

  remotesensing-16-03379




remotesensing-16-03379







Remote Sens. 2024, 16(18), 3379; doi:10.3390/rs16183379




Communication



Enhancing Alfalfa Biomass Prediction: An Innovative Framework Using Remote Sensing Data



Matias F. Lucero 1, Carlos M. Hernández 1, Ana J. P. Carcedo 1, Ariel Zajdband 2, Pierre C. Guillevic 2, Rasmus Houborg 2, Kevin Hamilton 3 and Ignacio A. Ciampitti 1,*





1



Department of Agronomy, Kansas State University, Manhattan, KS 66506, USA






2



Planet Labs Inc., San Francisco, CA 94107, USA






3



AGCO Corporation, Duluth, GA 30096, USA









*



Correspondence: ciampitti@ksu.edu







Citation: Lucero, M.F.; Hernández, C.M.; Carcedo, A.J.P.; Zajdband, A.; Guillevic, P.C.; Houborg, R.; Hamilton, K.; Ciampitti, I.A. Enhancing Alfalfa Biomass Prediction: An Innovative Framework Using Remote Sensing Data. Remote Sens. 2024, 16, 3379. https://doi.org/10.3390/rs16183379



Academic Editor: Clement Atzberger



Received: 19 July 2024 / Revised: 6 September 2024 / Accepted: 9 September 2024 / Published: 11 September 2024



Abstract

:

Estimating pasture biomass has emerged as a promising avenue to assist farmers in identifying the best cutting times for maximizing biomass yield using satellite data. This study aims to develop an innovative framework integrating field and satellite data to estimate aboveground biomass in alfalfa (Medicago sativa L.) at farm scale. For this purpose, samples were collected throughout the 2022 growing season on different mowing dates at three fields in Kansas, USA. The satellite data employed comprised four sources: Sentinel-2, PlanetScope, Planet Fusion, and Biomass Proxy. A grid of hyperparameters was created to establish different combinations and select the best coefficients. The permutation feature importance technique revealed that the Planet’s PlanetScope near-infrared (NIR) band and the Biomass Proxy product were the predictive features with the highest contribution to the biomass prediction model’s. A Bayesian Additive Regression Tree (BART) was applied to explore its ability to build a predictive model. Its performance was assessed via statistical metrics (r2: 0.61; RMSE: 0.29 kg.m−2). Additionally, uncertainty quantifications were proposed with this framework to assess the range of error in the predictions. In conclusion, this integration in a nonparametric approach achieved a useful predicting tool with the potential to optimize farmers’ management decisions.
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1. Introduction


Alfalfa (Medicago sativa L.) is a perennial forage legume widely cultivated in arid and semi-arid regions. This forage crop gained popularity among farmers in recent decades due to its agronomic and nutritive value [1,2]. Alfalfa is highly productive, nutrient-rich (with a protein content ranging 15–22%), capable of fixing nitrogen, and adaptable to diverse environmental conditions [3,4]. Alfalfa is commonly cultivated in a four-year rotation, not only because it enhances nitrogen levels for subsequent crops but also because younger stands yield higher yields than older stands [5,6]. Optimal production is contingent upon the implementation of an array of management practices, including irrigation, fertilization, weed control, and disease management. When these practices are properly executed, as a perennial crop, alfalfa fields can be harvested multiple times within a single growing season, during the same growing season, and across years (e.g., for approximately 3–4 times), contingent upon the prevailing climatic and soil conditions [7,8]. This characteristic contributes to a production system that is both sustainable and economically viable [9]. Furthermore, alfalfa has multiple uses, including hay, silage, and pasture. Additionally, it serves as a source for by-products utilized in biofuel production, pharmaceutical compounds, enzymes, and industrial proteins [10]. Despite all these favorable characteristics, inadequate planning in determining mowing or grazing times can lead to low and inconsistent forage production, posing a challenge to meeting the yield and nutritional requirements for livestock [11].



Addressing the challenge of inconsistent forage production, satellite remote sensing-based models have emerged as a promising solution for estimating forage quantity and nutritive value [12,13]. The scientific literature on remote sensing for alfalfa is scarce, focusing on terrestrial and satellite platforms. Biomass regression models frequently compare data from disparate sources rather than integrating them. For example, Song et al. (2021) [14] showed that combining satellite data like Sentinel-2 and MODIS enhances temporal resolution, improving alfalfa harvest monitoring. Similarly, Wang et al. (2020) [15] found that integrating data from multiple sources is more effective for wheat monitoring than using a single satellite source. Consequently, an evaluation was conducted of the efficacy of different spectral bands from various sources in the estimation of biomass. Remote sensing and field data combined with advanced algorithms, such as regression trees (RT), support vector machine (SVM), and extreme gradient boosting models (XGBoost), have been successfully employed to predict biomass and quality characteristics in alfalfa and other crops [16,17,18]. Additionally, these models have also been instrumental in leaf area index [19] and phenotypic determinations [20]. These tools already play a significant role in pastoral decision-making and the improvement of management strategies. However, estimating biomass via remote sensing remains challenging, requiring multi-source data, features, and algorithm selection to enhance biomass estimation performance [21]. Among recent approaches, the Bayesian Additive Regression Trees (BART) algorithm has experienced rapid development and gained widespread popularity in various applications [22]. The incorporation of BART into the analysis was based on the observation that most preceding studies have concentrated on models that yield point estimates but yet fail to provide confidence intervals for biomass predictions [12,23]. A major issue with these approaches is the lack of uncertainty quantification, leading to limited or inaccurate interpretations. This is the case of Linear and generalized linear models (GLMs) are useful for summarizing linear relationships between predictors and responses. However, they fall short when dealing with complex nonlinear patterns. In such cases, nonparametric regressions are a better alternative, as they allow the relationship to be determined directly by the data [24,25]. BART represents a non-parametric ensemble regression tree model constructed by amalgamating a collective assembly of weakly performing decision trees [26]. Furthermore, the Bayesian framework allows the consideration of nonlinear patterns between dependent variables and predictors and the assessment of the uncertainty in the prediction, improving the ability of current models to capture uncertainty and provide sensitivity analysis [27]. From a productive standpoint, it is essential to consider the uncertainties of the predictions during the decision-making process and to change from static to dynamic decision-making [28].



Following this rationale, this study employed field and satellite data to develop an innovative framework to estimate aboveground biomass in alfalfa at the on-farm scale. Specific objectives were to (i) determine the best spectral bands to build an alfalfa biomass predictive model and (ii) explore the capability of BART regression models to predict alfalfa biomass by assessing its performance.




2. Materials and Methods


2.1. Study Area


The study was conducted at the farm level in three fields in Wichita, Kansas, United States (Figure 1) during the 2022 summer season (May to August). The area is described as flat plains at 1050 m above sea level [29] with a semi-humid and semi-arid climate zone with an annual mean temperature of 14 °C. Two fields were under dryland conditions (Fields 2 and 3, Figure 1C,D), while the remaining was under irrigated conditions (Field 1, Figure 1B). Table 1 describes the temperature and precipitations for the studied season. The lowest and highest temperatures recorded during the study were −22 °C and 41 °C, respectively [30]. May was the month with the highest precipitation, with a cumulative value of 208 mm.




2.2. Framework Development


Figure 2 presents the framework followed in this study, showcasing four main stages or levels: 1. Data collection, 2. Feature Engineering, 3. Predictive Modeling, and 4. Model Performance metrics.



2.2.1. Data Collection


Field Data


Before the biomass sampling, productive zones inside each field were delimited to capture field spatial variability among and within different fields. This delimitation was performed using the Green Chlorophyll Vegetation Index (GCVI) calculated by Sentinel-2. The GCVI time series signatures from 2018, 2019, 2020, and 2021 were clustered to define regions with similar patterns using the approach described in Córdoba et al., 2014 [31]. The resulting productivity zones were employed to define the sampling protocol for each site. Biomass samples were collected on a total of 35 geo-referenced points. Biomass was cut at ground level within one square meter to determine the wet yield of pasture at the time of cutting. After that, those samples were dried for seven days in dryers at a constant temperature (60 °C). The biomass samples were collected the day before the farmers’ harvest decision. This resulted in two to five sampling moments per field, depending on the farmers’ management. A description of the sampling dates and the field areas is shown in Table 2.




Remote Sending Data


Four satellite data sources were employed in this analysis: Sentinel-2 from the European Space Agency (ESA) and Fusion, PlanetScope, and Biomass Proxy from the satellite company Planet. Planet Fusion offers daily observations of surface reflectance at 3 m spatial resolution. It provides images with four spectral bands [32]. PlanetScope has similar spatial resolution but it is composed of eight spectral bands [33]. The Biomass Proxy is a new vegetation monitoring product that employs a fusion of radar data from Sentinel-1 and optical satellite imagery from Sentinel-2 to estimate the relative aboveground crop biomass at a spatial resolution of 10 m regardless of cloud cover. As mentioned, the Biomass Proxy provides a relative measure of biomass, where each pixel has a value ranging from 0 (low biomass) to 1 (high biomass) [34]. Sentinel-2 is a free access data source, with spectral bands at 10, 20, and 60 m of spatial resolution, and a temporal revisit time of five days. Sentinel-2 provides 10 bands [35]. Table 3 describes the bands and spectral resolution of the different sources.





2.2.2. Feature Engineering


The datasets from each source were processed independently employing R statistics software [36]. In the case of Sentinel-2, the dataset was obtained from Google Earth Engine [37], and Biomass Proxy, PlanetScope, and Planet Fusion were obtained through Planet’s platform. The first steps were determining the interested area, georeferenced sampling points, and sampling dates. As mentioned, each satellite data source has a different number of spectral bands. Therefore, the “investigate_var_importance” function from the bartMachine R package [29] was employed to perform a feature selection and recognize the most relevant spectral bands for estimating biomass in alfalfa.



Furthermore, a permutation importance cross-validation through “var_selection_by_permute_cv” from the bartMachine R package [38] was applied to improve the robustness of feature selection. This permutation allows minimizing autocorrelation and spatial dimensionality within variables to obtain fewer inputs to build a model in a simpler way [39].



To calibrate the BART models, the hyperparameter tuning process was performed to select the best coefficients. In addition, a grid search was created to establish different combinations between four hyperparameters (k, q, Nu, and Num of trees), obtaining each combination for each value in the range of hyperparameters. A detailed description of the hyperparameters fitted, implemented, and optimal values found can be seen in Table 4. For k and Nu, values from 1 to 10 were implemented, q comprised values between 0.1 and 0.9, and 1 to 100 was the interval to several trees. The resulting combinations were ranked by root mean squared error (RMSE), considering as the best combination the group of hyperparameters with the lowest RMSE.




2.2.3. Predictive Modeling


To improve the fit of the model while minimizing the risk of overfitting, nested cross-validation was implemented. This method consists of two levels of validation: an outer and an inner loop. The first step was to partition the dataset into k-field folds, which formed the outer loop. In this partitioning, each field and its corresponding samples (observations within a field) were treated as a separate test dataset, while the samples of the remaining fields were used for model training. The data were then partitioned again, this time into inner resample training and test datasets within each outer fold (Figure 3). The goal of the inner loop was to optimize the hyperparameters of the model by testing each combination three times, using two fields for training and one field for testing [40]. The final selection was made based on the combination of hyperparameters that minimized the median root mean square error (RMSE). This approach allowed the construction of three optimized models, one for each array.



A regression model for biomass yield forecasting was constructed using the ‘bartMachine’ function from the bartMachine R package [38], incorporating the optimal parameters determined in the preview stages. The two main predictor variables employed were Planet’s PlanetScope Near-Infrared band and Biomass Proxy product. The primary output of this model, indicative of dry biomass yield, was derived from the length of the 95% credible intervals within the respective distributions, thus providing a probability level for each outcome. The mathematical expression of the BART model can be encapsulated in the following Equation [26].


  Y = f   x   + ε = S U M   G   x ; T j , M j     + ε   w i t h   ε ~ N   0 , σ 2    



(1)




where   T j   is the jth binary tree structure containing a set of terminal nodes and splitting rules, and   M j   = {Uj1, …, Ujbj} denotes a set of parameters of the bj terminal nodes associated with   T j  . To regularize the fit of each single tree using prior distributions, BART aims, so that each tree only explains a small part of the variation in the dependent variable.




2.2.4. Performance Metrics


Six model performance metrics were employed: the Pearson correlation coefficient (r2, Equation (2)), the Root Mean Square Error (RMSE, Equation (3)), the Relative RMSE (RRMSE, Equation (4)), the Pseudo r2 (Equation (5)), pi lower, and pi upper.


    r   2   =    S S R   S S T    =    ∑         y  ^    i   − y     2     ∑       y   i   −   y  ^      2         



(2)




where SSR (residual) is the sum of squared residuals, representing the amount of variability unexplained by the model, and SST (total), is the total sum of squares, which is the total amount of variability in the dependent variable.


  R M S E =       ∑  i = 1   n                y  ^    i   −   y   i       2     n        



(3)




where       y  ^    i     is the predicted response,     y   i       is the observed response, and n is the number of samples.


  R R M S E =       1   n     ∑  i = 1   n              y   i   −     y  ^    i       2       ∑  1 = 1   n                y  ^    i       2          



(4)




where       y  ^    i     is the predicted response,     y   i     is the observed response, and n is the number of samples.


    P s e u d o   r   2   =    1 − S E E   S S T       



(5)




where   S E E   is the sum of squared errors in the training data and   S S T   is the total sum of squares or the sample variance of the response multiplied by n − 1.



PI: The credible interval, derived from the BART posterior probability and defined between the lower and upper values. Represents the range where there is a 95% probability of containing the true population parameter.




2.2.5. Framework Case Study


Finally, the first biomass sampling was selected to showcase the model’s functionality. Firstly, the biomass values from the first sampling date were compared to their predicted counterparts, and the performance metrics listed in Section 2.2.4 were evaluated. Secondly, the corresponding predictive and uncertainty maps of alfalfa biomass for each field were built. The size of the map pixels was 10 m−2, composing fields of 3500, 4000, and 3700 pixels. The uncertainty maps were built considering the difference between minimum and maximum uncertainty values from the model.






3. Results


3.1. Biomass Statistics


The values of alfalfa biomass exhibited large variations in yield across the different measurements, ranging from 0.03 (dryland field 3; Table 5) to 2.65 kg m−2 (irrigated field 1; Table 5), with a mean of 0.98 kg m−2 and a standard deviation of 0.3 kg m−2. The highest standard deviation in a sampling corresponded to the first sampling of Field 1 (0.6 kg m−2), whereas the overall standard deviation was 0.30 kg m−2. Table 5 presents a summary of the sampling results.




3.2. Feature Selection


The variable importance through the feature selection showed large differences among remote sensing bands and products. The feature importance retrieved from the trained model between alfalfa biomass and spectral bands and different data sources is shown in Figure 4A. The bands with the higher importance corresponded to PlanetScope and Biomass Proxy. NIR from PlanetScope and Biomass proxy presented 6% importance each (Figure 4). Figure 4B shows the bands’ importance comparison expressed in percentage across evaluated sources. Contrastingly, Planet Fusion’s contribution was lower in comparison with the other sources, and it did not present a band with outstanding performance (<4%).




3.3. Model Development


The trained model shows promising results for effectively estimating biomass yield. Figure 5 shows a relation between observed and fitted values, with a trend in the model to underpredict biomass over 1.6 kg m−2. The model performance results were: r2: 0.61, RMSE: 0.29 kg m−2, and pseudo r2 inner: 0.85. (Figure 5).




3.4. Case Study


Values extracted from the first sampling date were compared with predictions of the model. Figure 6 represents the benchmarking between those points. The performance results were: r2: 0.45, RMSE: 0.41 kg m−2, and RRMSE: 0.35. Similar to Figure 5, there was a trend to underpredict biomass over 1.6 kg m−2. Lastly, Figure 7A shows predicted biomass maps, identifying areas of lower (0.5 kg m−2; Field 3 Figure 7A) and higher productivity (1.6 kg m−2; Field 1 Figure 7A). The total biomass obtained was 3810 kg ha−2, 3230 kg ha−2, and 4340 kg ha−2 for fields 1, 2, and 3, respectively. Figure 7B presents biomass uncertainty maps, with variations in the predicted biomass from 0.6 kg m−2 to 1.1 kg m−2. Field 2 had the highest uncertainties (1.08 kg m−2; Figure 7B) while Field 3 showed the lowest (0.61 kg m−2; Figure 7B). Notably, Field 1 has reduced variability in biomass prediction and is linked to stable uncertainty. Field 2 showed low biomass estimates with high uncertainty. Conversely, Figure 3 demonstrates greater variability in biomass prediction, suggesting more accurate estimations associated with low to medium uncertainty.





4. Discussion


This study presents a novel framework to estimate biomass yield, incorporating ground truth data collection, a robust cross-validation scheme, and a hyperparameter tuning approach to obtain a predictive model from a small dataset. The framework includes an ensemble nested method [41] that addresses model overfitting and spatial autocorrelation among variables [8,42]. This study proposes a validation approach that helps in selecting the best model by identifying the optimal combination of hyperparameters, mainly under reduced-size datasets. This method effectively utilizes the whole dataset for training and testing, yet in different stages, resulting in better hyperparameter tuning [43]. Moreover, overfitting problems can lead to performance deficiencies, making robust non-parametric methods crucial for validating, selecting, and evaluating predictive accuracy [44]. In this regard, BART provides much richer information than classical regression methods [45], as they incorporate uncertainty quantification [46], providing credible intervals to improve estimation accuracy by supplying a flexible database [47]. The findings of this study offer a promising solution to the challenges encountered in remote sensing and pasture modeling publications due to small experimental datasets, paving the way for future research avenues.



When working with remote sensing, it is essential to consider the vast array of satellite products and resources available today. This study provided insights regarding the performance of spectral bands for estimating alfalfa biomass, while previous efforts focused on ranking vegetation indexes [48]. Despite the work that has been carried out, a better understanding of the spectral reflectance saturation of vegetation remains a challenge. Variability in spectral reflectance saturation depends on a sensor type and vegetation structure [49]. The superior results of PlanetScope NIR and Biomass-Proxy are not only due to the higher geometric resolution that better matches the sample areas, but also due to the ability to adjust the pixel purity, which measures the degree of homogeneity with respect to the target crop. The results show that the optimal pixel size and wavelengths are not universal and vary from crop to crop. Therefore, it is reasonable to conclude that the PlanetScope NIR and Biomass-Proxy stand out for their geometric and spectral resolution as they relate to specific crops [50,51]. The assessment of biomass in crops such as alfalfa requires the consideration of different wavelengths, as observed by Tedeco et al. (2022) [52]. In concordance with this study results, a more comprehensive analysis by She et al. (2020) [53] ranked the B8 (Sentinel-2) band as crucial in determining yield estimation and crop management for crops such as corn, soybean, and rice. Additionally, Sentinel-2 proved superior to SAR (Sentinel-1) in explaining crop changes due to the latter’s complexities in image processing and interpretation [54]. A recent review by Tedesco et al. (2022) [54] found that Sentinel-2 bands were especially relevant for predicting alfalfa biomass. In this study, we found that PlanetScope NIR band and the radar-based Biomass Proxy product were the most important features in predicting alfalfa biomass. The relevant bands in this study were selected using permutation importance for selecting stable features [55]. This approach enables the comparison and selection of the most important bands from widely used data sources to estimate alfalfa biomass yield-reducing multicollinearity issues.



Predicting alfalfa biomass based on remote sensing products has been a challenging task with varying levels of performance reported in the literature (R2 from 0.39 to 0.85; RMSE from 143 kg ha−2 to 330 kg ha−2) [5,56,57,58]. Sileshi et al. (2014) [59] identified several common errors in the development of biomass regression models. These errors include an arbitrary selection of analytical methods, inadequate model evaluation, failure to account for collinearity, uncritical application of model selection criteria, and insufficient presentation of results. In our study, we tried to avoid these confusions. Therefore, our potential errors are likely more closely tied to the limited size of the dataset. Among these previous studies, a major weakness is the lack of spatial measurements of uncertainty in their predictions. The present study amends this limitation by employing a BART approach. Recent research has demonstrated that BART approaches can successfully predict coverage using remote sensing imagery and field data [60]. Remote sensing imagery and the Bayesian approach have also been applied to crops such as maize and sorghum to obtain regressions and uncertainty intervals in predictions [61,62]. This methodology has outperformed other methods, such as gradient-boosting machines and random forests, as evaluated on different datasets [63]. Not only does this instill confidence in its robustness and reliability, but it can also provide valuable insights into the spatial uncertainty associated with the predictions.



A few limitations of this study were related to the limited availability of ground truth data, exploring different environments, and cutting times during the growing season. The spatial transference of this model to other fields is limited to the training dataset, and further testing is needed in order to use this model with values of biomass beyond the range explored in this study. Therefore, future efforts should be made to explore more extensive geographic coverage and sampling moments during the growing season. The integration of new data leads to continual improvement in predictions over time, thus offering more accurate insights for management [39]. Furthermore, incorporating data from weather (such as precipitation, accumulated radiation, and temperatures), crop management information (e.g., days after sowing), soil variables, and weather could improve the prediction performance [16,64]. All these efforts contribute to developing a nondestructive tool for determining alfalfa cutting time using satellite imagery.




5. Conclusions


This study described an innovative framework to develop predictive models from small datasets. Through implementing nested cross-validation with a hyperparameter tuning optimization in the same approach, this study obtained promising estimation results (r2: 0.61; RMSE: 0.29 kg m−2), despite its small ground truth dataset. In addition, the proposed framework provides the uncertainty quantification to assess the range of error in the predictions. Furthermore, another outcome of this study is the comparison of different bands and satellite products. In this regard, PlanetScope NIR band and Biomass Proxy from Planet were used to train the model. Future steps should focus on expanding the spatial footprint of the observed data and include sampling moments in different crop stages. Finally, the proposed method represents a first step towards developing a nondestructive tool for determining alfalfa cutting time using satellite imagery.
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Figure 1. (A) Geographical distribution of the fields in Kansas, United States, included in this study. (B–D) show the spatial distribution of the samples within each field. The field in panel (B) was under irrigated conditions, while the fields in panels (C,D) were in dryland conditions. 
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Figure 2. Conceptual framework of integrating and analyzing satellite and ground field data to obtain a biomass prediction model with the application at on-farm scale using a Bayesian approach. 






Figure 2. Conceptual framework of integrating and analyzing satellite and ground field data to obtain a biomass prediction model with the application at on-farm scale using a Bayesian approach.



[image: Remotesensing 16 03379 g002]







[image: Remotesensing 16 03379 g003] 





Figure 3. Nested cross-validation diagram. Example of split data holding one field and sample date out to create a training and testing set to tune hyperparameters. 
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Figure 4. Importance between different spectral bands and alfalfa forage biomass. Panel (A) shows the band comparison across remote sensing sources. The orange highlighting of the first and second boxes identifies the two selected bands. Panel (B) shows the importance of the variables for each source independently. The colors stand for the source of the data (gray = Biomass Proxy, blue = Planet Fusion, light blue = PlanetScope, violet = Sentinel 2). Importance expressed in percentages. 
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Figure 5. Accuracy evaluation of alfalfa regression model. Relation between observed and predicted biomass. The vertical lines represent the interval of 95 of the probability. Different colors (red = field 1, green = field 2, and blue = field 3) represent the data from the different fields. The dashed line is the 1:1 relation between observed and predicted values. 
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Figure 6. Benchmarking was obtained between field biomass and model results for the first sampling date. The dashed line is a 1:1 relationship observed/ predicted. Color points represent different fields (red = field 1, green= field 2, and blue field 3). Units are expressed in kg m−2. 
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Figure 7. (A) Predicted maps of alfalfa biomass. The colors range from yellow (low biomass) to green (high biomass). (B) Uncertainty maps of alfalfa biomass. The maps show the difference between the minimum and maximum prediction. Colors range from brown (low), and beige (intermediate) to black (high). 






Figure 7. (A) Predicted maps of alfalfa biomass. The colors range from yellow (low biomass) to green (high biomass). (B) Uncertainty maps of alfalfa biomass. The maps show the difference between the minimum and maximum prediction. Colors range from brown (low), and beige (intermediate) to black (high).



[image: Remotesensing 16 03379 g007]







 





Table 1. Mean, minimum, and maximum temperature (°C) and cumulative precipitations (mm) from May 1st to September 30st. Obtained from Mesonet (Station Mount Hope 3NE GDM).
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	Weather Variable
	Value





	Mean temperature (°C)
	24



	Minimum temperature (°C)
	3.7



	Maximum temperature (°C)
	41



	Cumulative precipitation (mm)
	384










 





Table 2. Description of the field area and sampling dates.
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	Field
	Surface (ha)
	
	
	Sampling Dates
	
	





	1
	25
	3 May
	13 June
	8 July
	27 July
	8 August



	2
	58
	13 May
	14 June
	
	
	



	3
	63
	16 May
	14 June
	27 July
	
	










 





Table 3. Sources, bands, and spectral resolution included in the analysis.
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Sources

	
Bands

	
Spectral Resolution (μm)






	
Planet Fusion

	
Blue

	
0.45–0.51




	
Green

	
0.53–0.59




	
Red

	
0.64–0.67




	
NIR

	
0.85–0.88




	
PlanetScope

	
Coastalblue

	
0.431–0.452




	
Blue

	
0.465–0.515




	
GreenI

	
0.513–0.549




	
Green

	
0.547–0.583




	
Yellow

	
0.600–0.620




	
Red

	
0.650–0.680




	
Rededge

	
0.697–0.713




	
NIR

	
0.845–0.885




	
Sentinel-2

	
B2

	
0.459–0.525




	
B3

	
0.542–0.578




	
B4

	
0.649–0.680




	
B5

	
0.697–0.712




	
B6

	
0.733–0.748




	
B7

	
0.773–0.793




	
B8

	
0.780–0.886




	
B8A

	
0.854–0.875




	
B9

	
0.935–0.955




	
B11

	
1.568–1.659




	
B12

	
2.115–2.290











 





Table 4. Hyperparameters, values, and optimized value incorporated within the BART model evaluation.
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	Hyperparameter
	Values Implemented
	Optimized Value





	k
	1–3–5–7–9
	1



	q
	0.1–0.3–0.5–0.7–0.9
	0.1



	Nu
	1–3–5–7–9
	1



	Num tress
	1 to 100 (By steps of 3)
	61










 





Table 5. Dates, means, standard deviation, minimum, and maximum values of biomass obtained through samplings in the different fields. The values are expressed in kg m−2.
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	Field
	Date
	Mean
	Standard Deviation
	Minimum
	Maximum





	1
	3 May 2022
	1.62
	0.6
	0.76
	2.65



	
	13 June 2022
	1.46
	0.19
	1.06
	1.75



	
	8 July 2022
	0.97
	0.26
	0.26
	1.2



	
	27 July 2022
	1
	0.2
	0.73
	1.28



	
	30 August 2022
	0.7
	0.26
	0.25
	1.24



	2
	13 May 2022
	0.9
	0.24
	0.59
	1.42



	
	14 June 2022
	0.92
	0.36
	0.41
	1.41



	3
	16 May 2022
	0.99
	0.45
	0.46
	1.74



	
	14 June 2022
	0.85
	0.28
	0.37
	1.39



	
	27 July 2022
	0.25
	0.19
	0.03
	0.59



	Overall
	
	0.98
	0.3
	0.03
	2.64
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