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Abstract


With the continued advancement of spaceborne hyperspectral sensors, hyperspectral remote sensing is evolving as an increasingly pivotal tool for high-precision global monitoring applications. Novel image spectroscopy data, e.g., the PRecursore IperSpettrale della Missione Applicativa (PRISMA) and Environmental Mapping and Analysis Program (EnMAP), can rapidly and non-invasively capture subtle spectral information of terrestrial vegetation, facilitating the precise retrieval of the required vegetation parameters. As critical vegetation traits, Leaf Mass per Area (LMA) and Equivalent Water Thickness (EWT) hold significant importance for comprehending ecosystem functionality and the physiological status of plants. To address the demand for high-precision vegetation parameter datasets, a hybrid modeling approach was proposed in this study, integrating the radiative transfer model PROSAIL and neural network models to retrieve LMA and EWT from PRISMA and EnMAP images. To achieve this objective, canopy reflectance was simulated via PROSAIL, and the optimal band combinations for LMA and EWT were selected as inputs to train neural networks. The evaluation of the hybrid inversion models over field measurements showed that the RMSE values for the LMA and EWT were 4.11 mg·cm−2 and 9.08 mg·cm−2, respectively. The hybrid models were applied to PRISMA and EnMAP images, resulting in LMA and EWT maps displaying adequate spatial consistency, along with cross-validation results showing high accuracy (RMSELMA = 5.78 mg·cm−2, RMSEEWT = 6.84 mg·cm−2). The results demonstrated the hybrid inversion model’s universality and applicability, enabling the retrieval of vegetation parameters from image spectroscopy data and offering a valuable contribution to hyperspectral remote sensing for vegetation monitoring, though the availability of field measurement data remained a significant challenge.
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1. Introduction


Leaf biochemical traits are essential for comprehending ecosystem dynamics, environmental transformations, and the growth and physiological condition of plants [1]. These traits facilitate predictions on alterations in community structure and ecosystem functioning [2]. Leaf Mass per Area (LMA) and Equivalent Water Thickness (EWT) are the primary leaf traits that provide insights into vegetation ecology, water stress, health status, and relative growth rates [3,4,5]. The ratio between leaf dry mass and area determines LMA, which is one of the six categories of essential biodiversity variables used to monitor ecosystem structure [6]. The LMA plays a crucial role in determining vegetation’s ecological strategy, reflecting the plant’s capacity to capture light energy and quantifying the efficiency of plants in nutrient uptake and use [7,8]. The LMA profoundly impacts leaf thickness [9,10], quality, and longevity, as a higher LMA correlates with longer lifespan and improved nutrient retention [11,12]. There is a consistent relationship between leaf nitrogen concentrations and LMA across various ecosystems [13,14]. On a broader scale, LMA significantly contributes to species’ adaptability to their environment, influencing various ecosystem processes, and reflecting vegetation’s dynamic response to spatial and temporal environmental changes [15,16,17]. LMA measurements have diverse practical applications, including predicting wildfire occurrence and spread [18,19]. In contrast to LMA, EWT is defined as the ratio of the difference between leaf fresh mass and dry mass to leaf area. EWT is a widely utilized indicator to characterize plant transpiration and respiration processes, influencing vegetation growth strategies [20,21]. EWT is also associated with vegetation’s physiological conditions and the status of terrestrial ecosystems, making it crucial for comprehending the functioning of Earth’s ecosystems. Evaluating moisture stress symptoms in vegetation using the EWT can aid in assessing drought conditions in forestry and agriculture [22,23]. The rate of forest fire spread is directly correlated with the EWT, making it a critical parameter for wildfire risk assessment [24].



Quantitative research on vegetation traits is fundamental for assessing the dynamic responses of vegetation to environmental changes [25]. In determining the LMA and EWT, insitu measurements are widely acknowledged as the most reliable approach. However, data obtained through field measurements only reflect a small area around the sampling points and are limited to a relatively short timeframe. Conducting in situ measurements involves deploying numerous sampling points, incurring high time and economic costs. Remote sensing effectively realizes the requirements of wide spatial coverage and continuous temporal monitoring in vegetation studies, enabling rapid, non-destructive, and precise data acquisition [26,27,28]. Different studies selected different spectral bands to invert LMA and EWT. Féret et al. emphasized that the accurate estimation of LMA and EWT relied heavily on determining the optimal spectral range [29]. They explored numerous spectral ranges between 1000 and 2400 nm and then suggested iterative optimization over the range between 1700 and 2400 nm for determining the EWT and LMA. Wang et al. determined that the best spectral bands for retrieving the LMA are situated at 1649 nm and 1722 nm [30]. Chen et al. found, through wavelet transform, that the most robust characteristic spectral bands for LMA retrieval are 1639 nm and 2133 nm [31]. Ali et al. conducted a sensitivity analysis across the full spectrum and concluded that the wavelength most sensitive to changes in leaf dry matter content was 2298.69 nm, while the wavelength most sensitive to changes in a specific leaf area was 2280.71 nm [32]. Wan et al. proposed the Adjusted Ratio of Difference Spectral Index (ARDSI). They determined that ARDSI2200,1640,2240,1720 exhibited optimal inversion performance for the LMA, while ARDSI1360,1080,1560,1240 showed the best inversion performance for the EWT [33]. For the retrieval of the EWT, the wavelengths 1080 nm and 1360 nm in ARDSI1360,1080,1560,1240 closely resembled those in the Normalized Difference (ND) index at 1062 nm and 1393 nm, all being strongly associated with the absorption characteristics of the EWT [4]. The wavelength of 1240 nm was also crucial for estimating EWT, as proposed by Gao in the development of the Normalized Difference Water Index (NDWI) [34]. Sims and Gamon indicated that the optimal bands for EWT retrieval were located between 1150 and 1260 nm and between 1520 and 1540 nm [35].



Spectral indices are commonly utilized across various inversion methods owing to their simplicity and efficiency, necessitating only a small number of selected reflectance bands. Lemaire et al. utilized the normalized difference index NDLMA [36], while Wang et al. employed the Normalized Dry Matter Index (NDMI) [30], both achieving LMA inversions. Many studies utilize vegetation indices sensitive to canopy liquid water content for inverting EWT, such as the NDWI [34], the Water Index (WI) [37], and the Simple Ratio Water Index (SRWI) [3]. Wan et al. proposed ARDSI to estimate the LMA and EWT at both leaf and canopy scales [33]. Non-parametric regression techniques are also frequently employed for inverting vegetation parameters, utilizing inherent learning algorithms to optimize regression without needing explicit relationships between spectral features and vegetation variables. This method adjusts weight coefficients to minimize errors, enabling training with full spectrum information without the need for specific bands or transformations. However, the redundancy of band information and computational efficiency may impact model performance. Hauser et al. combined physical modeling with a support vector regression algorithm to invert LMA, demonstrating a reasonable correspondence between inversion results from Sentinel-2 imagery and in situ measurements [38]. Campos-Taberner et al. used an inversion method based on the PROSAIL model and random forest regression to produce global maps of canopy water content using MODIS data [39]. Additionally, machine learning techniques have been employed to establish relationships between vegetation indices and traits, making them sensitive to leaf biochemical components and capable of addressing nonlinearities [40]. Based on Gaussian process regression and PROSAIL, Zhang et al. constructed a hybrid model that compared the performance of GaoFen-1 band combinations and vegetation indices for inverting the Leaf Area Index (LAI) [41].



Previous studies on the inversion of LMA and EWT have primarily relied on airborne hyperspectral imagery or spaceborne multispectral remote sensing data. Airborne imagery provides high spatial and spectral resolution and allows for flexible target selection and acquisition timing based on experimental needs. However, the high financial and labor costs have significantly reduced the feasibility of acquiring large-scale, multi-temporal data [42]. Additionally, spaceborne multispectral data are limited by sampling only a few spectral bands, restricting the acquisition of complete spectral information. In contrast, spaceborne hyperspectral observations overcome the spectral limitations of multispectral sensors and the high costs of airborne hyperspectral imaging, enabling the cost-effective acquisition of multi-temporal, high-resolution spectral images [43]. With the advancement of hyperspectral imaging spectrometers, quantifying plants’ physiological and biochemical traits has become more accurate. Hyperspectral remote sensing enables rapid and non-destructive capture of subtle spectral information from surface vegetation, thereby facilitating the precise inversion of required vegetation parameters. Recently launched satellite missions, such as the Environmental Mapping and Analysis Program (EnMAP) (https://www.enmap.org/, accessed on 17 October 2024) and the PRecursore IperSpettrale della Missione Applicativa (PRISMA) (https://www.asi.it/scienze-della-terra/prisma/, accessed on 17 October 2024), have generated large-scale spectral data streams for land monitoring. Verrelst et al. integrated physics-based models with machine learning algorithms to develop a hybrid model, which was applied to PRISMA imagery to map canopy nitrogen content [44]. Pascual-Venteo et al. effectively addressed the challenge of mapping canopy characteristics from EnMAP and PRISMA hyperspectral imagery at the top-of-atmosphere level by devising a hybrid model [45].



With the objective of mapping LMA and EWT from EnMAP and PRISMA, this study first built hybrid inversion models based on PROSAIL and neural networks. The hybrid models were then validated over field-measured datasets. Finally, LMA and EWT were retrieved from EnMAP and PRISMA observations. Section 2 introduces the models and datasets utilized in this study. Section 3 develops and assesses the hybrid inversion models for estimating LMA and EWT. Furthermore, the generalizability of the hybrid models across various imaging spectral datasets, including PRISMA and EnMAP, is evaluated. Section 4 discusses the limitations of this study and outlines the opportunities and challenges for future vegetation parameter retrieval based on hyperspectral satellite data. The final section reviews the main points of the article and describes the significance of this study.




2. Materials and Methods


This study combined the radiative transfer model PROSAIL and artificial neural network (ANN) to retrieve leaf LMA and EWT from hyperspectral satellite data (PRISMA and EnMAP), and the workflow is illustrated in Figure 1. Three general steps were involved. First, the leaf model PROSPECT-D was coupled with the canopy model Scattering by Arbitrary Inclined Leaves (SAIL) to simulate canopy reflectance. Then, the hybrid inversion models were constructed by combining PROSAIL with the ANN model. The hybrid models were trained and tested using the established training and testing datasets. The optimal band combinations for retrieving the LMA and EWT were selected through comparative analysis. Finally, the hybrid models were applied to field-measured datasets and hyperspectral satellite observations.



2.1. Datasets


2.1.1. Image Spectroscopy


Satellite observations from EnMAP and PRISMA were used in this study. EnMAP, a German hyperspectral satellite mission, is designed for observing and detailing the global environment. It has broad application prospects in agriculture, forestry, and water resources [46]. Its hyperspectral imagery features 242 bands covering the spectral range of 420–2450 nm, with a spatial resolution of 30 m. The PRISMA satellite is equipped with a hyperspectral imager capable of achieving spectral resolutions as fine as 12 nm. The sensor is also capable of real-time imaging of terrestrial landscapes at a resolution of 30 m [47].



Two remote sensing images from the northern part of Munich, southern Germany, were selected for this study. The PRISMA image data were collected on 27 October 2022, and the EnMAP image data were acquired on 25 October 2022 (with minor cloud cover). The downloaded images were projected and georeferenced using ArcMAP 10.8 software before being used. The study area (Figure 2) lies in the northern part of Munich, southern Germany (48°16′N, 11°40′E), characterized by a temperate marine west coast climate. The terrain is relatively flat, dominated by hills and plains, with some small lakes and rivers nearby providing water sources for the region, contributing to agricultural and urban development. The Munich-North-Isar (MNI) observatory station is located here, which is an agricultural comprehensive long-term experimental field preparing for the EnMAP mission.




2.1.2. Field Measurements


To capture a broad scope of leaf traits and canopy reflectance, nine datasets spanning the spectral range from 350 to 2512 nm were collected, encompassing diverse plant species at various growth stages, planting locations, and nutrition status. The nine publicly available datasets were obtained from the Ecological Spectral Information System (EcoSIS) (http://ecosis.org, accessed on 17 October 2024) and showed considerable differences among them (Table 1). The downloaded raw data did not all directly provide LMA and EWT values; for some datasets, these values had to be derived through conversion from other plant trait data. Subsequently, the LMA and EWT values across all datasets were converted to the same units to ensure consistency among data from different sources. Dataset 1 (DS1) consisted of data from measurements of species at different sites in northeastern Belgium, collected during July and August 2016 [48]. Dataset 2 (DS2) included a variety of plant species from the eastern United States, encompassing forests, grasslands, and shrublands [49]. The Karlsruhe Institute of Technology gathered Dataset 3 (DS3) during 2016 and 2017. It contained plant traits for more than 40 grassland species, encompassing both herbs and graminoids [50]. Datasets 4 (DS4), Datasets 5 (DS5), and Datasets 6 (DS6) were gathered from the three core NGEE–Arctic watersheds, Kougarok, Teller, and Council, within the larger area of the Seward Peninsula, Alaska region, respectively, in 2017, 2016, and 2018. They encompassed comprehensive canopy spectral reflectance data of Arctic species, alongside pertinent leaf and canopy structural and functional traits [51,52,53]. The reflectance and forest canopy characteristics for Dataset 7 (DS7) were provided by the University of Wisconsin Environmental Spectroscopy Laboratory in 2015 [54]. Dataset 8 (DS8) comprised extensive leaf traits collected in the forests of Domain 5 (Great Lakes) in 2016 and 2017, alongside canopy spectral data acquired synchronously by the Airborne Observation Platform [55]. Dataset 9 (DS9) contained canopy-level reflectance extracted from imaging spectroscopy data along with measured foliar biochemical traits from Blackhawk Island, WI, collected during the 2018 growing season [56]. These nine datasets encompassed observational data from various natural and semi-natural ecosystems, including experiments involving potted plants. Consequently, the resulting dataset constituted a collection of heterogeneous data sources from numerous locations and diverse ecosystems.





2.2. LMA and EWT Inversion


2.2.1. Radiative Transfer Modeling


This study employed the PROSAIL model to produce datasets encompassing various canopy reflectance and leaf traits. The PROSAIL model couples the PROSPECT-D leaf model [57] with the SAIL canopy model [58]. It simulates canopy reflectance within the 400 to 2500 nm range at a resolution of 1 nm. The parameters of the PROSAIL model include the solar zenith angle (SZA), the view zenith angle, the relative azimuth angle, the LAI, the average leaf inclination angle (ALIA), the hotspot parameter, the LMA, the EWT, the chlorophyll content (Cab), the carotenoid content (Car), the anthocyanin content (Cant), the brown pigment content (Cb), the leaf structure parameter (N), and the soil parameter (Psoil) [59]. Based on the input parameters, PROSAIL was run to obtain canopy reflectance. This approach enabled the inclusion of vegetation variations across different spatiotemporal conditions of ecosystems into the model, leading to more universal and transferable conclusions. Previous studies had highlighted that the most crucial variables in the near-infrared (NIR) spectrum were the ALIA and the LAI, contributing significantly to reflectance and impacting the retrieval of leaf characteristics [34,56]. The model parameters for Cab, Car, Cant, and Cb were not considered in this study, as sensitivity analysis suggested their insensitivity in the NIR and shortwave infrared domains, which were used for LMA and EWT retrieval (See Section 2.2.3). Thus, they were set as fixed values: Cab = 40 μg·cm−2, Car = 8 μg·cm−2, Cant = 0 μg·cm−2, Cb = 0.




2.2.2. Hybrid Inversion Model


This study combined the neural network and PROSAIL to construct hybrid inversion models. The ANN models do not require predefined mathematical equations to map input–output relationships. Instead, through training, they learn certain rules to approximate target output values from the provided input parameters. The back-propagation neural network utilized in this study is a multilayer feedforward network trained through error backpropagation, which is one of the commonly used neural networks for solving the inverse problem of radiative transfer models. The model included an input, five hidden, and an output layer. Specifically, the input layer received the input features, the five hidden layers each contained 100 neurons and used the rectified linear unit activation function to execute nonlinear transformations and feature extraction, and the output layer generated the final output. This architecture achieved a complex mapping from input features to output results through the combination of multiple layers of neurons. Among them, the Nadam optimizer was utilized for model optimization. The Nadam algorithm combines the advantages of Adam and Nesterov momentum, achieving the effects of adaptive learning rate and accelerated convergence, which can rapidly and effectively update model parameters, accelerate training speed, and enhance model performance. The model employs the mean squared error as its loss function, which effectively guides model optimization, enabling a more accurate prediction of the target variable and providing a degree of robustness against outliers.



The PROSAIL model was run forward to simulate canopy reflectance, with reflectance from multiple characteristic bands selected as inputs for the neural network, and the single output being either LMA or EWT. Table 2 displays the sampling ranges and methods for essential parameters required by the PROSAIL model. To simulate real-world conditions, a 4% Gaussian noise was added during canopy reflectance simulation. This strategy infused prior knowledge of uncertainty into the system, enhancing the model’s robustness through the introduction of noise [60].




2.2.3. Optimal Spectral Band Analysis


The spectral range of 380 to 2500 nm is widely utilized for retrieving vegetation’s biophysical and biochemical properties. Due to computational time constraints, the entire spectral domain could not be used as input when establishing inversion models. Instead, a few characteristic spectral bands of LMA and EWT were selected as input. The reduction in the number of required bands was significant for cost reduction, and employing characteristic bands as inputs for neural networks could achieve higher precision [61].



As summarized in Introduction, many studies have identified characteristic wavelengths that can be used for the inversion of LMA and EWT. The water absorption regions (1351–1430 nm, 1801–2050 nm, and 2451–2501 nm) were first excluded to avoid the influence of atmospheric water absorption on vegetation reflectance. In this study, six wavelengths (2300 nm, 1722 nm, 2133 nm, 1649 nm, 1675 nm, 2281 nm, and 2260 nm) were selected for LMA. They were combined in different combinations and tested for the hybrid inversion model, and then the inversion performance of each combination was evaluated. Additionally, the three vegetation indices (ARDSI2200,1640,2240,1720, ND2260,1490, and NDMI) were tested. In the context of EWT inversion, eight characteristic wavelengths (860 nm, 900 nm, 970 nm, 1080 nm, 1200 nm, 1240 nm, 1450 nm, and 1560 nm) were selected, and ARDSI1360,1080,1560,1240, NDWI, and SRWI were also tested. Similarly, different combinations were tested and compared for EWT inversion. The retrieval accuracy of all combinations was intercompared to identify the optimal combination of characteristic bands for the retrieval of LMA and EWT.






3. Results


3.1. Selection of the Optimal Bands for Hybrid Models


Based on the parameter ranges depicted in Table 2, 10,000 samples were generated and input into the PROSAIL model to simulate canopy reflectance, creating a training dataset that included vegetation parameters and their corresponding canopy reflectance. This procedure was repeated to generate a new testing dataset containing 15,000 samples. The feature band combinations or vegetation indices derived from the training dataset served as inputs, with vegetation traits as the sole output, to train the neural network model. The coefficient of determination (R2) and root mean square error (RMSE) were employed as metrics to evaluate the performance of the hybrid models. R2 was used to assess the model’s ability to explain the variance in LMA and EWT data, with values closer to 1 indicating a better fit of the hybrid model and a stronger alignment between the retrieved and true values. The RMSE measured the absolute discrepancy between the retrieved and true values, where a smaller RMSE indicated higher predictive accuracy. Additionally, the relative RMSE (RRMSE) was introduced to provide a normalized measure of error, expressed as a percentage of the mean value.



As shown in Table 3, for the inversion of the LMA, two notably effective vegetation indices and two favorable combinations of wavelengths emerged. Considering the R2, RMSE, and computational efficiency, the combination of wavelengths 2300 nm, 1722 nm, 2133 nm, 1649 nm, and 2281 nm was ultimately chosen as the input for the model. As for EWT, the combination of 1080 nm, 1240 nm, and 1560 nm was ultimately chosen as the characteristic wavelength combination.



After selecting the optimal band combinations as input parameters to construct the hybrid inversion model, its performance was evaluated using the testing dataset. The resulting scatter density plots are depicted in Figure 3. The R2 between the retrieved LMA and their corresponding reference values is 0.87, with an RMSE of 3.37 mg·cm−2 and an RRMSE of 23.08%. Similarly, for the EWT, the R2 is 0.74, with an RMSE of 4.96 mg·cm−2 and an RRMSE of 29.89%. These results indicate that the hybrid inversion models achieved a good fit with the simulated dataset, demonstrating high predictive accuracy.




3.2. Assessment on Estimates of LMA and EWT


The multi-source field measured dataset, collated from the EcoSIS database, was utilized as an independent validation for the inversion of LMA and EWT. The RMSE between the reference and inverted values for LMA is 4.11 mg·cm−2 (Figure 4a); for the EWT, it is 9.08 mg·cm−2 (Figure 4b). The RRMSE values for the LMA and EWT are 50.94% and 65.51%, respectively. The eight collected datasets contain measurements of the LMA, with the majority of LMA values clustered between 0 and 15 mg·cm−2. Within this range, there is a strong correlation between the inversion values and the reference values, resembling the validation results obtained from testing datasets. However, for a minority of vegetation with higher LMA values, the inversion model demonstrates some degree of underestimation. The EWT inversion model’s performance is relatively poorer than that of the LMA. In DS1, there is a slight overestimation in the inversion EWT values.



The reflectance values of feature bands from PRISMA and EnMAP images were selected and input into hybrid inversion models to derive the LMA and EWT values. The overlapping areas of the two images were then extracted and compared.



The retrieved LMA values for PRISMA and EnMAP are shown in Figure 5a and Figure 5b, respectively. It is seen that the retrieved LMA has similar spatial distributions for PRISAM and EnMAP, except in the lower right region, where the EnMAP image is contaminated by clouds. The corresponding ARDSI2200,1640,2240,1720 images for PRISMA and EnMAP are plotted in Figure 5c and Figure 5d, respectively. The figures show that the retrieved LMA has a similar pattern to this index that is associated with LMA. However, it is noticed that both the retrieved LMA and the ARDSI2200,1640,2240,1720 exhibit some anomalous high values over the non-vegetated areas, such as the Munich International Airport (upper right of the image). The mapped LMA images were further processed, and the values where the corresponding Normalized Difference Vegetation Index (NDVI) was lower than 0.1 were masked. The results with the non-vegetated areas masked are illustrated in Figure 5e and Figure 5f for PRISMA and EnMAP, respectively, and they show that most of the abnormal values were from the non-vegetated areas.



The comparison of the EWT is shown in Figure 6. Figure 6a and Figure 6c are the mapped EWT and the corresponding NDWI for PRISMA, while Figure 6b and Figure 6d are the mapped EWT and the corresponding NDWI for EnMAP. The mapped EWT images with non-vegetated areas masked for PRISMA and EnMAP are shown in Figure 6e and Figure 6f, respectively. Figure 6 demonstrates that the retrieved EWT from PRISMA and EnMAP have similar spatial distribution, and the retrieved EWT has consistent trends with NDWI, supporting the rationality of the retrieved results. In contrast to LMA, retrieved EWT presents low values over non-vegetated areas, indicating the practicability of the hybrid EWT inversion model.



The cross-validation of remote sensing products is an indirect validation method that harmonizes different products with similar temporal characteristics into a consistent projection coordinate system and spatial resolution, assessing the effectiveness of products through intercomparisons [62]. The PRISMA and EnMAP images underwent georeferencing, followed by cloud removal and the identification of vegetation-covered areas (NDVI ≥ 0.1). Then, the LMA and EWT values were extracted for each overlapping pixel from the processed images, and a comparative analysis was conducted to further support the validation process. The comparisons of the LMA and EWT are shown in Figure 7a and Figure 7b, respectively. The results present an RMSE of 5.78 mg·cm⁻² and an RRMSE of 51.63% between the LMA values obtained from the two images. For the EWT, the RMSE was 6.84 mg·cm⁻², with an RRMSE of 41.24%. In the low-value region, the LMA is characterized by dense clustering and exhibits a certain degree of correlation, with minimal variability. In contrast, the distribution in the high-value region is more dispersed, although it generally aligns with the 1:1 fitted line. The EWT values between the two images are comparable, with the overall distribution concentrated near the 1:1 line. The large volume of data results in numerous discrete points in the scatter plots. Overall, the cross-validation results underscore the robustness and consistency of the model across different remote sensing datasets.





4. Discussion


4.1. Limitation of Field Datasets and Hyvrid Inverion Models


The field measurement datasets utilized in this study were collected from multiple locations and diverse ecosystems. The validation results from various datasets demonstrated the strong transferability of the inversion model. The LMA inversion model’s good performance on field datasets could stem from the diversity of the dataset, which provided ample sample support.



Despite having been sourced from the EcoSIS database, the downloaded field datasets might have still contained uncertainties. Initially, the measurement methods and units employed across various datasets were not standardized, necessitating further consolidation and harmonization to ensure usability. Moreover, the majority of datasets did not explicitly specify whether stem measurements were included in the measurement. The radiative transfer model was built upon leaf LMA and EWT, and the values obtained from the inversion model solely represented the biochemical content of the leaves. The datasets did not explicitly elucidate the measurement methods, which could also introduce errors in the evaluation. Moreover, various sources of uncertainty during the measurement process of EWT and LMA could lead to errors. For instance, similar optical properties, and imperfect circular sampling result in leaf disc area loss, water loss during leaf optical measurements and fresh leaf weighing, as well as in moisture absorption during the drying and weighing processes. During leaf weighing, fluctuations in environmental conditions might lead to instability in measurement results. Ideally, field data from various vegetation types should be obtained and incorporated into the model’s training and validation processes to create a more robust and versatile model. In the future, there is potential for more measurement datasets to be openly released, driving the further development of inversion models [63].



The neural network is used in this study due to its superior ability to model complex nonlinear relationships, which are essential for accurately retrieving vegetation parameters. The structure of the neural networks has been designed and trained to work for the inversion of LMA and EWT. Other machine-learning methods, such as Gaussian processes, random forests, and support vector machines, can be also used for retrieving leaf traits after proper designing and training. However, they are not tested in this study because the primary objective of this study is to develop proper hybrid models for retrieving LMA and EWT, rather than comparing different machine-learning methods. The developed hybrid inversion models provide reasonable results, though the hybrid LMA inversion model tends to fail over non-vegetated areas. A pre-identification of vegetated and non-vegetated areas (e.g., through vegetation indices) can reduce retrieval uncertainty.




4.2. Estimation of LMA and EWT from Canopy-Scale Reflectance


Since the advent of optical remote sensing, various methods have been developed for retrieving vegetation parameters, with most of these methods applied to conventional multispectral sensors. Numerous studies have exhibited the achievability of retrieving leaf traits from leaf spectra, such as LMA, EWT, Cab, and leaf nitrogen content. At the canopy scale, spectral reflectance is also correlated with vegetation biochemical traits, albeit with slightly lower precision compared to leaf-scale retrievals. The confounding effects arising from canopy structures and variations in solar and viewing angles may diminish the sensitivity of remote sensing spectra to vegetation traits [64]. The LAI markedly influences canopy-scale reflectance [3]. Substantial variations in the LAI may obscure spectral reflectance features related to water [65], thereby complicating EWT inversion [66]. Apart from the overall canopy thickness, the thickness of individual tissues also affects the ability to retrieve the EWT from remote sensing data [35]. All these factors complicate the retrieval of LMA and EWT from canopy-scale observations in contrast to leaf-scale observations. The vegetation canopy radiative transfer model involved certain approximations and simplifications when considering vegetation structure, leading to additional uncertainties in model simulations [60]. More detailed radiative transfer models can better simulate complex interactions, thereby improving the precision of vegetation parameter inversion. In the future, these advanced models will hold significant potential for processing hyperspectral satellite data.




4.3. Challenges and Opportunities in Satellite-Based Vegetation Monitoring


The development of hyperspectral imaging spectrometers has provided more detailed spectral information for quantitative estimation of plant physiological and biochemical traits compared to multispectral sensors. Since 2022, the coexistence of EnMAP and PRISMA satellites has enhanced the availability of hyperspectral data in temporal sequences [44]. Both PRISMA and EnMAP have a spatial resolution of 30 m, with each pixel containing detailed information. Utilizing hyperspectral remote sensing data for vegetation monitoring has deepened our understanding of plant physiological processes and advanced the inversion and mapping of vegetation traits. Moreover, the hybrid inversion models proposed in this study are applicable to various ecological environments, and their integration with hyperspectral remote sensing data could provide insights for informing policy decisions.



The direct validation of remote sensing data inversion results can be achieved by establishing ground plots and sampling point measurements; however, conducting ground validation at large scales poses certain challenges. Collecting extensive field data requires considerable resources and time, making it challenging to measure vegetation traits comprehensively at large scales. By applying the inversion model to PRISMA and EnMAP images, the distribution of LMA and EWT in the study area was depicted on maps, providing a visual representation of vegetation traits. Although there were no available on-site field datasets for validation during image acquisition, it was still possible to explain the verifiability of the inversion results. There was a certain correlation between the spatial arrangement of inversion variables in the study area and the distribution of land types, as well as spatial consistency with the distribution of vegetation indices. This result served as an indirect validation of the model’s accuracy. Additionally, the cross-validation results of inversion values from two satellite images also helped explain the model’s verifiability, providing additional evidence for the accuracy of the model.





5. Conclusions


This study demonstrated the feasibility of utilizing hybrid inversion models to retrieve LMA and EWT from hyperspectral imagery. By employing a combined inversion approach integrating the PROSAIL radiative transfer model and neural networks, the advantages of both were fully utilized, ensuring the hybrid model’s capability for precise prediction and rapid training. The employment of PROSAIL for simulating canopy reflectance facilitated the integration of vegetation variations across diverse spatiotemporal contexts into the training process, thereby establishing an inversion model with greater universality and transferability. Independent validation using multiple field-measured datasets demonstrated the good accuracy of the inversion model, confirming its potential for directly retrieving vegetation LMA and EWT values from canopy-scale reflectance. To further assess the applicability of the hybrid model, it was applied to PRISMA and EnMAP imagery, resulting in consistent landscape trait maps and achieving high precision in cross-validation results. This provided a pathway for robust vegetation parameter inversion across broad spatial extents.
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Figure 1. Workflow diagram of the hybrid model combining the radiative transfer model (PROSAIL) and artificial neural network (ANN) for retrieving LMA and EWT. 
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Figure 2. PRISMA image (lower right) and EnMAP images (upper left) of the study area. 
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Figure 3. Training accuracy of the hybrid inversion models for (a) LMA and (b) EWT. The red dashed line represents the 1:1 relationship. 
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Figure 4. Scatter plot of inverted values versus measured values for (a) LMA and (b) EWT. The red dashed line represents the 1:1 relationship. 
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Figure 5. Mapping of LMA (mg·cm−2) from (a) PRISMA and (b) EnMAP. Mapping of ARDSI2200,1640,2240,1720 from (c) PRISMA and (d) EnMAP. Mapping of LMA (mg·cm−2) from (e) PRISMA and (f) EnMAP, with non-vegetated areas masked. 
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Figure 6. Mapping of EWT (mg·cm−2) from (a) PRISMA and (b) EnMAP. Mapping of NDWI from (c) PRISMA and (d) EnMAP. Mapping of EWT (mg·cm−2) from (e) PRISMA and (f) EnMAP, with cloud and non-vegetated areas masked. 
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Figure 7. Cross-validation results of (a) LMA and (b) EWT inversion using PRISMA and EnMAP images. The red dashed line represents the 1:1 relationship. 






Figure 7. Cross-validation results of (a) LMA and (b) EWT inversion using PRISMA and EnMAP images. The red dashed line represents the 1:1 relationship.
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Table 1. Field datasets utilized in this study and the corresponding LMA (mg·cm−2) and EWT (mg·cm−2). NB: number of bands, NS: number of samples.
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Dataset

	
Traits

	
Min

	
Max

	
Method

	
Spectra Range

	
NB

	
Land Cover

	
NS

	
Reference






	
DS1

	
LMA

	
1.82

	
14.49

	
Proximal

	
350–2500

	
2151

	
Grassland

	
73

	
[48]




	
EWT

	
5.81

	
46.31

	
73




	
DS2

	
LMA

	
3.39

	
50.71

	
Airborne

	
384–2512

	
426

	
Mix

	
666

	
[49]




	
EWT

	
3.97

	
80.62

	
648




	
DS3

	
LMA

	
0.57

	
11.75

	
Proximal

	
400–2500

	
2101

	
Grassland

	
582

	
[50]




	
DS4

	
EWT

	
4.05

	
40.65

	
Proximal

	
350–2500

	
2151

	
Tundra

	
43

	
[51]




	
DS5

	
LMA

	
5.59

	
10.82

	
Proximal

	
350–2500

	
2151

	
Tundra

	
18

	
[52]




	
DS6

	
LMA

	
8.32

	
13.02

	
Proximal

	
350–2500

	
2151

	
Shrubland

	
22

	
[53]




	
DS7

	
LMA

	
3.92

	
22.43

	
Airborne

	
366–2500

	
223

	
Forests

	
304

	
[54]




	
DS8

	
LMA

	
4.83

	
11.77

	
Airborne

	
405–2445

	
351

	
Forests

	
59

	
[55]




	
DS9

	
LMA

	
3.84

	
14.77

	
Airborne

	
407–2389

	
187

	
Forests

	
80

	
[56]











 





Table 2. The range and sampling methods for PROSAIL parameters. STD: standard deviation.
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	Parameter
	Description
	Unit
	Min
	Max
	Mean
	STD
	Distribution





	LMA
	Leaf mass per area
	mg·cm−2
	0
	50
	10
	13
	Gaussian



	EWT
	Leaf equivalent water thickness
	mg·cm−2
	0
	60
	15
	11.5
	Gaussian



	N
	Leaf structure parameter
	–
	1
	3
	1.5
	1
	Gaussian



	LAI
	Leaf area index
	m2·m−2
	1
	7
	–
	–
	Uniform



	ALIA
	Average leaf inclination angle
	degree
	30
	70
	–
	–
	Uniform



	Psoil
	Soil parameter
	–
	0
	1
	–
	–
	Uniform



	SZA
	Solar zenith angle
	degree
	20
	60
	–
	–
	Uniform










 





Table 3. Performance of vegetation index and characteristic wavelength combinations on the inversion of LMA and EWT.
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Traits

	
Index

	
Formulation

	
R2

	
RMSE (mg·cm−2)






	
LMA

	
ARDSI2200,1640,2240,1720

	
(R2200 − R1640)/(R2240 − R1720)

	
0.67

	
5.4




	
NDMI

	
(R1649 − R1722)/(R1649 + R1722)

	
0.55

	
6.3




	
Band

	
R2300; R1722; R2133; R1649; R1675; R2281; R2260

	
0.88

	
3.4




	
Band

	
R2300; R1722; R2133; R1649; R2281

	
0.87

	
3.4




	
EWT

	
ARDSI1360,1080,1560,1240

	
(R1360 − R1080)/(R1560 − R1240)

	
0.64

	
5.7




	
NDWI

	
(R860 − R1240)/(R860 + R1240)

	
0.46

	
7.0




	
Band

	
R1080; R1240; R1560

	
0.74

	
5.0
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