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ABSTRACT
Black heart disease is one of the screening indicators of seed potatoes, which has a serious impact on the

quality and yield of potato, and at present there are fewer non-destructive testing methods for internal defects
of seed potatoes. This paper aims to utilize non-destructive testing technology to quickly identify qualified and
black hearted seed potatoes, and then to protect yield and food security. In this paper, transmission
spectroscopy system was utilized to collect the spectral data of 104 qualified seed potatoes and 104 black
hearted seed potatoes in 450~940 nm band. Subsequently, four algorithms, namely Savitzky-Golay (SG),
Standard Normal Variate (SNV), Multiplicative Scatter Correction (MSC) and First-order Derivative (FD), were
utilized to pre-process the seed potatoes spectral data to improve the data noise ratio. Feature wavelength
extraction was made using Competitive Adaptive Reweighted Sampling (CARS) and Successive Projections
Algorithm (SPA) to enhance the sample data characteristics and improve the model interpretability. The
construction of classification models for qualified and black hearted seed potatoes relied on two deep learning
techniques, Convolutional Neural Networks (CNN) and Recurrent Neural Network (RNN), which were trained
and tested for the feature bands respectively. The experimental results showed that SG-CARS-CNN was the
optimal combination of classification algorithms, and the classification accuracies of both the training set and
the test set reached 100%, which improved the accuracy of the test set by 3.85% compared with that of the
traditional machine learning algorithms, and provided an accurate method for the rapid screening of qualified
seed potatoes.
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INTRODUCTION

Potato is the fourth largest food crop in China, with high nutritional and economic value, strong
adaptability, large yield, wide range of uses (Wang et al., 2018), and the quality of seed potatoes directly affects
the level of potato production in China. No. 1 of the 2024 central document states that the production of food
and important agricultural products should be grasped to ensure national food security and food security of the
country with the experience of the "Ten Million Project" (Jiang et al., 2024). Therefore, in order to accelerate
the modernization of agriculture and fight a good battle for the seed industry (Ning et al., 2021), efficient
screening of excellent seed potatoes is one of the important guarantees for food security in China.
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Black heart disease is one of the important screening indicators of seed potatoes, and its use in seeding
can lead to the spread of the disease, reduce yield and affect food safety and other hazards.  Seed potatoes
are usually screened by machine and by hand. According to China's seed potatoes quality standard (GB/T
29377-2012), the permissible rate of black heart disease is 0.1% (GB/T 29377-2012, 2012). Manual screening
is overly dependent on manual judgment, low detection and sorting precision ( Tiwari et al., 2020), and unable
to screen out black heart disease seed potatoes, while machine screening is mainly for potatoes weight and
shape screening, and there is a certain limitation on the screening of black heart disease seed potatoes. In the
field of agriculture, spectral detection technology is usually used in plant disease detection and internal quality
detection of agricultural products, with the advantages of being non-destructive and accurate. Since black
heart disease of seed potatoes belongs to the internal defects of agricultural products, it is feasible to use
spectral detection technology to screen out seed potatoes containing black heart disease.

At present, most of the potato quality detection uses traditional machine learning algorithms to extract
features and construct quality detection models. Zhou et al. (2012) used diffuse reflectance spectra by the
second-order derivative and normalized combination of the model built on the test set of samples identified the
correct rate of 92.31%. Gao et al. (2013) used partial least squares discriminant model (PLS-DA) to establish
a discriminant model for potato black heart disease, and verified the feasibility of the method. Han et al. (2021)
used principal component analysis combined with partial least squares discriminant model (PCA-PLS-DA) to
establish a discriminant model of potato black heart disease, and its accuracy was 96.73%. Foreign studies
on potato black heart disease are fewer and still remain in the detection of potato nutrients. Abukmeil et al.
(2022) estimated the nutrients in potato plants by detecting the reflectance of potato leaves, thus replacing the
destructive method of chemical experiments.

However, traditional machine learning algorithms have low detection accuracy and weak generalization
ability, resulting in decreased performance in practical production. In recent years, deep learning algorithms
have been developed, which are fast, accurate and efficient, and can effectively extract features to improve
production efficiency and automation. Khorramifar et al. (2022) predicted potato soluble solids pH using
artificial neural network (ANN) with an accuracy of 92%. Gupta et al. (2023) used convolutional neural network
(CNN) for potato leaf disease classification with 90% accuracy.

In summary, domestic and foreign research on potato defect detection mainly stays in the research of
potato skin, dry matter, nutrient elements, ring rot and so on. Our country has a very low permission rate for
black heart disease seed potatoes, and there is less research on the detection of black heart disease defects
in potato, and the detection accuracy is lower. Therefore, for the current problem of low screening accuracy of
seed potatoes containing black heart disease, this paper proposes a study on black heart disease detection in
seed potatoes based on transmission spectroscopy technology, using visible-near infrared spectrometer to
collect transmission spectroscopy data of seed potatoes, and establishing a dichotomous classification model
of seed potatoes with black heart disease by comparing and analyzing multiple algorithmic combination models
to meet the requirements of screening black heart disease in seed potatoes in China.

MATERIALS AND METHODS

Sample collection and preparation

Ulanchabu is the potato capital, located in the central part of the Inner Mongolia Autonomous Region.
The study varieties used were field-harvested Ulanchabu purple-flowered white seed potatoes, which are
characterized by thin skin, large tubers, good shape, and few pests and diseases. Since seed potatoes
containing black heart disease could not be directly observed, this paper used the field sample harvesting
method and laboratory sample preparation method for sample collection, with 104 qualified seed potatoes and
104 black hearted seed potatoes, totaling 208. The cross section of qualified and black heart potato samples
are shown in Fig. 1a, 1b and 1c. Black heart potatoes are completely different from certified potatoes.
Blackheart potatoes are rotten, soft and smelly on the inside.

Potato black heart disease is caused by high temperature and hypoxic conditions. The laboratory
sample preparation method is: field-harvested seed potatoes were vacuum-sealed and transferred to a
thermostat and stored at 40° C for 27 h. During this period, the temperature was adjusted to 3° C at 6-h
intervals to minimize the respiration rate and stored for 1 h. The temperature was adjusted to 3° C at 6-h
intervals to minimize the respiration rate.
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a. Qualified potato b - Slight black heart potato ¢ - Preparation of black heart potato in laboratory
Fig. 1 - Cross section of qualified and black heart potato samples

Transmission Spectroscopy Data Acquisition System

Transmission spectroscopy data acquisition system mainly includes: DELL laptop, Ocean View
spectroscopy acquisition software, Ocean Optics USB4000 micro-spectrometer, optical fiber, collimator mirror,
twelve 60 W halogen lamps. Ocean Optics USB4000 spectrometer has spectral band range of 450 nm ~ 940
nm and a total of 3151 bands; halogen lamp is added in the bulb halogen gas at high temperatures to achieve
luminescence, with high luminous efficacy, long life, it will not affect the quality of the samples, the
transmittance system of twelve 60 W halogen lamps is placed in the experimental samples of the upper-left
45° and the upper-right 45°. The structure of transmission spectrum data acquisition system is shown in Fig.
2, the light passes through the sample, and is transmitted to the spectrometer through the collimating mirror
and optical fiber, and then the optical signal is converted into an electrical signal.

1

y “5

Fig. 2 - Structure of transmission spectrum data acquisition system
1 - Halogen lamp; 2 — Collimator; 3 - Fiber optic; 4 - USB4000 Spectrometer; 5 - Laptop

In order to ensure the stability of the test and its accuracy, the spectrometer needs to be switched on
and warmed up for 30 min before the test, and after the spectrometer and the light source are stabilized, the
reference correction is carried out, respectively, by using the blackboard and the collection of standard
cellophane (yellow) to cover the collimating mirror, to obtain the dark-field light intensity and the reference light
intensity, with the aim of eliminating the systematic error and maintaining the consistency of the measurement
results.

Ts—Tq
- Ty—Tq

T (1)

Inthe formula, T is the transmissivity, Ty is the original lightintensity, T, is the reference light intensity,
Ty is the dark field light intensity.

Data preprocessing

During the experimental process, the transmission spectroscopy data acquisition system will generate
electronic noise, ambient temperature fluctuations and other interferences, and the differences in the size and
shape of the experimental samples will affect the consistency of the spectral data. Therefore, in order to reduce
the influence of environmental noise, improve the signal-to-noise ratio of spectral data, and optimize the model
performance (Li et al., 2024; Liu et al., 2024), it is necessary to preprocess the transmission spectral data of
the black heart seed potatoes before building the model. In this paper, the preprocessing method uses the
most commonly used SG convolutional smoothing, standard normal transform method, multiple scattering
correction (MSC) and first-order derivatives (FD) four algorithms, and the optimal preprocessing algorithms
are derived from the comparative analysis of traditional machine learning models using support vector machine
(SVM).
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Characteristic Wavelength Extraction
Competitive Adaptive Reweighted Sampling (CARS)

The Competitive Adaptive Reweighted Sampling (CARS) method aims to select the most competitive
band combinations (Zhao et al., 2023). Monte Carlo sampling is used to select some samples for modeling,
and the remaining samples are used as a prediction set to build a partial least squares (PLS) model to obtain
the regression coefficients for the first wavelength:

IK;|(i=1,2,..,p) (2)

The combinations of wavelengths with higher weights are filtered as a new subset using the exponential
decay function:

r,=ae(=12,..N) (3)

In the formula, j denotes the ;" Monte Carlo sampling; N denotes the total number of Monte Carlo
sampling; a and b are constants.

After several calculations, the evaluation of weights is used for variable selection:

p
o K DK =12,...p) (4)
i=1

Finally, the subset with the smallest root mean square error of validation (RMSECV) is chosen as the
characteristic wavelength of black heart disease in seed potatoes by selecting cross validation.

Successive Projection Algorithm (SPA)

Successive projection algorithm (SPA) is a forward iterative method of feature variable screening, by
projecting one wavelength onto another wavelength to compare the size of the projection vector, the
wavelength with larger projection is used as the feature wavelength; with each iteration, SPA selects the
wavelength with the least covariance with the screened feature wavelength as the new feature wavelength,
which minimizes the covariance feature; the cycle repeats itself and the wavelengths obtained subset contains
most of the data variability and is used as the final feature wavelength. Therefore, SPA is less sensitive to
noise and outliers, and feature wavelength extraction can effectively reflect the essential characteristics of the
data (Arshaghi et al., 2021). Transmission spectroscopy data acquisition system is susceptible to noise
interference, so it is chosen to utilize SPA for feature wavelength extraction of the data pre-processed by SG.

Neural network model
Convolutional neural network (CNN)

Convolutional neural network (CNN) is one of the typical deep learning algorithms, the core of which is
to use convolutional and pooling layers to extract data features and classify them through fully connected layer
(Al-Adhaileh et al., 2023; Huang et al., 2022). The model has two convolutional layers with 16 and 32
convolutional kernels, respectively. Since the ReLU function has an input value equal to itself in the positive
interval and an output of 0 in the negative interval, it makes the network nonlinear; since the ReLU function
always has a gradient of 1 on the positive semiaxis, which does not decrease with the number of layers, it is a
better solution compared to other activation functions such as Sigmoid or Tanh activation functions that can
better mitigate the gradient vanishing problem. Therefore, utilizing the ReLU function as the activation function
of the model is more helpful for model training.

ReLu = max (0, x) (5)

In the formula, x denotes the feature input in the network.

The two pooling layers reduce the data dimensionality and prevent overfitting, with kernel sizes set to 1
and 2, step sizes of 2 for both. After combining with the ReLU activation function, the nonlinear expression
ability of the network can be increased to improve the model generalization ability. The fully connected layer
unfolds the feature wavelengths of different samples into one-dimensional vectors for integration, and uses
the Softmax function to map the feature representations learned from the convolutional and pooling layers to
the samples (Rogers et al., 2023), and ultimately realizes the role of a classifier that transforms from the feature
wavelengths to the qualified and the black heart seed potatoes. The structure simplification diagram of CNN
classification model is shown in Fig.3.
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Fig. 3 - Structure simplification diagram of CNN classification model

Recurrent neural network (RNN)

Recurrent neural network (RNN) consists of input layer, hidden layer and output layer, with weight
sharing property and memory function. The core of RNN is the hidden layer, which optimizes the model and
improves the classification ability through the way of neuron cyclic connection. The weight sharing property is
manifested in the fact that the recurrent network uses the same parameters to process the data at each
moment, which makes the model reduce the parameters during learning, and reduces the risk of overfitting.
The recurrent network has a certain memory ability by processing sequential data, which is mainly manifested
in the fact that the network takes into account the influence of inputs from other moments every time it
processes data or outputs, and transmits and saves the key information through the memory units in the
network, which gives the network a "memory" function. The network is endowed with the function of "memory".
The weight sharing and memory function can effectively reduce the complexity of the model and give the
dependence of each neuron in the network, which can more powerfully explain the relationship between the
feature wavelength and the classification results in the classification of qualified and black heart disease seed
potatoes. The structure of the RNN classification model is shown in Fig. 4.

Hidden Output
Layer Layer

Fig. 4 - Structure simplification diagram of RNN classification model

RESULTS AND ANALYSIS
Data preprocessing

In order to avoid oversaturation, the integration time of the spectrometer was set to 100 ms, and the
acquisition band was 450 ~ 940 nm, 104 transmission spectra of qualified seed potatoes and 104 transmission
spectra of black-centered seed potatoes were collected, totaling 208 samples of data. The average curve of
wavelength-transmission of qualified and black-cored potatoes are shown in Fig. 5.

Due to the cell death of the pith tissue in the center of black heart seed potatoes tubers, the central part
of the tubers became black and partly cracked and hollow, which was manifested as the loss of water and
hardening, and as shown in Fig. 1b and Fig. 1c, the transmittance of black-centered potatoes was obviously
lower than that of normal potatoes, and the two presented the maximum difference at 717 nm, and at 652 nm,
and the maximum difference at 652 nm, and at 652 nm. The maximum difference between the two was at 717
nm, and the absorption peaks were obvious near 652 nm, 717 nm and 814 nm.

505



Vol. 73, No. 2 / 2024 INMATEH - Agricultural Engineering

0.30 7
black heart potato
qualified potato

0.25

0. 20 A

0. 15

0. 10 A

Transmissivity

0.05

0.00

i ;
& ']
‘ // Mw"“”w
e

-0.05
100

500 600 700

Wavelength/nm

900 1000

Fig. 5 - Wavelength-transmissivity curve of qualified potato and black heart potato

Table 1 shows the support vector machine discriminant model (SVM) using different preprocessing

methods.
Table 1
Classification models of different preprocessing methods based on SVM
Algorithmic Training set Test set
Number of Errors Correctness / % Number of Errors Correctness / %

Raw 10 93.59 4 92.31
SG 4 97.44 2 96.15
SNV 9 94.23 3 94.23
MSC 6 96.15 4 92.31
FD 11 92.95 5 90.38

The classification models of different preprocessing methods based on SVM are shown in Table 1 ,by
comparing and analyzing the number of misclassification and correct rate of different preprocessing methods,
the number of misclassification in the correction set of first-order derivative (FD) method is 11, with a correct
rate of 92.95%, and the number of misclassification in the prediction set is 5, with a correct rate of 90.38%; the
number of misclassification in the correction set of Savitzky-Golay is 4, with a correct rate of 97.44%, and the
number of misclassification in the prediction set is 2, with a correct rate of 96.15%; among the four
preprocessing methods first order derivative (FD) has the lowest classification accuracy and S-G convolutional
smoothing has the highest classification accuracy.

In summary, the Savitzky-Golay will be used to preprocess the transmission spectral data of seed
potatoes. However, this preprocessing method does not meet the black heart disease allowable rate of seed
potatoes quality standard (GB18133-2000) formulated in China, and the spectral band dimension is large,
which is weak for model interpretation, so the spectral data preprocessed by Savitzky-Golay will be
downgraded to extract the most relevant features.

Characteristic Wavelength Extraction
The transmission spectral data acquisition system is used to obtain 3151 feature information; however,

the number of these features is huge and contains irrelevant noise, not all features are beneficial to model
building, irrelevant features will lead to a reduction in the accuracy of the model, and the huge feature latitude
cannot meet the real-time, accuracy, and interpretability of the model detection (Lakshmanan et al., 2023). So,
in order to meet the requirements of fast and accurate modeling, improve the model interpretation ability,
reduce the consumption of computational calculations, and enhance the model performance. In this paper,
Competitive Adaptive Reweighted Sampling (CARS) and Successive Projection Algorithm (SPA) were utilized
for feature wavelength extraction, and were combined with Convolutional Neural Network (CNN) and Recurrent
Neural Network (RNN) to build a binary classification model.
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Competitive Adaptive Reweighted Sampling (CARS)

In this paper, the CARS algorithm was utilized to downscale the spectral data pre-processed by SG
respectively, using 80 times Monte Carlo sampling and 5-fold cross-validation, and its running results are
shown in Fig. 6.

From Fig. 6b, it can be seen that the cross-validation RMS error gradually decreases in the first 30
samples, indicating that the feature variables with less relevance to the black hearted seed potatoes are
eliminated; the fluctuation of the RMS error of the cross-validation is larger in the 30th to 39th samples, in
which the 38th sampling eliminates some important parameters; then the minimum cross-validation RMS error
is obtained in the 39th sampling, which achieves the optimal extraction of feature wavelengths, and 83 feature
wavelengths are obtained at this time, accounting for 2.63% of the whole band.
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Fig. 6 - Variables selected by SG-CARS method

Successive Projection Algorithm (SPA)

The minimum value of the number of wavelengths is set to 1, and the maximum value is set to 50, and
the spectral data after S-G preprocessing are downgraded, and as the number of selected feature wavelengths
increases the root mean square error decreases, and finally 30 feature wavelengths are extracted, accounting
for 0.95% of the full wavelength range, and at this time, the root mean square error is 0.168. The SPA selects
this point because the feature wavelengths already contain the feature information of the original spectral data
and has interpretability. The variables selected by SG-SPA method is shown in Fig. 7.
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Fig. 7 - Variables selected by SG-SPA method

Modeling the classification of black heart and qualified potatoes
Data set segmentation

The KS algorithm (Kennard-Stone, KS) is used to divide the dataset, the core of which is to iteratively
select the features that are least similar to those in the current training set, so that the samples in the training
set are dispersed as much as possible as a way to cover the sample space more comprehensively and
strengthen the interpretability of the model structure. The feature distribution of seed potatoes spectral data is
complex, and the use of the KS algorithm can effectively capture the overall structure of seed potatoes spectral
data and improve the stability and classification ability of the model. Using the KS algorithm to divide the data
set according to the ratio of 3:1, 152 and 56 sample data were obtained for the training set and test set,
respectively, and qualified seed potatoes were set as class 1 samples, and black hearted seed potatoes were
set as class 2 samples.

CNN classification modeling

The model sets the initial learning rate of the CNN model to 0.01, the regularization parameter to 0.01,
and the number of iterations to 100, and the SG preprocessed data are used to extract features and build the
CNN classification model using CARS and SPA, respectively.

Table2
Combined classification model of different algorithms based on CNN
Algorithmic combination Training set accuracy/% Test set accuracy/%
RAW-CARS-CNN 90.38 82.69
RAW-SPA-CNN 83.97 88.46
SG-CARS-CNN 100 100
SG-SPA-CNN 98.72 100

The combined classification model of different algorithms based on CNN are shown in Table 2, the
classification accuracy of the CNN model built after extracting the feature wavelengths of the unprepared data
is lower than that of the CNN model after SG preprocessing, and the combination of SG-CARS-CNN algorithms
has the highest classification accuracy, with the classification accuracy of 100% in both the training set and
the test set. The SG-CARS-CNN training set and test set confusion matrix are shown in Fig. 8 and Fig. 9.
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Fig. 9 - SG-CARS-CNN training set and test set accuracy

RNN classification modeling

The dataset division and model parameter settings are the same as CNN, and the RNN binary
classification model is constructed using the SG preprocessed data after the feature wavelengths are extracted

by CARS and SPA, respectively.

The SG-CARS-RNN training set and test set accuracy are shown in Fig. 10, the accuracy of the training
setis 98.08%, in which all of the class 1 samples are successfully recognized, and three of the class 2 samples
are misclassified as class 1 samples; the accuracy of the test set is 98.08%, in which all of the class 1 samples
are accurately recognized, and one of the class 2 samples is misclassified as class 1 sample.
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Fig. 10 - SG-CARS-RNN training set and test set accuracy

Table 3 shows the comparison of different combined classification models based on CNN and RNN, in
the RNN model, the SG-CARS-RNN algorithm combination training set and test set have the highest
classification accuracy, both of which are 98.08%; while in the CNN model, the SG-CARS-CNN algorithm
combination training set and test set have the highest classification accuracy, both of which are 100%, which
has an advantage of 1.92% over the RNN model.

Comparison of different combined classification models based on CNN and RNN Tabled
Model Algorithmic combination Training set accuracy/% Test set accuracy/%
CNN SG-CARS-CNN 100 100
SG-SPA-CNN 98.72 100
RNN SG-CARS-RNN 98.08 98.08
SG-SPA-RNN 92.31 92.31

CONCLUSIONS

In this paper, the detection of black heart disease in seed potatoes was realized based on the fusion of
transmission spectroscopy and neural network.

(1) Utilizing different preprocessing methods has an impact on the accuracy of the established
classification model of qualified and black hearted seed potatoes, among the four preprocessing methods
utilizing Savitzky-Golay preprocessing could achieve the highest classification accuracy, and the classification
accuracy of the SG-SVM test set was 96.15%.

(2) Using CARS to extract the characteristic wavelengths of the seed potatoes spectral data pre-
processed by Savitzky-Golay, 83 characteristic wavelengths were extracted from the original 3151
wavelengths, which accounted for 2.63% of the whole band; and using SPA to extract the characteristic
wavelengths of the seed potato spectral data pre-processed by Savitzky-Golay, which finally extracted 30,
which accounted for 0.95% of the whole band.

(3) After SG preprocessing, CNN and RNN classification models were built using CARS and SPA,
respectively. Among the CNN models, the combined SG-CARS-CNN algorithm had the highest classification
accuracy, reaching 100% in both the training and test sets; among the RNN models, the combined SG-CARS-
RNN algorithm had the highest classification accuracy, with 98.08% in both its training and test sets. Although
SPA extracted more concise feature wavelengths, none of the classification algorithms built using SPA had
less accuracy than CARS, which is more suitable for feature wavelength extraction from seed potatoes spectral
data.

The combined SG-CARS-CNN algorithm was finally used as a black heart disease detection model for
seed potato, and its classification accuracy reached 100% in both the training and test sets. Therefore, this
study can accurately classify qualified and black hearted seed potatoes and reach the black heart disease
allowable rate of seed potato quality standard (GB18133-2000) formulated in China.
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