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Abstract: Potato (Solanum tuberosum L.) is one of the most significant vegetable crops grown globally,
especially in developing countries. Over the last few years, global potato production has been
increasing. This growth has created many opportunities for developing a wide range of value-
added products from these crops. However, this requires monitoring the quality components of the
tubers, such as moisture content, starch content, and soluble solid content. In particular, moisture
content is one of the key quality parameters important for ensuring quality control throughout
the supply chain and processing for consumer consumption. Ideally, moisture content would be
estimated at the field level; however, current methods used by the industry to assess moisture
content are time-consuming, labor-intensive, and destructive. Hence, the purpose of this study is
to investigate the feasibility of hyperspectral imaging to quantify the moisture content of unpeeled
potatoes before they were subsequently stored and processed. Hyperspectral images are collected
from 47 intact potato tubers, with partial least squares regression (PLSR) models developed to predict
moisture content from these spectra. The models showed predictive abilities for moisture content
with acceptable ratios of prediction to deviation (RPDs) when considering the complete wavelength

check for range (R% = 0.53, RPD = 1.46, root mean square error (RMSE) = 5.04%) or the 3-coefficient wavelength
updates selection technique (R% = 0.53, RPD = 1.47, RMSE = 5.02%). Furthermore, the prediction ability
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study demonstrates the potential of using hyperspectral imaging for the quality assessment of intact,
unpeeled potatoes, although further work is required to improve the model quality and implement
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Received: 28 November 2022 Potato is an important vegetable-tuber crop that is considered an integral part of food
Revised: 15 December 2022 production systems across the globe. It is a key staple food and is the world’s topmost
Accepted: 16 December 2022 non-grain food product. It is the third most important food crop after rice and wheat in
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production levels have increased by 20% since 1990, around 32% of potatoes are lost every
year due to the lack of proper management, storage, and/or processing [1,2].
B Potatoes are a nutritious food containing high levels of carbohydrates (principally in
the form of starch), as well as protein, essential amino acids, potassium, and vitamin C, all
of which are necessary nutrients for the human body [3]. Potatoes are widely consumed
boiled, fried, or mashed, or they may be processed into chips, French fries, granules, flakes,
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potato processing, the preprocessing moisture content is one of the most critical parameters.
Moisture content is an important factor in potatoes because it influences the quality of the
product during the drying method in potato processing, and it is also associated with the
rate of shrinkage and color of the potato [4,5]. Excessive moisture content can also lead to
product spoilage as it aids the growth and activities of microorganisms [6]. Moreover, the
freshness of freshly cut potato slices is related to their moisture content. Hence, knowledge
about the moisture content of potatoes can assist in effectively preserving product quality
and preventing spoilage.

Moisture content is traditionally determined using standard drying methods involving
human inspection, oven-drying, and freeze-drying. However, these methods are not highly
accurate, time- and energy-consuming, interruptive, and destructive [7]. Recent advance-
ments in technology have made it possible to develop methods to determine moisture
content utilizing imaging techniques. One of the rapid, convenient, and nondestructive ap-
proaches to measure moisture content is by using near-infrared spectroscopy. Despite this
advancement in technology, these measurements are only taken from a single point, these
techniques are unable to predict the moisture distribution [8], and cannot give information
on the spatial distribution of moisture in the samples [9,10].

RGB and near-infrared spectroscopy (NIR) sensors have shown to be effective in a vari-
ety of agriculture and its related applications. However, it is found that only hyperspectral
sensors have the spectral resolution that surpasses the use of multispectral imaging [11-13].
Several studies [14-16] have indicated that hyperspectral imaging (HSI) can be efficiently
used in a variety of agriculture and related applications. Tahmasbian et al. [15] compared
the effectiveness of HSI and NIRS in determining nitrogen and carbon concentrations in
wheat. The authors stated that the scanning technology of HSI is more accurate than NIRS.
The authors added that HSI can scan thousands to millions of pixels within an image
compared to NIRS, which scans just one point. Due to the fact that they extract spectra sets
made up of hundreds of bands across pictures with high spatial resolution, hyperspectral
sensors typically produce enormous volumes of data [14]. Remote sensing, especially
unmanned aerial vehicle combined with an HSI sensor, is used in various areas, such
as observing crop cultivation stages, estimation of parameters (e.g., carotenoid content,
moisture content, and biomass), and disease monitoring, as they have a wider spectral
range and narrow bands. Mozgeris et al. [16] predicted the chlorophyll concentration and
NDRE of spring wheat using Rikola hyperspectral HSI with UAV, which outperformed
color infrared (CIR) imagery. Aasen et al. [17,18] measured the chlorophyll of barley using
a snapshot hyperspectral camera on a UAV.

HSI is an analytical technique combining the benefit of spectroscopy and digital imag-
ing for obtaining both spectral information of samples in the visible region and near-infrared
region and spatial information. HSI has been used in agriculture for determining product
quality, including physical, chemical, and biological attributes. As with near-infrared
spectroscopy, this technique is rapid, nondestructive, and efficient. HSI is simple to handle,
which helps in processing and analyzing the data and acquiring important information
required to establish the correlation between desired quality parameters and hyperspectral
image data. There have been numerous previous applications of HSI in determining the
quality of agricultural produce, such as: estimation of moisture content in banana [19],
glucose estimation in carrot and banana [20,21], estimation of moisture content, firmness
and pH values in apple [7], and prediction of moisture content in peanut [22]. In the case of
potatoes, studies investigating quality assessment using HSI include estimation of moisture
content with and without skin [23], starch, soluble sugars and amino acids estimation [24],
estimation of starch content [25], evaluating sugar content [26], biomass estimation [27],
detection of nitrogen stress [28], nondestructive detection of blackspot [29], classification of
bruised potato [30], precautionary analysis of sprouting potato eyes [31], prediction of solu-
ble solid content in sweet potato [32], determination of moisture content and chromacity
during convective hot air drying process [4], prediction of optimal cooking time for boiled
potatoes [33], detecting water stress in potatoes [34], prediction of moisture content and
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freezable water content of purple-fleshed sweet potato slices [35], and prediction of color
and water content of fresh cut potato slices [36]. However, there are limited studies using
HSI and machine learning algorithm for the estimation of moisture content in potatoes.

Therefore, this study demonstrates the potential use of HSI using machine learning for
estimating the moisture content of unpeeled whole potato tubers. The ultimate aim would
be to implement the HSI technique for infield operations using remote sensing sensors to
reduce post-harvest loss of potato tubers.

2. Materials and Methods
2.1. Sample Collection and Analysis

For scanning the unpeeled potato samples, a Specim IQ hyperspectral VS_NIR camera
(Specim, Spectral Imaging Ltd., Oulu, Finland) was used with two 750 W tungsten halogen
lamps (ARRILITE 750 Plus, ARRI, Miinchen, Germany) and a white reference tile. The
Specim IQ hyperspectral VS-NIR camera was positioned with two symmetrically placed
halogen lamps, and the white reference tile was properly positioned with the camera, as
shown in Figure 1. Reflectance geometry is employed by the camera, which works between
the range of 400 and 1000 nm, with a spectral resolution of —7 nm, thereby providing
204 wavebands. Accordingly, each hyperspectral image is a volumetric image cube that is a
three-dimensional matrix storing spatial as well as spectral information about the sample.
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Figure 1. Hyperspectral imaging system in the laboratory.

A total of 47 samples of commercial different variety potatoes were collected from the
local supermarkets around Central Queensland, Australia. The whole unpeeled potatoes in
dry basis were used in the study. Before conducting the moisture analysis in the unpeeled
potatoes, they were kept in a lab oven at 60 °C for two days. The ground truth moisture
content was obtained by measuring the difference in potato weights before keeping the
potatoes inside the oven, and, after, taking the potatoes that were left inside the oven at
60 °C for two days for drying. By presuming that moisture alone has been driven off after
drying, the gravimetric microwave drying method estimates moisture indirectly [37]. The
pretreatment was carried out to contain the moisture content in the potatoes. The moisture
content of unpeeled potatoes varied between 50 and 80%, as shown in Figure 2.
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Figure 2. Moisture content of unpeeled potatoes.

2.2. Preprocessing

The hyperspectral datacube had a number of undesirable effects and noises, such
as baseline shifts, light scattering, unrestrained external factor, and random noises that
may influence the results. Prior to the development of multivariate models, spectral
preprocessing was used to reduce unwanted effects and noises. An average spectrum was
found by calculating the average spectrum from all pixels within the region of interest
(ROI). This method was employed to smooth the impact of random noises across the
region, and then it was used for further processing. The hyperspectral images were
calibrated with a white and black reference image for removing the camera sensor’s
dark current influence [38]. By establishing a square region on ROI over the sample,
the calibrated pictures were cropped. We conducted preprocessing based on methods
previously mentioned in the literature [39-42].

2.3. Partial Least Squares Regression

Partial least squares regression (PLSR) was selected as a regression technique because
of its high performance and the fact that it has been widely used for the analysis of HSI
data from numerous crops [42-48]. PLSR enables us to investigate the relationship between
multiple dependent and independent variables. In spectral data analysis, it has proven to
be a dependable, resilient, and accurate method [47-49].

Based on the proposed PLSR model, the moisture content of the unpeeled potatoes
was predicted from the respective HSI spectra (204 wavelengths). Prior to model creation,
the dataset was randomly partitioned into training (80%) and test (20%) sets. The ‘train
test split” function from the sklearn.model selection python package was used to split the
data into training and testing sets, with a value of 20 for the ‘random state” parameter
in the train test split function. To gain the optimum performance and avoid overfitting,
the full cross-validation (leave-one-out) method was employed to calculate the number of
latent variables (LVs) [50-52]. For determining the optimum number of LVs, initially, the
root mean square error (RMSE) was calculated from the cross-validation set, and then the
optimal number was selected from the minimum RMSE.

2.4. Model Evaluation

The evaluation metrics are used to validate a model based on accuracy or error rate,
whereas some evaluation metrics are used as an analyzer for model selection or used as
a discriminator to differentiate and choose the best model [53]. The evaluation metrics
R? and RMSE of the training and testing datasets are used to assess a generated model’s
prediction abilities [46,54,55]. Meanwhile, the relative performance to deviation (RPD) is
used to examine the predictability of the results [46,50,56]. According to Igbal et al. [56] and
John et al. [57], a model’s predictive performance is regarded as ‘excellent’ when the RPD
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value exceeds 1.4 and ‘poor’ when the RPD value is less than 1.4. The following equations
are used to determine the R?2, RMSE, and RPD:

R2 _ Z(yi,p*%’,m)z

=(vip-7)°
1 & 2
RMSE = \/m X (Yip — Yim)
1=m

_ _SD
RPD = RMSE

where y, represents the predicted value, y,, represents the main value for the ith sample, m
represents the number of samples, 7 is the average of the true loads of m samples, and SD
represents the standard deviation of the predicted values in the training (T) and testing (V)
sets. Figure 3 depicts a schematic representation of the complete data processing, analysis,
and model generation process.
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Figure 3. Schematic workflow of data processing.
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The variable importance in the projection (VIP) and the PLSR regression coefficients,
often known as (3-coefficients, are frequently employed methods for choosing variables. In
this paper, the PLSR regression [3-coefficients of each variable were used to choose signifi-
cant wavelengths. The vector of regression coefficients (3) was considered as it is a single
measure of the extent of correlation between each variable and the response [58]. Based
on [42,59], the PLSR model makes use of wavelengths with significant positive or negative
[-coefficients, as they are crucial and contain valuable information. Similarly, variables
with low absolute values of this filter measure and wavelengths with 3-coefficient less than
the standard deviation of all 3-coefficients were removed from the investigation [58].

VIP is another technique that is frequently utilized for determining effective spectral
regions. The VIP technique identifies variables by first computing the VIP score, and then
eliminates variables with VIP scores below a specific threshold [42,58]. On the basis of the
suggestions from [42], the threshold value in this study was determined at 1.

3. Results and Discussion

Before preprocessing the spectrum data, the average spectrum of all the pixels inside
the ROI of each unpeeled potato sample was computed. The averaged spectra were
subjected to preprocessing techniques, such as standard normal variate (SNV), mean
filter with 5 x 5 window size (MF5), mean filter with 9 x 9 window size (MF9), the
first and second derivatives calculated using Savitzky—Golay smoothing (1D-SG and 2D-
5G), and multiplicative scatter correction (MSC). The original averaged spectra and their
related preprocessed spectra were used to create the PLSR model. A total of seven PLSR
models were created based on the preprocessing procedures performed on the HSI dataset
before determining the best wavelengths, where 204 spectral bands are recorded by the
hyperspectral sensor at wavelengths ranging from 397.32 to 1003.58 nm [60]. Similarly;,
79 spectral bands are recorded at wavelengths ranging from 732.53 to 969.63. The key
statistical metrics utilized to evaluate the performance of the PLSR model including latent
variables (LVs), R?, RMSE, and RPD, are included in Tables 1 and 2 respectively.

Table 1. The PLSR results when considering the full HSI wavelengths between 397.32 and 1003.58
(a total of 204 spectral bands).

Model

Preprocessing IV

Method

No Wavelength VIP Based Wavelength -Coefficient
Selection Selection Wavelength Selection

R? RPD RMSE R? RPD RMSE R? RPD RMSE

Wavelength
(A/B/C)

I NO 8 204/73/51 0.53 1.46 5.04 0.51 1.43 5.16 0.53 1.47 5.02
II 1D-5G 6 204/61/61 0.48 1.39 5.29 0.46 1.36 5.40 0.48 1.38 5.32
11 2D-SG 2 204/75/57 0.26 1.16 6.34 0.29 1.18 6.22 0.30 1.19 6.18
v SNV 7 204/65/52 0.45 1.35 5.46 0.40 1.29 5.73 0.43 1.33 5.54
\Y% MSC 7 204/62/51 0.47 1.37 5.36 0.44 1.34 5.50 0.47 1.37 5.36
VI MF5 8 204/66/53 0.49 1.40 527 0.47 1.38 5.35 0.44 1.34 5.49

vl MF9 8 204/67/56 0.47 1.38 5.35 0.45 1.35 5.44 0.41 1.30 5.66

The R? value between the predicted and measured moisture content was used to
assess the prediction models” performance via RMSE and RPD, respectively. The model
was considered good if RMSE was low and both R? and RPD were high. The PLSR
results when considering full HSI wavelengths were compared with results when selecting
important wavelength ranges. It was tested to see if choosing significant wavelengths
increased the models’ ability to predict outcomes more accurately. A total of seven models
were developed using the (-coefficient and VIP wavelength selection methods. When full
HSI wavelengths were considered, six of the seven models performed poorly (RPD < 1.4)
and only the PLSR -coefficient (R% = 0.53, RMSE = 5.02, and RPD = 1.47) and PLSR no
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wavelength selection (R? = 0.53, RMSE = 5.04, and RPD = 1.46) with no preprocessing
technique showed acceptable performance (RPD > 1.4). The performance based on VIP
wavelength selection was low (R? = 0.51, RMSE = 5.16, and RPD = 1.43) when compared
with no wavelength selection and (3-coefficient wavelength selection. Figure 4 shows that
the optimum model created using (3-coefficient wavelength selection with no preprocessing
also showed acceptable performance (R? = 0.53, RMSE = 5.02, and RPD = 1.47). It can also
be observed that there is not much difference between the performance of Model I with no
wavelength selection and with 3-coefficient wavelength selection.

Table 2. The PLSR results when considering wavelengths between 732.53 and 969.63 nm (a total of 79
spectral bands).

" Preprocessing Wavelength No Wave!ength VIP Based Wavelength B-Coefficient .
odel Method LV (A/B/C) Selection Selection Wavelength Selection
R? RPD RMSE R2? RPD RMSE R2? RPD RMSE

I NO 2 79/17/13 0.07 1.04 7.11 0.07 1.03 712 0.07 1.03 7.12
II 1D-SG 12 79/28/27 0.66 1.71 4.31 0.58 1.55 4.77 0.64 1.67 4.40
I 2D-SG 1 79/46/46 0.10 1.05 7.00 0.10 1.05 7.01 0.10 1.05 7.01
v SNV 2 79/14/14 0.22 1.13 6.53 0.22 1.13 6.50 0.22 1.13 6.51
\Y% MSC 2 79/16/18 0.18 1.10 6.69 0.18 1.10 6.67 0.18 1.10 6.67
VI MF5 2 79/17/14 0.07 1.04 7.11 0.07 1.03 7.12 0.07 1.03 7.12
VII MF9 2 79/18/15 0.07 1.04 7.11 0.07 1.03 7.13 0.07 1.03 7.12

a) Model | with no Wavelength Selectien b) Model | with B-coefficient Wavelength Selecticn

®
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Figure 4. Measured vs. predicted moisture content in PLSR regression.

The selection of critical wavelengths was then carried out to see if this enhanced
the models’ prediction accuracy. Using the 3-coefficient variable selection approach, the
number of wavelengths in the PLSR models effectively decreased to 79 spectral bands,
i.e., the wavelengths from 732.53 to 969.63 nm were considered, as shown in Figure 5. In
this case, the performance of only one model (i.e., 1D-SG preprocessing) was acceptable
(RPD > 1.4) when considering both no wavelength selection and (3-coefficient wavelength
selection. Moreover, the 1D-SG preprocessing methodology performance for the reduced
wavelength range was superior to the PLSR models utilizing the full wavelength range
(R2 =0.66, RMSE = 4.31, and RPD > 1.71). However, the selection of PLSR wavelengths
through the B-coefficient method did not improve the accuracy of this model (R? = 0.64,
RMSE = 4.40, and RPD = 1.67) as shown in Figure 6. Nevertheless, Table 1 shows that
both models showed better performance using the reduced wavelength range compared to
the models utilizing all wavelengths. The VIP-based wavelength selection performance
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was comparatively low in both the cases when we considered full wavelength and when
considering wavelengths between 732.53 and 969.63 nm. Based on Figures 5 and 6, it can
be seen that model II with optimum wavelength (732.53-969.63 nm) selection performed
well compared to model I with full wavelength selection.

Raw Spectral Signatures when consider wavelength from 732.53 to 969.63 nm

o
e

Reflectance

o
~

o
o

0.51

750 800 850 900 950
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Figure 5. Raw spectral signatures when considering wavelength from 700 nm to 1000 nm.

a) Model Il with no Wavelength Selection b) Model Il with B-coefficient Wavelength Selection
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Figure 6. Measured vs. predicted moisture content in the case of selected optimum wavelengths
using PLSR regression.

Onwude et al. [61] applied the combination of computer vision and backscattering
imaging for predicting the moisture content and color changes of sweet potato. The RGB
parameters and backscattering parameters were used in the study. It is observed that the
calibration (R? = 0.66 and RMSEC = 0.19) and validation (R? = 0.63 and RMSEC = 0.19) model
based on RGB parameters for predicting moisture content shows equal performance with
our model II (choosing optimum wavelength). In fact, our model II performed well when
compared with the calibration (R? = 0.59 and RMSEC = 0.20) and validation (R? = 0.54 and
RMSEC = 0.22) model based on backscattering parameters for predicting moisture content.

This study aimed to determine the optimum wavelength range and preprocessing
methods to predict moisture content in intact, unpeeled potatoes. The use of different
varieties of potatoes in our study may have had some impact on the results obtained. It was
noted that the spectral responses differed because of the different characteristics obtained
from the various types of potatoes (data not shown). Nevertheless, the results presented
here establish that hyperspectral imagery and PSLR regression can be used to provide an
estimation of moisture content in potatoes. However, this is a preliminary study, and further



Appl. Sci. 2023,13, 53 9o0f12

investigation is needed to improve the model quality. One important observation was that
the predictive ability of the model was increased when using wavelengths between 733 and
970 nm, rather than the entire wavelength (400-1000 nm). This suggests that future work
could focus on this wavelength range, potentially reducing the need for more expensive
HSI sensors which can cover a wider spectral range. This study aims to investigate the
feasibility of HSI in measuring the moisture content of unpeeled potatoes for determining
the type of sensor. Thus, we could execute this method utilizing remotely sensed data by
focusing on the moisture-specific bands identified in this study.

4. Conclusions

This paper investigated the feasibility of HSI to quantify the moisture content of
unpeeled potatoes before they were subsequently stored and processed. Hyperspectral
images were collected from 47 intact potato tubers, with partial least squares regression
(PLSR) models developed to predict moisture content from these spectra. The models
showed predictive abilities for moisture content, with acceptable ratios of prediction to
deviation (RPDs) when considering the complete wavelength range (R? = 0.53; RPD = 1.46,
root mean square error (RMSE) = 5.04%) or the 3-coefficient wavelength selection technique
(R? = 0.53; RPD = 1.47, RMSE = 5.02%). Furthermore, the prediction ability increased by
more than 10% when the model wavelength was narrowed down to 733-970 nm. This
study demonstrates the potential of using HSI for the quality assessment of intact, unpeeled
potatoes, although further work is required to improve the model quality and implement
this approach using remote sensing imagery. There are several limitations of this study.
This study utilized a very limited sample for modeling and we will include more samples
for measuring the model performance in the future. We also intend to test different sizes
and varieties of potatoes for predicting moisture content and make an effort to incorporate
samples that are collected directly from cultivars. An extended study will be carried out to
analyze the spatial spectrum while predicting the moisture content.
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