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Abstract
Nitrogen (N) concentration is a significant parameter to check the status of health in rice crop. Nitrogen (N) plays an essential 
role in the growth and productivity of rice plant. This paper proposes a convolutional neural network (CNN) based approach 
for prediction of rice nitrogen deficiency. The pre-trained CNN architecture is modified to improve the classification accuracy 
with the inclusion of pre-eminent classifier like support vector machine (SVM) by replacing the last output layer of CNN. 
Here, six leading deep learning architectures such as ResNet-18, ResNet-50, GoogleNet, AlexNet, VGG-16 and VGG-19 with 
SVM are used for prediction of nitrogen deficiency with 5790 number image samples. The performance of each classifier is 
measured and compared in terms of accuracy, sensitivity, specificity, false positive rate (FPR) and F1 score. Again, the sta-
tistical analysis is performed to choose the better classification model considering the results of 100 independent simulations. 
The statistical analysis confirmed the superiority of ResNet-50+SVM than the other five CNN-based classification models 
with an accuracy of 99.84%. Besides, the accuracy score of CNN classification models is compared with other traditional 
image classification models such as bag-of-feature, colour feature + SVM, local binary patterns (LBP) + SVM, histogram of 
oriented gradients (HOG)+SVM and Gray Level Co-occurrence Matrix (GLCM)+SVM.
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1 Introduction

Half of the world population consume rice as their daily diet. 
According to the World Bank, the projected demand for rice 
consumption will increase by 51% by the year 2025. The 
production of rice is affected by several factors, including 
mineral deficiency. The minerals required for maintaining 
standard health of rice crop are Nitrogen (N), Potassium (K), 
Phosphorus (P), Boron(B), Zinc (Zn), Sodium (S), Copper 
(Cu) and Magnesium (Mg) etc., (Sanyal et al. 2007). Nitro-
gen (N) is one of the essential minerals for growth and devel-
opment of rice plant. To escalate the productivity, the utilisa-
tion of Nitrogen (N) fertilizer in cropland is increased since 
the last six decades (Mulvaney et al. 2009). Nitrogen (N) 
deficiency affects rice growth and development, producing 

yellow leaves, dwarf plants and lower grain yields (Borrell 
et al. 1998, 2001; Lian et al. 2005). Sometimes, the farm-
ers apply excess nitrogen with an expectation of more pro-
duction, but it causes stem rot disease. Simultaneously, the 
application of balanced mineral develops immunity among 
the rice plant for getting affected by diseases. So, it is essen-
tial to predict the nitrogen requirement in cropland for stand-
ard growth and development of rice plant. The agriculturist 
mainly determines the plant nutrition status using informa-
tion about the leaf (Shi et al. 2009; Chen et al. 2013, 2014). 
When rice exhibits nutrition deficiency, the leaf sheath will 
also present specific symptoms (Chen et al. 2014). There-
fore, this study is carried out based on images of rice leaves 
for diagnosis of nitrogen deficiency of rice plant.

Western Odisha is a territory in the western part of Odi-
sha, India and well known for rice production, especially 
Sambalpur and Bargarh districts (known as the rice bowl 
of Odisha). In this region varieties of rice cultivars are cul-
tivated in two farming season a year. The Kharif season 
(July–October) depends on monsoon and Rabi season (Octo-
ber to March) depend on the water supply of Hirakud dam. 
It has been reported every year; the paddy fields are damage 
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due to various diseases and pest attack. According to the 
report of (Sahu et al. 2005), the western Odisha, especially 
Sambalpur and Bargarh district, have laterite, mixed red and 
yellow–red soil. In Sambalpur district, the soil is laterite soil, 
which contains very less nitrogen. Again, the mixed red and 
yellow soil are present in both Sambalpur and Bargarh dis-
trict in which the upland soil has low nitrogen and phospho-
rus, and low land has low nitrogen and medium phosphorus. 
Fortunately, my university is situated in Sambalpur district. 
“PLAGRON” describes plants with a nitrogen deficiency are 
also more susceptible to problems like diseases and insects. 
Again, excess application of Nitrogen (N) causes stem rot 
disease. Therefore, it is a necessity to know the actual level 
of Nitrogen deficiency. In addition, no significant research 
has been reported for prediction of Nitrogen deficiency of 
rice crop in an early stage based on computational intel-
ligence. This situation motivates us to carry forward the 
research for prediction of Nitrogen deficiency in rice crop.

The leaf colour chart (LCC) is developed by the Interna-
tional Rice Research Institute (IRRI) which is used to deter-
mine the Nitrogen (N) fertilizer needs of rice crops. LCC has 
five green swaps, with colours ranging from yellow-green 
to dark green. It determines the greenness of the rice leaf, 
which indicates its N content (Yang et al. 2003).

In this research, the images of rice leaves are captured 
with matching the swap of Leaf Colour Chart (LCC). The 
images are captured using a smartphone camera of 13 Meg-
apixel in daylight as per the uses instruction of LCC. The 
LCC developed by ICAR-National Rice Research Institute 
(ICAR-NRRI), Cuttack, India has five swaps. The Swap-5 
indicates sufficient nitrogen and Swap-1 indicates highly 
deficient nitrogen. In this research, four number of swaps 
are considered from Swap-4 to Swap-1, indicating slight 
N deficiency to high N deficiency. We have ignored the 
Swap-5 samples as it indicates sufficiency of Nitrogen (N) 
and our study concentrate on determining the deficiency of 
Nitrogen (N). Thus, the present prediction of Nitrogen (N) 
deficiency is a four-class classification problem. In this clas-
sification task, CNN + SVM is used as classifier. The LCC 

and matching samples of rice leaf are shown in Fig. 1. The 
four-level of Nitrogen (N) deficient leaf samples of rice crop 
are illustrated in Fig. 2.

In recent years, with the application of computer vision 
and machine learning, there has been an incredible advance-
ment on disease diagnosis of crops such as detection, iden-
tification and quantification of various diseases. In most 
of the cases, SVM (Semary et al. 2015; Tian et al. 2010), 
K-Nearest neighbours (KNN) (Prasad et al. 2016; Zhang 
et al. 2015) and Discriminant analysis (Wang et al. 2014) are 
used for disease identification purposes. Many researchers 
reported automated rice disease diagnosis methods based 
on digital image processing technique (Barbedo 2013), 
SVM (Jian and Wei 2010), pattern recognition (Phadikar 
et al. 2008) and computer vision (Asfarian et al. 2014). The 
research is not only for rice disease classification but also 
for other crops such as wheat (Khairnar and Dagade 2014), 
maize (Zhang and Yang 2014), cotton (Shicha et al. 2007), 
tomato (Chai et al. 2013) etc. Although, the machine learn-
ing techniques have made the great accomplishment on 
image identification, till it has some limitations: restricted 
data handing capability, the requirement of segmentation 
and feature extraction (Chen et al. 2019a, b). The diseased 
region segmentation is not always an easy task for all agri-
cultural images (Lu et al. 2017). Therefore, the traditional 
machine learning techniques face difficulty for classifica-
tion of agricultural diseased images with adequate results. 
With the advancement of machine learning techniques, deep 
learning methods are capable enough to solve and model big 
data problems. The deep learning methods can be applied in 
agricultural diseased image classification without the need 
for pre-required processes such as segmentation and feature 
extraction.

In past few years, the CNN is applied in various fields 
such as object detection (Ren et al. 2017; Girshick et al. 
2014; Girshick 2015; Zitnick and Dollar 2014; Uijlings et al. 
2013), image classification (Deng et al. 2009; Krizhersky 
et al. 2012; Simonyan and Zisserman 2014; Donahue et al. 
2013) and video classification (Karpathy et al. 2014). In 

Fig. 1  a Leaf colour chart 
developed by ICAR-NRRI, 
Cuttack (Courtesy ICAR-NRRI, 
Cuttack), b matching sample of 
Rice leaf with LCC
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the last couple of year, many research has been conducted 
for the diagnosis of plant diseases based on CNN (Kwasaki 
et al. 2015; Zhang et al. 2016; Zhao and Peng 2012; Lu 
et al. 2017). In addition, recently some researcher reported 
advance filter techniques (Chen et al. 2019a, b), hybrid fea-
ture selection method (Moslehi and Haeri 2019) and pow-
erful classification models such as Voronoi diagram-based 
classifier (VDBC) and neuro-fuzzy (NF) classifier (Misra 
and Laskar 2019). In recent deep learning approach has been 
adopted in many fields such as detection of cloth quality 
(Ge et al. 2019), Leveraging Class Hierarchy in Fashion 

Classification (Cho et al. 2019), identification of mango 
cultivars (Borianne et al. 2019).

As far as our investigation, no research has been pub-
lished for prediction of Nitrogen (N) deficiency of rice crop 
based on deep learning networks.

The objective of developing CNN based classification 
model provides a user-friendly system to farmers for prediction 
of N deficiency in rice crop. So far very few Web portals are 
accessible for prediction of N deficiency such as Leaf Coder 
and at Leaf+. Again, CNN is highly expected to be automated 
feature learning from the raw inputs systematically. Therefore, 

Fig. 2  Illustration of four nitro-
gen (N) deficient leaf samples 
of rice crop
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it is needful to develop CNN based model for prediction of N 
deficiency for rice crop.

In this paper, we present a novel CNN- based model for 
the prediction of Nitrogen (N) deficiency in rice crop. A total 
of 5790 number of healthy rice leaf are collected and pre-
processed. The image collection process strictly follows the 
uses instruction of LCC. The images of fully expanded, young, 
healthy middle and/or tip part of rice leaf are captured. The 
images are captured either in the morning (8 AM–10 AM) or, 
in the afternoon (2 PM–4 PM) in normal daylight under the 
shade of the body. All samples are collected from the farming 
site of Sambalpur and Bargarh districts of Odisha, India. At the 
time of capturing images of rice leaf, two strategies are strictly 
followed. First, the rice leaf and swap of LCC must match 
properly. Second, behind the rice leaf, a white paper is placed 
to avoid unessential background. Finally, the raw images are 
processed by subtracting the white background. The processed 
images are examined through six leading CNN-based models 
such as AlexNet, GoogleNet, VGG-16, VGG-19, ResNet-18 
and ResNet-50. Again, to improve the diagnostic results, SVM 
is included for better classification in all six architectures. The 
performance of classification models is measured in terms of 
accuracy, sensitivity, specificity, FPR and F1 Score.

The main contribution of this article is as follows:

• A dataset is established, contains 5790 number of nitro-
gen-deficient rice leaf images in four levels.

• The six leading learning architectures such as ResNet-18, 
ResNet-50, GoogleNet, AlexNet, VGG-16 and VGG-19 
with SVM are used for classification of four levels of 
Nitrogen deficiency and performance of each classifier 
are evaluated.

• The statistical analysis is conducted to choose the best 
classifier with consideration of 100 number of independ-
ent simulation results.

• Also, the CNN based classifiers are compared with 
other traditional image classification methods such as 
bag-of-feature, colour feature + SVM, HOG + SVM, 
LBP + SVM, GLCM + SVM.

The remaining of this paper is organized as follow. Sec-
tion 2 describes the CNN-based model for prediction of 
rice Nitrogen (N) deficiency. The experimental results with 
statistical analysis are reported in Sect. 3. Finally, Sect. 4 
concludes the paper by discussing the future scopes.

2  CNN‑based model for prediction of rice 
nitrogen deficiency

Deep learning is a class of machine learning algorithms that 
use multiple layers that contain nonlinear processing units 
(Schmidhuber 2015; Bengio et al. 2015). Each layer uses the 

output from the previous layer input. Convolutional neural 
networks (CNN) are classified as a deep learning algorithm. 
The CNN consists of convolutional layer, Rectified Linear 
Unit (ReLU) layer, pooling layer and fully connected (FC) 
layer.

For this research, we consider six leading pre-trained 
CNN model such as AlexNet, GoogleNet, VGG-16, VGG-
19, ResNet-18 and ResNet-50. The pre-trained CNN model 
is not used for original classification task but, it is re-purpose 
for classification of Nitrogen (N) deficient rice leaf images. 
For this purpose, we prepare training, validation and testing 
image dataset. The test data consists of 400 images with 100 
images of each class. The trained and validation set consists 
of 70% and 30% of remaining image data. The selection 
of training and validation data is random. The input image 
size is 227 × 227 × 3. To resize and conversion from gray to 
RGB, augmentation is used. The other benefit of augmenta-
tion is to provide additional data for network training. The 
CNN is multilayer structure network, and each layer pro-
duces a response. The layers extract the basic image feature 
and pass to the next layer. The feature use in ResNet-18 & 
ResNet-50 is ‘fc1000’, VGGNet-16 & VGGNet-19 is ‘fc6’ 
and GoogleNet is ‘pool5-drop_7×7_s1’. The activation is 
in GPU with a minibatch size of 32 and GPU memory have 
space enough to fit image dataset. The activation output is 
in the form of the column to fit in linear SVM training. To 
train the SVM, the function ‘fit class error-correcting output 
codes (fitcecoc)’ is used. This function returns full trained 
multiclass error-correcting output of the model. The function 
‘fitcecoc’ uses K(K−1)/2, binary SVM model, using One-
Vs-All coding design. Here, K is a unique class label. So, the 
pre-trained architectures are modifying as AlexNet + SVM, 
GoogleNet + SVM, VGGNet-16 + SVM, VGGNet-19_SVM, 
ResNet-18 + SVM and ResNet-50 + SVM.Finally, we have 
evaluated the performance of all the six classifiers. The con-
fusion matrix is obtained by comparing the measured labels 
and predicted labels. From the confusion matrix, the per-
formance measure parameter such as accuracy, sensitivity, 
specificity, FPR and F1 score is calculated. Here, the accu-
racy, sensitivity and specificity are not the sufficient param-
eters for performance evaluation of classifiers as the dataset 
is an imbalanced one. So, FPR and F1 score is taken into 
account for performance evaluation of classification models.

The image data are processed in all six classification 
models individually for classification of N deficiency level 
into four categories. The performance of classification mod-
els is measured in terms of accuracy, sensitivity, specificity, 
FPR and F1 score. To choose the best classification model, 
the statistical analysis is conducted.

The CNN models are created by MATLAB 2019a and sta-
tistical analysis is done using SPSS tool. Figure 3 describes 
the CNN model, which is built in pre-trained architecture 
with SVM.
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The deep features of pre-trained CNNs are extracted 
and used to train the SVM classifier. The deep features are 
extracted from fully connected (FC) layer of CNN networks. 
The certain layer of each CNNs models are considered for 
extraction of deep features, which are AlexNet, GoogleNet, 
ResNet-18, ResNet-50, VGG-16 and VGG-19 are fc6, pool5-
drop_7×7_s1, fc1000, fc1000, fc6 and fc6 respectively. In 
addition, feature vectors were obtained from these layers of 
the AlexNet, GoogleNet, ResNet-18, ResNet-50, VGG-16 
and VGG-19 networks: 4096, 1000, 1000, 1000, 4096 and 
4096 respectively. The obtained deep features are employed 
in the classification phase by using the pre-eminent classifier 
SVM for classification of four levels of Nitrogen deficiency. 
Again, to test the new query sample, the same method is 
adopted as training to obtain the features. The SVM match 
the features of testing samples with training and predict the 
Nitrogen deficiency levels.

3  Results and observations

The processed image data are examined in six classifica-
tion model i.e. AlexNet+SVM, GoogleNet+SVM, VGG-
Net-16+SVM, VGGNet-19+SVM, ResNet-18+SVM and 
ResNet-50+SVM. The performance of the classification 
models is evaluated in terms of accuracy, sensitivity, speci-
ficity, FPR and F1 score. The collection of image samples 
according to swap category is illustrated in Table 1.

The accuracy score of all six classifier results in a range 
between 84 and 100%. Therefore, to evaluate the perfor-
mance of classifier statistically, WILCOXON signed-rank 
test is carried out. The descriptive statistics of the perfor-
mance measures (%) are presented in Table 2.

The descriptive statistics show that the performance 
measures: accuracy, sensitivity, specificity and F1 score of 
ResNet-50+SVM is highest as compared to other classifiers. 

The FPR of ResNet-50+SVM is lowest compared to other 
classifiers. Again, for more clarity, we have applied the Wil-
coxon signed-rank test. The Wilcoxon signed-rank test is 
illustrated in Table 3.

Table 3 shows superiority, inferiority and equivalency 
of other classifiers with respect to ResNet-50+SVM by 
using + , −, ≈ respectively on 100 independent simulations. 
It can be observed that the ResNet-50+SVM classification 
method provides statistically better performance than the 
other five classification methods. Hence, Resnet-50+SVM 
result better classification for prediction of Nitrogen defi-
ciency with accuracy, sensitivity, specificity, FPR and F1 
score are 99.84%, 99.84%, 99.94%, 0.051% and 99.84% 
respectively. The confusion matrix of this classification 
model is given in Table 4.

The performance score for each class of ResNet-50+SVM 
is illustrated in Table 5.

In the end, 400 number of image samples with 100 num-
ber of each four class is used for testing purposes using 
ResNet-50+SVM and all are classified correctly.

In addition, the comparison of CNN classification models 
with other tradition image classification method is carried 
out. In image processing and machine learning approach, 
mostly bag-of-feature, colour feature with SVM HOG with 
SVM, GLCM with SVM and LBP with SVM are applied for 

Fig. 3  The architecture of CNN 
with SVM for prediction N 
deficient levels of rice crop

Pre-Trained Network
(AlexNet/ GoogleNet/VGGNet-16/VGGNet-19/ResNet-18/ResNet-50)

Training and Valida�on Phase

FC
Layer

FC
Layer

Feature 
Vector SVM

N 
Deficient
Label

Convolution 
Layer

Convolution 
Layer

Tes�ng Phase

Table 1  Image samples according to Swap of LCC

Rice leaf match with LCC swap Number of samples

Train and validation Test

Swap1 1407 100
Swap 2 1203 100
Swap 3 1400 100
Swap 4 1380 100
Total 5390 400
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image classification. The accuracy score of those approaches 
is given in Table 6.

Figure 4 illustrates the accuracy score of all executed 
methods and models. As shown in Fig. 5, ResNet-50+SVM 
achieved the highest accuracy score, i.e. 99.84% and Goog-
leNet + SVM achieved the second-highest accuracy score, 

i.e. 99.4%. Among the traditional methods, the highest accu-
racy score of 91.6% was produced by GLCM+SVM.36.

Again bag-of-feature produced 80.53% of accuracy. 
Hence, conventional methods were found to have inferior 
levels of performance compared to the CNN models.

In this study, the performance of six CNN based classi-
fication models are evaluated, and found ResNet-50+SVM 
is statistically superior. Further, a comparative study of all 
CNN based classification models and traditional image clas-
sification methods is carried out. The results show that CNN 
based classification models achieved better performance 
compared to traditional methods. As per the literature, very 
less research paper has been published for prediction of min-
eral deficiency in rice crop, especially Nitrogen (N). The 
identification of Nitrogen (N), Phosphorous (P) and Potas-
sium (K) deficiency in rice based on static scanning and 
hierarchical Identification method are reported (Chen et al. 
2014). In this method, the hyperspectral technique is adapted 
for collection of samples in four growth stages. Hyperspec-

tral imaging devices are costly and have less availability. 
This method identifies the deficiency of minerals (N, P, K) 
but not the levels of deficiency. And reported the highest 
accuracy of 90.77%. The diagnosis of mineral levels of rice 
based on colour texture analysis is described (Sanyal et al. 

Table 2  Descriptive Statistics of 
the performance measures (%)

Bold font indicates better results

Classifier Accuracy Sensitivity Specificity FPR F1Score

AlexNet+SVM 95.61 ± 2.53 95.61 ± 2.53 98.53 ± 0.84 1.46 ± 0.84 95.59 ± 2.55
GoogleNet+SVM 99.40 ± 0.25 99.40 ± 0.25 99.80 ± 0.08 0.19 ± 0.08 99.40 ± 0.25
ResNet18+SVM 98.80 ± 0.57 98.80 ± 0.57 99.60 ± 0.19 0.39 ± 0.19 98.80 ± 0.57
ResNet50+SVM 99.84 ± 0.10 99.84 ± 0.10 99.94 ± 0.03 0.051 ± 0.03 99.84 ± 0.10
VGG16+SVM 99.02 ± 0.36 99.02 ± 0.36 99.67 ± 0.12 0.326639 ± 0.12 99.01 ± 0.36
VGG19+SVM 99.01 ± 0.31 99.01 ± 0.31 99.67 ± 0.10 0.32 ± 0.10 99.01 ± 0.31

Table 3  Individual hypothesis 
test results of performance 
measures indicating the 
superiority (+), inferiority (−) 
or equivalency (≈) of ResNet-
50+SVM with respect to other 
five classifiers

AlexNet+SVM GoogleNet+SVM ResNet-
18+SVM

VGGNet-
16+SVM

VGGNet-
19+SVM

Accuracy − − − − −
Sensitivity − − − − −
Specificity − − − − −
FPR + + + + +
F1 Score − − − − −

Table 4  Confusion Matrix of Resnet50+SVM

Swap1 Swap2 Swap3 Swap4

Swap1 295 0 0 0
Swap2 0 253 0 0
Swap3 0 0 294 0
Swap4 0 0 3 287

Table 5  The performance score for each class of ResNet50 model 
plus SVM

Class Swap1 Swap2 Swap3 Swap4

Accuracy 1.00 1.00 1.00 0.98
Sensitivity 1.00 1.00 1.00 0.98
Specificity 1.00 1.00 0.99 1.00
FPR 0.00 0.00 0.0034 0.00
F1Score 1.00 1.00 0.9949 0.9948

Table 6  Accuracy (%) score of 
traditional image classification 
methods

Methods Bag-of-
Feature

Colour 
feature+SVM

GLCM+SVM HOG+SVM LBP+SVM

Accuracy 80.53 87.0 91.60 55.30 87.0
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2007). Here, also deficiency of minerals is identified but 
not the levels. They claim 88.57% of accuracy but no clear 
evidence about the dataset. Among the minerals, Nitrogen 
(N) status of rice is closely related to photosynthetic rate and 
biomass production, and it is a sensitive indicator of changes 
in the crop. Nitrogen diagnosis based on dynamic character-
istics of rice leaf image (Sun et al. 2018) is described. Here, 
the Nitrogen (N) status is identified with the application 
of Nitrogen supplement in 3 days and 6 days interval. The 
remarkable changes in leaf etiolation area and degree of etio-
lation are taken into account with the application of Nitrogen 
(N) supplements. The samples are collected using scanning 
technique and reported optimal accuracy (training accuracy 
84.1%, validation accuracy 72.7%). Hence, it is clear that 
no research has been conducted using on-field images and 
adapted conventional camera for collection of samples. Fur-
ther, the proposed methods are not cross-checked with any 
scientific mechanisms. In this study, the experimentation is 
carried using on-field images, cross-checked by LCC and 
found 99.84% of accuracy. Besides, the proposed method is 
trained with a large dataset based on the CNN network and 
helpful for developing a smart mobile device application that 
can identify the Nitrogen (N) deficiency status.

4  Conclusion and future work

In this study, we present a method for N deficiency pre-
diction of rice crop based on convolutional neural network 
(CNN). Because till now no dataset is available for this par-
ticular research, our first contribution to establish dataset, 
matching with LCC swap. We hope that this dataset will be 
useful for other researchers in this area. In addition, we have 
conducted comparative experimentation of six modified 

pre-trained deep learning networks and analyse the results. 
The “Wilcoxon signed-rank test” indicates that the ResNet-
50+SVM is the best classification method for prediction of 
N deficiency of rice crop compare to other classification 
methods such as AlexNet+SVM, GoogleNet+SVM, ResNet-
18+SVM, VGGNet-16+SVM and VGGNet-19+SVM. The 
future work may include construction of classification model 
for prediction of nitrogen deficiency with increasing data set 
and performance. This work can be extended by developing 
a smart mobile device application that can identify the Nitro-
gen (N) status of rice crop, which could be of great benefit to 
users with little to no knowledge of the rice plants that they 
are cultivating. Although, the Nitrogen status prediction as 
per the LCC having five swaps is useful but, the exactness 
of Nitrogen status can be improved with a higher number 
of swaps. As per “California rice news” an updated LCC is 
designed having eight number of swaps but, not available 
for public purpose till date. Hence, this research may be 
upgraded with updated LCC with its availability.

Acknowledgements We are thankful and express our sincere regards 
to the editors and reviewers for their constructive suggestion towards 
the improvement of the manuscript to a high mark.

Data availability The nitrogen deficient rice leaf image dataset used for 
training and testing CNN model is available in “https ://data.mende ley.
com/datas ets/gzm5p xntyv /draft ?a=68bc4 92f-89ce-4c5c-9bb5-73f2b 
f528f 4a”, and all the data generated during and/or analysed during the 
current study are included in the manuscript.

References

Asfarian A, Herdiyeni Y, Rauf A, Mutaqin KH (2014) A computer 
vision for rice disease identification to support integrated pest 
management. Crop Prot 61:103–104

Fig. 4  Accuracy score of all 
executed methods and models

95.61 99.4 98.8 99.84 99.02 99.01

87
80.53

87

55.3

91.6

0

20

40

60

80

100

120

https://data.mendeley.com/datasets/gzm5pxntyv/draft?a=68bc492f-89ce-4c5c-9bb5-73f2bf528f4a
https://data.mendeley.com/datasets/gzm5pxntyv/draft?a=68bc492f-89ce-4c5c-9bb5-73f2bf528f4a
https://data.mendeley.com/datasets/gzm5pxntyv/draft?a=68bc492f-89ce-4c5c-9bb5-73f2bf528f4a


5710 P. K. Sethy et al.

1 3

Barbedo JGA (2013) Digital image processing techniques for detect-
ing, quantifying and classifying plant diseases. SpringerPlus 
2(1):660–672

Bengio Y, LeCun Y, Hinton G (2015) Deep learning. Nature 
521(7553):436–444

Borianne P, Borne F, Sarron J, Faye E (2019) Deep Mangoes: from 
fruit detection to cultivar identification in colour images of 
mango trees. arXiv preprint arXiv:1909.10939

Borrell AK, Garside AL, Fukai S, Reid DJ (1998) Season, nitrogen 
rate, and plant type affect nitrogen uptake and nitrogen use effi-
ciency in rice. Aust J Agric Res 49:829–843

Borrell A, Hammer G, Van Oosterom E (2001) Stay-green: a conse-
quence of the balance between supply and demand for nitrogen 
during grain filling. Ann Appl Biol 138:91–95

Cal i fornia  Rice  News (2020)  ht tps  : / /www.calr i  cenew 
s.org/2017/03/24/updat ed-leaf-color -chart -is-in-the-mail. 
Accessed 06 Jan 2020

Chai Y, Wang XD (2013) Recognition of greenhouse tomato disease 
based on image processing technology. Tech Autom Appl 9:83–89

Chen LS, Sun YY, Wang K (2014) Identifying of rice nitrogen stress 
based on machine vision and multiscale information extraction. 
Sens Lett 12:824–830

Chen LS, Wang K (2014) Diagnosing of rice nitrogen stress based on 
static scanning technology and image information extraction. J 
Soil Sci Plant Nutr 14(2):382–393

Chen Y, Wang J, Xia R et al (2019) The visual object tracking algo-
rithm research based on adaptive combination kernel. J Ambient 
Intell Human Comput 10:4855. https ://doi.org/10.1007/s1265 
2-018-01171 -4

Chen LS, Zhang SJ, Wang K, Shen ZQ, Deng JS (2013) Identifying of 
rice phosphorus stress based on machine vision technology. Life 
Sci J 10(2):2655–2663

Chen L, Yuan Y (2019) Agricultural disease image dataset for disease 
identification based on machine learning. In: Li J, Meng X, Zhang 
Y, Cui W, Du Z (eds) Big scientific data management. BigSDM 
2018. Lecture Notes in Computer Science, vol 11473. Springer, 
Cham

Cho H, Ahn C, Min Yoo K, Seol J, Lee SG (2019) Leveraging class 
hierarchy in fashion classification. In: Proceedings of the IEEE 
international conference on computer vision workshops

Deng J et al (2009) Imagenet: a large-scale hierarchical image database. 
In: computer vision and pattern recognition, 2009. CVPR 2009. 
IEEE Conference on IEEE

Donahue J et al (2013) Decaf: a deep convolutional activation feature 
for generic visual recognition. arXiv preprint arXiv:1310.1531

Ge Y, Zhang R, Wang X, Tang X, Luo P (2019) DeepFashion2: a 
versatile benchmark for detection, pose estimation, segmentation 
and re-identification of clothing images. In Proceedings of the 
IEEE conference on computer vision and pattern recognition, pp 
5337–5345

Girshick R, Donahue J, Darrell T, Malik J (2014) Rich feature hierar-
chies for accurate object detection and semantic segmentation. In: 
Proceedings of the 2014 IEEE conference on computer vision and 
pattern recognition, pp 580–587

Girshick R (2015) Fast R-CNN. In: Proceedings of the 2015 IEEE 
international conference on computer vision, pp 1440–1448

Jian Z, Wei Z (2010) Support vector machine for recognition of 
cucumber leaf diseases. In: Proceedings of the international con-
ference on advanced computer control (ICACC), Patiala, India, 
pp 264–266

Karpathy A, Toderici G, Shetty S et al (2014) Large-scale video clas-
sification with convolutional neural networks. In: Proceedings of 
the IEEE conference on computer vision and pattern recognition 
(CVPR), pp 1725–1732

Kawasaki R, Uga H, Kagiwada S, Iyatomi H (2015) Basic study of 
automated diagnosis of viral plant diseases using convolutional 

neural networks. In: Proceedings of the international sympo-
sium on visual computing (ISVC), pp 638–645

Khairnar K, Dagade R (2014) Disease detection and diagnosis on 
plant using image processing—a review. Int J Comput Appl 
108(13):36–39

Krizhevsky A, Ilya S, Geoffrey EH (2012) Imagenet classification 
with deep convolutional neural networks. In: Advances in neural 
information processing systems

Li WM (2012) Crop symptoms under nutrition stress. Qinghai Agro-
Technol Extension 2:44–45

Lian XM, Xing YZ, Yan H, Xu CG, Li XH, Zhang QF (2005) QTLs 
for low nitrogen tolerance at seedling stage identified using a 
recombinant inbred line population derived from an elite rice 
hybrid. Theor Appl Genet 112:85–96

Lu Y, Yi S, Zeng N, Liu Y, Zhang Y (2017) Identification of rice dis-
eases using deep convolutional neural networks. Neurocomput-
ing 267:378–384. https ://doi.org/10.1016/j.neuco m.2017.06.023

Misra S, Laskar RH (2019) Development of a hierarchical dynamic 
keyboard character recognition system using trajectory features 
and scale-invariant holistic modeling of characters. J Ambient 
Intell Human Comput 10:4901. https ://doi.org/10.1007/s1265 
2-019-01189 

Moslehi F, Haeri A (2019) An evolutionary computation-based 
approach for feature selection. J Ambient Intell Human Comput. 
https ://doi.org/10.1007/s1265 2-019-01570 -1

Mulvaney RL, Khan SA, Ellsworth TR (2009) Synthetic nitrogen 
fertilizers deplete soil nitrogen: a global dilemma for sustainable 
cereal production. J Environ Qual 38:2295–2314

PLAGRON (2010) https ://www.plagr on.com/en/grow-topic s/nitro 
gen-defic iency . Accessed 5 Jan 2010

Phadikar S, Sil J (2008) Rice disease identification using pattern rec-
ognition techniques. In: Proceedings of the IEEE international 
conference on computer and information technology (ICCIT), 
Khulna, Bangladesh, pp 420–423

Prasad S, Peddoju SK, Ghosh D (2016) Multi-resolution mobile 
vision system for plant leaf disease diagnosis. Sig Image Video 
Process 10(2):379–388

Ren S, He K, Gershick R, Sun J (2017) Faster R-CNN: towards 
real-time object detection with region proposal networks. IEEE 
Trans Pattern Anal Mach Intell 39(6):1137–1149

Sahu GC, Mishra A (2005) Soil of Odisha and its management, Odi-
sha Review 

Sanyal P, Bhattacharya U, Parui SK, Bandyopadhyay SK, Patel S 
(2007) Color texture analysis of rice leaves diagnosing defi-
ciency in the balance of mineral levels towards improvement 
of crop productivity. In: 10th International Conference on 
Information Technology (ICIT 2007), pp 85–90. https ://doi.
org/10.1109/ICIT.2007.40

Schmidhuber J (2015) Deep learning in neural networks: an over-
view. Neural Netw 61:85–117

Semary NA, Tharwat A, Elhariri E, Hassanien AE (2015) Fruit-
based tomato grading system using features fusion and sup-
port vector machine. In: Filev D et al (eds) Intelligent Sys-
tems’2014. AISC, vol 323, pp 401–410. Springer, Cham. https 
://doi.org/10.1007/978-3-319-11310 -435

Shi YY, Deng JS, Chen LS, Zhang DY, Ding XD et al (2009) Leaf 
characteristics extraction of rice under potassium stress based 
on static scan and spectral segmentation technique. Spectrosc 
Spect Anal 29(7):1745–1748

Shicha Z, Hanping M, Bo H, Yancheng Z (2007) Morphological 
feature extraction for cotton disease recognition by machine 
vision. Microcomput Inf 23(4):290–292

Simonyan K, Andrew Z (2014) Very deep convolutional networks for 
large-scale image recognition. arXiv preprint arXiv:1409.1556

http://www.calricenews.org/2017/03/24/updated-leaf-color-chart-is-in-the-mail
http://www.calricenews.org/2017/03/24/updated-leaf-color-chart-is-in-the-mail
https://doi.org/10.1007/s12652-018-01171-4
https://doi.org/10.1007/s12652-018-01171-4
https://doi.org/10.1016/j.neucom.2017.06.023
https://doi.org/10.1007/s12652-019-01189
https://doi.org/10.1007/s12652-019-01189
https://doi.org/10.1007/s12652-019-01570-1
https://www.plagron.com/en/grow-topics/nitrogen-deficiency
https://www.plagron.com/en/grow-topics/nitrogen-deficiency
https://doi.org/10.1109/ICIT.2007.40
https://doi.org/10.1109/ICIT.2007.40
https://doi.org/10.1007/978-3-319-11310-435
https://doi.org/10.1007/978-3-319-11310-435


5711Nitrogen Deficiency Prediction of Rice Crop Based on Convolutional Neural Network  

1 3

Sun Y, Zhu S, Yang X, Weston MV, Wang K, Shen Z, Xu H, Chen L 
(2018) Nitrogen diagnosis based on dynamic characteristics of 
rice leaf image. PLoS ONE 13(4):e0196298

Tian YW, Li TL, Zhang L, Wang XJ (2010) Diagnosis method of 
cucumber disease with hyperspectral imaging in greenhouse. 
Trans Chin Soc Agric Eng 26(5):202–206

Uijlings JRR, van de Sande KEA, Gevers T, Smeulders AWM 
(2013) Selective search for object recognition. Int J Comput Vis 
104(2):154–171

Wang X, Zhang S, Wang Z, Zhang Q (2014) Recognition of cucum-
ber diseases based on leaf image and environmental information. 
Trans Chin Soc Agric Eng 30(14):148–153

Yang W-H, Peng SH, Jianliang S, Arnel B, Roland WC (2003) Using 
leaf color charts to estimate leaf nitrogen status of rice. Agron J 
2003:95

Zhang X, Lu Y, Zhang S (2016) Multi-task learning for food identi-
fication and analysis with deep convolutional neural networks. J 
Comput Sci Technol 31(3):489–500

Zhang SW, Shang YJ, Wang L (2015) Plant disease recognition based 
on plant leaf image. J Anim Plant Sci 25(3):42–45

Zhang LN, Yang B (2014) Research on recognition of maize disease 
based on mobile internet and support vector machine technique. 
Trans Tech Publ 108(13):659–662

Zhao WS, Peng YL (2012) Rice Diseases and insect pests atlas. China 
Agriculture Press, Beijing

Zitnick CL, Dollar P (2014) Edge boxes: locating object proposals from 
edges. In: European conference on computer vision, pp 391–405.

Publisher’s Note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.


	Nitrogen Deficiency Prediction of Rice Crop Based on Convolutional Neural Network
	Abstract
	1 Introduction
	2 CNN-based model for prediction of rice nitrogen deficiency
	3 Results and observations
	4 Conclusion and future work
	Acknowledgements 
	References




