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A novel approach for nitrogen 
diagnosis of wheat canopies digital 
images by mobile phones based 
on histogram
Xin Qi1,4, Yanan Zhao1,2,4, Yufang Huang1,2, Yang Wang1,2, Wei Qin3, Wen Fu1, Yulong Guo1* & 
Youliang Ye1,2*

The accurate and nondestructive assessment of leaf nitrogen (N) is very important for N management 
in winter wheat fields. Mobile phones are now being used as an additional N diagnostic tool. To 
overcome the drawbacks of traditional digital camera diagnostic methods, a histogram-based method 
was proposed and compared with the traditional methods. Here, the field N level of six different 
wheat cultivars was assessed to obtain canopy images, leaf N content, and yield. The stability and 
accuracy of the index histogram and index mean value of the canopy images in different wheat 
cultivars were compared based on their correlation with leaf N and yield, following which the best 
diagnosis and prediction model was selected using the neural network model. The results showed 
that N application significantly affected the leaf N content and yield of wheat, as well as the hue of 
the canopy images and plant coverage. Compared with the mean value of the canopy image color 
parameters, the histogram could reflect both the crop coverage and the overall color information. 
The histogram thus had a high linear correlation with leaf N content and yield and a relatively stable 
correlation across different growth stages. Peak b of the histogram changed with the increase in leaf N 
content during the reviving stage of wheat. The histogram of the canopy image color parameters had 
a good correlation with leaf N content and yield. Through the neural network training and estimation 
model, the root mean square error (RMSE) and the mean absolute percentage error (MAPE) of the 
estimated and measured values of leaf N content and yield were smaller for the index histogram 
(0.465, 9.65%, and 465.12, 5.5% respectively) than the index mean value of the canopy images (0.526, 
12.53% and 593.52, 7.83% respectively), suggesting a good fit for the index histogram image color 
and robustness in estimating N content and yield. Hence, the use of the histogram model with a 
smartphone has great potential application in N diagnosis and prediction for wheat and other cereal 
crops.

Optimal nitrogen (N) fertilization is important for crop growth and yield. While N deficiency may result in small 
leaves with a low chlorophyll content and reduced biomass, and thus yield1, excessive N application may lead to 
a low N use efficiency (NUE) as well as ecological and environmental problems2.

The convenient and accurate diagnosis of crop N nutrition can improve NUE through real-time N manage-
ment. At present, there are many methods for N diagnosis, such as soil inorganic N, plant N concentration, and 
plant nitrate. Instruments for N diagnosis include a chlorophyll meter, spectrometer, unmanned aerial vehicle, 
and digital camera3–8. However, the above methods and instruments have some limitations in N diagnosis, as 
they are time-consuming, destructive, and expensive9,10. Barbedo found that close-range images can be used 
to detect visual changes in plant color and morphology and machine learning techniques become an effective 
solution11. Diagnosing crops without causing damage is important for optimizing N management.

N nutrition diagnosis using a mobile phone camera is essentially the application of digital image technology. 
Analyses of RGB images of digital cameras can help to evaluate the chlorophyll content of leaves as well as the 
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growth of crops, these two parameters are closely related to N content and crop yield, respectively. In recent years, 
many studies have focused on the application of digital images in the diagnosis of crop N nutrition, for example, 
in maize, wheat, rice, and other crops12–23. Recently, Yuttana et al.24 showed that mobile phone cameras could 
be used as analyzers to detect the color of rice leaves. Zhang et al.12 found that when using digital cameras to 
diagnose N nutrition in summer maize, the 6-leaf stage was considered as a key period. Xiao et al.25 found that 
the R/(R + G + B) of digital images of wheat could be highly correlated with conventional nutritional diagnostic 
indicators, such as chlorophyll, nitrate concentration at the base of the stem, and total N content of the plant at 
the jointing stage. Moreover, the normalized redness intensity (NRI) and CMI (color mix index, a*R + b*G + C*b) 
were also suitable as characteristic parameters of wheat N nutrition diagnosis26.

At present, many technical problems still need to be resolved for improved N nutrition diagnosis using mobile 
cameras. Generally, the mean value of various image color indexes is calculated and combined with traditional 
diagnostic parameters in regression models; this mean value, however, only reflects the overall color status of 
the entire study area. The better the crop grows, the greater the proportion in the image. More detailed informa-
tion that can reflect the nutrition level is missing, such as the leaf growth and the color difference. Different leaf 
types can affect the size of the leaf area. Moreover, differences in leaf color and leaf type among different wheat 
cultivars may affect the color parameters of the crop canopy image, thus affecting the N nutrition diagnosis 
results of the digital images and the application of diagnosis technology. It is important for model stability to 
study the differences in individual nutritional diagnoses among different wheat cultivars. However, there is a 
lack of comparative studies among different wheat cultivars. In the present study, RGB images of the canopies 
of six wheat cultivars (‘Huayu 198’, ‘Yumai 49-198’, ‘Zhongmai 1’, ‘Xinong 979’, ‘Pingan 8’, and ‘Taixue 12’) were 
taken during the reviving and jointing stages using a standard mobile phone camera.

The image histogram, a classic image statistical feature, is widely used in digital image analysis27–29. It uses 
a curve in the pixel value-pixel number (or percentage) space to describe the color distribution of the current 
image. Due to the number of pixels at each data range, a histogram can offer much more information than the 
mean value of the image. Thus, a histogram offers a novel way to connect winter wheat N nutrition and its canopy 
digital image. The extraction and effective use of the information extracted from the canopy digital images 
requires comprehensive discussion.

Therefore, the objectives of the study were (i) to evaluate the cultivar sensitivity of the index image mean value 
(IIMV) and index image histogram (IIH) to leaf N content and yield using six wheat cultivars; and (ii) to build 
the N nutrition and yield diagnostic models based on the neural network algorithm. Then, the performance of 
the IIMV models and IIH models was compared to select the best diagnostic model, providing theoretical sup-
port for the precision fertilization of wheat.

Materials and methods
Ethics statement.  All samples come from field trials conducted by the research group, and the sampling 
and operation of the trials comply with legal and ethical requirements.

Experimental design.  The study was conducted in Kangcheng, Shundian (3427ʹ N, 11,336ʹ E), Yuzhou, 
Province Henan, in East-central China from October 2017 to June 2018. The soil type was aquic brown soil, 
the soil texture was clay soil, and the previous crop was maize. The soil pH (0–20 cm) before sowing was 8.2, 
the organic matter was 20.5 g·kg−1, the total N was 0.92 g·kg−1, the nitrate N was 29.48 mg·kg−1, the available 
phosphorus was 22.0  mg·kg−1, and the available potassium was 135.7  mg·kg−1. The wheat cultivars included 
Huayu 198 (HY198), Yumai 49-198 (YM49-198), Zhongmai 1 (ZM1), Xinong 979 (XN979), Ping’an 8 (PA8), 
and Taixue 12 (TX12). Five N treatments were used, including 0, 120, 180, 240, and 360 kg N ha−1 (N0, N120, 
N180, N240, and N360, respectively), and were provided as urea and applied twice, with 50% as the base applica-
tion and 50% topdressing during the jointing stage. Phosphorus and potassium (kg ha−1) were applied once as 
calcium superphosphate and potassium chloride on plots of 40 m2, which were arranged in random blocks, with 
three repetitions. The same amount of wheat (180 kg ha−1) was sown on each plot on October 13, 2017, and was 
harvested on June 5, 2018.

Measurement items and methods.  Determination of the N concentration of the plants and leaves: five 
plants from each plot were sampled and then separated into leaves and stems. The samples were pre-dried at 
105 °C for 30 min and then dried to a constant mass at 70 °C in an oven to determine the dry mass (DM). The 
plant materials were ground to pass through a 2-mm mesh screen, and aliquots were ground for further analy-
ses. The samples were digested with H2SO4 and H2O2, and the total N concentration of the digested samples was 
determined using an automated continuous flow analyzer (Seal, Norderstedt, Germany). In the wheat harvesting 
period, 5 m2 wheat was artificially harvested in the production area of each plot, and the yield was counted after 
drying.

Crop canopy image acquisition method.  The shooting stage includes the reviving stage and jointing 
stage of winter wheat. Photographs were taken between 12:00 and 14:00 on cloudless days. Smartphones were 
used to obtain the wheat canopy image. The shooting height was 1.2 m above the ground.

Crop canopy image processing and color parameter design.  Mobile digital images have three color 
channels, including R, G, and B. This can capture the vegetation canopy’s reflected light characteristics of the 
three brands (red, green, and blue), which are directly related to the vegetation absorption characteristics. Chlo-
rophyll is the most important pigment in wheat and has strong absorption of blue and red light, but less absorp-
tion of green light30. Based on this basic characteristic and the crop canopy image, ENVI (ENVI 5.0, ESIR, USA) 
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was used to calculate six color indices, namely G/R, G/B, R/(R + G + B), G/(R + G + B), B/(R + G + B), and (G-R)/
(R + G + B).

Among them, G/R is the ratio of the green light channel image to the red channel. The higher the green 
channel, the lusher the vegetation, and the smaller the red channel, the more the chlorophyll. G/R can highlight 
vegetation information31. The G/B ratio is similar to G/R, in that the higher the ratio, the more chlorophyll the 
vegetation has32. In R/(R + G + B), the greater the proportion of red light in the entire image, the less the chloro-
phyll content of the vegetation32, while in G/(R + G + B), the higher the green channel, the lusher the vegetation33. 
In B/(R + G + B), the larger the red light channel, the less the vegetation34, and (G-R)/(R + G + B) is the subtraction 
between the green and red channels and thus highlights the vegetation information and reflects the plant status.

The color index image is converted into an independent variable in two ways. The first method takes the mean 
value of the vegetation component in the image as the model independent variable to construct a single-variable 
diagnostic approach; the second method calculates the histogram of the color index images. Correlation analysis 
between histogram curves and leaf N concentration and yield was used to filter highly interrelated curve regions. 
The selected histogram region was set as independent variables, and a multi-variable diagnostic approach was 
constructed. The color index, the mean value of the index image, and the histogram of the index image were 
calculated by ENVI software. The specific histogram-based method used in this study is shown in Fig. 1.

Neural network diagnostic model design.  In order to compare the adaptability of IIMV and IIH to 
different wheat cultivars, a neural network was used to combine the data of the six cultivars. The relationship 
between the filtered IIH segment and its dependent variable, i.e., the diagnostic factor, cannot be easily explained 
by a simple linear relationship. Therefore, an artificial neural network was used for fitting. A neural network 
model is a highly non-linear model that performs well in complex nonlinear problems35. The neural network 
model (multilayer perceptron neural networks) of MATLAB (R2015b, MathWorks, USA) was used to create and 
train a network by using a neural network fitting tool. There were 1 hidden layer with 10 neurons and 1 output 
layer with 1 neuron in our network. The transfer functions of the 2 layers were sigmoid and linear, respectively. 
The Levenberg–Marquardt backpropagation algorithm was used in weight optimizing. The independent vari-
ables near the peak value (Fig. 2a) were selected from the histogram of the color parameters of the canopy image 
for neural network training. For comparative analysis, the neural network model was used to train and fit the 
mean value of the image color parameters with the independent variables, and then the optimal result was 
selected.

In artificial neural network simulation, through repeated comparisons and trials, LM (Levenberg–Marquardt) 
neural net fitting in MATLAB is often used as a training method. Canopy images of winter wheat microscopical 
performance in the field were collected and used in conjunction with the optimal histogram section information 
corresponding to the optimal color index as the input variable of the neural network. The leaf N content and 
yield corresponding to the image were used as the output variables. The training results were obtained by fitting 
the data of the reviving stage and jointing stage with the leaf N content and yield. There were 90 samples in each 
stage and 15 samples per cultivar per stage, and three images were used for each N-fertilizer level. Sixty samples 
were used for training, and the other 30 samples were used to test the training effect to ensure the stability and 
accuracy of the training and then obtain the network. The results produced by neural network learning were 
used as part of the system knowledge to achieve a non-destructive N nutrition diagnosis of wheat.

Figure 1.   Schematic diagram of winter wheat canopy image processing and analysis methods.
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Figure 2.   Histogram of wheat at the reviving stage (the histogram uses [(G-R)/(R + G + B)] as an example). 
(a) At different leaf N contents (HY198 as an example), the areas within the two dashed lines were used as the 
data for the correlation analysis of the histogram and the leaf N content and yield. (c) Different wheat cultivars 
at minimum leaf N content (minimum leaf N content of different cultivars). (d) Different wheat cultivars at 
maximum leaf N content (maximum leaf N content of different cultivars).
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Results
Effects of N fertilizer application on the N nutrition and yield of different wheat cultivars.  From 
the RGB images of the canopies (Fig. 3), it is obvious that wheat plants of the same cultivar, but grown without 
N application, were yellowish-green and grew less vigorously, while the plants grown at the various N concentra-
tions did not differ visually in these parameters.

At the reviving stage, N application significantly increased the N content of the wheat leaves (Table 1) by 
16.4%, 14.5%, 11.9%, 18.7%, and 18% compared to plants not fertilized with N. At the jointing stage, the leaf N 
content of each cultivar increased more significantly under the different N treatments, and the average increase 
was 40.7%, 33.9%, 22.2%, 44.6%, 23%, and 30.1%, respectively.

Irrespective of the cultivar, grain yield was maximum for plants that were N-fertilized at 120 and 180 kg ha−1 
(Table 1). However, there were some minor differences between the yield responses of the plants of some cul-
tivars, i.e., the plants of ‘HY198’ performed well even without additional N, while those of Zhongmai 1 (ZM1) 
and Ping’an 8 (PA8) had maximal yields at N240 and N360, respectively. The results suggest that appropriate N 
application can increase wheat yield, but that too much N application may decrease yield.

Mean value of the canopy image color parameters and its relationship with leaf N content 
and yield.  Tables 2 and 3 show the mean value of the different color parameters under different N fertilizer 
treatments during the reviving stage and jointing stage, respectively. The R, G, and B light values were in the 
order of G > B > R during the reviving stage and G > R > B during the jointing period. The mean values of the 
color parameters G/R and [(G-R)/(R + G + B)] were relatively stable in the different wheat growth stages. In the 
different cultivars, the mean value of the non-N-fertilized color parameters was significantly different from that 
of the other N-fertilized treatments.

The correlation coefficients between the mean value of the color parameters and leaf N content and yield of 
the six cultivars were unstable (Fig. 4). At the reviving stage, the correlation coefficients of Huayu 198 (HY198), 
Xinong 979 (XN979), and PA8 with leaf N content and yield were relatively high and stable. The absolute val-
ues of the correlation coefficients between XN979 and yield and leaf N content remained at 0.459–0.694 and 
0.745–0.889, respectively. At the jointing stage, the mean value color parameters G/B and NBI of PA8 had the 
highest correlation coefficients with leaf N content and yield. The correlation coefficients of G/B with yield and 
leaf N content were − 0.555 and − 0.774, respectively. In addition, from the reviving stage to the jointing stage, the 
correlation between the mean value of the color parameters and the leaf N content and yield of the six cultivars 
showed a downward trend.

Histogram of canopy image color parameters and its relationship with leaf N content and 
yield.  There was a close relationship between the histogram of the color parameters and leaf N content. In 
the histogram of [(G−R)/(R + G + B)], as an example (Fig. 2a,b), there are two peaks in the histogram that cor-
respond to the dark region and light region in the [(G−R)/(R + G + B)] image. Peak a is on the left in the histo-
gram, indicating that this peak represents the proportion of soil pixels in the image. On the contrary, peak b, 
the right peak, represents the light part of the image, which is the crop in the image (Fig. 2a,b). The histogram 
curves indicated that with the increase in leaf N content, peak b in the histogram increased and peak a decreased. 
This trend indicates that the better the crop growth, the larger the proportion of vegetation in the image, with a 
relative decrease in bare soil. The histogram can not only express the overall color information of the vegetation 
(peak b displacement) but also show the growth information of the vegetation leaves (the relative height of peak 

Figure 3.   Canopy images of wheat with five N-fertilizer application levels (XN979 as an example); Canopy 
image of different cultivars under same N-fertilizer application levels (N0 as an example).
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b and peak a). Furthermore, the histograms of the different wheat cultivars showed great differences in both low 
(Fig. 2c) and high (Fig. 2d) leaf N content.

At the reviving stage and jointing stage of winter wheat, the histograms of the color parameters and leaf N 
content and yield were analyzed by univariate linear regression. It can be seen from Fig. 5 that the correlation 
between the color parameter histogram and the leaf N content and yield of the different cultivars was more stable. 
At the reviving stage of winter wheat, NRI of PA8 had a high negative correlation with leaf N content, with a cor-
relation coefficient of -0.844. At the jointing stage, the [(G-R)/(R + B + G)] of PA8 was positively correlated with 
leaf N content, with a correlation coefficient of 0.920. The correlation coefficient between the color parameter 

Table 1.   Leaf N content and yield of wheat in different wheat cultivars. N0, N120, N180, N240, and N360 
represent N application rates of 0, 120, 180, 240, and 360 kg N ha-−1, respectively. CV is the coefficient of 
variation. Different lowercase letters indicate significant differences at the 5% probability level. Different 
lowercase letters indicate statistically significant differences between different treatments at P < 0.05 level.

Cultivar Nitrogen levels

Leaf N content (%)

Yield (kg ha-1)Reviving stage Jointing stage

Huayu 198
(HY198)

N0 3.33c 2.85c 6696b

N120 3.51c 3.66b 7000b

N180 3.82b 4.28a 7374a

N240 3.86b 3.8b 6878b

N360 4.32a 4.3a 6911b

Mean 3.77 3.78 6972

CV 3.07 7.09 2.73

Yumai 49–198
(YM49-198)

N0 3.19b 3.34b 6312b

N120 3.67ab 3.9ab 6926a

N180 3.83a 3.18b 6759a

N240 3.97a 3.8ab 6224b

N360 3.78ab 4.39a 5934b

Mean 3.69 3.72 6431

CV 7.37 8.84 3.21

Zhongmai 1
(ZM1)

N0 3.19b 2.78a 6351c

N120 3.66ab 3.7a 6555bc

N180 3.83ab 3.67a 6878ab

N240 3.42ab 3.04a 7054a

N360 4.00a 3.52a 6827ab

Mean 3.60 3.34 6733

CV 11.80 8.78 3.73

Xinong 979
(XN979)

N0 2.34b 2.89b 3549d

N120 3.97a 3.85a 5657c

N180 3.63ab 4.25a 6862a

N240 3.76ab 4.11a 6167b

N360 4.45a 4.28a 5918bc

Mean 3.63 3.88 5631

CV 17.34 8.65 4.32

Pingan 8
(PA8)

N0 3.2bc 2.67b 6474b

N120 2.84 cd 3.11b 6474b

N180 2.77d 3.00b 6934a

N240 3.69a 3.95a 7004a

N360 3.54ab 3.96a 7013a

Mean 3.21 3.34 6763

CV 7.00 7.55 2.96

Taixue 12
(TX12)

N0 3.36a 3.56abc 5973ab

N120 3.98a 3.65abc 5890b

N180 3.96a 3.83a 6122ab

N240 3.76a 3.83ab 6291a

N360 4.02a 3.52abc 5976ab

Mean 3.81 3.68 6050

CV 11.84 2.76 3.23
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histogram of PA8 and leaf N content was greater than that of the other cultivars, and the absolute value of the 
correlation coefficient with yield was 0.679–0.811.

Comparison of exponential image mean value and exponential image histogram on leaf N 
content and yield expression ability.  The correlation coefficients of IIMV and IIH in leaf N content 
and yield were plotted as scatterplots to compare the expression of IIMV and IIH (Fig. 6). It can be seen from 
Fig. 6a,b that at the reviving stage, the correlation coefficient between IIH and leaf N content and yield was 
mostly higher than that of IIMV. The scatter points in the graph were all concentrated above the 1:1 line at the 
jointing stage (Fig. 6c,d). When the correlation coefficient of IIMV was low, the correlation coefficient between 
IIH and leaf N content and yield was about 0.6. Therefore, IIMV has a better ability to express leaf N content and 

Table 2.   Mean values of the color parameters of canopy images of wheat at the reviving stage. Note: Different 
lowercase letters indicate statistically significant differences between different treatments at P < 0.05 level.

Cultivar Nitrogen levels

Color parameter

G/R G/B NRI NGI NBI G-R/R + G + B

Huayu 198
(HY198)

N0 1.206b 1.128b 0.313a 0.364b 0.324b 0.051b

N120 1.258a 1.132ab 0.304b 0.368a 0.327ab 0.064a

N180 1.267a 1.138ab 0.303b 0.370a 0.327ab 0.067a

N240 1.251a 1.151a 0.309b 0.369a 0.325ab 0.064a

N360 1.265a 1.134ab 0.303b 0.369a 0.328a 0.066a

Mean 1.249 1.136 0.306 0.368 0.326 0.062

CV 1.264 0.914 0.893 0.522 0.608 7.201

Yumai 49-198
(YM49-198)

N0 1.262a 1.134a 0.304a 0.353a 0.327b 0.065b

N120 1.256a 1.125ab 0.304a 0.368a 0.328ab 0.064b

N180 1.261a 1.117b 0.302ab 0.368a 0.330a 0.065ab

N240 1.275a 1.126ab 0.300b 0.370a 0.330a 0.070ab

N360 1.283a 1.130ab 0.301b 0.371a 0.329a 0.071a

Mean 1.267 1.126 0.302 0.366 0.329 0.067

CV 1.215 0.711 0.554 0.315 2.048 4.544

Zhongmai 1
(ZM1)

N0 1.309b 1.162a 0.298a 0.376a 0.326a 0.078b

N120 1.311b 1.153a 0.297a 0.375a 0.327a 0.078b

N180 1.355a 1.168a 0.292b 0.368a 0.328a 0.089a

N240 1.334ab 1.163a 0.294ab 0.378a 0.327a 0.084ab

N360 1.333ab 1.175a 0.300a 0.380a 0.325a 0.084ab

Mean 1.329 1.164 0.296 0.376 0.326 0.083

CV 1.574 1.102 0.871 0.622 1.626 5.030

Xinong 979
(XN979)

N0 1.180b 1.206a 0.323a 0.368b 0.309b 0.045b

N120 1.305a 1.167b 0.301b 0.375a 0.324a 0.074a

N180 1.291a 1.168b 0.303b 0.375a 0.323a 0.072a

N240 1.282a 1.164b 0.303b 0.374a 0.323a 0.070a

N360 1.282a 1.157b 0.304b 0.372a 0.324a 0.069a

Mean 1.268 1.173 0.307 0.373 0.320 0.066

CV 1.354 0.796 0.783 0.394 0.615 6.942

Pingan 8
(PA8)

N0 1.245b 1.177ab 0.311a 0.371ab 0.318bc 0.060c

N120 1.247b 1.205a 0.312a 0.375a 0.314c 0.063bc

N180 1.249b 1.205a 0.312a 0.374ab 0.314c 0.062bc

N240 1.272a 1.137b 0.303b 0.370b 0.327a 0.067ab

N360 1.293a 1.147b 0.302b 0.372ab 0.326ab 0.070a

Mean 1.261 1.174 0.308 0.372 0.320 0.064

CV 0.930 2.121 0.921 1.128 0.634 4.591

Taixue 12
(TX12)

N0 1.235c 1.154a 0.315a 0.369b 0.322a 0.060b

N120 1.290a 1.172a 0.302b 0.375a 0.323a 0.074a

N180 1.276ab 1.170a 0.303b 0.374a 0.323a 0.071a

N240 1.265abc 1.170a 0.305b 0.374a 0.322a 0.070a

N360 1.245bc 1.158a 0.304ab 0.372ab 0.323a 0.068ab

Mean 1.262 1.165 0.306 0.373 0.323 0.068

CV 1.549 0.850 1.540 0.416 0.646 6.513
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yield, indicating that compared with IIMV, the histogram features were more accurate in describing the vegeta-
tion growth conditions.

Application of a neural network model to compare exponential image mean value and expo-
nential image histogram.  The leaf N content and yield of IIMV and IIH were predicted using a multilayer 
perceptron (MLP) neural network model. Comparing the estimated and measured values of IIMV and IIH, it 
can be seen that most of the values were concentrated near the 1:1 line (Figs. 7, 8). After analyzing the error of 
the neural network, it was concluded that the RMSE and MAPE of IIMV were smaller in the training dataset 
during the reviving stage (Table 4). This shows that the IIMV training data had a smaller dispersion during the 
reviving stage of wheat, and the results are thus better. Combining the training dataset and the validation dataset, 
it is evident that the yield estimation results of IIH were better in the reviving stage (Fig. 8d). However, the leaf 

Table 3.   Mean values of the color parameters of canopy images of wheat at the jointing stage. Different 
lowercase letters indicate statistically significant differences between different treatments at P < 0.05 level.

Cultivar Nitrogen levels

Color parameter

G/R G/B NRI NGI NBI G-R/R + G + B

Huayu 198
(HY198)

N0 1.574a 4.579c 2.177a 3.114a 1.181a 0.174a

N120 1.581a 4.855b 2.157ab 3.116a 1.142ab 0.177a

N180 1.578a 4.748bc 2.163a 3.107a 1.159a 0.176a

N240 1.559a 5.171a 2.115b 3.030b 1.068c 0.173a

N360 1.564a 4.953ab 2.159ab 3.096a 1.109bc 0.174a

Mean 1.571 4.861 2.154 3.093 1.132 0.175

CV 0.867 2.625 1.035 1.092 2.066 1.772

Yumai 49–198
(YM49-198)

N0 1.531b 4.565b 2.240a 3.153a 1.143a 0.166ab

N120 1.541b 4.968a 2.237a 3.151a 1.075b 0.169ab

N180 1.550ab 4.648b 2.211a 3.127a 1.116ab 0.170a

N240 1.532b 4.489b 2.218a 3.110a 1.135a 0.165b

N360 1.565a 4.546b 2.205a 3.128a 1.133a 0.169ab

Mean 1.544 4.643 2.222 3.134 1.120 0.168

CV 0.631 2.643 1.099 1.071 2.351 1.247

Zhongmai 1
(ZM1)

N0 1.525a 3.915ab 2.261a 3.158ab 1.245a 0.163a

N120 1.500b 3.958ab 2.253a 3.121ab 1.230a 0.157b

N180 1.511ab 3.728bc 2.216a 3.081b 1.254a 0.158b

N240 1.499b 3.626c 2.291a 3.164ab 1.303a 0.155b

N360 1.523a 4.061a 2.303a 3.214a 1.261a 0.163a

Mean 1.512 3.857 2.265 3.148 1.259 0.159

CV 0.591 3.728 2.344 1.931 3.160 1.267

Xinong 979
(XN979)

N0 1.544a 4.385a 2.230b 3.109b 1.141b 0.167a

N120 1.533a 4.589a 2.236b 3.109b 1.123b 0.166a

N180 1.522a 4.424a 2.265b 3.145b 1.156b 0.163a

N240 1.373b 4.984a 2.867a 3.767a 1.303ab 0.125b

N360 1.339b 4.642a 2.911a 3.760a 1.356a 0.114b

Mean 1.462 4.605 2.502 3.378 1.216 0.147

CV 1.808 6.398 4.413 3.214 6.799 6.011

Pingan 8
(PA8)

N0 1.468b 5.581 a 2.364 a 3.252 a 1.020c 0.152b

N120 1.507ab 4.544bc 2.294ab 3.176ab 1.136ab 0.160ab

N180 1.506ab 4.633b 2.295ab 3.183ab 1.123b 0.160ab

N240 1.533a 4.418bc 2.244b 3.129b 1.146ab 0.165a

N360 1.522a 4.145c 2.263b 3.145b 1.183a 0.161ab

Mean 1.507 4.664 2.292 3.177 1.122 0.159

CV 1.461 4.442 1.758 1.160 2.661 3.243

Taixue 12
(TX12)

N0 1.402b 4.750a 2.508a 3.361a 1.179a 0.133b

N120 1.494a 4.032b 2.227b 3.067b 1.225a 0.155a

N180 1.489a 4.037b 2.214b 3.041b 1.222a 0.154a

N240 1.491a 4.028b 2.237b 3.068b 1.205a 0.155a

N360 1.476a 3.967b 2.280b 3.120b 1.239a 0.151a

Mean 1.471 4.163 2.293 3.131 1.214 0.150

CV 0.750 4.336 1.721 1.381 3.356 2.399
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N content of IIH had a smaller prediction error and dispersion at the jointing stage. The MAPE and RMSE of 
IIH were lower than those of IIMV, and the results showed that IIH had a better application effect for different 
wheat cultivars.

Discussion
Differences in the images of different wheat cultivars.  Differences in the N supply of crops largely 
affect their leaf N content, which, in turn, results in variations in chlorophyll content and thus leaf color and 
ultimately plant growth. In contrast to ground hyperspectral devices, multispectral unmanned aerial vehicle 
sensors, and other high accuracy optical sensors, the diagnosis of N nutrition by a mobile phone camera has 
the advantages of being convenient and low cost, and has thus gradually attracted the attention of scholars both 
locally and globally36–39. However, the mobile phone camera is not designed for scientific research. Its radio-
metric sensitivity, spectral response, and signal-to-noise ratio are insufficient in comparison with the precision 
optical instruments mentioned above. Without the narrow spectral bands and radiometric accuracy, the color 
indexes from a mobile phone camera developed using remote sensing techniques can only reflect the basic RGB 
color characters of the winter wheat canopy. Other factors such as leaf coverage, which is also an important indi-
cator for N nutrition, will be neglected when IIMV is used. Thus, the different plant growth statuses at different 
growth stages will directly affect the performance of IIMV models. If a specific model needs to be built for each 
wheat cultivar, the mobile phone diagnostic method will be difficult to use at a large scale. Previous studies have 
indicated that the correlation between canopy color information and chlorophyll content differs greatly for dif-
ferent wheat cultivars (Aozao 8, Hengguan 35, Xinmai 19, Puzhan 4110, Yumai 49-198, and Zhengmai 366)40. 
It can be seen from the image (Fig. 3) that there are some differences among different cultivars at the same stage 
and under the same treatment. This research supports those results based on comparisons of six wheat cultivars. 
The correlation between the mean value of the image color parameter at the reviving stage and leaf N content and 

Figure 4.   The correlation coefficient between the mean values of the color parameters and leaf N content and 
yield of different wheat cultivars at different growth stages.



10

Vol:.(1234567890)

Scientific Reports |        (2021) 11:13012  | https://doi.org/10.1038/s41598-021-92431-5

www.nature.com/scientificreports/

yield of HY198, XN979, and PA8 was greater than the other cultivars, while at the jointing stage the correlation 
of PA8 was higher than the other cultivars. The differences between different wheat cultivars may result from 
three aspects. First, different wheat cultivars have very different leaf color characteristics, and different cultivars 
may have different canopy structures11. Furthermore, changes in the color of wheat leaves can occur when crops 
suffer from pests and diseases, or when drought occurs. Second, the plant type and height of the different wheat 
cultivars may cause different reflection curves of the canopy spectrum in the visible light region, which is related 
to the acquisition of the color parameters of the canopy images41. In addition, the growth stage of wheat also 
affects its dry mass and nutrient accumulation and phenotypic characteristics, leading to canopy image differ-
ences, thus affecting the stability and accuracy of the model42. For example, in the jointing stage of wheat, wheat 
growth and nutrient transport are more active, and N accumulation in the plant is in flux, which may affect 
the accuracy of leaf N concentration measurements and the stability of the canopy image color parameters. In 
conclusion, the different responses of canopy image color to the wheat cultivars are a disadvantage of the IIMV 
models.

Possibility of applying IIH to different mobile phones.  Different mobile phones vary in spectrum 
reflecting, exposure, color tuning, et al. The robustness of the proposed algorithm over different mobile phones 
is important. In order to verify the application effect of IIH under different mobile phone cameras, we set an 
independent experiment. In one quadrat, winter wheat canopy images were captured by Apple phone and Meizu 
phone, respectively. Different from the experiment described in previous sections, there were totally 4 samples 
collected in this section. The histogram of different mobile phone captured images were calculated and be input 
into the built network. The MAPE and RMSE indexes from Apple phone and Meizu phone were compared in 
Table 5. As can be seen from Table 5, in the prediction results of Leaf N content, both the MAPE and RMSE of 

Figure 5.   Correlation coefficients of the color parameters histogram and leaf N content and yield of different 
wheat cultivars at different growth stages.
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Apple mobile phone are smaller than those of Meizu mobile phone. Their performance difference is not obvi-
ous. An interesting phenomenon is, when estimating yields, Meizu’ result is even slightly better than Apple’s. 
Therefore, from the current experiment, the proposed IIH algorithm has great potential in applying to different 
brands of mobile phones.

In the future, it is still necessary to make a thorough comparison between different mobile phone brands and 
even different brand series of cameras to make this technique available in everyday life.

Advantage of the IIH model.  At present, it is necessary to address the stability of the diagnosis model for 
N nutrition diagnosis using a mobile camera. By taking a canopy image using a mobile phone camera, Xia et al.42 
found that the visible-light atmospheric-impedance vegetation index (VARI) was significantly correlated with 
the traditional diagnostic indicator SPAD value and stem base nitrate at the jointing stage of wheat. However, 
Guo et al.4 found that [G/(R + G + B)] had a strong correlation with the leaf N content of maize, thus establishing 
a maize leaf N detection model. In this study, the results indicated that the single-variable leaf N content and 
yield estimation models based on IIMV were not stable. The possible reason for this instability is that the mean 
value of the image color parameters can only reflect the leaf color differences. The plant growth status, which 
is also an important nutritional status indicator, could not be separated by the single variable. Meanwhile, the 
method based on the IIH could capture both the color information and the leaf coverage status. The correlation 
coefficients between the color parameter histograms, leaf N content, and yield of the various cultivars were rela-
tively stable and were significantly higher than the mean value. With more information, a multi-variable model 
could be built based on the IIH. The experiment results indicated that the IIH multi-variable model could yield 
stable estimation results depending on the strong nonlinear mapping ability of the neural network algorithm.

From the histogram of the canopy image color parameters based on [(G-R)/(R + G + B)], it can be seen that 
the peak b height of the histogram increased with increasing leaf N content at the reviving stage of wheat, and 
the two peaks of the different cultivars had different heights. Based on the correlation between canopy color 
parameter histogram and leaf N content and yield, it is also evident that compared with IIMV, the difference 
between different cultivars is relatively small. The neural network model was used to test the IIMV model and 
the IIH model. The vegetation color information and vegetation growth information contained in the IIH model 
could reduce the differences between the different cultivars. Therefore, in IIH multi-variety N nutrition diagnosis, 

Figure 6.   Comparison of image mean value correlations and histogram correlations.
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it is recommended that the IHV model is selected for canopy color parameter histogram construction. In order 
to carry out nutrition diagnosis more conveniently, it will have a broader prospect to use digital photos for crop 
N nutrition diagnosis. This paper focuses on explaining the advantages of histogram in nutrition diagnosis, but 
there are still many problems to be solved. Different brands of mobile phones have various cameras, and there 
are differences in color temperature, tone and response band of cameras. Therefore, further research is needed to 
explore the stability and robustness of this method applied to different mobile phone brands. In addition, some 
alternative techniques such as deep learning neural networks43 and energy curve image threshold technique44 
also have great prospect in digital image processing. Combined with these techniques, the proposed diagnosis 
structure may be more effective and applicable in the future.

Conclusions
RGB images of the canopies of six wheat cultivars grown at different N supplies were taken with a smartphone 
camera during the reviving stage and the jointing stage. From the obtained results, the following conclusions 
were drawn.

1.	 The histogram of the color parameters of the wheat canopy images contained abundant information on the 
growth status of wheat and sufficiently displayed the overall color information and leaf growth. The IIH 
multi-variable model had a higher correlation with leaf N content and wheat yield than IIMV.

2.	 In the neural network model, the histogram of the color parameters of the canopy image also produced sat-
isfactory results, and the estimation accuracy and error were better than the parameter mean value method.

3.	 The histogram of the color parameters of the canopy image combined with the neural network model has 
strong application potential in the use of mobile phones for the N nutrition diagnosis of wheat.

4.	 Further study the image analysis technology and deep learning neural network technology, and explore the 
effectiveness of image threshold setting technology based on energy curve.

Figure 7.   The relationship between the estimated leaf N content and yield and measured values based on the 
mean value image of wheat.
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Figure 8.   The relationship between the estimated leaf N content and yield and the measured values based on 
the histogram of the wheat canopy image.

Table 4.   Comparison of neural network model errors.

Model Growth stage Indicators

Training data Validation data

MAPE RMSE MAPE RMSE

Canopy color parameter mean value

Reviving stage
Leaf N content 12.57% 0.551 13.69% 0.553

Yield 6.34% 487.808 6.88% 526.051

Jointing stage
Leaf N content 14.04% 0.583 9.91% 0.416

Yield 8.91% 702.486 9.17% 657.724

Canopy color parameter histogram

Reviving stage
Leaf N content 10.74% 0.522 10.97% 0.499

Yield 5.94% 460.539 5.00% 393.611

Jointing stage
Leaf N content 10.60% 0.513 6.27% 0.336

Yield 5.78% 522.695 5.27% 483.630

Table 5.   Error comparison of neural network models of different mobile phone images.

Mobile phone brand Indicators MAPE RMSE

Apple mobile phone
Leaf N content 29.68% 1.264

Yield 7.17% 771.494

Meizu mobile phone
Leaf N content 41.67% 1.68

Yield 6.31% 604.35
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Data availability
The datasets used and analysed during the current study are available from the corresponding author on rea-
sonable request. All data generated or analysed during this study are included in this published article [and its 
supplementary information files]. Source data are provided with this paper.

Received: 12 September 2020; Accepted: 21 May 2021

References
	 1.	 Wang, Y., Wang, D., Shi, P. & Omasa, K. Estimating rice chlorophyll content and leaf nitrogen concentration with a digital still 

color camera under natural light. Plant Methods 10(1), 36 (2014).
	 2.	 Liu, X. et al. Effect of continuous reduction of nitrogen application to a rice-wheat rotation system in the middle-lower Yangtze 

River region (2013–2015). Field Crop Res. 196, 348–356 (2016).
	 3.	 Li, L. et al. Evaluating chlorophyll density in winter oilseed rape (Brassica napus L.) using canopy hyperspectral red-edge param-

eters. Comput. Electron. Agr. 126, 21–31 (2016).
	 4.	 Guo, W., Xue, X., Yang, B., Zhou, C. & Zhu, X. Non-destructive and rapid detection method on n content of maize leaves based 

on android mobile phone. Trans. Chin. Soc. Agric. Mach. 48, 137–142 (2017).
	 5.	 Wang, Y. et al. Qualitative and quantitative diagnosis of N nutrition of tea plants under field condition using hyperspectral imaging 

coupled with chemometrics. J. Sci. Food Agric. 100, 161–167 (2020).
	 6.	 Hu, H. et al. Diagnosis of N nutrition in winter wheat (Triticum aestivum) via SPAD-502 and GreenSeeker. Chin. J. Eco-Agric. 18, 

748–752 (2010).
	 7.	 Li, Y., Chen, D., Walker, C. N. & Angus, J. F. Estimating the N status of crops using a digital camera. Field Crop Res. 118, 221–227 

(2010).
	 8.	 Stroppiana, D., Boschetti, M., Brivio, P. A. & Bocchi, L. S. Plant N concentration in paddy rice from field canopy hyperspectral 

radiometry. Field Crop Res. 111, 119–129 (2008).
	 9.	 Yue, X., Hu, Y., Zhang, H. & Schmidhalter, U. Evaluation of both SPAD reading and SPAD index on estimating the plant N status 

of winter wheat. Int. J. Plant Prod. 14, 67–965 (2019).
	10.	 Liu, K. et al. Evaluation of grain yield based on digital images of rice canopy. Plant Methods 15, 28 (2019).
	11.	 Barbedo, J. G. A. Detection of nutrition deficiencies in plants using proximal images and machine learning: A review. Comput. 

Electron. Agr. 162, 482–492 (2019).
	12.	 Zhang, L. et al. Diagnosis of N nutrient status of corn using digital image processing technique. Chin. J. Eco-Agric. 18, 1340–1344 

(2010).
	13.	 Zhang, Y. Research on Diagnosis of N Status in Maize Based on Leaf Spectral Analysis (Chinese Academy of Agricultural Sciences, 

2019).
	14.	 Burgos-Artizzu, X. P., Ribeiro, A., Tellaeche, A., Pajares, A. & Fernández-Quintanilla, C. Analysis of natural images processing for 

the extraction of agricultural elements. Image Vision Comput. 28, 138–149 (2010).
	15.	 Jia, L., Chen, X., Zhang, F., Buerkert, A. & Römheld, V. Use of digital camera to assess N status of winter wheat in the Northern 

China Plain. J. Plant Nutr. 27, 441–450 (2004).
	16.	 Wang, Y., Wang, D., Zhang, G. & Wang, J. Estimating nitrogen status of rice using the image segmentation of G-R thresholding 

method. Field Crop Res. 149, 33–39 (2013).
	17.	 Zhou, J. Study on Diagnosis Method of Rice N Nutrition Based on Machine Vision and Hyperspectral (Jiangxi Agricultural University, 

2019).
	18.	 Lee, K. J. & Lee, B. W. Estimation of rice growth and N nutrition status using color digital camera image analysis. Eur. J. Agron. 

48, 57–65 (2013).
	19.	 Wei, Q. et al. Standardization of shooting parameters of digital image technique to estimate N concentration of winter rapeseed. 

J. Plant Nutr. Fertil. 22, 1701–1709 (2016).
	20.	 Behrens, T. & Diepenbrock, W. Using digital image analysis to describe canopies of winter oilseed rape (Brassica napus L.) during 

vegetative developmental stages. J. Agron. Crop Sci. 192, 295–302 (2006).
	21.	 Li, L. et al. Methods for estimating leaf N concentration of winter oilseed rape (Brassica napus L.) using in situ leaf spectroscopy. 

Ind. Crop Prod. 91, 194–204 (2016).
	22.	 Zhang, Y., Tian, H., Li, Z., Li, F. & Shi, S. N nutrition monitoring of beet canopy based on digital camera image. Trans. Chin. Soc. 

Agric. Eng. 34, 157–163 (2018).
	23.	 Chen, B. et al. Monitoring chlorophyll and N contents in cotton leaf infected by verticillium wilt with spectra red edge parameters. 

Acta Agron. Sin. 39, 319–329 (2013).
	24.	 Intaravanne, Y. & Sumriddetchkajorn, S. Android-based rice leaf color analyzer for estimating the needed amount of N fertilizer. 

Comput. Electron. Agr. 116, 228–233 (2015).
	25.	 Xiao, Y., Jia, L., Chen, X. & Zhang, F. N status diagnosis of winter wheat by using digital image analysis technology. Chin. Agric. 

Sci. Bull. 08, 448–453 (2008).
	26.	 Yu, Q. Research on N Nutrition Diagnosis of Wheat Using Digital Image Processing Technique (Nanjing Agricultural University, 

2015).
	27.	 Xue, F., Ji, W., De, Z., Yue, H. & Xin, D. Remote sensing image enhancement using regularized-histogram equalization and DCT. 

IEEE Geosci. Remote Sens. Lett. 12(11), 2301–2305 (2015).
	28.	 Ghaffarian, S. & Ghaffarian, S. Automatic histogram-based fuzzy C-means clustering for remote sensing imagery. ISPRS J. Photo-

gramm. Remote. Sens. 97, 46–57 (2014).
	29.	 Lim, S., Isa, N., Ooi, C. & Toh, K. A new histogram equalization method for digital image enhancement and brightness preserva-

tion. SIViP 9(3), 675–689 (2015).
	30.	 Lian, S., Li, C., Wu, Z., Zhang, H. & Mao, X. Progress in development of light conversion a gents and films for agriculture. China 

Plastic. 09, 3–7 (2000).
	31.	 Adamsen, F. J. et al. Measuring wheat senescence with a digital camera. Crop Sci. 39, 719–724 (1999).
	32.	 Li, H. et al. Image analysis method in application of digital image on diagnosing wheat N status. Chin. J. Eco-Agric. 19, 155–159 

(2011).
	33.	 Jia, L. Diagnosis of N Status of Winter Wheat Using Digital image Processing and Soil-Plant Testing Techniques (China Agricultural 

University, 2003).
	34.	 Wei, Q. et al. Diagnosing N nutrition status of winter rapeseed via digital image processing technique. Sci. Agric. Sin. 48, 3877–3886 

(2015).
	35.	 Zhou, J. et al. Feasibility study of BP neural network and probabilistic neural network for N nutrition diagnosis of rice images. J. 

Plant Nutr. Soil Sc. 25, 134–141 (2019).
	36.	 Zhou, C. Study of Detection Method for Maize leaf N Content Based on Android Mobile Phone Platform (Northwest A & F University, 

2014).



15

Vol.:(0123456789)

Scientific Reports |        (2021) 11:13012  | https://doi.org/10.1038/s41598-021-92431-5

www.nature.com/scientificreports/

	37.	 He, Z. Light Response Characteristic and Ear Morphology Monitoring of Drip Irrigation Maize Based on Mobile Phone Photographs 
(Ningxia University, 2019).

	38.	 Confalonieri, R. et al. Improving in vivo plant N content estimates from digital images: Trueness and precision of a new approach 
as compared to other methods and commercial devices. Biosyst. Eng. 135, 21–30 (2015).

	39.	 Xia, S. et al. Diagnosis of N nutrient and recommended fertilization in summer corn using leaf digital images of cellphone camera. 
Chin. J. Eco-Agric. 26, 703–709 (2018).

	40.	 Shi, L., Pang, X., Qian, C., Xi, L. & Ma, X. Research on estimation of wheat population chlorophyll status using image processing 
technology. J. Taiyuan Univ. Technol. 47, 223–232 (2016).

	41.	 Chen, J. Research on Wheat Canopy Image Processing and Image Evaluation Index of N Status (Nanjing Agricultural University, 
2017).

	42.	 Xia, S. et al. Study on N nutrition diagnosis and fertilization recommendation of winter wheat using canopy digital images from 
cellphone camera. Chin. J. Eco-Agric. 26, 538–546 (2018).

	43.	 Zheng, Y., Panicker, G., & Stott, D. E. (2021, April). Predicting vineyard canopy coverage using drone pictures. In Autonomous Air 
and Ground Sensing Systems for Agricultural Optimization and Phenotyping VI (Vol. 11747, p. 1174706). International Society 
for Optics and Photonics.

	44.	 Singla, A. & Patra, S. A context sensitive thresholding technique for automatic image segmentation. In Computational Intelligence 
in Data Mining. Smart Innovation, Systems and Technologies Vol. 32 (eds Jain, L. et al.) (Springer, New Delhi, 2015).

Acknowledgements
This research was supported by the National Key Research and Development Project of China (Grant number 
2017YFD0200100). We thank LetPub (www.​letpub.​com) for its linguistic assistance during the preparation of 
this manuscript.

Author contributions
Y.Y., Y.Z. and Y.W. conceived and designed the experiment; X.Q., Y.H. and W.F. performed the experiments; 
X.Q., Y.G. and Y.Z. analyzed the data and wrote the paper; W.Q. and Y.Y. revised the final draft manuscript. All 
authors have read and agreed to the published version of the manuscript.

Funding
This work was supported by the National Key Research and Development Project of China (Grant number 
2017YFD0200100).

Competing interests 
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to Y.G. or Y.Y.

Reprints and permissions information is available at www.nature.com/reprints.

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

Open Access   This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/.

© The Author(s) 2021

http://www.letpub.com
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	A novel approach for nitrogen diagnosis of wheat canopies digital images by mobile phones based on histogram
	Materials and methods
	Ethics statement. 
	Experimental design. 
	Measurement items and methods. 
	Crop canopy image acquisition method. 
	Crop canopy image processing and color parameter design. 
	Neural network diagnostic model design. 

	Results
	Effects of N fertilizer application on the N nutrition and yield of different wheat cultivars. 
	Mean value of the canopy image color parameters and its relationship with leaf N content and yield. 
	Histogram of canopy image color parameters and its relationship with leaf N content and yield. 
	Comparison of exponential image mean value and exponential image histogram on leaf N content and yield expression ability. 
	Application of a neural network model to compare exponential image mean value and exponential image histogram. 

	Discussion
	Differences in the images of different wheat cultivars. 
	Possibility of applying IIH to different mobile phones. 
	Advantage of the IIH model. 

	Conclusions
	References
	Acknowledgements


