributes using the full calibration dataset. .,7{ Formatted: Line spacing: 1.5 lines
Model Properties Unit R? RMSE bias RPIQ . 4[ Formatted: Line spacing: single
Sand 0.79 91.47 2.74 1.29
Silt 0.47 41.58 -1.78 0.67
gkg!
PLSR Clay 0.80 73.01 -0.65 0.87 “n 4[ Formatted: Line spacing: single
oM 0.48 4.98 0.04 0.70
CEC mmol. kg! 0.52 16.77 -0.17 0.57
Sand 0.78 89.66 1.28 1.19
Silt el 0.45 38.68 -2.06 0.67
Cubist Clay e 0.81 69.65 -0.23 0.92 <—[ Formatted: Line spacing: single
OM 0.54 4.83 -0.22 0.70
CEC mmol. kg'! 0.52 17.03 -0.93 0.59
Sand 0.85 77.28 -0.16 1.52 ‘—[ Formatted: Line spacing: single
Silt . 0.58 37.09 -1.74 0.75 T 4[ Formatted: Line spacing: single
CNN Clay gke 0.86 60.78 -0.53 1.05 k*{ Formatted: Line spacing: single
oM 0.69 3.83 -0.11 091  «—{ Formatted: Line spacing: single
CEC mmol. kg™! 0.68 13.73 -0.76 0.69 . 4[ Formatted: Line spacing: single
OM = organic matter; CEC = cation exchange capacity
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