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Abstract. To evaluate the quality and safety of the seeds, identifica-
tion of the harvesting year is one of the main parameters as the quality
of the seeds is deteriorated during storage due to seed aging. In this
study, hyperspectral imaging in the near-infrared range of 900-1700 nm
was used to non-destructively identify the harvesting time of the barley
seeds. The seeds samples including three years from 2017 to 2019 were
collected. An end-to-end convolutional neural network (CNN) model was
developed using the mean spectra extracted from the ventral and dorsal
sides of the seeds. CNN model outperformed other classification mod-
els (K-nearest neighbors and support vector machines with and without
spectral preprocessing) with a test accuracy of 97.25%. This indicated
that near-infrared hyperspectral imaging combined with CNN could be
used to rapidly and non-destructively identify the harvesting year of the
barley seeds.

Keywords: Barley · Convolutional neural network · Harvesting year ·
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1 Introduction

Barley (Hordeum vulgare L.) is one of the most widely consumed grains for both
human consumption and animal feed. It is the preferred grain for preparing the
malt due to the attached husk and better enzymatic activity. The quality of the
seeds is dependent upon the chemical composition (such as protein and starch)
which is deteriorated year by year. Furthermore, germination capabilities, plant
growth, and grain yield are also affected with respect to the storage time of the
seeds [1]. As it is difficult to accurately determine the storage time of the seeds
with visual observation, some traders sell the mixture of seeds stored for years
and the recently harvested seeds, which could lead to consumer rejection, and
consequently affect sales and prices. Therefore, identification of the harvesting
year of barley seeds using rapid, accurate, and non-destructive techniques has
importance in the modern seed industry.



2 Singh et al.

Near-infrared (NIR) Hyperspectral imaging (HSI) is a non-destructive and
rapid technique that combines the traits of spectroscopy and imaging in a sin-
gle system to jointly acquire the spatial and spectral information of a sample.
HSI system acquires images in a three-dimensional “hypercube” comprising two
spatial and one spectral dimension. Each pixel in a hyperspectral image is a
complete spectrum. NIR-HSI technique is based upon the interaction of radia-
tion with the sample i.e. combination vibrations and molecular overtone of N-H,
O-H, and C-H bonds [2].

Recently, NIR-HSI has emerged as a widely used technique to assess the
quality of various cereal grains including the classification of seeds from different
years [1, 3, 4]. Different classifiers have been applied to analyze the hyperspec-
tral data, i.e., soft independent modeling of class analogy, least squares support
vector machine, and partial least squares discrimination analysis. Deep learning
(DL) is a state-of-the-art machine learning model that has been widely applied
in the field of NIR-HSI. Convolutional neural network (CNN) is one of the most
successful DL models which extracts the abstract features by processing the in-
put data through many layers [5]. This study aimed at the investigation of the
feasibility of NIR-HSI combined with CNN to identify harvesting years of the
barley seeds.

2 Materials and methodology

2.1 Barely samples and near-infrared hyperspectral imaging system

Barley seeds from three varieties (BH959, BHS352, and RD2552) and three har-
vesting years (2017, 2018, and 2019) were obtained from NBPGR, New Delhi. A
total of 4536 (504 seeds from each variety and year) seeds were included in the
study. In the present study, a push-broom (also called line scan) hyperspectral
imaging system (Fig. 1) was used. The system incorporates a hyperspectral cam-
era, spectrograph, lens, light source, translation stage, dark chamber to prevent
stray light, and computer. The near-infrared hyperspectral camera used in the
system collects the images in 168 wavelength bands ranging between 900-1700
nm with a spectral resolution of 4.9 nm. The samples of barley seeds were placed
into 12 × 6 arrays of wells on an aluminum tray. Hypercubes were acquired for
both the ventral (crease-up) and dorsal (crease-down) side of the kernels.

Image acquisition was performed using SpectrononPro software that con-
trolled the speed and travel of the linear stage along with various imaging pa-
rameters e.g. integration time, frame rate, number of lines, and image correction.
The resolution of the obtained hypercube is 320×850×164 (x×y×λ), where x
and y values refer to the spatial coordinates of the image whereas λ corresponds
to the number of wavelengths. For image correction, the dark current response
of the camera and white reference was obtained at an interval of one hour. The
dark current response of the camera was acquired by placing a cap over the end
of the lens and white reference was acquired from a fluorilon tile with reflectivity
>98%.
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Fig. 1. Schematic diagram of the hyperspectral imaging system.

2.2 Model development and validation

Image processing and spectral data extraction were carried out (see Fig. 2(a) to
(d)) before developing the classification models. A 3×3 median filter was applied
to remove dead or bad pixels in the hypercube. From the obtained hyperspectral
images, it was observed that an image at 1102.93 nm wavelength provided a good
distinction between the barley kernels and the background. Therefore, the barley
seeds were segmented from the background by taking a binary threshold for
reflectance at 1102.93 nm >0.27. Subsequently, the mean spectrum was extracted
from each single seed region of interest. Furthermore, due to poor signal-to-noise
ratio, the wavelengths below 955.62 nm and beyond 1688.87 nm were truncated
resulting in the hypercube between wavelength range 955.62-1688.87 nm (total
147 wavelengths).

Fig. 2. Image segmentation, spectra extraction, and end-to-end CNN architecture: (a)
hypercube showing image at 1102.93 nm; (b) image after threshold segmentation; (c)
single seed ROI; (d) mean spectrum; (e) end-to-end CNN architecture.
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An end-to-end CNN model was developed to identify the harvesting year
of the barley seeds, which accepts the raw spectra as input without any spec-
tral preprocessing and feature selection. Fig. 2(e) shows CNN architecture and
hyperparameters used in this study. The architecture of the CNN has two con-
volutional layers, a flatten layer, two FC layers, and one output layer. In the
architecture, dropout was employed to overcome the overfitting problem (see
Fig. 2(e)). The hyperparameters of the network were tuned to achieve higher
validation accuracy. Adam optimizer with categorical cross-entropy loss func-
tion was used to train the model. The learning rate, batch size, and the number
of epochs were set to 0.0001, 32, and 400 respectively. The performance of the
CNN model was compared with widely used classifiers for spectral data analysis
i.e., K-nearest neighbors (KNN) and support vector machines (SVM). Before de-
veloping the models, the barley seeds from each sample were randomly divided
into the training and the testing set with a ratio of 8:2.

SVM [6] and KNN [7] are widely used supervised machine learning algorithms
for spectral data analysis. In SVM, the multidimensional hyperplanes are used to
maximally separate the classes whereas in KNN unknown samples are assigned
a class by selecting the most frequent class belonging to their ‘K’ number of clos-
est samples. In the case of SVM, RBF was used as the kernel function. Before
feeding the spectra to SVM and KNN models, different spectral pre-treatments
were applied. In this study, standard normal variate (SNV), multiplicative scat-
ter correction (MSC), Savitzky-Golay (SG) smoothing, SG first derivative, SG
second derivative, and detrending were carried out [2].

In this study, Spyder 4.1.3 IDE was used to write the custom code in Python
3.7 programming language. The open-source libraries namely ‘Spectral’, ‘Scikit-
image’, ‘OpenCV’, ‘Numpy’, Scikit-learn, Scipy, and Keras were used. The ex-
periments were carried out on an HP Z8 workstation with 64 GB of RAM and
an 8 GB Nvidia Quadro P4000 graphics card.

3 Results and discussion

To build the different classification models, mean spectra were extracted from
the ventral side and dorsal side of the seeds (total 4536 seeds) resulting in a total
of 9072 mean spectra. The number of training and testing spectra were 7254 and
1818 respectively. For tuning the hyperparameters of the CNN model, 20% of
the training set (1458 spectra) were chosen as the validation set. This procedure
was repeated 5 times to check the repeatability with the same hyperparameters.
Subsequently, mean±standard deviation of the 5 random train and validation
splits were considered to select the optimal hyperparameters. In the case of KNN
and SVM, to select the optimal value of parameters (i.e. ‘K’, penalty parameter
(C), and kernel function parameter (γ)), 5-fold cross-validation was used. The
training and validation accuracy of the models in case of the optimal parameters
is shown in table 1.

After selecting the optimal parameters, all the models were trained and tested
with the same training (7254 spectra) and testing set (1818 spectra) to make a
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Table 1. Training and validation accuracy for optimal model parameters.

Model Training accuracy (%) Validation accuracy (%)

CNN 99.94±0.06 96.75±0.25
SVM 100±0.0 93.37±0.64
KNN 86.43±0.31 80.26±0.53

fair comparison. The end-to-end CNN model accepts raw spectra without spec-
tral preprocessing as well as feature selection, whereas raw and preprocessed
spectra were fed into SVM and KNN model. The performance of the three models
is shown in table 2. The CNN model outperformed other classifiers and achieved
an accuracy of 97.25%. Likewise, the number of correctly classified spectra, pre-
cision, recall, and F1 score were greater as compared to other classifiers (see
Fig. 3). The deep spectral features extracted by convolutional layers were easily
classified as compared to the original spectra which led to better performance
of the CNN model.

Table 2. Performance of different classification models.

Model Parametersa Training accuracy (%) Testing accuracy (%)

CNN (2, 5, 32, 400) 99.92 97.25

SVMb (100, 0.01) 100 92.52

KNNb 7 87.17 80.91

a Parameters of different discriminant models: number of convolutional layers,
kernel size, batch size, and epoch for CNN model; number of neighbors for KNN;
penalty parameter (C) and kernel function parameter (γ) for SVM model
b Classifier combined with Savitzky-Golay second derivative

4 Conclusions

In this study, a non-destructive approach for the identification of the harvesting
year of barley seeds using near-infrared hyperspectral imaging (900-1700 nm)
has been demonstrated. An end-to-end CNN model was developed to classify
the spectra extracted from the ventral and the dorsal side of the seeds. KNN
and SVM models with six different spectral pre-processing techniques were com-
pared with the CNN model. CNN outperformed other models and achieved an
accuracy of 97.25%. The results indicated that near-infrared hyperspectral imag-
ing coupled with a convolutional neural network has great potential to identify
the harvesting year of barley seeds. In the future, barley seeds from different lo-
cations and more years can be collected to build a robust model against different
climatic and environmental conditions.
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Fig. 3. Confusion matrix and classification report of different models.
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