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for estimating LNC with a coefficient of determination (R2) 
of 0.73. Using this model, we evaluated the effects of N and 
P treatments on LNC and found a significant increase with 
N and a decrease with P. Height, diameter at breast height 
(DBH), and crown width of all M. glyptostroboides were 
analyzed by Pearson correlation with the predicted LNC. 
DBH was significantly correlated with LNC under N treat-
ment. Our results highlight the potential of combining UAV 
RGB images with an ML algorithm as an efficient, scalable, 
and cost-effective method for LNC quantification. Future 
research can extend this approach to different tree species 
and different plant traits, paving the way for large-scale, 
time-efficient plant growth monitoring.

Keywords  RGB images · Random forest · LNC · N and P 
addition · Metasequoia

Introduction

Leaves, as the organs of photosynthesis and carbon assimila-
tion, often have priority in nutrient allocation under environ-
mental changes (Urban et al. 2021). Leaf nitrogen concentra-
tion (LNC) directly determines the productivity of plants, 
and is also the result of nutrient content adjustment by plants 
in response to environmental changes (Tang et al. 2018). As 
the most essential nutrient in plants, N is involved in almost 
all physiological processes and plays a very important role 
(Tong et al. 2022). Monitoring N levels can help to under-
stand the metabolic processes and health status of plants at 
an early stage (Wen et al. 2020). In fact, leaf N serves as a 
robust indicator of both plant growth and its N nutritional 
status, profoundly influencing plant development (Xiao et al. 
2022a; Wu et al. 2023).

Abstract  Recent advances in spectral sensing techniques 
and machine learning (ML) methods have enabled the 
estimation of plant physiochemical traits. Nitrogen (N) is 
a primary limiting factor for terrestrial forest growth, but 
traditional methods for N determination are labor-intensive, 
time-consuming, and destructive. In this study, we present a 
rapid, non-destructive method to predict leaf N concentration 
(LNC) in Metasequoia glyptostroboides plantations under N 
and phosphorus (P) fertilization using ML techniques and 
unmanned aerial vehicle (UAV)- based RGB (red, green, 
blue) images. Nine spectral vegetation indices (VIs) were 
extracted from the RGB images. The spectral reflectance 
and VIs were used as input features to construct models 
for estimating LNC based on support vector machine, ran-
dom forest (RF), and multiple linear regression, gradient 
boosting regression and classification and regression trees 
(CART). The results show that RF is the best fitting model 
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Typically, N is determined by the Kjeldahl method, which 
is expensive, complex and time-consuming, and prevents 
comprehensive, large-scale, rapid nutrient diagnosis (Li 
et al. 2022). Therefore, non-destructive techniques can be 
used that are rapid and inexpensive (Banerjee et al. 2020). 
Unmanned aerial vehicle (UAV) monitoring technology 
offers numerous advantages, including flexibility, cost-
effectiveness, and high resolution. As UAV remote sens-
ing technology has evolved in recent years, the collection 
of vegetation spectral information via spectral cameras 
mounted on drone platforms has emerged as a significant 
advancement in the field of precision forestry. This cutting-
edge technology enables the acquisition of vital crop growth 
information through the analysis of vegetation spectral data. 
In particular, it provides rapid, non-invasive and accurate 
results, revolutionizing traditional practices (Ji et al. 2021). 
Therefore, using UAV remote sensing to replace traditional 
collection methods can effectively obtain growth informa-
tion in a timely and effective manner. Over the past decade, 
the number of studies using spectral data to ascertain leaf 
N in agricultural crops has increased. While there has been 
limited research on determining LNC in trees, RGB cam-
eras, which are more cost-effective than hyperspectral and 
multispectral cameras, have gained importance. Vital veg-
etation indices (Vis) derived from RGB images are critical 
for estimating plant growth parameters (Yang et al. 2019). 
In a notable study, Kou et al. (2022) used a UAV digital 
camera to capture RGB images of cotton canopies at 20 m. 
By experimenting with two cotton varieties and six N gra-
dients, they aimed to predict canopy N concentrations. They 
used linear regression, support vector machine, and one-
dimensional convolutional neural network (CNN) regression 
models to accurately predict cotton canopy N levels. Impres-
sively, the model based on the UAV RGB images proved to 
be highly predictive.

Machine learning (ML) models can quickly process, ana-
lyze and model image information through programming and 
automated processing, thereby analyzing a large amount of 
information contained in images (Jordan and Mitchell 2015). 
ML models have been established as effective tools for deal-
ing with the nonlinear relationships between independent 
and dependent variables. They have become increasingly 
popular in research on smart forestry applications, including 
species, structure, and biomass monitoring (Torresan et al. 
2019), foliar pest and disease identification (Zhang et al. 
2018), and forest management (Liu et al. 2018). ML algo-
rithms are increasingly being applied to crop growth moni-
toring and nutrient diagnosis (Ghosal et al. 2018; Zhang 
et al. 2016). The combination of UAV-acquired spectral 
images with ML models to predict LNC has been validated 
as feasible (Liu et al. 2016; Yamashita et al. 2020; Noguera 
et al. 2021). Several studies have combined spectral metrics 
with a variety of machine learning algorithms, such as SVM, 

RF, MLR, partial least squares regression (PLSR), GBR, 
and CART, to predict LNC in maize, citrus, and grapes, 
and compared the performance of several machine learning 
algorithms, finding that the random forest algorithm was 
more accurate than the other algorithms (Prado Osco et al. 
2019; Barzin et al. 2021; Tang et al. 2022).

Nitrogen deposition has long been of interest as an impor-
tant component in the N cycle of ecosystems. Due to global 
climate change and human activities, atmospheric N depo-
sition has been increasing, and eastern China is one of the 
regions with high N deposition. In the eastern coastal region, 
high N deposition and high P leaching are important factors 
that alter soil nutrients and plant growth (Li et al. 2019). 
Metasequoia glyptostroboides Hu & Cheng, the dawn red-
wood, has become one of the pioneer afforestation species 
in the Eastern Coastal Protection Forest due to its excellent 
ability to prevent wind erosion, stabilize sand, thrive in bar-
ren soils, and resist waterlogging.

For M. glyptostroboides, few studies have evaluated LNC 
with remote sensing data, and no study has been found using 
spectral indices with ML models (Lin et al. 2014; Shen et al. 
2020; Onishi and Ise 2021). The objectives of this study 
were to develop and compare different ML-based models 
to estimate the LNC of M. glyptostroboides using VIs and 
spectral bands acquired from a visible-light camera mounted 
on a UAV. Using the optimal model, the LNC was estimated 
across the experimental site. This approach allowed us to 
investigate the effect of N and P fertilization on the LNC and 
the correlation of height, DBH and crown width with LNC 
for each tree in the sample plot. This will provide theoretical 
support for non-destructive and rapid bulk estimation of M. 
glyptostroboides leaf stoichiometry and will contribute to the 
enhancement of the value of M. glyptostroboides plantations 
and the efficient exploitation of their potential.

Materials and methods

Experimental design

The experiment was carried out at the end of June and 
November 2022 at the Dongtai Forest Farm (121° 450 E, 
33° 420 N) on the coast in the central part of Jiangsu Prov-
ince. The forest farm is in the northern subtropical zone with 
an annual average temperature of 14.6 °C. The soil texture 
is sandy loam and the surface soil is alkaline. This research 
site is a pioneering area for M. glyptostroboides plantations 
along the coast of China. In 2014, N and P experiments were 
initiated in a 6-year 300 m × 100 m M. glyptostroboides plan-
tation. Ten 20 m × 30 m subplots were randomly selected in 
each block for N and P fertilization, with five subplots for 
the N treatment, and five for the P treatment. Each plot was 
separated by a buffer zone.
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N treatments were zero (N0), 0.8 (N0.8), 2.4 (N2.4), 
4 (N4) and 4.8 (N4.8) mol  m−2 in the form of urea 
[CO(NH2)2]; P treatments were zero (P0), 0.05 (P0.05), 0.2 
(P0.2), 0.6 (P0.6) and 1.0 (P1) mol m−2 in the form of mono-
calcium phosphate [Ca(H2PO4)2]. The fertilization gradient 
was based on a pretest and previous seedling pot studies 
(Wang et al. 2018). The fertilization applications were: the 
first between late March and early April, accounting for 60% 
of the total; the second was in mid-June, accounting for 40% 
of the total. The experimental design is shown in Fig. 1.

Sampling and data collection

To avoid errors in remote sensing data collection due to 
rainy or cloudy weather, data collection was carried out on 
clear days with less than 20% cloud cover. A Phantom 4 
PRO quadcopter drone manufactured by DJI Innovations 
in Shenzhen, China and equipped with a visible light RGB 
camera was used to acquire RGB image data. Agisoft Pho-
toscan Professional software was employed for image stitch-
ing and 3D reconstruction. The images were then imported 
into ENVI 5.3 (Exelis Visual Information Solutions, Inc., 
USA) for data extraction and analysis. ENVI 5.3 software 
segmented the image data collected at each sampling. The 
region of interest (ROI) of the target image was manually 

marked and a mask was applied to output the image data of 
the target image. Due to slight errors in the selection of the 
ROI, soil pixels between rows were marked as plant areas, 
which would affect the detection accuracy of the model. 
Therefore, this study used a threshold segmentation method 
to remove soil and other noise from the target area (Wang 
et al. 2013), leaving only the M. glyptostroboide canopy 
pixels.

At the same time as the UAV collection, an average of 
three trees in each plot were selected for leaf collection, sam-
pling the upper and outer fully expanded leaves of the can-
opy. After drying at 75 °C for 72 h, the leaves were ground 
using a mechanical grinder. The N concentration was deter-
mined using the Kjeldahl method (Wen et al. 2021).

DBH was measured for all trees in each plot. The height 
of a single tree was extracted using point cloud data gener-
ated by unmanned aerial surveys, and the crown width of 
single trees was extracted from orthophotos acquired by the 
UAV.

Data analysis

Reflectance data from three visible light spectral bands 
obtained by the UAV were used to calculate nine VIs 
(Table 1). Subsequently, models were created using the 

Fig. 1   Experimental flowchart
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original reflectance data of the three bands and the VIs. 
The data obtained in June and in November 2022 were 
pooled and divided into training (80%) and test (20%) 
datasets based on different N and P fertilization gradients. 
In total, 180 data points were obtained. All graphs were 
generated using Graphpad Prism 9.3.0 (Swift 1997) and 
R Studio (Racine 2012).

Machine learning methods

Five ML methods were used to find an estimation algo-
rithm to explain the relationship between the dependent 
variable (LNC) and the 12 independent variables (12 VIs) 
to estimate LNC. The ML methods included RF (Breiman 
2001), GBR (Friedman 2002), SVM (Smola and Scholkopf 
2004), CART (Bertsimas and Dunn 2017) and multiple 
linear regression (MLR) (McCann et al. 2010). All ML 
models were performed using R Studio (Racine 2012) and 
the “randomforest” package (Genuer and Poggi 2020), 
the “gbm” package (Ridgeway and Ridgeway 2004), the 
“e1071” package (Dimitriadou et al. 2009), the “rpart” 
package (Therneau et al. 2015), and the “lm” function 
(Elzhov et al. 2016) in R Studio.

In the GBR model, the “n.trees” parameter was set to 
100, the “interaction.depth” parameter to 3, and the rest 
of the parameters were library defaults. In the random 
forest model, n.tree represents the number of decision 
trees, m.try the number of nodes in the decision tree. The 
choice of values for n.tree and m.try directly affects the 
final accuracy of the model. This study conducted several 
experiments and determined that the setting values for 
ntree and mtry should be 500 and 4, respectively. Kernel 
in the SVM model was set to “radial” and the rest of the 
parameters were library defaults. The library default val-
ues were adopted for the number and depth of trees, nodes, 
and leaves in CART models.

To evaluate the performance of each model as well as 
the relationship between the predicted and observed vari-
ables, R2 and the root mean square error (RMSE) metrics 
were used.

These parameters were calculated as follows:

where Xi and Yi are the predicted and measured N concentra-
tion, respectively, and X and Y their means, respectively. n is 
the number of samples.

Results

Model performances for LNC

We executed each of the five machine learning (ML) models 
50 times, assessing their performance via both R2 and RMSE 
metrics on the training and test datasets (Table 2). The RF 
model demonstrated superior performance, achieving an 
average R2 of 0.51 and an RMSE of 2.03 on the test dataset. 
Consequently, we selected the RF model for subsequent pre-
diction of leaf nitrogen content.

N estimation model and predict LNC

The R2 of the RF model on the training data set ranged from 
0.90 to 0.93, indicating a good fit. The RMSE ranged from 
0.80 to 1.00, further demonstrating the excellent predictive 
ability of the model on the training data. However, when 
applied to the test dataset, the performance of the RF model 
was slightly lower, with R2 ranging from 0.23 to 0.73 and 
RMSE from 1.46 to 2.83 (Fig. 2). Of all the iterations, the 
one that produced the highest R2 on the test dataset was 
selected as the optimal model. This model achieved an R2 
of 0.73 and an RMSE of 1.66 on the test data set (Fig. 3b). 
The corresponding values for the training data set were an R2 
of 0.90 and an RMSE of 0.96 (Fig. 3a). The larger value of 
residual prediction deviation (RPD) indicates that the model 
is able to reliably predict its chemical composition (Wager 
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Table 1   Visible-band vegetation indexes

Vegetation index Variable Vegetation index Variable

R, G, B V1, V2, V3 G/(R + B) V8
R/(R + G + B) V4 B/(R + G) V9
G/(R + G + B) V5 (G-R)/(G + R) V10
B/(R + G + B) V6 GMR = G-R V11
R/(G + B) V7 GDR = G/R V12

Table 2   The average of R2 and RMSE for five machine learning 
models

ML algorithm R2 train RMSE train R2 test RMSE test

SVM 0.61 1.77 0.48 2.11
CART​ 0.67 1.62 0.47 2.16
GBR 0.81 1.26 0.46 2.13
RF 0.91 0.91 0.51 2.03
MLR 0.58 1.85 0.45 2.32
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et al. 2014). The RPD of the model is 2.4 and 1.28 for the 
test and training data sets, respectively. The residual and 
quantile–quantile plots for the training and test data sets of 
the model are shown in Figs. 4 and 5. In the optimal model, 
the significance of each vegetation index variable is depicted 
in Fig. 6a. The results show that the vegetation indices V8, 
V10, and V11 contribute significantly to the construction of 
a random forest model for predicting leaf nitrogen content, 
with replacement accuracy correlation errors (IncMSE) of 
12.2%, 11.6%, and 11.2%. Thus, these indices emerged as 

key predictors within our model. Conversely, the V1, V3, 
and V7 indices had the lowest IncMSE values of all indices 
examined, 2.6%, 5.6%, and 5.9%, respectively, highlighting 
their limited contribution. Figure 7 shows the correlation 
between all vegetation indices and LNC, revealing a lack of 
correlation between V1 and V4, V6, V11, further empha-
sizing the minimal role of V1 in predicting LNC. In addi-
tion, LNC showed significant negative correlations with all 
vegetation indices, especially with V8 and V10. To improve 
the predictive ability of the model, we excluded V1, V3, and 

Fig. 2   R2 and RMSE values 
derived from 50 runs of the 
random forest model for the 
estimation of LNC in the train-
ing and test datasets

Fig. 3   The relationship between measured and predicted values obtained from the optimal random forest model. a N concentration in the train-
ing data set; b N concentration in the test data set
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V7 due to their minimal IncMSE values, and after rebuild-
ing and rerunning the Random Forest model (50 iterations), 
we observed an improved maximum R2 of 0.76 (previously 
0.73) and a reduced RMSE of 1.58 (previously 1.66). This 

refinement underscores the improved predictive performance 
of our model. Among the best performing models, V8 and 
V10 maintained their prominence with IncMSE values of 
12.7% and 13.2%, respectively, as shown in Fig. 6b. We used 
the optimal model to predict the LNC of the remaining M. 
glyptostroboides (870 in total) in the sample area.

Effects of N and P fertilization on LNC of M. 
glyptostroboides plantations

Under N treatment, LNC at the N4.8 level was significantly 
higher than for the N2.4, N0.8 and N0 levels. Leaf nitrogen 
content at the N4 and N2.4 levels was significantly higher 
than for the N0 and N0.8 levels (Fig. 8a). With P fertili-
zation, the LNC at the P0 level (control) was significantly 
higher than for the P0.2, P0.6 and P1 levels (Fig. 8b).

Pearson correlation analysis was carried out between 
the LNC, model-predicted, and the height, DBH and crown 
width for each tree. Under N treatment, the LNC was not 
significantly correlated with other indicators (Fig. 9a). With 
P fertilization, LNC was not significantly correlated with 
other indicators (Fig. 9b).

Discussion

Machine learning models for estimating LNC

Spectral remote sensing technology has become an effec-
tive research tool for quantitative estimation of vegeta-
tion parameters and monitoring growth and other related 
fields. Our study has demonstrated that the combination of 

Fig. 4   Residual and quantile–quantile plots for the optimal model for 
the training data set

Fig. 5   Residual and quantile–quantile plots for the optimal model for 
the test data set

Fig. 6   Variable importance in predicting LNC of M. glyptostroboides using the optimal RF model



Deciphering nitrogen concentrations in Metasequoia glyptostroboides: a novel approach… Page 7 of 11  116

visible light spectral VIs and the ML algorithm is a pow-
erful tool for estimating LNC in M. glyptostroboides. By 
comparing the performance of the five machine learning 
models, the random forest model performed the best. This 
is consistent with the results of other studies using RGB 

imagery in combination with ML models to estimate rice 
N concentration that found that the random forest algo-
rithm performed the best and had the highest accuracy (Shi 
et al. 2021; Qiu et al. 2021).

Fig. 7   Correlations between the 
various vegetation indices and 
the LNC

Fig. 8   Effect of N and P addition on the LNC of M. glyptostroboides 
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We also attempted to estimate leaf P and carbon concen-
trations in M. glyptostroboides using visible light vegetation 
indices combined with the ML model, but the results were 
unsatisfactory, with an R2 only around 0.2. This could be 
related to the selection of visible light VIs and the presence 
of certain interfering factors in the acquired UAV imagery, 
such as incomplete soil darkening. The neglect of this influ-
ence during color information extraction may result in less 
precise models (Liang et al. 2020). Therefore, for different 
output variables, it is necessary to use appropriate spectral 
VIs as input variables. At the beginning of the experiment, 
a well-designed remote sensing image acquisition method 
should be established to improve the accuracy of spectral 
information. At the same time, the image processing system 
should be further improved, and more pre-processing such 
as noise reduction and land darkening should be carried out 
in the image processing stage, so as to minimize the influ-
ence of the extra factors on the color information as much 
as possible (Li et al. 2007).

However, in recent studies, a BP neural network (BPNN) 
model constructed using canopy hyperspectral data to invert 
leaf carbon concentration (LCC) (Nie 2023) and VIs from 
multispectral images used as input variables in a random 
forest model to predict leaf phosphorus concentration (LPC) 
(Peng et al. 2022), both achieved an R2 of about 0.7. Mul-
tispectral and hyperspectral cameras typically include mul-
tiple red-edge, near-infrared, and infrared bands that are 
very sensitive to leaf pigments, leaf structure, and canopy 
structure. RGB cameras, on the other hand, lack these bands. 
This may be the reason why chlorophyll indices calculated 
from multispectral and hyperspectral cameras have higher 
estimation accuracy compared to those from RGB cameras.

It has been shown that combining visible spectral data 
with weather and geographic data or with plant height and 
canopy cover can improve the accuracy of LNC estimation 

(Lu et al. 2021; Roth et al. 2023). Therefore, in future, spec-
tral indices can be combined with plant structure parameters 
and weather and geographic data to improve the utility of 
visible UAV in forestry (Xiao et al. 2022b; Tang et al. 2022; 
Zhang et al. 2022).

Significant correlations were found between leaf nitrogen 
content and the twelve vegetation indices, indicating a link 
between nitrogen assimilation in plants and their spectral 
characteristics. In particular, V8 and V10 showed highly sig-
nificant negative correlations with LNC, highlighting their 
substantial contributions to the predictive model.

Studies by Zheng et al. (2018) and Yang et al. (2020) con-
firmed that the V8 and V10 indices serve as comparatively 
better predictors of LNC. A low LNC indicates reduced 
chlorophyll in leaves, resulting in reduced light absorption 
and increased reflectance, thereby increasing visible light 
reflectance. Chlorophyll exhibits different absorption char-
acteristics in the green and red spectral bands, with stronger 
absorption in the green band and weaker absorption in the 
red band. Since V1 and V3 represent values within the red 
and blue bands, respectively, their limited association with 
chlorophyll content may explain their low IncMSE values. 
Future research should focus on examining additional veg-
etation indices or their combinations to further refine the 
accuracy and robustness of LNC prediction models.

Effects of N and P fertilization on LNC in M. 
glyptostroboides

Leaves are the most sensitive organs of the plant in respond-
ing to changes in external conditions, and external nutri-
ent supplies can reorder the allocation of plant nutrients 
by promoting plant growth and other internal homeostatic 
abilities (Tian et al. 2018; You et al. 2018). In this study, 
both N and P treatments significantly affected the LNC of 

Fig. 9   Correlation analysis among indicators of M. glyptostroboides under N and P addition
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M. glyptostroboides predicted using the optimal model. 
Nitrogen increased the LNC, which is consistent with other 
research conducted on species such as Quercus, Alnus, Larix 
(Wang et al. 2022; Deng et al. 2015; Bai et al. 2015). The 
addition of nitrogen directly enhances the supply of N in the 
soil and promotes its absorption and utilization by M. glyp-
tostroboides. Consequently, the LNC of M. glyptostroboides 
increased.

Our data showed that the addition of phosphorous sig-
nificantly reduced LNC, which is different from the results 
of other studies. A meta-analysis found that P fertilization 
had either a positive effect or no significant effect on LNC 
(Yuan and Chen 2015; Sun et al. 2022). The results may 
be attributed to previous research findings from the sample 
site indicating that M. glyptostroboides on the coast had a 
leaf N/P ratio < 14, indicating N limitation. Previous studies 
have shown that P fertilization increases the N limitation in 
plants (Xu et al. 2021), and plants may decrease leaf nitro-
gen levels to adjust the balance between N and P; N and P 
are competitive for uptake and transport processes in plants 
(Tognetti et al. 2021). When the supply of P increases, plants 
may adjust the absorption and transport mechanisms in their 
roots, leading to LNC decreases.

Conclusion

This study utilized RGB spectral images acquired from 
an unmanned aerial vehicle to establish machine learning 
models relating leaf nitrogen content in coastal M. glypto-
stroboides plantations under N and P treatments to visible 
spectral vegetation indices. The performance of five machine 
learning models was compared, and it was concluded that 
the combination of visible spectral VIs and the random 
forest model can effectively predict LNC in M. glyptos-
troboides. Leaf nitrogen levels changed with the addition of 
N and P. This study validates the feasibility of using visible 
light spectral indices in conjunction with the random for-
est algorithm to establish prediction models for LNC in M. 
glyptostroboides, providing support for the non-destructive 
real-time monitoring of vegetation stoichiometry.
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