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The oil content of rapeseed is a crucial property in practical applications. In this paper, instead of traditional analytical approaches,
an artificial neural network (ANN) method was used to analyze the oil content of 29 rapeseed samples based on near infrared
spectral data with different wavelengths. Results show that multilayer feed-forward neural networks with 8 nodes (MLFN-8) are
the most suitable and reasonable mathematical model to use, with an RMS error of 0.59.This study indicates that using a nonlinear
method is a quick and easy approach to analyze the rapeseed oil’s content based on near infrared spectral data.

1. Introduction

Infrared absorption spectroscopy is a common approach for
analyzing food composition [1–3]. For a certain characteristic
absorption frequency, Lambert’s law provides the following
equation [4, 5]:

log
𝐼
0

𝐼
= 𝜀ℓ𝑐, (1)

where 𝐼
0
represents incident light intensity, 𝐼 represents

transmission light intensity, 𝜀 represents the attenuation
coefficient, ℓ represents the distance the light travels through
the material, and 𝑐 represents concentration.

Equation (1) is widely used for determining food com-
position. However, because the wavelengths in the infrared
absorption spectrum are diverse and the force of penetration
is tiny, infrared absorption spectroscopy can only be used
for analyzing transparent liquids. It is of great difficulty to
analyze the oil content of rapeseed using infrared absorption
spectroscopy. Therefore, to solve this problem, this study
instead uses a nonlinear approach to analyze near-spectral
data to determine the oil content of rapeseed.

2. Artificial Neural Networks

2.1. Fundamental of ANN Models. Artificial neural networks
(ANN) model is composed of an interconnected group of
artificial neurons. In most circumstances, an artificial neural
network is an adaptive system that is equipped to be adapting
continuously to new data and learning from the accumulated
experience and noisy data [6, 7]. Apart from that, the system
structure can be changed based on external or internal infor-
mation that flows through the network during the learning
phase. Meanwhile, essential information can be abstracted
from data or model complex relationships between inputs
and outputs [8–10].

As can be seen from Figure 1, the main structure of the
artificial neural network (ANN) is made up of the input
layer and the output layer. The input variables are introduced
to the network by the input layer [11]. Also, the response
variables with predictions, which stand for the output of the
nodes in this certain layer, are provided by the network.
Additionally, the hidden layer is included. The type and the
complexity of the process or experimentation usually itera-
tively determine the optimal number of the neurons in the
hidden layers [12].
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Table 1: Data of 29 rapeseed samples.

Sample 𝑐 (%) Wavelength (𝜇m)
𝜆 = 1.68 𝜆 = 1.73 𝜆 = 1.94 𝜆 = 2.10 𝜆 = 2.18

1 39.60 0.70059 0.76184 0.85572 0.86851 0.87385
2 40.33 0.70218 0.77053 0.89213 0.87777 0.88360
3 38.71 0.69428 0.75829 0.88461 0.86710 0.87264
4 38.53 0.70560 0.77184 0.89991 0.88426 0.88747
5 37.57 0.69840 0.76610 0.90143 0.88410 0.88841
6 37.76 0.69448 0.76032 0.89164 0.87292 0.87551
7 38.22 0.73863 0.81279 0.93508 0.92134 0.92534
8 37.57 0.69165 0.76566 0.90251 0.88688 0.88994
9 39.17 0.68090 0.74233 0.87103 0.85752 0.85983
10 39.98 0.68634 0.75908 0.88710 0.87267 0.87799
11 38.93 0.69500 0.76286 0.88532 0.87407 0.87893
12 36.61 0.69674 0.76537 0.89669 0.88421 0.89025
13 39.74 0.69335 0.76262 0.88754 0.87327 0.87888
14 38.12 0.69504 0.76614 0.89400 0.88275 0.88853
15 38.89 0.69658 0.76258 0.88753 0.87480 0.87960
16 39.85 0.68976 0.75463 0.85723 0.86513 0.86898
17 39.90 0.68955 0.75582 0.87775 0.86404 0.86850
18 38.84 0.69057 0.75927 0.88184 0.87312 0.87900
19 38.32 0.69654 0.76187 0.88378 0.87097 0.88071
20 38.21 0.69645 0.76287 0.89703 0.87551 0.87432
21 38.13 0.70596 0.77703 0.90508 0.88704 0.89242
22 38.51 0.69456 0.76413 0.89476 0.87563 0.88302
23 38.31 0.70629 0.77119 0.89479 0.88420 0.88730
24 39.21 0.68059 0.74624 0.87088 0.85682 0.86421
25 38.61 0.68567 0.75328 0.88502 0.86225 0.87175
26 39.03 0.68050 0.75124 0.87930 0.86176 0.87014
27 39.31 0.68053 0.74778 0.87492 0.85486 0.86043
28 36.50 0.68824 0.75139 0.88715 0.86963 0.87842
29 37.40 0.69583 0.76104 0.89541 0.88044 0.88611

Output 

Input 

Hidden layer

Figure 1: A schematic view of artificial neural network structure.

2.2. Model Development. Gu and Wang [12] have accom-
plished a series of researches from correlative precision
instrument from which we could obtain data of rapeseeds’
near infrared spectroscopy by analyzing absorbance under
different wavelengths. We defined 𝑐 (%) as the percentage
composition of the oil in rapeseed. Data of 29 rapeseed
samples are shown on Table 1.

In order to confirm the most suitable and robust ANN
model in analyzing the oil content of rapeseed, 21 models
were established including linear prediction model, general
regression neural networks (GRNN) [14] and multilayer
feed-forward neural networks (MLFN) [15, 16]. Into that
matter, nodes of MLFN models were set to be from 2 to
20, so that the most robust MLFN model could be found.
The independent variables are the absorbancies under the
wavelength of 1.68 𝜇m (reference wavelength), 1.73 𝜇m (char-
acteristic absorption wavelength of fat), 1.94 𝜇m (character-
istic absorption wavelength of water), 2.10 𝜇m (characteristic
absorption wavelength of starch), and 2.18 𝜇m (characteristic
absorption wavelength of protein), respectively, while the
dependent variable is the percentage composition of the oil in
rapeseed. Training set is consist of 24 samples while the rest
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Table 2: Results of different models in analyzing oil content of
rapeseed.

Model Trained
samples

Tested
samples

RMS
error Stopped reason

Linear
prediction 24 5 0.60 Autostopped

GRNN 24 5 0.74 Autostopped
MLFN 2 nodes 24 5 1.04 Autostopped
MLFN 3 nodes 24 5 1.23 Autostopped
MLFN 4 nodes 24 5 0.88 Autostopped
MLFN 5 nodes 24 5 1.29 Autostopped
MLFN 6 nodes 24 5 1.31 Autostopped
MLFN 7 nodes 24 5 2.20 Autostopped
MLFN 8 nodes 24 5 0.59 Autostopped
MLFN 9 nodes 24 5 3.39 Autostopped
MLFN 10 nodes 24 5 1.93 Autostopped
MLFN 11 nodes 24 5 0.83 Autostopped
MLFN 12 nodes 24 5 1.54 Autostopped
MLFN 13 nodes 24 5 1.10 Autostopped
MLFN 14 nodes 24 5 1.57 Autostopped
MLFN 15 nodes 24 5 3.02 Autostopped
MLFN 16 nodes 24 5 1.67 Autostopped
MLFN 17 nodes 24 5 1.07 Autostopped
MLFN 18 nodes 24 5 1.72 Autostopped
MLFN 19 nodes 24 5 0.85 Autostopped
MLFN 20 nodes 24 5 2.79 Autostopped

of the samples are considered to be the testing set. To ensure
the accuracy of the experiments, we did the training process
repeatedly. The composing of trained samples and tested
samples is different in each experiment. Results of the 21
models were obtained by correlative software, which are
shown in Table 2.

Results presented by Table 2 imply that the lowest RMS
error of testing exists in the MLFN model with 8 nodes
(MLFN-8), which is 0.59, lower than those generated by linear
predictionmodel andGRNNmodel. And the accuracy rate of
the testing is 100% with the permission error. Therefore, the
MLFN-8model is proved to be an accurate and robustmodel.

3. Results and Discussion

3.1. Training Results of MLFN-8. Training and testing results
of MLFN-8 model were extracted from the experiments. For
more intuitionistic, six figures described by data are used to
portray the training and testing results, which are shown in
Figures 2 to 7.

In training process, the comparison result between pre-
dicted values and actual values is depicted by Figure 2. The
regulation between predicted values and actual values implies
that the training process is precise.

Figure 3 depicts the relationship between residual values
and actual values during training process, showing that the
residual values are relatively concentrated.
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Figure 2: Comparison between predicted values and actual values
during training process.
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Figure 3: Comparison between residual values and actual values
during training process.

Different from Figure 3, Figure 4 depicts the relationship
between residual values and predicted values during training
process. Similar to the result shown in Figure 3, the residual
values present the same phenomenon as Figure 3, which
indicates that the training process is precise.

In general, Figures 2, 3, and 4 depict the results of training
process, showing that the values are concentrated and corre-
spond with the normal training process of MLFN-8 model. It
is worth mentioning that the residue values are generally tiny
and close to zero, which implies that the training process is
correct and precise.

3.2. Testing Results of MLFN-8. To analyze the testing pro-
cess, three figures were used to present the average values of
testing results, which are shown in Figures 5 to 7.

In testing process, as shown in Figure 5, the comparison
between predicted values and actual values is also close to lin-
ear situation, which means that theMLFN-8 model is precise
while predicting.
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Figure 4: Comparison between residual values and predicted values
during training process.
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Figure 5: Comparison between predicted values and actual values
during testing process.

In order to confirm the robustness of comparison
between residual values and actual values as well as the
comparison between residual values and predicted values, we
plotted the comparison between residual values and these two
kinds of values, which are shown in Figures 6 and 7.

Figures 5, 6, and 7 depict the average testing process of
the MLFN-8 model. All the values shown in the three figures
are the average values, from which we can draw a conclusion
that the model is accurate and robust.

According to the results presented above,MLFN-8model
is proved to be a suitable and rational model in determining
the oil content of rapeseed.

3.3. Discussion. There are several previous studies that are
relative to the field we studied [12, 17–20]. Gu and Wang [12]
analyzed the oil content of rapeseed bymultiple linear regres-
sion based on near spectral data, which is the chief inspiration
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Figure 6: Comparison between residual values and actual values
during testing process.
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Figure 7: Comparison between residual values and predicted values
during testing process.

of our work. In contrast, our work has a higher robustness
and precision since the core we paid attention to is the well-
fitted nonlinear function. Besides, Madsen [17] established
a quick determination approach of oil content in rapeseed
by a commercial nuclear magnetic resonance spectrometer.
Tkachuk [18] utilized a near infrared reflectance technique to
determine oil, protein, chlorophyll, and glucosinolate content
in whole rapeseed kernels. In addition, Velasco and relative
coworkers [19] used near-infrared reflectance spectroscopy
to estimate the seed weight, oil content, and fatty acid com-
position in intact single seeds of rapeseed. Shafii and his
coworkers [20] analyzed the interaction effects on the winter
rapeseeds yield and oil content. These researches can analyze
the oil content and other properties of rapeseeds effectively,
which can be seen as the great references. However, these
analytical approaches still need complex manual operation
and the process is intricate to some extent. Our study has
successfully proved that the oil content of rapeseed can
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be analyzed by artificial neural networks, which is a quick
and easy method that can be calculated automatically by
computer.

In the field of food science and analytical chemistry, oil
content of rapeseed reveals the yield of the relative products
in practical applications. Taking one of the production steps
as an example, people should estimate and evaluate the oil
content of the rapeseed samples before mass run. Therefore,
using artificial neural networks can achieve this step in a high
effective way.

4. Conclusion

Oil content of rapeseed is a crucial aspect on practical appli-
cations of food science and chemistry. In this paper, instead
of using traditional analytical methods, we successfully used
artificial neural networks (ANNs) method to analyze the oil
content of 29 rapeseed samples based on near spectral data
with different wavelengths. Results show that the multilayer
feed-forward neural networks with 8 nodes (MLFN-8) are
the most suitable and reasonable mathematical model during
experiments. In future research, we will aim at looking for
the explicit nonlinear functions of near spectral data in the
analysis of rapeseed’s oil content.
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