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ABSTRACT

The underutilization of remote sensing technology has compromised sustainable forage 
resource management, impeding the progress of livestock farmers in the northern Peruvian 
highlands. To accurately predict forage biomass in six high-altitude (2600-2800 m) ryegrass 
(Lolium multiflorum Lam) -clover (Trifolium repens) paddocks, we applied machine learning 
models implemented in Google Earth Engine using spectral indices derived from UAV-based 
multispectral imagery captured by a Micasense RedEdge MX camera mounted on a DJI 
Matrice 600. A total of 75 forage samples were collected from precisely geo-referenced plots 
to train and validate machine learning models based on 13 spectral indices. The Random 
Forest (RF) model, comprising 500 trees for green forage and dry matter, demonstrated high 
accuracy and efficiency. UAV-based biomass prediction using GEE and ML techniques was 
validated, achieving R² values of 0.671 and 0.747 and low errors. By integrating UAVs, sensors, 
and cloud-based ML, we can decision-support potential in the inter-Andean valley. This 
innovative approach reduces costs, ensures high-resolution snapshot biomass assessment, 
and empowers producers to make data-driven decisions.
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1. Introduction

The dairy cattle grazing in the northern highlands of Peru, which were established in the 1950s, have been 
characterised by the maintenance of soil and pasture management practices that have remained unvaried. 
This has probably had a negative effect on the yield and morphogenetic characteristics of the ryegrass- 
clover association, which forms the basis of animal feed (Vallejos Fernández et al., 2020; Vallejos-Cacho 
et al., 2024). The research conducted in this region, which exhibits a range of altitudes (masl), necessitates 
a considerable investment of physical effort, time, and financial resources. Consequently, the pursuit of 
solutions is inherently arduous and protracted. In light of these circumstances, the deployment of 
technological tools is imperative for the monitoring of the 127,120 production units (Cenagro, 2012), 
with the objective of discerning the forage biomass throughout its growth cycle. This approach facilitates 
the advancement of sustainable management strategies that integrate the demand for food with the 
availability of forage, which ultimately translates into efficacious grazing practices (Théau et al. 2021; 
Villalobos-Villalobos and WingChing-Jones, 2023) and, consequently, an augmentation in production.

The term 'biomass' is defined as the production of primary energy by plants within an ecosystem (De Rosa 
et al., 2021). It can be assessed by various indirect techniques, such as the use of multispectral microsensors on 
board unmanned aerial vehicles, which are flexible tools for biomass monitoring (Batistoti et al., 2019; Goebel and 
Iwaszczuk, 2023; Insua et al., 2019; Villalobos-Villalobos and WingChing-Jones, 2023). The sensors capture the 
reflectance of different types of vegetation in the form of images, which exhibit unique spectral behaviours 
(Qamar and Dobler, 2023).

For example, near-infra-red radiation (760-900 nm) is highly reflected by the leaf's cellular structures, 
whereas visible red radiation (630-690 nm) is absorbed by chlorophyll (Kume, 2017; Van Der Tol et al., 
2019). The integration of these two domains facilitates the determination of the photosynthetically active 
biomass across the vegetation canopy, with healthy vegetation reflecting a greater proportion of near-infra- 
red wavelengths than senescent vegetation (Butterfield and Malmström, 2009). Vegetation indices employ 
a range of band combinations to represent or measure existing biomass (Morais et al., 2021).

The combination of machine learning (ML) and cloud computing, exemplified by the Google Earth 
Engine (GEE), facilitates the examination of extensive datasets with high temporal resolution and spatial 
density, derived from satellite platforms and from UAV-derived raster products (e.g. orthomosaics and 
vegetation indices) (M et al., 2023; Ouchra and Belangour, 2024). This approach minimises the impact of 

2 L. VALLEJOS-FERNÁNDEZ ET AL.



noise and overfitting and is more effective than traditional computer systems and classical analysis 
methods. Furthermore, it allows for the exploration of a wide range of parameter values, guided by 
training data, to identify solutions that optimise specific performance metrics (La Salandra et al., 2024). 
This free platform is capable of storing and analysing high-resolution images as raster data (Javidan et al., 
2024). Furthermore, it permits the execution of numerous machine learning algorithms to predict biomass 
models utilising spectral bands and vegetation indices across multiple processors in a simultaneous 
manner, thereby reducing processing time and resource usage while delivering accurate results (Bazzo 
et al., 2023).

In this context, the objective of the research was to predict biomass through the application of digital 
mapping using Google Earth Engine (GEE), UAV imagery and machine learning (ML) on six farms with 
predominantly ryegrass (Lolium multiflorum Lam)—clover (Trifolium repens) grassland located between 
2600 and 2800 masl. This approach employed high-resolution reflectance imagery derived from a 
multispectral camera (Red Edge MX model; MicaSense Inc.) mounted on a UAV, and the data were 
compared to in situ measurements of wet and dry biomass.

2. Materials and methods

2.1. Study area

The Cajamarca Valley is situated at an elevation of 2,718 metres above sea level, with average temperatures 
ranging from 5 to 20 degrees Celsius. The valley is characterised by deep to very deep soils and gentle 
slopes of 0-8 percent, which combine to create an environment conducive to intensive agriculture and 
livestock farming. Furthermore, the region displays significant development potential. The annual rainfall 
is divided into two distinct periods: a high rainfall period from January to March and a low rainfall period 
from May to October. The precipitation ranges from 530 mm to 849 mm per year (SENAMHI, 2024; 
Vallejos-Cacho et al., 2024). The research was conducted throughout the Cajamarca Valley in the northern 
region of Peru, with a particular focus on six grazing paddocks (Figure 1). These paddocks consisted of 
pastures with a rye grass-clover (Lolium multiflorum Lam., Fl. Franç. (Lamarck) 3: 621 (1779) - 
Trifolium repens L., Sp. Pl. 2: 767 (1753).) association.

2.2. Ethics and permissions statement

The investigation complied with all RPAS flight permits issued to the pilot, bearing Accreditation N°02287 
from the Directorate General of Civil Aeronautics, for the operation of the imaging equipment. Since the 
areas under study were cultivated lands, no specific authorisations from the competent environmental 
authority were required. Consequently, the work proceeded with the sole authorisation from the Ministry 
of Transport and Communications.

2.3. Methodological framework

Figure 2 illustrates the methodological framework used in this study, which is further elaborated in the 
following three subsections:

2.4. Field sampling

In total, 75 biomass samples were collected in six grazing paddocks of the Cajamarca Valley during the 
second week of November 2021 using a 0.5 × 0.5 quadrat. The sample plots were georeferenced using a D- 
RTK 2-DJI GNSS. This approach offers straightforward implementation, enabling the uncomplicated 
estimation of quality measures and their precision. This results in relatively precise estimates, eliminating 
the need for assumptions about the standard error of the estimated quality measures.

During the second week of November 2021, we collected 75 biomass samples from six grazing paddocks 
in the Cajamarca Valley. Each sample was taken from a 0.5 × 0.5-metre square area. The exact location of 
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Figure 2. Representation of the methodological framework used in this study.

Figure 1. Location of the study area, Cajamarca valley (Peru). Prepared using Google Earth.
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each sample was recorded using a D-RTK 2-DJI GNSS. This method is simple to use and provides accurate 
estimates of biomass quality without requiring complex calculations or assumptions.

2.4.1. Acquisition and processing of multispectral imagery
High-resolution (3.2 megapixels) multispectral imagery was acquired using a MicaSense RedEdge MX 
camera mounted on a DJI Matrice 600 drone (Figure 3). The camera captured data in five spectral bands: 
blue (475 ± 2 nm), green (560 ± 20 nm), red (668 ± 10 nm), near-infra-red (NIR) (840 ± 40 nm), and red- 
edge (RE) (717 ± 10 nm). Flight planning and camera settings were optimised for data collection.

The aerial survey was carried out around midday, flying at an altitude of 120 m. Images were taken every 
two seconds, resulting in a consistent 75% frontal overlap and 75% lateral overlap between consecutive 
photographs. Before and after each flight, images of a calibrated reflectance panel were acquired, and the 
multispectral camera’s irradiance sensor was used during flights to correct for changes in ambient light 
conditions. These calibration steps allowed the generation of surface reflectance products. All images were 
saved as high-quality 16-bit TIFF files. The Pix4D Pro Mapper (Prilly, Switzerland) software was used to 
process the images and generate a precise 3D model, which served to ensure accurate georeferencing. 
Vegetation indices were then calculated from the orthomosaics for biomass estimation. The minimal discrep
ancy (less than 0.5%) between the original camera settings and those refined during processing indicated that 
the initial camera information was accurate enough for producing a reliable orthomosaic.

Within each paddock, four ground control points (GCPs) were collected using a D-RTK 2-DJI GNSS, 
which provides horizontal and vertical accuracies of 1 cm + 1 ppm (RMS) and 2 cm + 1 ppm (RMS), 
respectively. These GCPs were integrated to enhance the topographic accuracy of the point cloud and 
the reflectance bands of the orthomosaic. The final orthomosaic achieved a root mean square error 
(RMSE) of 5.12 cm, lower than the ground sampling distance (15.42 cm). This ensured reliable georefer
encing for vegetation index and biomass analyses and allowed accurate spatial correspondence with the 
clipped biomass quadrats.

2.4.2. Model development and statistical analysis
2.4.2.1. Variable extraction. Thirteen commonly used spectral indices (Table 1) were employed to develop 
spatial biomass models, as they capture vegetation, soil, and water characteristics. For each 0.5 × 0.5 m quadrat, 
spectral indices were extracted as mean values from the corresponding orthomosaic area, ensuring a one-to-one 
correspondence between field biomass measurements and predictor variables.

2.4.2.2. Covariates selection. To streamline our analysis and improve computational efficiency, we 
conducted a de-correlation analysis on the 18 spectral covariates selected as potential predictors. We 

Figure 3. (a) Matrice 600 UAV integrated with the Micasense Rededge MX sensor serving as the imaging platform used 
in this study, (b) Micasense Rededge MX, (c) Reflectance calibration panel, and (d) Georeferenced quadrat plot.
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retained only those covariates with a pairwise correlation coefficient below 0.85. In cases where multiple 
covariates were highly correlated, we prioritised the alphabetically first one. This process resulted in a 
reduced set of five key predictors for our modelling phase.

2.4.2.3. Spatial analysis. Machine Learning Models. Three machine learning regression techniques 
were employed to model fresh and dry biomass: Classification and Regression Trees (CART), Random 
Forest (RF), and Gradient Boosting (XGBoost).

CART is a non-parametric algorithm that constructs decision tree models by recursively partitioning 
the data into smaller subsets based on predictor values, allowing it to capture nonlinear relationships and 
reduce the influence of noise (Jain et al., 2020). However, single CART models can be unstable and 
sensitive to small data perturbations.

To overcome these limitations, ensemble approaches such as RF and XGBoost use multiple trees to 
improve predictive performance and stability (Gholizadeh et al., 2018). RF constructs numerous decision 
trees, each trained on a random subset of data and predictor variables, and produces regression predictions 
by averaging across trees, thereby reducing variance and enhancing generalisation (Luo et al., 2016). RF is 
robust to different data distributions, capable of modelling both discrete and continuous variables, and has 
shown excellent ability to uncover complex nonlinear patterns with strong generalisation performance 
(Phinzi et al., 2021).

XGBoost, a leading gradient boosting method, trains decision trees sequentially, with each iteration 
correcting errors from the previous trees. This iterative boosting process effectively manages complex 
datasets, reduces overfitting, and achieves high predictive accuracy in both classification and regression 
tasks; Wang and Zhang, 2021).

Leave-One-Farm-Out Cross-Validation. To ensure robust and unbiased model evaluation, we imple
mented a Leave-One-Group-Out Cross-Validation Cross-Validation (LOGO-CV) approach to address 
spatial autocorrelation within farms and provide realistic estimates of model generalisation to new 
locations (Meyer and Pebesma, 2021; Ploton et al., 2020; Roberts et al., 2017). The validation consisted 
of six iterations, each using five farms for training and hyperparameter tuning while holding out one farm 
for independent validation (Pohjankukka et al., 2017). This spatial validation strategy ensures performance 
metrics reflect the model's ability to predict biomass at unseen locations, avoiding overly optimistic 
estimates from random cross-validation in spatially structured data (Schratz et al., 2019; Wadoux and 
Heuvelink, 2021).

Hyperparameter Optimisation. Optimal hyperparameters were determined through grid search on 
training data before evaluation on each held-out farm (Bergstra and Bengio, 2012; Probst et al., 2019). For 
XGBoost, we varied the number of trees (NT: 50–500 in steps of 50) and sampling rate (SR: 0.05–0.09 in 

Table 1. Spectral indices computed from the Micasense Rededge MX.    
Bands Wavelength (nm)

Normalised Difference Vegetation Index (NDVI) (Rouse and Haas,  1974) NIR RED
NIR RED

( )
( + )

Normalised Difference Water Index (NDWI) (McFeeters,  1996) NDWI = GREEN NIR
GREEN NIR

( )
( + )

Soil Adjusted Vegetation Index (SAVI) (Qi et al.,  1994) L = 0.6 

( ) L(1 + )NIR RED
NIR RED

( )
( + + 1)

Green Normalised Difference Vegetation Index (GNDVI) (Gitelson et al.,  1996) NIR GREEN
NIR GREEN

( )
( + )

Difference Vegetation Index (DVI) (Richardson and Everitt,  1992) NIR RED( )
Optimised Soil Adjusted Vegetation Index (OSAVI) (Rondeaux et al.,  1996) ( )(1 + 0.16) NIR RED

NIR RED
( )

( + + 0.16)

Excess Green index (ExG) (Woebbecke and Meyer,  1995) GREEN RED BLUE2 ×
Excess Red index (ExR) (Meyer et al.,  1999) RED GREEN2 ×
ExG–ExR (Meyer and Neto,  2008) ExG ExR
Normalised Difference Index (NDI) (Bannari et al.,  1995) GREEN RE

GREEN RE
( )
( + )

Red-edge Normalised Difference Vegetation Index (NDRE) (Gitelson and Merzlyak,  1994) NIR RED
NIR RED

( )
( + )

Chlorophyll vegetation index (CVI) (Vincini et al.,  2008) NIR × ( )RED
GREEN2

Simple Ratio Red/Blue Iron Oxide (SRI) (Hewson and Cudahy,  2001) RED BLUE/

Micasense RedEdge MX multispectral central wavelengths: B, G, R, RE and NIR: 474, 560, 668, 717 and 840 nm. 
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steps of 0.01), while holding shrinkage (0.005), max_nodes (unrestricted), loss function (Least Absolute 
Deviation), and random seed (0) constant (Chen and Guestrin 2016), resulting in 50 combinations. For 
Random Forest, we varied NT (50–500 in steps of 50), variables per split (VPS: 1–5), and bag fraction (BF: 
0.1–1.0 in steps of 0.1) (Breiman, 2001; Probst and Boulesteix, 2018), generating 500 combinations 
per fold.

Model Evaluation. Model performance was assessed using coefficient of determination (R²), Root Mean 
Square Error (RMSE), and Mean Absolute Error (MAE) (Chai and Draxler, 2014; Hodson, 2022; Legates 
and McCabe, 1999). Metrics were calculated for each validation fold and averaged to obtain overall 
performance, with higher R² and lower RMSE and MAE indicating superior predictive accuracy.

Predictor importance was ranked by calculating normalised percentage contributions to model accu
racy, identifying variables most frequently used at decision nodes (Strobl et al., 2007). Spatial uncertainty 
was assessed by calculating standard deviation across the six validation maps, identifying areas with lower 
prediction reliability (Hengl and Nussbaum, 2018; Meyer and Pebesma, 2021).

3. Results

3.1. Descriptive statistics

Figure 4 illustrates the distribution of fresh and dry biomass across farms, with mean values indicated 
above each boxplot. Fresh biomass ranged from 52.64 to 3,985.40 g/m², while dry biomass varied between 
34.74 and 392.58 g/m². In addition to the wide dispersion, the mean values provide a clear indication of 
central tendencies across farms. Fresh biomass generally exhibited higher mean values and greater 
variability, particularly in farms 1 and 4, where extreme values and broad interquartile ranges were 
observed. By contrast, dry biomass showed lower means and narrower interquartile ranges, reflecting a 
more clustered distribution. These results emphasise both the heterogeneity of biomass production among 
farms and the stronger variability of fresh compared to dry biomass.

3.2. Correlation analysis between predictors and biomass

Figure 5 shows the Pearson correlation coefficients (r) between fresh and dry biomass and the covariables 
(spectral bands and vegetation indices) derived from Micasense RedEdge-MX imagery, visualised using the 
corrplot package in R (Wei and Simko, 2017).

Figure 4. Boxplots of fresh and dry biomass (g/m²) across farms (Fundo). Mean values are indicated above each boxplot.
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Panel (a) presents the full correlation matrix including all variables, while panel (b) displays the 
reduced set of predictors selected through a decorrelation procedure. Because fresh and dry biomass 
share the same set of spectral predictors, a combined correlation matrix provides a clearer overview of 
their associations with the covariates. The analysis revealed distinct patterns: dry biomass was 
positively associated with the red spectral band and the Structural Ratio Index (SRI) (r = 0.16–0.39), 
whereas fresh biomass was more strongly correlated with the near-infra-red (NIR) band, NDVI, and 
ExG index (r = 0.10–0.33).

3.3. Analysis of modelling outcomes

Table 2 presents the performance of the regression models with the highest predictive accuracy, evaluated using 
the validation dataset. For fresh biomass estimation, the Random Forest model configured with 500 trees, four 
variables per split, and a bag fraction of 0.9 yielded the best performance (R² = 0.671, RMSE = 4.415, 
MAE = 2.521, RPD = 1.750). For dry biomass, the Random Forest model with 500 trees, three variables per 
split, and a bag fraction of 0.9 achieved the highest accuracy (R² = 0.747, RMSE = 0.279, MAE = 0.130, 
RPD = 1.982). In comparison, the XGBoost model demonstrated moderate predictive capacity for both fresh 
biomass (R² = 0.616, RMSE = 4.768) and dry biomass (R² = 0.708, RMSE = 0.299), while the CART model 
exhibited the lowest performance across the assessed variables (R² = 0.521 and 0.578 for fresh and dry biomass, 
respectively). These results confirm that Random Forest consistently outperformed other algorithms when 
evaluated on independent validation data, with dry biomass estimation showing superior predictive performance 
compared to fresh biomass.

Figure 5. Pearson correlation coefficients (r) between measured fresh and dry biomass and spectral predictors (bands 
and vegetation indices) derived from Micasense RedEdge-MX imagery. Coefficients are significant at the 5% probability 
level; cells marked with ʻX’ indicate non-significant correlations.

Table 2. Optimal hyperparameters and predictive performance of CART, random forest (RF), and XGBoost models for dry 
biomass and fresh biomass estimation.         
Variable Algorithm Optimal R² RMSE MAE RPD

Dry biomass CART cp = 0.001; maxdepth = 15; minsplit = 10 0.578 0.364 0.180 1.519
RF ntrees = 500; mtry = 3; bag = 0.9 0.747 0.279 0.130 1.982

XGBoost nrounds = 600; eta = 0.05 0.708 0.299 0.159 1.848
Fresh biomass CART cp = 0.001; maxdepth = 15; minsplit = 20 0.521 5.366 3.337 1.437

RF ntrees = 500; mtry = 4; bag = 0.9 0.671 4.415 2.521 1.750
XGBoost nrounds = 600; eta = 0.10 0.616 4.768 3.034 1.6177
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3.4. Prediction results and relative importance of the predictors

In light of the preceding outcomes, the most efficacious regression models were selected and maps 
illustrating the spatial quantitative distribution of fresh and dry biomass were created (see Figures 6–8). 

Figure 6. Normalised importance for both dry and fresh matter.

Figure 7. Prediction maps for dry biomass with uncertainty maps.
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The top-performing models, characterised by high accuracy and low error rates, rely heavily on spectral 
indices and bands. These models reveal distinct sets of predictors for accurately estimating dry and fresh 
biomass.

Figure 9 presents a comparison of biomass estimation by quadrats and UAV, derived from the optimal 
model utilising UAV imagery. The results indicate significant variation in biomass estimations for fresh 
matter between different farms, while the differences are less pronounced for dry matter estimates. 
Additionally, the mean biomass values are similar between the two methods for both fresh and dry 
matter. A key advantage of using UAV estimations is the ability to visualise the spatial variation of biomass 
within each paddock and among different paddocks, which is more pronounced when estimating fresh 
matter.

Figure 8. Prediction maps for fresh biomass with uncertainty maps.

Figure 9. Comparison of biomass estimation by quadrats and UAV.
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4. Discussion

The generation of biomass models using machine learning (ML) represents a viable approach for the 
prediction of biomass. In this instance, the R2 value for fresh biomass was 0.671, while the R2 value for dry 
biomass was 0.747, as detailed in Table 2. These results were obtained using random forest (RF). These 
values are noteworthy in comparison to previous research (Insua et al., 2019; Monteith, 1972). The RF 
method exhibited superior performance compared to the PLSR (R2 = 0.899) and SVM (R2 = 0.837) 
methods obtained by Amarsaikhan and Erdenebaatar, 2023) (Amarsaikhan and Erdenebaatar, 2023), 
potentially due to the height and speed of flight performed. The results obtained are comparable when 
multispectral images are combined with spectral indices as predictors, with an enhanced correlation with 
biomass. This improvement can be attributed primarily to the typical absorption characteristics of 
vegetation in the visible and near-infra-red spectral regions. In contrast, Théau et al. (2021) employed a 
regression-based biomass prediction model for a grass-based system utilising the green normalised 
difference vegetation index (GNDVI), attaining an R2 of 0.80 for fresh matter and 0.66 for dry matter 
(Théau et al., 2021). Such precise estimations are only possible when fresh matter levels are below 3 kg/m².

The productivity of vegetation is strongly associated with the manner in which solar radiation interacts 
with the plant canopy. This concept was first proposed by Monteith (1972) (Hengl and Hengl and 
MacMillan, 2019), who suggested that the productivity of stress-free annual crops is linearly related to 
the photosynthetically active radiation (PAR) absorbed by the vegetation. Consequently, in our study, 
spectral vegetation indices (VI) such as the normalised difference vegetation index (NDVI) were developed 
for application to cropland and grassland.

Given that machine learning models are not constrained by the assumption of normality (Näsi et al., 
2018), no data transformations were applied to the model used in the present study. Random forest (RF) is 
regarded as a technique that mitigates the uncertainty associated with classification and regression tree 
(CART) because RF takes the mean of a set of fully developed trees. The construction of a substantial 
number of uncorrelated, noisy and approximately unbiased trees serves to reduce the variance and 
uncertainty of the model, as evidenced by Bazzo et al. (Bazzo et al., 2023). Additionally, RF is capable 
of running efficiently on large datasets, is relatively robust to outliers, and is an effective method for 
processing complex training data (Rodriguez-Galiano et al., 2012).

Random Forest (RF) has proven to be highly accurate in estimating biomass in agriculture, comparable 
to other methods. This aligns with the findings of several studies. Morais et al. (2021) highlight RF as the 
most common machine learning approach for biomass estimation in grasslands (Zeng et al., 2021). 
successfully applied RF to estimate Aboveground Biomass (AGB) in Chinese grasslands using Remote 
Sensing (RS) data and other relevant information. Furthermore Edirisinghe et al. (2011) demonstrated the 
effectiveness of a similar approach in estimating biomass in Australian grazed grasslands using Normalised 
Difference Vegetation Index (NDVI) data from RS and a regression model. These successful applications 
by other researchers further validate the reliability of our methodology.

The overall prevalence of spectral indices such as NDVI, ExG and SRI in fresh and dry biomass is related to the 
abundance and productivity of green vegetation (Ardiansyah et al., 2018; Bazzo et al., 2023). These inputs are 
similar to those obtained for biomass prediction based on multiple spectral indices rather than a single one (Li 
et al., 2021; Théau et al., 2021). Furthermore, it should be noted that mapping the spatial structure of vegetation is 
essential to improve biomass predictions, which cannot be achieved solely with 3D models based on photogram
metric restitution (Pranga et al., 2021). A more suitable alternative is the use of dense point clouds obtained by 
LIDAR scanning (Schulze-Brüninghoff et al., 2019). In fact, a combination of both products is required.

The results may be constrained by the routine rotational grazing in each paddock, which precludes the 
possibility of making predictions regarding stocking rates over an extended period. Other limitations may 
be attributed to the intrinsic complexity of manuring and fertilisation practices. Nevertheless, this 
limitation could be offset in future studies by integrating continuous monitoring with satellite data, 
thereby enhancing the temporal resolution of observations. Conversely, Random Forest (RF) regression is 
regarded as an appropriate approach for small sample sizes (Luan et al., 2020), and cross-validation is 
useful for assessing model over-fitting. Increasing the number of samples would be beneficial for future 
research, despite the additional burden of sampling and in situ measurements. A larger data set would 
enhance the robustness of the model (Zhao and Wang, 2022).

SUSTAINABLE ENVIRONMENT 11



The findings of our study and methodology reinforce the efficacy of certain management strategies that 
could be deployed in the northern highlands of Peru. These include determining the optimal stocking rate, 
estimating milk yield and potentially conserving surplus forage during the rainy season or acquiring forage 
supplements for the dry season. This approach may support sustainable pasture management strategies.

5. Conclusions

This research advances precision agriculture by demonstrating the value of high-resolution multispectral imagery 
captured by microsensors mounted on unmanned aerial vehicles (UAVs) for creating highly accurate spatial 
maps of forage biomass in the short time. Our findings show that analysing high resolution imagery, trough 
machine learning techniques on cloud platforms like Google Earth Engine provides a cost-effective solution with 
no need of use physical servers. This approach allows for accurate and detailed predictions of forage biomass with 
satisfactory results. The use of derived multispectral indices, specifically SRI, NDVI, red and NIR bands, 
significantly improved the accuracy of biomass predictions. Among three machine learning models evaluated 
(CART, RF, and XGBoost), Random Forest (RF) models demonstrated the highest predictive power and provided 
more reliable biomass estimates across different geographical areas. Finally, our results indicate that combining 
machine learning models with augmented real-world data collected by UAVs and multispectral micro sensors is a 
decision-support potential for estimating aerial biomass. While this study does not directly measure sustainability 
outcomes, it provides spatial information that may support future sustainable grazing decisions.

Public interest statement
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