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Abstract: In the context of smart agriculture, accurately estimating plant leaf chemical parameters is crucial

for optimizing crop management and improving agricultural yield. Hyperspectral imaging, with its ability

to capture detailed spectral information across various wavelengths, has emerged as a powerful tool in this

regard. However, the complex and high-dimensional nature of hyperspectral data poses significant challenges in

extracting meaningful features for precise estimation. To address this challenge, this study proposes an end-to-end

estimation network for multiple chemical parameters of Astragalus leaves based on attention mechanism (AM)

and multivariate hyperspectral features (AM-MHENet). We leveraging HybridSN and multilayer perception

(MLP) to extract prominent features from the hyperspectral data of Astragalus membranaceus var. mongholicus

(AMM) leaves and stems, as well as the surface and deep soil surrounding AMM roots. This methodology allows

us to capture the most significant characteristics present in these hyperspectral data with high precision. The AM

is subsequently used to assign weights and integrate the hyperspectral features extracted from different parts

of the AMM. The MLP is then employed to simultaneously estimate the chlorophyll content (CC) and nitrogen

content (NC) of AMM leaves. Compared with estimation networks that utilize only hyperspectral data from

AMM leaves as input, our proposed end-to-end AM-MHENet demonstrates superior estimation performance.

Specifically, AM-MHENet achieves an R2 of 0.983 with an RMSE of 0.73 for the estimation of CC in AMM leaves.

For NC estimation, AM-MHENet achieves an R2 value of 0.977 with an RMSE of 0.27. These results underscore

AM-MHENet’s effectiveness in significantly enhancing the accuracy of both CC and NC estimation in AMM

leaves. Moreover, these findings indirectly suggest a strong correlation between the development of AMM leaves

and stems, as well as the surface and deep soil surrounding the roots of AMM, and directly highlight the ability of

AM to effectively focus on the relevant spectral features within the hyperspectral data. This findings from this

study could offer valuable insights into the simultaneous estimation of multiple chemical parameters in plants,

thereby making a contribution to the existing body of research in this field.

Keywords: Astragalus membranaceus var. mongholicus; chemical parameters; hyperspectral estimation; attention

mechanism; deep network

1. Introduction

Astragalus membranaceus var. mongholicus (AMM) is a traditional bulk medicinal herb in China
[1], that is cultivated predominantly in regions such as Gansu, Shanxi, and Inner Mongolia [2]. It is a
perennial herb species of the Astragalus genus within the legume family, renowned for its antitumor
and blood sugar-lowering properties, and has significant economic and medicinal value [3,4]. In recent
years, with increasing attention to health, the demand for Chinese (Mongolian) medicinal herbs has
increased, leading to an expansion in the cultivation area of AMM [5,6]. However, the growth of AMM
is influenced by factors such as fertilizers, pesticides, and pests. Failure to identify and address these
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issues promptly can adversely affect the yield and quality of AMM [7,8]. Moreover, there is currently
limited research on the rapid monitoring of AMM growth. Therefore, it is crucial to establish a rapid
monitoring model for the growth conditions of AMM.

Plant leaves are the primary site of photosynthesis [9]. Chlorophyll, as a photosynthetic pigment
in higher plants [10], may directly reflect the strength of photosynthesis and health of the plant [11–14].
It is an important physiological indicator for evaluating plant growth and is closely related to crop
yield and quality [15–17]. Nitrogen is an essential element for plant growth and quality [18]. It
provides important support for plant photosynthesis, protein synthesis, carbohydrate synthesis, and
carbon-nitrogen metabolism, greatly affecting plant growth, yield, and quality [19–21]. The timely
determination of plant chlorophyll content (CC) and nitrogen content (NC), followed by the application
of an appropriate amount of nitrogen fertilizer at the right time, is extremely important for achieving
high yields with less nitrogen fertilizer [22]. Therefore, the rapid and precise monitoring of CC and
NC in plant leaves is key to accurately assessing crop growth and health status.

Traditional methods for estimating leaf CC and NC are typically destructive, and involve laborious,
slow, and narrowly scoped detection processes, which present challenges for large-scale monitoring [23–
25]. Additionally, these methods generate toxic chemicals that can negatively impact the environment
[26]. Hyperspectral imaging technology, an effective integration of spectral analysis and image
processing techniques, facilitates precise, rapid, and nondestructive identification of both the internal
and external characteristics of the subject under study [27]. This technology has found extensive
applications in agricultural monitoring [28,29]. Eshkabilov et al. developed five classification and
regression models using hyperspectral technology to model lettuce growth. The results demonstrated
that the hyperspectral-based models achieved high accuracy in classifying lettuce and estimating
nutrient concentrations [30]. Yuan et al. first applied the Savitzky-Golay algorithm to smooth the
raw spectra, followed by several preprocessing algorithms. Various feature selection methods were
then employed to identify characteristic spectral bands, and multiple regression models were used to
estimate the SPAD values of cotton leaves. The results showed that spectral preprocessing improved
the correlation between the selected bands and SPAD values. The model based on CARS-selected bands
demonstrated higher estimation accuracy, and the multifactor model outperformed the single-factor
model in terms of estimation accuracy [31].

However, current studies lack a large-scale end-to-end hyperspectral inversion model that si-
multaneously uses leaf, stem, and soil data as inputs to estimate multiple chemical parameters of
plant leaves. To address this gap, this study employs hyperspectral imaging technology to collect
hyperspectral data of AMM leaves, stems, the surface and deep soil surrounding AMM roots. The
processes of hyperspectral feature extraction and leaf chemical parameter estimation are integrated
into a end-to-end deep learning network.

Considering the distinct hyperspectral characteristics of leaves, stems, and soil, a multi-branch
feature extraction network module was designed, incorporating enhancements from the spatial atten-
tion mechanism (SAM) and channel attention mechanism (CAM) [32] to improve feature extraction.
Additionally, a feature fusion network module improved by an attention mechanism (AM) [33] was
developed to integrate these extracted hyperspectral features, which were then used to estimate the
CC and NC of AMM leaves simultaneously. The proposed end-to-end estimation network, based on
the AM and multivariate hyperspectral features (AM-MHENet), fully leverages the hyperspectral data
of AMM leaves, stems, and the soil surrounding AMM roots.
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2. Materials and Methods

2.1. Data Collection

2.1.1. Sample Collection

The AMM samples for this study were collected in mid-October 2023 from the Guyang AMM
research demonstration base (41◦16′55.17′′N,109◦58′46.56′′E), a dry herb planting region in China. Fig-
ure 1 shows the geographical location of the AMM harvesting area. The AMM research demonstration
base is located in Guyang County, in the western section of Daqing Mountain on the Inner Mongo-
lia Plateau. This region features a typical ’plateau basin’ terrain with excellent heat accumulation,
providing highly favorable conditions for the growth of AMM.

Figure 1. Geographical location of the AMM research demonstration base.

To assess the spatial variability of soil properties and the growth performance of AMM under
different soil and environmental conditions, we employed a grid distribution method to collect
AMM plant samples and soil surrounding AMM roots. Figure 2 shows a diagram of the samples.
The collected plants and soil samples were sealed, labeled, and the geographical coordinates of the
collection sites were recorded before transportation to the laboratory.
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Figure 2. Diagram of AMM samples and soil samples surrounding AMM roots.
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2.1.2. Hyperspectral Data Acquisition

The hyperspectral data of AMM leaves, stems, and the surface and deep layers surrounding
AMM roots were captured via a new handheld Specim IQ hyperspectral camera. Detailed parameters
and settings of the hyperspectral camera are provided in Appendix A.1.

To mitigate the influence of outdoor sunlight angles and obstructions from objects such as
clouds on illumination intensity, shooting was conducted in a dark room to minimize external light
interference. Two halogen lamps provided focused lighting. Once the angle of the halogen lamps
was set, it remained fixed throughout the data collection to minimize errors due to lighting variations.
Figure 3 shows the scene of hyperspectral data acquisition.

Camera

Lamp

Lamp

Sample position

Figure 3. Scene map of hyperspectral data capture.

During the imaging process, a standard whiteboard was initially photographed, and subsequently,
the whiteboard correction function integrated into the hyperspectral camera was employed to mitigate
the effects of uneven light intensity. Figure 4 shows the false color data of the hyperspectral data of the
harvested AMM leaves, stems, and surface and deep soil surrounding AMM roots.

Leaf Stem Surface Soil Deep SoilLeaf Stem Surface Soil Deep Soil

Figure 4. False color data of hyperspectral data of leaves, stems, surface and deep soil surrounding the
roots of AMM.

2.1.3. Preprocessing of Hyperspectral Data

Hyperspectral data contain both valuable information about the detected samples and irrelevant
information such as the background. Therefore, extracting the region of interest from these data is
essential. In this study, regions of interest were delineated via ’LabelMe’, followed by multiplication of
the obtained masks with hyperspectral data to extract hyperspectral data within the regions of interest.
Figure 5 shows a diagram of the region of interest. By extracting the region of interest, the scope of
attention can be narrowed, which reduces the computational load of the data feature extraction and
estimation processes, thereby increasing the estimation efficiency.

Leaf Stem Surface Soil Deep SoilLeaf Stem Surface Soil Deep Soil

 
Insterest rigion of leaf

Insterest rigion of stem

Insterest rigion of surface soil
Insterest rigion of deep soil

 

Figure 5. Diagram of the region of interest.
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Figure 6 shows the spectral curves corresponding to the regions of interest extracted from the
hyperspectral data of AMM leaves, stems, and the surface and deep soil surrounding AMM roots.
This shows that the overall trends of the spectral curves of the AMM leaves, stems, and soil sur-
rounding AMM roots are different, with significant differences in reflected light intensity at different
wavelengths.

- -- -

- -- -

Figure 6. Spectral curves of the regions of interest.

To expedite the model training process, prevent issues such as gradient explosion or vanishing,
and improve the model’s generalization ability and numerical stability, normalizing hyperspectral data
is essential. In this study, we employ the z-score standardization method for normalization purposes.
The formula of the z-score is shown in Equation (1):

x̃ =
x − x̄

σ
, (1)

where x represents the spectral value, x̄ is the spectral mean, σ is the spectral variance, and x̃ is the
normalized spectral value.

2.1.4. CC, NC Measurement

The CC and NC of AMM leaves were measured via a handheld plant parameter detector. Besides,
during the process of capturing measurement errors, six measurements were taken separately on each
leaf, and the average value was calculated and used as the parameter indicator. The average value was
used as the parameter indicator. Moreover, during the process of capturing the hyperspectral data of
the leaves, measurements of the CC and NC of AMM leaves were conducted. A total of 1431 datasets
were collected in this study. Figure 7 shows the histograms of the CC and NC distributions of the leaf
samples.
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Figure 7. Histograms of the CC and NC distributions of the leaf samples. (a) Histogram of the CC
distribution of the leaf samples. (b) Histogram of the NC distribution of the leaf samples.
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2.1.5. Data Augmentation and Dataset Segmentation

To solve the problem of insufficient data for training via deep learning, the number of datasets
needs to be expanded via data augmentation methods. Since the original hyperspectral data contain
spatial information, we employed traditional image dataset augmentation techniques, such as rotation
and mirroring, to expand the dataset. The size of the dataset after data augmentation is 11,448.

Eight percent of the 11448 AMM leaf samples along with their corresponding stem, surface, and
deep soil samples, totaling 9152 samples, were allocated to the training set. Ten percent of the samples,
amounting to 1144 samples, were assigned to the validation set, and the remaining 10%, totaling 1152
samples, were designated the test set.

2.2. Overall Structure of AM-MHENet

Figure 8 shows the diagram of AM-MHENet. The model inputs consisted of hyperspectral data
from AMM leaves, stems, and the surface and deep soil surrounding AMM roots. The model outputs
are the CC and NC in the leaves of the AMM. After features from hyperspectral data of AMM leaves,
stems, and the surface and deep soil surrounding AMM roots are extracted via a HybridSN [34]
feature extraction network module enhanced by the SAM and CAM, as well as MLP feature extraction
network modules [35] improved by the SAM, the separately extracted features are integrated via an
AM. Finally, an MLP simultaneous estimation network module is employed to achieve simultaneous
estimation results of CC and NC in AMM leaves.
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Figure 8. Diagram of AM-MHENet.

2.3. AM-Improved Feature Extraction Network Module

2.3.1. HybridSN-Based Leaf Feature Extraction Network Module

This study uses an improved HybridSN network module to extract features from leaf hyperspec-
tral data. Given that the primary objective of this study is to estimate the CC and NC of AMM leaves,
the classification module of HybridSN has been omitted. Instead, enhancements have focused on
refining the feature extraction module of HybridSN to extract the characteristics of AMM leaves.

Given the significant redundancy in hyperspectral data, our approach employs SAM to enhance
spatial information sensitive to CC and NC, aiming to extract more discerning spatial features. The
hyperspectral data features enhanced by the SAM are subsequently refined via CAM to amplify
spectral information that is particularly sensitive to CC and NC. Finally, the hyperspectral features
processed by the CAM are input into the HybridSN feature extraction module for further feature
extraction, resulting in an improved HybridSN feature extraction module. Figure 9 illustrates the
structure of the improved HybridSN feature extraction module.
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Figure 9. Diagram of the improved HybridSN feature extraction module.

Compared with the original HybridSN feature extraction module, the improved version incor-
porates the SAM and CAM to improve the extraction of spatial and spectral information from AMM
leaves. Initially, the SAM processes the input features to amplify spatial characteristics crucial for the
estimation results. The CAM subsequently enhances spectral bands that are particularly relevant to es-
timation outcomes Finally, the HybridSN feature extraction module further refines spatial-spectral joint
features and spatial characteristics. The network structure and specific parameters of the improved
HybridSN feature extraction module are provided in Appendix B.1.

2.3.2. MLP-Based Stem and Soil Feature Extraction Network Module

In this study, improved MLP network module are employed to extract features from the hyper-
spectral data of stems and soil. Traditional MLP networks result in a loss of spatial information from
the hyperspectral data of AMM stems and the surface and deep soil surrounding AMM roots, retaining
only spectral information. To fully leverage the spatial information in hyperspectral data without
increasing model complexity, the hyperspectral data of stems and soil are initially processed via SAM
to emphasize spatial features. The hyperspectral data enhanced by the SAM are then input into the
MLP network module for further feature extraction, which improves the performance of the network
module. Figure 10 shows the structural diagram of the improved MLP network module.

3D Input

Multiply
SAM

Weight of SAM
AvgPool: Average Pooling

Figure 10. Diagram of the improved MLP.

Compared with the original MLP network, the enhanced version incorporates SAM, enhancing
the ability to extract spatial information from the hyperspectral data of AMM stems and surface and
deep soil surrounding AMM roots. The hyperspectral data features of the AMM stems and surface
and deep soil surrounding AMM roots are initially processed through SAM, emphasizing spatial
characteristics crucial for estimation results. These features subsequently undergo further extraction
by the MLP network module. The network structure and specific parameters of the improved MLP
feature extraction module are provided in Appendix B.2.

2.4. Estimation Algorithm for CC and NC in AMM Based on Multivariate Hyperspectral Feature Fusion

Integrating feature information from hyperspectral data of AMM leaves, stems, and surface and
deep soil surrounding AMM roots can increase the accuracy and reliability of estimation, enabling
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more precise estimation of CC and NC in AMM leaves. Figure 11 shows the process flow of the
estimation algorithm based on multivariate hyperspectral feature fusion for CC and NC in AMM
leaves.
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Figure 11. Flowchart of the hyperspectral estimation algorithm for AMM CC and NC based on multiple
hyperspectral feature fusion.

The input hyperspectral data of AMM leaves, stems, and surface and deep soil surrounding
AMM roots are processed through dedicated leaf and stem-soil feature extraction network modules,
respectively. This results in distinct features for the leaves, stems, and soil. An AM is subsequently used
to integrate the extracted features. Finally, a simultaneous estimation network module is employed to
simultaneously estimate the CC and NC of the AMM leaves.

2.4.1. AM-Based Multivariate Hyperspectral Feature Fusion Algorithm

By employing an AM-based network module, different weights are assigned to the feature
information from the hyperspectral data of AMM leaves, stems, and surface and deep soil surrounding
AMM roots. This facilitates the fusion of multivariate input features, fully leveraging the hyperspectral
data from the leaves, stems, and surface and deep soil surrounding AMM roots to simultaneously
estimate the CC and NC of the leaves. Figure 12 shows the multivariate hyperspectral feature fusion
network module structure based on the AM.

Multiply

Figure 12. Diagram of the multivariate hyperspectral feature fusion network module based on AM.

The structure of the multivariate hyperspectral feature fusion network module based on the
AM resembles that of the CAM structure, which is primarily composed of nonlinear layers. The key
distinction lies in the input feature dimensions: the CAM processes three-dimensional input features,
whereas this feature fusion network module handles two-dimensional input features. Furthermore,
after pooling, the CAM compresses its input features via nonlinear transformations and subsequently
restores them to their original length. In contrast, this feature fusion network module initially expands
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its input features with nonlinear transformations after pooling and then restores them to their original
dimensions. The structure and specific parameters of the multivariate hyperspectral feature fusion
network module based on the AM are provided in Appendix B.3.

2.4.2. Simultaneous Estimation Algorithm Based on Integrated Features for CC and NC

After the feature information from the hyperspectral data of AMM leaves, stems, and surface and
deep soil surrounding AMM roots is integrated, an MLP network module is used to simultaneously
estimate the CC and NC of the leaves. Figure 13 shows the structural diagram of the MLP simultaneous
estimation network module.

Fused 

character

CC and NC

Figure 13. Diagram of the MLP simultaneous estimation network module.

This network module primarily comprises linear components. Initially, it transforms two-
dimensional integrated features into one-dimensional features. Subsequently, it performs nonlinear
mapping via two dense modules. Finally, it employs a linear module to estimate the CC and NC of
AMM leaves. The structure and specific parameters of the MLP simultaneous estimation network
module are provided in Appendix B.4.

2.5. MSE-R2 Loss Function

Hyperspectral estimation models commonly use RMSE and R2 as evaluation metrics [36–38].
The formula for RMSE is shown in Equation (2):

RMSE =

√
∑n

i=1(ŷi − yi)2

n
, (2)

where ŷi is the predicted value of the estimation model; yi is the real label; and n is the number of
samples. The closer the RMSE value is to 0, the better the model; the larger the RMSE value is, the
worse the model.

The formula for R2 is shown in Equation (3):

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − ȳi)2 , (3)

where ȳ is the average value of the actual labels. The value of R2 typically ranges from 0 to 1. The
closer the value is to 1, the better the model. Conversely, the smaller the value is, the worse the model.

The training process of deep learning is primarily conducted through the backpropagation
algorithm, which calculates the error between the network’s predicted values and the true values. This
error signal is then propagated backward to update the network parameters, optimizing the network’s
performance. In this process, the choice of loss function is also crucial.

For regression models, such as hyperspectral estimation, the MSE is commonly used as the loss
function [39]. Hyperspectral estimation typically employs the R2 and RMSE as evaluation metrics.
The formula of the relationship between RMSE and MSE is shown in Equation (4):

RMSE =
√

MSE. (4)

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 September 2024                   doi:10.20944/preprints202409.1405.v1

https://doi.org/10.20944/preprints202409.1405.v1


10 of 24

To directly optimize both R2 and RMSE during the training process of deep learning, and to
ensure that the predicted values are as close as possible to the true values, making the loss function
approach zero, this study has designed the MSE-R2 loss. The formula of MSE-R2 loss is shown in
Equation (5):

L = MSE + (1 − R2) =
∑n

i=1(ŷi − yi)
2

n
+

∑n
i=1(ŷi − yi)

2

∑n
i=1(ȳi − yi)2 , (5)

where L is the MSE-R2 loss; ŷi is the predicted value of the estimation model; yi is the real label; n is
the number of samples; and ȳ is the average value of the actual labels.

2.6. Technical Roadmap

In this study, 1431 samples of AMM leaves, along with their corresponding stems, surface and
deep soil surrounding AMM roots, were selected as research objects. The hyperspectral data of these
samples as well as the CC and NC data in the leaf samples were obtained. The hyperspectral data were
first white balanced, followed by extraction of the original spectral data from the regions of interest.
The hyperspectral data were subsequently standardized, and the dataset was subsequently partitioned
into training, validation, and test sets. The improved HybridSN and MLP, which are enhanced by AM,
were employed to extract features from hyperspectral data. Subsequently, an AM-based feature fusion
algorithm integrated these features, and an MLP simultaneous estimation algorithm was applied to
estimate CC and NC in AMM leaves. The model was trained via backpropagation with a loss function
designed based on RMSE and R2 for optimization. Finally, the trained model was applied to estimate
the CC and NC in the test set of AMM leaves. Detailed technical roadmap can be found in Appendix C.

3. Results

3.1. Experimental Environment and Parameter Settings

AM-MHENet was trained on a Windows Server 2022 Datacenter system. The hardware configu-
rations of the system are provided in Appendix A.2. For a comprehensive comparison between the
proposed end-to-end AM-MHENet and other models, hyperparameters were optimized via the ’Adam’
optimizer. The initial learning rate was set to 0.001, with a batch size of 32 and a total of 300 epochs.

The application of the cosine annealing algorithm to dynamically adjust the learning rate can
significantly enhance model convergence, thereby improving estimation accuracy. The formula for the
cosine annealing learning rate is shown in Equation (6):{

ηt = ηmin +
1
2 (ηmax − ηmin)(1 + cos( Tcur

Tmax
π)), Tcur ̸= (2k + 1)Tmax

ηt+1 = ηt +
1
2 (ηmax − ηmin)(1 − cos( 1

Tmax
π)), Tcur = (2k + 1)Tmax

, (6)

where ηt is the current learning rate; ηmin is the set minimum learning rate; ηmax is the set maximum
learning rate; Tcur is the current cycle; and Tmax is the set maximum training cycle.

3.2. Training Results

In the test set, AM-MHENet’s estimation of AMM leaf CC achieved an R2 of 0.983 and an RMSE
of 0.73. For NC, the estimation achieved an R2 of 0.977 and an RMSE of 0.27. Figure 14 shows the
scatter plot of the AM-MHENet estimation results for CC and NC in the partial AMM leaf samples from
the test set. The scatter points closely align with the 1:1 line, suggesting high accuracy in estimating
CC and NC through the AM-MHENet.
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Figure 14. Scatterplot of the AM-MHENet estimation results.

Figure 15 shows the comparison bar chart of the predicted values versus the true values for CC
and NC in AMM leaves within the partial test set. The results indicate that the model’s estimation
error for CC can be controlled within 1, while the estimation error for NC is kept within 0.4.
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Figure 15. Histogram comparing the predicted and true CC and NC of AMM leaves.

Figure 16 shows the heatmap of the absolute values of the average CAM weights for the leaves in
the test set. This indicates that the absolute values of most band weights fall within the range of [0.2,
0.8], whereas the bands that significantly impact the estimation of CC and NC are located primarily
at approximately 550, 700, and 920 nm. This suggests that the CAM effectively utilizes the spectral
information from hyperspectral data.

Figure 16. Heatmap of CAM weight absolute values.

Figure 17 shows a 3D scatter plot of the AM-MHENet estimation results in the partial test set. In
the plot, the blue surface represents the plane formed by extending a line fitted with the CC value x
and NC value y in the sample dimension.
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Figure 17. 3D scatter plot of the AM-MHENet estimation results.

The proximity of all the points to the blue plane suggests a discernible linear relationship between
CC and NC. The linear equation fitted for CC and NC is presented in Equation (7):

y = 0.31687242x + 0.0529363. (7)

As shown in Figure 18, different colors (yellow, green, and blue) and color depths represent the
CC and NC of AMM leaves. Owing to the small size of AMM leaves (5–10 mm in length and 3–5 mm
in width), the differences in CC and NC across different parts of a single leaf are minimal.

(a1) CC of 001 (a2) CC of 002 (a3) CC of 003 (a4) CC of 004 (a5) CC of 005

(b1) NC of 001 (b2) NC of 002 (b3) NC of 003 (b4) NC of 004 (b5) NC of 005

Figure 18. Distribution map of CC and NC in the partial leaf samples from the test set.

Figure 19 shows the predicted and measured values of CC and NC in partial AMM leaves from
the test set, with standard deviations represented as error bars. An analysis of the mean and standard
deviation of each pixel in the estimation data reveals that most of the predicted values closely match the
measured values, demonstrating a strong correlation. This finding indicates that using hyperspectral
imaging technology to construct CC and NC distribution maps for AMM leaves is effective. This
method enables rapid and accurate acquisition of CC and NC at a small-area scale, providing a
theoretical basis for future plant growth monitoring.
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Figure 19. Predicted and measured values of CC and NC with standard deviations represented as error
bars.

3.3. Comparative Experiment

This study designs multiple sets of experiments for comparative analysis to verify the superiority
and reliability of the AM-MHENet. To validate the effectiveness of integrating the feature extraction
process with the parameter estimation process within the end-to-end network, traditional feature
extraction algorithms such as autoencoder (AE) [40], principal component analysis (PCA) [41], and the
genetic algorithm (GA) [42] are employed. Finally, the features extracted via these methods are input
into an MLP simultaneous estimation network module for estimation.

Figure 20 shows a scatter plot of the CC and NC estimation results for AMM leaves in the partial
test set via different feature extraction methods. The findings indicate that the estimation results for
CC and NC from the end-to-end network, which integrates both feature extraction and parameter
estimation processes into a single model (as shown in Figure 14), are closer to the 1:1 line compared
with models that separate these processes. This suggests that integrating these processes enhances the
extraction of crucial feature information from the original hyperspectral data, thereby improving the
accuracy of estimation results aligned with measured values.
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Figure 20. Comparison of CC and NC estimation results under different feature extraction methods. (a)
Inversion results of CC and NC of AMM leaves by the model based on AE for feature extraction. (b)
Inversion results of CC and NC of AMM leaves by the model based on PCA for feature extraction. (c)
Inversion results of CC and NC of AMM leaves by the model based on GA for feature extraction.

To validate the effectiveness of the feature extraction network module enhanced by AM, ablation
experiments were conducted. Three control groups were established—one without SAM and CAM,
one without SAM only, and one without CAM only—for training and estimation. Figure 21 presents
the results of the AM ablation experiment on the test set. The findings indicate that, compared with the
estimation model utilizing feature extraction network modules not enhanced by the CAM or SAM, the
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estimation results of AM-MHENet (as shown in Figure 14) are closer to the 1:1 line. This underscores
that the SAM and CAM effectively leverage spatial and spectral information from hyperspectral data.
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Figure 21. Comparison of the CC and NC estimation results under the AM ablation experiment. (a)
Inversion results of CC and NC of AMM leaves by feature extraction with the feature extraction network
module removing AM. (b) Inversion results of CC and NC of AMM leaves by feature extraction with
the feature extraction network module removing CAM. (c) Inversion results of CC and NC of AMM
leaves by feature extraction with the feature extraction network module removing SAM.

Figure 22 shows a scatter plot of CC and NC estimation results for AMM leaves in the partial
test set under different feature fusion methods. The results demonstrate that the estimation results
obtained via a multi-input feature fusion network module based on AM (as shown in Figure 14) are
closer to the 1:1 line than methods that use only ’add’ or ’concatenate’. This underscores the ability of
the AM-based multi-input feature fusion network module to evaluate the influence of various input
features on the estimation task. It effectively allocates weights to different input features, thereby
leveraging them comprehensively to enhance the model’s estimation accuracy.
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Figure 22. Comparison of the CC and NC estimation results under different feature fusion methods.
(a) Inversion results of CC and NC of AMM leaves by feature fusion network module with feature
fusion by ’add’ approach. (b) Inversion results of CC and NC of AMM leaves by feature fusion network
module with feature fusion by ’concat’ approach.

To validate the efficacy of simultaneous estimation for CC and NC, an ablation experiment was
conducted. The dual-output structure of the AM-MHENet was modified to a single-output structure,
and separate estimation models were trained with CC and NC as individual outputs to estimate each
parameter separately.

Figure 23 shows the scatter plot results of separate estimation results for CC and NC in the
partial test set. The findings indicate that simultaneous estimation results for CC and NC (as shown in
Figure 14) are closer to the 1:1 line than separate estimations are. This experiment indirectly confirms
the correlation between CC and NC. The study suggests that, owing to the mutual influence of CC
and NC fitting during the AM-MHENet training process, the ability to avoid local optima is enhanced,
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thereby improving the estimation accuracy. Moreover, this approach can increase the efficiency of the
model in simultaneously estimating CC and NC in AMM leaves.
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Figure 23. Single-output estimation results.(a) Inversion results of CC of AMM leaves by the inversion
network using CC as model outputs. (b) Inversion results of NC of AMM leaves by the inversion
network using NC as model outputs.

To validate the efficacy of integrating multivariate hyperspectral characteristics from AMM leaves,
stems, and the surface and deep soil surrounding AMM roots, ablation experiments were conducted.
The estimation models were designed using only AMM leaves as input, both AMM leaves and stems,
and both AMM leaves and soil surrounding AMM roots, and these models were then compared
against AM-MHENet.

Figure 24 shows the results of ablation experiments with various input combinations in the partial
test set. The findings indicate that the AM-MHENet estimation results (as shown in Figure 14) align
more closely with the 1:1 line than do those of the models that use only leaves as inputs or other input
combinations. This comparative experiment indirectly demonstrated the influence of stems and the
surface and deep soil surrounding AMM roots on the development of AMM leaves, thereby impacting
their CC and NC. This finding illustrates that AM-MHENet effectively extracts meaningful features
from the hyperspectral data of AMM stems and the surface and deep soil surrounding AMM roots in
combination with the hyperspectral data of AMM leaves to accurately estimate their CC and NC.
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Figure 24. Comparison of the CC and NC estimation results under the ablation experiment with
different input combinations. (a) Inversion results of CC and NC of AMM leaves by the inversion
network using only AMM leaf as model inputs. (b) Inversion results of CC and NC of AMM leaves by
the inversion network using only AMM leaf and soil as model inputs. (c) Inversion results of CC and
NC of AMM leaves by the inversion network using only AMM leaf and stem as model inputs.

The current mainstream models for leaf CC and NC estimation based on hyperspectral data
include support vector regression (SVR) [43], random forest regression (RFR) [44], and partial least
squares regression (PLSR) [45]. Figure 25 shows the scatter plots of the CC and NC results for AMM
leaves under different estimation models in the partial test set. The results show that the estimation
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results of AM-MHENet for the test set data (as shown in Figure 14) are closer to the 1:1 line than those
of the SVR, RFR, and PLSR methods are. This shows that, compared with traditional hyperspectral
estimation models, AM-MHENet not only simultaneously estimates the CC and NC of AMM leaves
but also achieves higher estimation efficiency and accuracy.
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Figure 25. Comparison of the CC and NC estimation results under different estimation models. (a)
Inversion results of CC and NC of AMM leaves Inversion results of CC and NC of AMM leaves by
PLSR inversion model. (b) Inversion results of CC and NC of AMM leaves Inversion results of CC
and NC of AMM leaves by SVR inversion model. (c) Inversion results of CC and NC of AMM leaves
Inversion results of CC and NC of AMM leaves by RFR inversion model.

The experimental results show that, compared to other models, the end-to-end deep learning
network—enhanced with AM and integrating multivariate hyperspectral features—yields the best
results for simultaneously estimating CC and NC in AMM leaves.

4. Discussion

With the increasing demand for Chinese (Mongolia) medicinal herbs such as AMM, establishing a
rapid monitoring model for the growth conditions of AMM by estimating the CC and NC of its leaves
is crucial. The AM-MHENet model proposed in this study effectively addresses the limitations of tra-
ditional methods for monitoring leaf chemical parameters. In contrast to conventional approaches, this
model integrates hyperspectral data from AMM leaves, stems, and soil, allowing for the simultaneous
estimation of CC and NC in the leaves. Specifically, the AM-MHENet model achieved an R2 of 0.983
and an RMSE of 0.73 for CC estimation, and an R2 of 0.977 and an RMSE of 0.27 for NC estimation.
These results demonstrate the superior accuracy and reliability of the AM-MHENet model.

Traditional hyperspectral-based algorithms for estimating leaf chemical parameters typically
separate the processes of feature extraction and chemical parameter estimation [46–48]. Although this
method has been successful, its performance is limited by domain-specific, hand-engineered features
and processing inefficiencies, which may alter the original spectral patterns and reduce its overall
effectiveness [49]. In contrast, the AM-MHENet model proposed in this study integrates hyperspectral
feature extraction and leaf chemical parameter evaluation within a end-to-end deep learning network.
This integrated approach enhances the extraction of hyperspectral features pertinent to leaf chemical
parameters, thereby improving the model’s accuracy in parameter assessment.

The high spatial and spectral resolution of hyperspectral data enables a comprehensive analysis
of stem development and soil nutrient content [50–55]. However, existing hyperspectral-based models
for estimating leaf chemical parameters typically use only leaf hyperspectral images as input [56–58],
often neglecting the impact of stems and soil on plant leaf development. The AM-MHENet model
proposed in this study addresses this gap by integrating hyperspectral data from leaves, stems, and
soil. This integration enables the model to not only process leaf hyperspectral data but also consider
the effects of stems and soil, significantly enhancing the accuracy of the estimation.

The high accuracy of the AM-MHENet model is primarily attributed to its end-to-end design,
which simplifies the process by integrating feature extraction and estimation into a unified framework.
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This design enables joint training and direct output, thereby improving both efficiency and accuracy
[59]. Additionally, the CC and NC in plant leaves are influenced not only by the leaves themselves but
also by the plant’s stems and surrounding soil [60,61]. The model’s multi-branch network structure
allows it to simultaneously process and integrate data from these various sources, thereby fully utilizing
hyperspectral information from leaves, stems and soil. This integrated consideration significantly
improves the accuracy of CC and NC estimation, resulting in superior performance of the model in
practical applications.

Although the AM-MHENet model demonstrates strong performance in this study, it has certain
limitations. For example, the model’s deep learning architecture involves numerous parameters,
requiring a substantial amount of data for adequate parameter fitting. Additionally, the need to
simultaneously collect leaf, stem, and soil samples adds complexity to the data acquisition process,
which may further increase the challenges associated with the model’s practical application.

Future research could expand the application scope of the AM-MHENet model by assessing
additional chemical parameters, such as phosphorus and potassium, which are critical to plant devel-
opment. Additionally, exploring the model’s performance across various crops and environmental
conditions would help to validate its generalizability and adaptability. Further studies could also
consider integrating the model with other types of sensor data to enhance prediction accuracy and
reliability.

The AM-MHENet model proposed in this study demonstrates significant practical potential. It
can simultaneously estimate multiple chemical parameters, making it well-suited for monitoring plant
health and nutritional status in agricultural management. By providing precise estimation of CC
and NC, the model can assist agricultural producers in optimizing fertilization strategies, thereby
enhancing crop yield and quality. Furthermore, the model’s ability to integrate soil factors increases its
flexibility and effectiveness across different soil types.

5. Conclusions

This study addresses the precise estimation of the chemical parameters of plant leaves in smart
agriculture by designing an end-to-end AM-MHENet. The primary aim is to achieve accurate es-
timation of CC and NC in AMM leaves. The main contributions and research conclusions are as
follows:

1. This study focused on the chemical parameters of 1431 AMM leaf samples from Guyang County,
Baotou city, Inner Mongolia Autonomous Region. Using measured hyperspectral data of AMM
leaves, stems, and surface and deep soil surrounding AMM roots, as well as the CC and NC
of the leaves, we established an estimation model with the leaves, stems, and surface and deep
soil surrounding AMM roots as inputs and the CC and NC of the leaves as outputs. A feature
extraction network module based on HybridSN and MLP, improved by SAM and CAM, was
employed to capture the most significant features in the data. AM was used to integrate multiple
hyperspectral features, constructing a simultaneous estimation model. The model was trained
via the MSE-R2 loss function. Ultimately, by integrating multivariate hyperspectral features from
leaves, stems, and surface and deep soil surrounding AMM roots, we accurately estimated the
CC and NC of AMM leaves.

2. Compared with traditional hyperspectral feature extraction algorithms, the AM-enhanced fea-
ture extraction network module significantly improves the extraction of effective features from
hyperspectral data. Additionally, the multi-feature fusion network offers higher accuracy and
estimation efficiency than single-input, single-output hyperspectral estimation models do. More-
over, the deep learning-based estimation model provides greater stability than conventional
estimation models do. Furthermore, integrating feature extraction and chemical parameter
estimation within the end-to-end network is more efficient than traditional models that separate
these processes.
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Abbreviations

The following abbreviations are used in this manuscript:

AM attention mechanism
MLP multilayer perception
AMM Astragalus membranaceus var. mongholicus
CC chlorophyll content
NC nitrogen content
SAM spatial attention mechanism
CAM channel attention mechanism
AE autoencoder
PCA principal component analysis
GA genetic algorithm
SVR support vector regression
RFR random forest regression
PLSR partial least squares regression
AM-MHENet estimation network for multiple chemical parameters of Astragalus

leaves based on attention mechanism

Appendix A Hardware specifications

Appendix A.1 Specification of the hyperspectral camera

Table A1 lists the specification of the hyperspectral camera. The Specim IQ featured 204 spectral
bands ranging from 400 to 1000 nm, covering visible light to near-infrared wavelengths, with a
sampling interval of 3 nm. The data obtained from the Specim IQ hyperspectral camera consisted of
hyperspectral cube data (.dat format) with high spatial and spectral resolutions.

Table A1. Characterization of the Specim IQ

Parameter Specification

Detector specification CMOS
Spectral region 400-1000 nm
Sample interval 3 nm

Channels 204
Image resolution 512x512 pix

Data output bit depth 12 bit
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Appendix A.2 Hardware configuration of the system

Table A2 list the hardware configurations of the system.

Table A2. Hardware configuration of the system

Hardware Component Specification

Central Processing Unit AMD Ryzen Threadripper PRO 3945WX
Graphics Processing Unit NVIDIA RTX A4000

Video Random Access Memory 16 G
Random Access Memory 128 G

Appendix B Network structure and specific parameters

Appendix B.1 Improved HybridSN feature extraction module

Table A3 lists the network structure and specific parameters of the improved HybridSN feature
extraction module.

Table A3. Network structure and specific parameters of the improved HybridSN feature extraction
module

Module Layer (type) Output shape Number of parameters

Input Input Layer (-1,1,204,16,16) 0

SAM 1

AdapAvgPool1d 2 (-1,1,16,16) 0
AdapMaxPool1d 3 (-1,1,16,16) 0

Concatenate (-1,2,16,16) 0
Conv2d 4 (-1,1,16,16) 98
Sigmoid (-1,1,16,16) 0

CAM 5

AdapAvgPool2d 6 (-1,204,1,1) 0
Linear (-1,12) 2448
ReLU 7 (-1,12) 0
Linear (-1,204) 2448

Sigmoid (-1,204) 0

HybridSN

Conv3d 8 (-1,8,198,14,14) 5 776
ReLU (-1,8,198,14,14) 0

Conv3d (-1,16,194,12,12) 13 856
ReLU (-1,16,194,12,12) 0

Conv3d (-1,32,192,10,10) 3 539 008
ReLU (-1,32,192,10,10) 0

Conv2d (-1,64,8,8) 98
ReLU (-1,64,8,8) 0

1 Spatial Attention Mechanism; 2 1-dimensional Adaptive Average Pooling; 3 1-dimensional Adaptive Maximum Pooling; 4

2-dimensional Convolution; 5 Channel Attention Mechanism; 6 2-dimensional Adaptive Average Pooling; 7 Rectified Linear
Unit; 8 3-dimensional Convolution.

Appendix B.2 Improved MLP feature extraction module

Table A4 lists the network structure and specific parameters of the improved MLP feature extrac-
tion module.
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Table A4. Network structure and specific parameters of the improved MLP feature extraction module

Module Layer (type) Output shape Number of parameters

Input Input Layer (-1,1,204,16,16) 0

SAM

AdapAvgPool1d (-1,1,16,16) 0
AdapMaxPool1d (-1,1,16,16) 0

Concatenate (-1,2,16,16) 0
Conv2d (-1,1,16,16) 98
Sigmoid (-1,1,16,16) 0

MLP

AdapAvgPool2d (-1,204,1,1) 0
Linear (-1,1024) 209 920
ReLU (-1,1024) 0
Linear (-1,2048) 2 099 200
ReLU (-1,2048) 0
Linear (-1,4096) 8 392 704
ReLU (-1,4096) 0

Appendix B.3 Multiple hyperspectral feature fusion network module based on AM

Table A5 lists the network structure and specific parameters of the multivariate hyperspectral
feature fusion network module based on the AM.

Table A5. Structure and specific parameters of the multiple hyperspectral feature fusion network
module based on AM

Layer (type) Output shape Number of parameters

Input Layer 1 (-1,1,204,16,16) 0
Input Layer 2 (-1,1,204,16,16) 0
Input Layer 3 (-1,1,204,16,16) 0
Input Layer 4 (-1,1,204,16,16) 0

Concatenate (-1,4,4096) 0

AdapAvgPool1d (-1,4,1) 0
Linear (-1,16) 64
ReLU (-1,16) 0
Linear (-1,4) 64

Sigmoid (-1,16) 0

Appendix B.4 MLP simultaneous estimation network module

Table A6 shows the structure and specific parameters of the MLP simultaneous estimation network
module.

Table A6. Structure and specific parameters of MLP simultaneous estimation network module

Layer (type) Output shape Number of parameters

Input Layer (-1,1,204,16,16) 0

Flatten (-1,16384) 0
Linear (-1,256) 4 194 560
ReLU (-1,256) 0
Linear (-1,128) 32 896
ReLU (-1,128) 0
Linear (-1,2)) 258
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Appendix C Roadmap

The technical roadmap is illustrated in Figure A1.

Hyperspectral  

cube image of 

the region of 

interest

CC and NC

Standardization

Hyperspectral images acquisition platform

Specim IQ 

hyperspectral 

camara

Halogen lamp

Access to areas of interest

LabelMe draws 

the region of 

interest

Use masks to 

acquire 

hyperspectral 

images

Physicochemical parameter acquisition platform

Handheld plant parameter detector

Training 

sample

Validation 

sample

Testing 

sample

Training 

sample

Validation 

sample

Testing 

sample

Leaf Stem
Surface 

soil

Deep 

soil
Leaf Stem

Surface 

soil

Deep 

soil

Leaf feature 

extraction network

SAM

CAM

HybridSN

Leaf feature 

extraction network

SAM

CAM

HybridSN

Stem and soil feature 

extraction network

SAM

MLP

Stem and soil feature 

extraction network

SAM

MLP

AM-based feature fusion network

MLP parallel inversion networkMLP simultaneous estimation network

Backpropagation with a loss function based 

on RMSE and R2

The optimal inversion model for CC and NC

AM-based feature fusion network

MLP parallel inversion networkMLP simultaneous estimation network

Backpropagation with a loss function based 

on RMSE and R2

The optimal inversion model for CC and NC

White-calibrated

Hyperspectral camera imaging resultsHyperspectral camera imaging results

[5
1
2
p

ix
, 5

1
2
p

ix
, 2

0
4

p
ix

]

Hyperspectral camera imaging results

[5
1
2
p

ix
, 5

1
2
p

ix
, 2

0
4

p
ix

]

Figure A1. Technical Roadmap of this study.
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