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In this study, eggplant seeds of fifteen different varieties were selected for discriminant analyses with a multispectral imaging
technique. Seventy-eight features acquired with the multispectral images were extracted from individual eggplant seeds, which
were then classified using SVM and a one-dimensional convolutional neural network (1D-CNN), and the overall accuracy was
90.12% and 94.80%, respectively. A two-dimensional convolutional neural network (2D-CNN) was also adopted for
discrimination of seed varieties, and an accuracy of 90.67% was achieved. This study not only demonstrated that multispectral
imaging combining machine learning techniques could be used as a high-throughput and nondestructive tool to discriminate
seed varieties but also revealed that the shape of the seed shell may not be exactly the same as the female parents due to the
genetic and environmental factors.

1. Introduction

Discrimination among different seed varieties is important
for species registration, intellectual properties of plant
breeders, and development of new varieties on the market
[1]. Since most crops originated from seeds, the breeding of
varieties and the quality of seeds directly affect the yield. Egg-
plant (Solanum melongena L.) is an important vegetable spe-
cies planted all over the world. In some regions, eggplant
seeds of a certain variety to be sold are mixed with fake seeds
or seeds of other varieties, which has a negative impact on
seed markets. In addition, seed mixing between varieties
may affect actual production processes, which complicates
seed classification and reduces crop yield.

The traditional method of sorting seeds typically relies
on manual inspection [2, 3], which is inefficient and subjec-
tive, as the inspection procedures are time-consuming and
require experienced seed analysts. Researchers also used

chemical classification markers and multivariate analysis
techniques to discriminate eggplant seeds [4]. They have
clearly shown that it is difficult to identify plant accessions.
The development of a noninvasive, rapid, and reliable tech-
nique for identifying and distinguishing the purity of varie-
ties has boundless advantages [5].

The multispectral and hyperspectral images contain
both morphological and spectral information. The differ-
ence between the regular RGB color imaging and the spec-
tral imaging is that the latter can be used to identify
information that is invisible to human eyes. Multispectral
and hyperspectral imaging have also been widely used in
seed research, such as predicting the viability and vigor
of seeds [6], maize seed defect classification [7], tomato
seed cultivar classification [8], and maize seed variety clas-
sification [9]. Orrillo et al. used near infrared hyperspectral
imaging to identify black pepper adulterated with common
adulterant papaya seeds, and the results indicated that
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partial least square regression preprocessed with standard
normal variates plus the 2nd derivatives presented the best
prediction capability [10].

In recent years, deep learning techniques have been
developing rapidly. For example, some search engines, rec-
ommendation systems, and image recognition and speech
recognition systems have adopted deep learning techniques
and achieved decent results [11]. As the performance of
the GPU and the power of parallel computing continue to
improve, it is possible to process graphical data in real time.
Excellent results have been achieved with CNN for image
recognition. Researchers have applied CNN to spectral
images, and it has been widely used in agriculture. Park
et al. developed an approach for diagnosis of Marssonina
blotch by monitoring hyperspectral images of apple leaves
[12]. Zhao et al. proposed a superpixel-based multiple local
convolution neural network (SML-CNN) model for pan-
chromatic and multispectral image classification [13].

As we know, CNN has been widely used in images. It
also has a remarkable performance in processing data. Wei
et al. used CNN for hyperspectral imaging classification
and achieved decent results [14]. Qiu et al. applied CNN
on spectral data of rice seeds and achieved accurate classifi-
cation of rice seed varieties [15]. Levent proposed an adap-
tive implementation of 1D-CNN for bearing health
monitoring and demonstrated that the reduced computa-

tional complexity is achieved without a compromise in fault
detection accuracy [16].

The purpose of this study was to classify fifteen varieties
of eggplant seeds by image recognition and feature
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Figure 1: Image acquisition and image segmentation. (a) The VideometerLab 4 for image acquisition. (b) The multispectral image of
eggplant seeds (view mode: sRGB). (c) Seed boundary image segmented by watershed algorithm. (d) The images of singulated seeds.

Table 1: The number of divided data sets.

Varieties Training set Testing set Validation set

17-5 101 30 15

17-12 119 34 17

17-14 190 55 27

17-15 153 46 29

17-24 93 27 14

17-25 204 58 29

17-26 212 61 30

17-38 138 40 20

17-39 110 31 16

17-41 124 35 18

17-49 99 28 14

17-52 97 28 14

17-53 156 44 22

17-54 107 31 15

17-55 99 28 14
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extraction. A 2D-CNN was used to classify the images. We
also extracted seventy-eight image features from the multi-
spectral images, and a 1D-CNN was used to find classifica-
tion criteria based on the extracted features. As a

traditional machine learning algorithm, a Support Vector
Machine (SVM) was employed to compare the performance
of CNNs.

2. Materials and Methods

2.1. Image Acquisition Device. The image acquisition device,
VideometerLab 4 (VM) [17], is shown in Figure 1(a). The
VM is equipped with nineteen LEDs. Each LED emits light
with a designated centered wavelength. The instrument
acquires multispectral images of nineteen bands with a spa-
tial resolution of 2192 × 2192. Each pixel represents the
spectral reflectance ranging from ultraviolet to near infrared
(365~970nm). The seeds can be easily segmented from the
images because of the color contrast between the seeds and
the blue background [18]. The image processing procedures
are completed using the VideometerLab software. MATLAB
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Figure 2: The CNN structure used in this study. (a) Structure used to identify two-imensional seed images. (b) One-dimensional network
structure for identification of seed features.
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Figure 3: Average reflectance of the fifteen varieties of eggplant
seeds.

Table 2: The test accuracy of SVM with three kernel functions; the
SVM was used with extracted features.

Algorithm Kernel Accuracy (%)

SVM

Rbf 87.13

Linear 91.82

Poly 68.52
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(2018a, MathWorks, Natick city, MA, USA) was used to
develop the classification model.

2.2. Sample Preparation and Image Segmentation. Fifteen
varieties of eggplant seeds (including 17-5, 17-12, 17-14,
17-15, 17-24, 17-25, 17-26, 17-38, 17-39, 17-41, 17-49, 17-
52, 17-53, 17-54, and 17-55) harvested in 2017 were used
in this experiment. All seeds were cultivated by the Provin-
cial Key Laboratory of Hebei Agricultural University. A ran-
dom number of seeds were placed in a petri dish with a
diameter of 9 centimeters for image acquisition
(Figure 1(b)). The total number of seeds was 2872, from
which 20% of the seeds were randomly selected as test sets
and 10% were selected as validation sets, and the rest of
the samples were used as training sets. Table 1 shows the
numbers of seeds for each variety.

The Otsu method [19] was used to obtain the binary
images, and a series of morphological operations were per-
formed to remove noise in the background. A watershed
algorithm was used for image segmentation. Figure 1(c)
shows the boundary of the connected seed image after seg-
mentation, and Figure 1(d) shows the singulated seeds after
segmentation.

2.3. Image Augmentation. The accuracy of a CNN is posi-
tively correlated with the number of training samples [20].
With consideration of uncertain factors such as the place-
ment angle and position of the seed during the recognition
process, we randomly rotated or translated the image before

training in order to enhance the sample size. Image augmen-
tation operations were accomplished with MATLAB.

2.4. Feature Extraction and Normalization. We extracted
seventy-eight features using the Blob Tool (VM software
built-in tools), including colors, textures, shapes, smooth-
ness, morphological texture, and spectral texture under
nineteen bands. In order to speed up the process of obtain-
ing the optimal solution and improve the accuracy of the
result, we normalized the original data. The original data
was expressed as Xr , the normalized data Xn can be
expressed as

Xn =
Xr − Xm

Xsd
, ð1Þ

where the mean Xm and the standard deviation Xsd were
calculated for each feature of a single seed.

2.5. Support Vector Machine. The SVM splits the targets by
finding the separating hyperplane, and the support vector
is the data closest to the separating hyperplanes. The dis-
tance from the support vector to the separating hyperplane
is to be maximized. A kernel function is used in SVM to cre-
ate designated linear or nonlinear mapping of data in high-
dimensional feature space. We compared three kernel func-
tions (radial basis function (RBF), poly and linear) in our
study. Scikit-learn [21] was used for the SVM algorithm.
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Figure 4: The curves for 1D-CNN: (a) training loss; (b) training accuracy; (c) testing loss; (d) testing accuracy.
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2.6. Convolutional Neural Network. The 1D-CNN architec-
ture is shown in Figure 2(a). We designed the network struc-
ture for inputs of one-dimensional features. Seventy-eight
features including colors, textures, shapes, smoothness, mor-
phological texture, and spectral texture under nineteen
bands are designed as inputs. There are three main convolu-
tional blocks in the architecture. A convolutional block
(Conv Block) consists of a convolutional layer and a rectified
linear unit (ReLU) layer [22], 3 × 3 represents the size of fil-
ters, and 512, 256, and 128 represent the number of feature
maps. The last block is a fully connected layer followed by
a classification layer with Softmax. The Softmax function is
defined as

Sj =
ez j

∑k
k=1e

zk
, ð2Þ

where z denotes the output of the CNN, j denotes the sample
index, and K denotes the total number of classes. All convo-
lutional layers have a kernel size of 3, stride of 1, and pad-

ding of 1. A cross-entropy loss function and the Adam
[23] optimization algorithm were used in the model. The
initial value of the learning rate was set as 0.001.

The 2D-CNN architecture is shown in Figure 2(b),
which was designed for inputting two-dimensional images.
Compared with the structure of Figure 2(a), the Conv Block
consists of a convolutional layer, BatchNormalization layer,
Leaky ReLU layer, and MaxPooling layer; the Leaky ReLU
is defined as

f xð Þ =
x, if x > 0
ax, if x < 0

( )
: ð3Þ

The Leaky ReLU layer effectively reduces the loss of
information by retaining the negative input. The purpose
of using BatchNormalization is to alleviate the problem of
gradient disappearance in training and speed up the training
of the model. The MaxPooling layer is used to (1) guarantee
the position and rotation invariance of features and (2)
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Figure 5: The confusion matrix for features. The value on the on-diagonal represents the correct predictions of the validation set, and the
background is blue. The value on the off-diagonal represents the incorrect predictions of the validation set. The value of zeros was not
presented or colored.
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reduce the number of model parameters and alleviate the
problem of overfitting.

3. Results

3.1. Spectral Profiles. Figure 3 shows the average spectral
reflectance of fifteen eggplant varieties. Only slight differ-
ences existed among the average spectra of different varie-
ties. The spectral curves of fifteen varieties had the similar
trend and showed a downward trend in the range of
515~540nm. The spectral reflectance of 17-38 was the high-
est among the fifteen varieties; the other varieties were
within the same range. The spectral curves of the most vari-
eties crossed or overlapped with each other.

3.2. Classification Model Based on Multiple Features. Dis-
criminant models based on extracted features were devel-
oped with SVM and 1D-CNN. Table 2 shows the test
accuracy of SVM. RBF, poly, and linear kernel functions
were used in SVM. The SVM algorithm with linear kernel
function had the best accuracy of 91.28%. The best perform-
ing model was CNN, and the classification accuracy was
94.80%. Figures 4(a)–4(d) show the training loss, training accu-
racy, testing loss, and testing accuracy. The loss plummeted
with iterations, while the classification accuracy increased
quickly, which indicated a rapid convergence. In order to eval-
uate the performance of the model, a confusion matrix was cal-
culated for the validation set (Figure 5). The number of
misclassifications between 17-14 and 17-12 was 2, and all other

misclassifications were 1. The accuracy of the validation set was
93.2%, which was slightly lower than the testing set.

3.3. Classification Model Based on Images. We also used 2D-
CNN to develop discriminate models, and the classification
accuracy was 87.6%. Figures 6(a)–6(d) show the training loss,
training accuracy, testing loss, and testing accuracy; the trends
were consistent with 1D-CNN. Figure 7 shows the confusion
matrix for the validation set. Early stopping was adopted to
prevent overfitting. The varieties that were difficult for the
model to distinguish were listed in Table 3. There were 8 mis-
classifications between 17-53 and 17-49, 5 between 17-55 and
17-41, 3 between 17-52 and 17-54, and 3 between 17-55 and
17-52. It is obvious that 17-14 and 17-12 were difficult to dis-
tinguish with both classification methods (features and
images). The accuracy of the validation set was 87.6%, which
was slightly lower than the testing set.

4. Discussion

CNN is an end-to-end architecture; it is convenient to train
and deploy models. CNN has shown good performance for
processing data and images in our experiments. The accu-
racy of the model established by these quantified features
was higher than the model established by images. The
advantage of 2D-CNN is that there is no need to design
complex algorithms to extract features.

In 1D-CNN, the accuracy of the training set was close to
100% but the testing set was 93.58%. The result showed that
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Figure 6: The curves for 2D-CNN: (a) training loss; (b) training accuracy; (c) testing loss; (d) testing accuracy.
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a small number of training samples lead to over-fitting dur-
ing training.

The reflectance of the variety 17-38 in Figure 3 was the
highest compared with other varieties, and the classification
accuracy for 17-38 was 100% in Figures 5 and 7, which
shows that the differences between varieties can be reflected
by spectral data. However, the spectral data of 19 bands was

not enough to distinguish 15 varieties, so this method was
not used in this study.

The phenomenon revealed by this study is noteworthy.
It is widely accepted that the shell of the seeds developed
from the female parents (integument); the phenotype from
the same female parent is relatively correlated [24]. We ana-
lyzed the varieties with high misclassifications in Table 3,
and it appeared that 17-52, 17-54, and 17-55 are long egg-
plants and 17-15 and 17-14 are black round eggplants. These
varieties have the same female parents (Table 4). We also
found that some varieties from the same female parents
can be distinguished by morphological and spectral informa-
tion. It was found that the side shape of the seeds from the
same female parents had the same contour (kidney shape),
but the umbilicus of the seed was round, elliptical, or trian-
gular with significant differences. For example, the umbilicus
of 17-12 is round and 17-14 is triangular. The umbilicus of
17-24 is triangular and 17-25 and 17-26 are round. The
results revealed that genetic factors and environmental fac-
tors may have a combined influence on seed phenotypes.
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Figure 7: The confusion matrix for images. The value on the on-diagonal represents the correct predictions of the validation set, and the
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Table 3: Number of classification errors.

Ground truth Predict Quantity

17-53 17-49 8

17-55 17-41 5

17-52 17-54 3

17-55 17-52 3

17-12 17-14 2

17-14 17-15 2

17-25 17-24 2

17-52 17-53 2
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5. Conclusions

In this study, we adopted multispectral imaging with differ-
ent machine learning methods to discriminate the varieties
of eggplant seeds. The SVM and 1D-CNN were used to clas-
sify the seeds based on the extracted features, comparing
with 2D-CNN without feature extraction. The experiments
proved the feasibility of CNN in classification of seed varie-
ties. CNN was significantly better than traditional machine
learning algorithms in this study. Theoretically speaking,
the shell of seeds comes from the female parents, but our
study revealed that genetic and environmental factors can
lead to significant differences even if the seeds come from
the same female parents. However, this phenomenon is to
be further investigated with an experimental design incorpo-
rating more varieties as well as a larger sample size.
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