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Abstract. Noowong J, Suksavate W, Thong-On V, Akkamanee N, Pao-On A, Srikulnath K, Duengkae P. 2025. Biomass mapping for 

wildlife management using UAV-satellite integration and deep learning in Kui Buri National Park, Thailand. Biodiversitas 26: 4577-

4597. In recent years, remote sensing has become a widely adopted tool for grassland management, offering advantages in assessing 

spatiotemporal dynamics. However, sample collection within satellite grids presents limitations because ground samples may not fully 

represent the corresponding satellite pixels. To address this challenge, the present study aimed to reduce sampling error by bridging 

ground-scale observations with satellite-scale data using digital images, Unmanned Aerial Vehicle (UAV) imagery, and Sentinel-2 for 

grass biomass estimation. A Convolutional Neural Network (CNN) was used to classify biomass from digital images and UAV imagery, 

whereas a random forest algorithm was utilized to link these classifications to freely available Sentinel-2 imagery. The study was 

conducted in cultivated grasslands managed for mitigating human-wildlife conflict in Kui Buri National Park, Thailand. The results 

showed that a pre-trained CNN model based on digital images (MAE±0.351 classes) successfully transferred to UAV imagery using 

fine-tuning. When scaled to the satellite level, the model explained 94% of the variance (R2), with RMSE = 8.56 g/m2. The grassland 

yield was lowest during the dry season, with a minimum value in March of 34.82±0.09 g/m² (67.12±0.33 tons/month), while it reached a 

peak during the wet season in November at 110.03±0.32 g/m² (212.06±1.19 tons/month). These finding demonstrate the ecology of ruzi 

grass under natural conditions with free-ranging wildlife grazing. Overall, the study highlights a viable strategy for bridging ground and 

satellite scales to reduce sampling error and proposes a novel approach to monitoring grassland yield at very high spatial resolution and 

high precision, while providing evidence of overgrazing and gaur overpopulation in the grasslands. Grazing rotation management was 

suggested to restore degraded grassland, and enhance the potential yields of the grassland. By integrating ecological insights with 

practical management recommendation, this study contributes to sustainable grassland restoration and wildlife conservation strategies. 
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INTRODUCTION 

Remote Sensing (RS) technology has been widely utilized 

to evaluate biomass, offering broad spatial coverage, 

repeatability, cost-effectiveness, and the ability to assess 

temporal dynamics across scales (Boyd and Danson 2005; 

Kumar and Mutanga 2017; Dong et al. 2020). Importantly, 

direct measurement of Above Ground Biomass (AGB) 

across freely available satellite imagery lacks the spatial 

resolution needed to capture fine-scale ground features 

(e.g., 15 × 15 m for Sentinel-2), and sampled areas may not 

fully represent the satellite pixels. Sampling errors also 

arise when plot sizes are smaller than the satellite grid, 

especially in areas with substantial local spatial variability 

in plant life forms such as the naturally heterogeneous 

environments examined in this study site (Baccini et al. 

2007; Réjou-Méchain et al. 2014; Araza et al. 2022).  

To address these limitations, we utilized Unmanned 

Aerial Vehicle (UAV) imagery provided very high-

resolution information on ground features (Zhu et al. 2024). 

UAV-based multispectral imagery provides Vegetation Indices 

(VIs) that are strongly correlated with AGB (Schirrmann et 

al. 2016a; Amorim et al. 2022). However, UAV 

deployment is costly due to sensor and software expenses, 

battery limitations restrict coverage of large areas, and 

assessing temporal dynamics further increases costs.  

To overcome these constraints, digital images were 

used to estimate AGB at the ground scale, offering a low-

cost and flexible alternative (Ma et al. 2019). Satellite 

imagery was then utilized to upscale the analysis, 

leveraging its broad coverage and temporal resolution. To 

bridge the gap between ground scale to the satellite scale, 

low-cost UAVs equipped with RGB sensors were used to 

link digital images with satellite data by capturing imagery 

in only some areas throughout all seasons, thereby reducing 

costs (Schirrmann et al. 2016b). 

Kui Buri National Park (969 km2), located within the 

Kaeng Krachan Forest Complex, was designated a 

UNESCO Natural World Heritage site in 2021 (UNESCO 

2021). It supports one of the largest remaining populations 

of Asian elephants (Elephas maximus (Linnaeus, 1758)) in 

the Tenasserim Range (Parr et al. 2008). Human-wildlife 
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conflict (elephants and gaurs) is common in the surrounding 

buffer zone (Parr et al. 2008; Tanasarnpaiboon 2016). After 

the killing of four elephants by farmers in 1997, the 

“Conservation and Restoration of Kui Buri Forest Project” 

was launched in 1998 as part of Thailand’s Royal Project 

system. The project focused on reducing crop raiding by 

restoring degraded land and establishing forage-rich 

grasslands to support elephant populations within protected 

boundaries. The project assumes that crop raiding is linked 

to fodder availability in forests and croplands (Srikrachang 

and Srikosamatara 2005). As a solution, approximately 16 

km2 of cropland were allocated to the national reserved 

forest to improve elephant habitat through the cultivation of 

nutritious forage grasslands (1.93 km2), pond construction, 

and reforestation of degraded areas. Currently, ruzi grass 

(Brachiaria ruziziensis R.Germ. & C.M.Evrard), an alien 

species introduced by national park staff, is the dominant 

species. The park now serves as a national model for 

collaborative wildlife tourism and habitat management 

(Phumsathan and Pongpattananurak 2021). 

 Rangelands are ecosystems dominated by grasses, 

forbs, and shrubs that provide essential energy and 

nutrition for herbivores, making them a central focus of 

habitat management (Holechek et al. 2010; Bleich et al. 

2020; Cinar et al. 2020). Forage biomass is a key indicator 

of habitat quality and a manageable environmental factor 

for habitat improvement. High forage biomass promotes 

habitat use and reproduction by ungulates (Paansri et al. 

2022). However, the grassland yield in Kui Buri National 

Park has not yet been evaluated. 

The present study examines the seasonal dynamics of 

forage biomass in cultivated grassland. It demonstrates that 

digital images and standard UAVs are sufficient for 

estimating AGB with high precision. Biomass data from 

temporal plots were analyzed using a Convolutional Neural 

Network (CNN) applied to RGB digital and UAV imagery, 

then linked to Sentinel-2 satellite data via Random Forest 

(RF) modeling. The findings offer new strategies for high-

precision biomass estimation under natural conditions for 

similar studies elsewhere and guiding habitat management 

priorities. Moreover, the results provide ruzi grass ecology 

under natural conditions and contribute to more effective 

grassland management through near-real-time monitoring 

data that requires only cloud-free Sentinel-2 data. These 

new strategies are critical for mitigating human-wildlife 

conflict caused by large herbivores leaving protected areas.  

MATERIALS AND METHODS 

Study area  

This research was conducted on cultivated grasslands 

managed for wildlife within the national forest reserve 

adjacent to the eastern-central boundary of Kui Buri 

National Park (Prachuap Khiri Khan Province, Thailand), 

under the supervision of park authorities. The grassland 

was divided into two management zones: a wildlife tourism 

zone (covering the majority of the area; 1.33 km2) and a 

no-wildlife tourism zone (0.60 km2). The grassland is 

located at 12°10′33″N, 99°38′56″E and covers 

approximately 1.93 km2, which was chosen as the 

boundary for biomass mapping. A buffer zone extending 

200 m from the grassland was included to study the 

distribution of ruzi grass outside cultivated zone, totaling 

approximately 6.68 km2 (Figure 1). The predominant 

habitats are dry evergreen forest, mixed deciduous forest, 

and tropical rainforest (Kui Buri National Park 2003; 

Temchai et al. 2010). 

 

 

 
 

Figure 1. The study site in the grassland of Kui Buri National Park, Thailand. The majority of the grassland is managed as a wildlife 

tourism zone (upper part), while the lower part is designated as a non-tourism zone 
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Seasonal classification followed a modified scheme 

from Tanasarnpaiboon (2016), based on precipitation and 

temperature data from the Thai Meteorological Department 

(2014): May to December was defined as the wet season; 

January to April was defined as the dry season. Elevation 

within the grassland ranges from 127 to 301 m, with an 

average of 174 m. The province receives approximately 

918 mm of annual precipitation, with temperatures ranging 

from 18°C to 37°C (Thai Meteorological Department 2014; 

Tanasarnpaiboon 2016). 

Sampling site classification 
Sampling sites were categorized into 20 land cover types 

using K-means clustering based on Sentinel-2 imagery from 

2021-2022, capturing annual grassland dynamics prior to 

fieldwork. The number of land cover types was chosen based on 

the ability of collecting 13-15 sampling sites per month. While 

aiming to collect 2 spatial replicates per land cover types. Among 

the 20 land cover types, seven land cover types represent the 

annual forage dynamics within the grassland. The most recent 

satellite imagery, acquired within 5 days of field sampling, was 

grouped with these land cover types using Euclidean distance. 

Sentinel-2 imagery were exported from Google Earth Engine 

(GEE) at a resolution of 15 × 15 m per grid cell, matching the 

sampling plot size (Paansri et al. 2021) (Figure 1). All analyses 

were conducted in RStudio (R Core Team 2018). Land cover 

types were distinguished by gradient of vegetation cover. Land 

cover types 5, 7, 11, 13, 14, 16, and 18 represent the annual 

forage dynamics within the grassland and the composition of 

forage types, while the remaining land cover types correspond to 

other features such as forests, building and water bodies. 

Field data acquisition 

Figure 2 presents the overall workflow of the grass 

biomass estimation model. The first step involves field data 

collection, including biomass measurement and the capture 

of digital and UAV images. Second, biomass values are 

classified based on digital images using a CNN model and 

transferred to UAV imagery. Finally, the ground-scale 

model is bridged to the satellite scale via a RF model, using 

UAV-based biomass as samples. 

Field data was collected during September 2023 to 

October 2024 followed a model-based sampling strategy. 

At each sampling site, four 1 × 1 m temporal plots were 

established 5 m from the site center. Each plot was 

subdivided into four 50 × 50 cm subplots, yielding 16 

subplots per site (Figure 3). Between 13-15 sampling sites 

were measured each month, without repeated measurements 

at previously sampled sites. All forage crops within 

subplots were clipped and sorted into four categories: ruzi 

grass, other grass species, forbs, and shrubs (Holechek 

1984). Fresh biomass was oven-dried at 70°C for 48 h to 

determine dry biomass (Vawda et al. 2024). For each 

subplot, the height of six ruzi grass height was measured, 

including three visibly grazed and three ungrazed samples, 

to assess the impact of herbivory on forage structure. In 

total, 188 temporal sampling sites, 752 plots, and 3,008 

subplots were established; however, 4 subplots could not 

be captured with digital camera due to rainy conditions. 
 

 

 
 

Figure 3. Four 1 × 1 m plots were established 5 m from the site 

center at each sampling site and were subdivided into sixteen 50 × 

50 cm subplots 

 

 

 
 

Figure 2. Overall workflow of the grass biomass estimation model (process steps shown from left to right) 
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Digital and UAV image acquisition and processing 

Digital images were captured using Nikon D7500 and 

Nikon D7000 cameras. For each subplot, images (digital 

images and UAV imagery) were taken before clipped with 

the camera positioned parallel to the ground (Figure 5). 

Each image was manually cropped to fit the 50 × 50 cm 

quadrant frame, resulting in dimensions of approximately 

2,300 × 2,300 pixels (0.217 mm/pixel), and saved in JPEG 

format. 

The UAV survey flights, including field data 

acquisition, were conducted with authorization from the 

Department of National Parks, Wildlife and Plant 

Conservation, and were operated by a certified UAV pilot. 

UAV imagery was acquired during March 2024 to October 

2024 using a DJI Mavic 3 Enterprise Thermal at varying 

flight altitudes (25-60 m). Each raw UAV scene image 

resolution was 4,000 × 3,000 pixels. Photogrammetric 

processing was performed using DJI Terra software (DJI, 

Shenzhen, Guangdong, China; DJI 2025).  

The dry biomass of grass (ruzi grass, and other grass 

species) was the primary target output, whereas that of 

forbs and shrubs was considered auxiliary data. Forbs and 

shrubs were rarely grazed at the site, and ungulates strongly 

avoided shrubs due to the lack of mechanisms to mitigate 

their toxicity (Cappai and Aboling 2020). Grass biomass 

values exceeding 0.4 (>101.2 g/m2, normalized without 

outliers) could not be reliably estimated and were capped at 

0.4 in the regression model. Thus, classification was 

deemed more appropriate than regression. Biomass values 

were grouped into three ordinal classes using K-means 

clustering for ground-scale model. Due to the decision to 

use a small image size (22 × 22 pixels), the available 

feature data were insufficient to accurately classify a 

narrow range of biomass classes (more than three classes). 

Based on trial and error testing with images 22 × 22 pixels 

using RGB bands, found that three biomass classes 

predictions provided the most optimal result. Biomass 

values below 0.4 were split into two classes, and values 

above 0.4 formed a third class. Class sizes were balanced 

by digital image count (Table 1 and Figure 4). 

Convolution neural network 

Although there are various algorithms for classification 

tasks, such as RF (Breiman 2001), logistic regression (Cox 

1958), Support Vector Machines (SVM) (Boser et al. 1992; 

Vapnik 1995), and Artificial Neural Networks (ANN) 

(Dong and Hu 1997), deep neural networks consistently 

outperform these methods in image recognition (Beohar 

and Rasool 2021). CNNs constitute an advanced form of 

ANN designed to extract complex visual features such as 

shape, structure, and color to the deciphering of intricate 

patterns and relationships from input data (Zhu et al. 2017; 

Marcus 2018; Kattenborn et al. 2021); they are widely used 

in remote sensing for biophysical estimation and land cover 

classification (Mas and Flores 2008; Jensen et al. 2009). 
 

 

 

 
 

Figure 4. Boxplots showing the distribution of dry target biomass 

values for each biomass class. The black dots represent dry mass 

data points beyond the upper inner fence (third quartile + 1.5 × 

interquartile range), referred to as outliers 

 

 

 

 
 

Figure 5. The image samples were captured at subplots 

measuring 50 × 50 cm, with the camera positioned as parallel to 

the ground as possible to ensure a consistent perspective 

 

 

 

Table 1. Descriptive statistics of dry target biomass each classes output (g/m2) for ground-scale model (digital image) 

 

Classes grass Number of images Mean Median SD. SE. Max Min 

0 1,082 9.08 8.40 7.91 0.24 24.80 0 

1 1,094 57.10 53.20 22.37 0.67 101.20 25.20 

2 828 150.30 141.20 37.94 1.31 354.00 101.60 
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Compared to conventional machine learning models, CNNs 

are more suitable for biomass estimation in heterogeneous 

forage environments (Schreiber et al. 2022). CNNs 

automatically extract features such as shape, structure, and 

color and have an enhanced capability to process images in 

their original form (two-dimensional or three-dimensional 

structured data). In contrast, conventional machine learning 

suffers from the selectivity-invariance problem, requires 

manual feature engineering for image feature extraction, 

and incurs high computational costs in runtime and/or 

memory (Nargesian et al. 2017; Chauhan and Singh 2018). 

While conventional machine learning models have an 

advantage in interpretability, CNNs are more difficult to 

interpret. However, this study does not aim to determine 

the relative importance or contribution of each feature (e.g., 

RGB values) to the classification (Chehade et al. 2022). 

Therefore, CNNs were chosen for this study. 

Input images were resized to 22 × 22 pixels with RGB 

bands (2.27 cm/pixel), corresponding to the minimum pixel 

size of UAV imagery for 50 × 50 cm subplots. This 

resizing involved a trade-off between obtaining the highest 

possible number of UAV imagery samples for subplots 

(452 images) and significantly losing image features. The 

maximum resolution of UAV imagery for subplots is 50 × 

50 pixels, but this resolution yielded very few samples 

(approximately 70 images). However, preliminary 

experiments with larger image sizes showed no significant 

improvement in performance compared to using 22 × 22 

pixels input images (Table 5).  

Because dry biomass values were grouped into ordinal 

classes, the Conditional Ordinal Regression for Neural 

networks (CORN) method was selected for loss calculation 

and grade prediction, using a chain rule of probabilities 

(Shi et al. 2023). The model architecture, iteratively 

developed through trial and error, is illustrated in Figure 6. 

The ordinal output layer was implemented using the 

CornOrdinal and CornOrdinalCrossEntropy functions from 

the coral_ordinal package in TensorFlow (Shi et al. 2023). 

Ordinal labels (q) were predicted using cumulative binary 

task probabilities: 

 
Where : 

 : Predicted probability of the  

binary classification subtask 

 : Returns 1 if , otherwise, it returns 0 

To fine-tune the model on a small training dataset, 

image augmentation was conducted (Shorten and 

Khoshgoftaar 2019). This technique enhances dataset 

diversity, increases the effective training size, improves 

model performance, and reduces the risk of overfitting 

(Krizhevsky et al. 2017; Poojary et al. 2021). 

Augmentation was performed using the 

ImageDataGenerator function from the TensorFlow 

package, with parameters listed in Table S1. Additional 

custom parameters included random noise, random 

shuffling of quadrant images, and random shadow effects. 

Parameter ranges were selected to ensure that both original 

and augmented images remained visually recognizable. 

Augmented images were designed to simulate varied 

scenarios and conditions that could realistically occur 

during field data collection (Decitre and Joyce 2024). 

Hyperparameters were selected via trial and error under 

limited computational resources. The initial learning rate 

was set to 0.0005 and reduced every five epochs by a factor 

of 0.75, with a minimum threshold of 0.000001. A mini-

batch size of 16 was used. The model was trained for 50 

epochs using the Adaptive Moment Estimation (Adam) 

optimizer to update network weights (Kingma and Ba 

2014). The dataset for digital image was split into training, 

validation, and test sets at a ratio of 80:10:10. 

Model performance was evaluated using the Mean 

Absolute Error (MAE) and a confusion matrix. The 

equation for MAE is as follows: 

 
Where : 

  : True label of the i-th sample in the test dataset 

 : Predicted label 

N : Total number of samples in the test dataset (Shi 

et al. 2023) 

The best-performing model was selected based on the 

lowest MAE observed in the validation dataset. The CORN 

model was implemented using the coral_ordinal package in 

Python 3.8 and TensorFlow 2.8.4; it was trained on a 

workstation equipped with an NVIDIA GeForce RTX 4070 

SUPER GPU and 64 GB RAM. 
 

 

 
 

Figure 6. The architecture of the CNN model is based on digital imagery (RGB features) as input for classifying grass biomass classes 
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Transfer of learning to UAV imagery 

The digital image-based CNN model was transfer to 

UAV imagery because UAV provide broader spatial 

coverage. Direct transfer of the digital image-based CNN 

model to UAV imagery was not feasible due to differences 

in source domain characteristics, including lighting 

conditions, brightness, object scale, and resolution (Gao et 

al. 2024). To address this transfer barrier, a fine-tuning 

technique was utilized based on the pre-trained digital 

image CNN model (Shin et al. 2016). In total, 451 UAV 

images (0.94-2.27 cm/pixel), each captured using a 1 × 1 m 

quadrant frame, were cropped to 50 × 50 cm and resized to 

22 × 22 pixels (2.27 cm/pixel). These images were split 

into training, validation, and test datasets at a 70:10:20 

ratio. The test dataset was entirely unseen during training 

for both the digital image and UAV-based models. The 

learning rate was initially set to 0.00005 and reduced every 

five epochs by a factor of 0.75. A mini-batch size of 8 was 

used; the fine-tuned model was trained for 30 epochs using 

the Adam optimizer. Image augmentation was conducted to 

improve generalization. For prediction, UAV map areas 

(15 × 15 m) without tree cover or water bodies were 

selected. These maps were divided into 50 × 50 cm tiles 

(22 × 22 pixels) and classified using the fine-tuned CNN 

model, which had been pre-trained on digital images 

captured from ground-level subplots. 

Satellite-based biomass mapping using Sentinel-2 

imagery 

The biomass map derived from UAV imagery was 

upscaled to 15 × 15 m resolution across the study area by 

summing the median biomass class values within each 

Sentinel-2 grid cell without tree cover or water bodies, 

which served as the sample dataset for satellite-based 

modeling (Mao et al. 2022; Ge et al. 2024; Niu et al. 2024; 

Zhu et al. 2024) (Figure 2). A spatial resolution of 15 × 15 

m was selected for Sentinel-2 data match the sampling site 

size, rather than the official 10 × 10 m resolution. 

Moreover, not all bands have a 10 × 10 m spatial 

resolution, as the reflectance bands vary in spatial 

resolutions (i.e., 10 × 10 m, 20 × 20 m, and 60 × 60 m) 

(CDSE 2017). VIs were selected based on prior studies 

demonstrating strong correlations with grass biomass 

(Kobayashi et al. 2020; Vawda et al. 2024). Median values 

of Sentinel-2 reflectance bands and VIs were exported and 

calculated from GEE, using imagery acquired as close as 

possible to field observation dates under cloud-free 

conditions. The selected indices are listed in Table S2. 

An RF model (Breiman 2001) was developed to 

establish the relationship between Sentinel-2 imagery 

(including VIs) and grass biomass (Singh et al. 2015). Two 

key parameters—namely, the number of bootstrap decision 

trees (ntree) and the number of variables used to split each 

node (mtry)—were tuned to optimize model performance 

(Wang et al. 2016). The ntree parameter was varied from 

500 to 3,000 in increments of 100; mtry was varied from 6 

to 14 in increments of 1. Model tuning was performed 

using the H2O package in RStudio (Aiello et al. 2016; R 

Core Team 2018). 

The UAV-derived dataset was stratified by month of 

acquisition and split into training, validation, and test 

datasets at a 80:10:10 ratio. The optimal RF model was 

selected based on the lowest Root Mean Squared Error 

(RMSE) observed in the validation set. Model performance 

was evaluated using the coefficient of determination (R2) 

from linear regression, RMSE, and normalized RMSE 

(NRMSE) (Rischbeck et al. 2016). The equations for 

RMSE and NRMSE are as follows: 

 

 
Where : 

  : Observed value 

y  : Predicted value 

  : Mean observed value 

N  : Number of observed values 

The grass biomass distribution maps were predicted for 

open areas lacking tree cover or water bodies within grid 

cells (the remaining 3,335 grids from a total of 8,566 of the 

grassland, covering about 0.75 km2) using monthly 

multispectral data and VIs from Sentinel-2 imagery under 

cloud-free conditions throughout the year 2024 and based 

on median values. The uncertainty maps were produced to 

evaluate the quality of the biomass map generated from the 

optimal RF model. These maps were created by calculating 

the Coefficient of Variation (CV) for each pixel, based on 

the predictions from all independent trees in the optimal RF 

model (700 trees in optimal RF). A high CV value 

indicates high uncertainty, meaning that the independent 

trees are not in agreement—some predicted low values 

while others predicted high values (Huechacona-Ruiz et al. 

2020). The uncertainty maps and grass biomass distribution 

maps were performed using the randomForest package in 

RStudio (Liaw and Wiener 2002).  

The modeling process was conducted in RStudio using 

the terra (Hijmans 2025), rsample (Frick et al. 2025), and 

tidyverse (Wickham et al. 2019) packages. Statistical plots 

were generated using the ggplot2 package in RStudio 

(Wickham 2016). Map visualization was performed using 

QGIS software version 3.30 (QGIS.org 2025). 

Estimation of grassland carrying capacity 
The CC of grassland was assessed based on grass 

biomass yield to determine the potential of the area to 

sustainably support animal populations (De Leeuw et al. 

2019). It was calculated using the equation proposed by 

Holechek et al. (2010): 

 
Where :  

AGB : Grassland yield (kg) 

 : Daily dry mass intake per individual per day (kg per day) 

 : Grazing time, defined as 30 days (calculated per month) 

The Relative Stocking Density (RSD) was calculated 

via division of animal units by CC (Piipponen et al. 2022). 
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The RSD was classified into four levels to determine 

grassland CC status. Values of <0.8, 0.8-1.0, 1.0-1.2, and 

>1.2 were defined as “unexploited,” “normal,” 

“overexploited,” and “seriously overexploited,” 

respectively (Dong et al. 2019). 

Due to continuous grazing, ruzi grass in the grassland 

remained short throughout the year; the highest average 

height was observed in November at 11.9±0.16 cm (SE), 

whereas the shortest was observed in April at 5.28±0.08 

cm. Such low height negatively affects grass availability 

and intake for elephants. Baskaran et al. (2010) reported 

that when grass height is too low (<10 cm) for the trunk to 

grasp, elephants resort to scraping the grass using their 

forefoot toenails. This behavior indicates that elephants 

utilize ruzi grassland to a much lesser extent compared 

with gaur. Additionally, short grasses are generally 

consumed when their height is around 50 cm (Sukumar 

1990). Wild Asian elephants prefer browsing over grazing, 

and bamboo is a major component of their diet when 

abundant, as observed in Kui Buri National Park (Chen et 

al. 2006; Himmelsbach et al. 2006; Joshi and Singh 2008; 

Temchai et al. 2010; Schwarz et al. 2020). Consequently, 

the CC was assessed exclusively for gaur because ruzi 

grassland provides limited forage availability for elephants. 

Monthly grassland yield was calculated based on the 

95% confidence interval of Sentinel-2-based grass biomass 

and converted to the entire grassland area (1.93 km2). For 

daily intake data of gaur, body weight was used to estimate 

minimum dietary requirements. Stuth and Sheffield (1986) 

reported that herbivores with a body weight ranging from 

500 to 1,000 kg require daily dry matter intake equivalent 

to 3% of their live weight. The weight of adult bulls was 

reported to range from 600 to 1,000 kg (average 800 kg) 

(Ashokkumar et al. 2011). Consequently, dry mass dietary 

intake was estimated to be approximately 24 kg/day. 

RESULTS AND DISCUSSION 

Descriptive statistics of forage biomass 

Observed dry forage biomass was measured at 188 

sampling sites from September 2023 to October 2024. 

Table 2 and Figure 7 presents forage ecology by month. 

Ruzi grass was the predominant life form in the grasslands, 

followed by forbs, other grass species, and shrubs, 

respectively. The biomass of ruzi grass was high during the 

wet season (May-December) and decreased significantly 

during the dry season (January-April). During the wet 

season, ruzi grass exhibited high dry biomass, averaging 

73.93±1.44 g/m2, with a peak value of 354 g/m2 in October. 

In contrast, productivity during the dry season was low, 

averaging 16.26±0.62 g/m2; the lowest biomass was 

recorded in April at 0.4 g/m2. The seasonal trends of forbs, 

other grass species, and shrubs mirrored those of ruzi grass. 
 

 

 

Table 2. Descriptive statistics of observed seasonal forage 

biomass by season (g/m2) 

 

Season 
Life 

form 
Average±SE SD. Max 

Min 

(excluding 0) 

Dry season Ruzi 16.26±0.62 19.03 119.2 0.4 

(944 sub-

plots) 

Grass 5.01±0.48 14.61 142 0.4 

Forb 2.75±0.23 7.14 104.4 0.4 

 Shrub 0.39±0.1 3.19 67.2 0.8 

Wet season Ruzi 73.93±1.44 65.9 354 0.4 

(2,080 sub-

plots) 

Grass 11.69±0.57 26.17 317.2 0.4 

Forb 22.97±0.91 41.68 588.8 0.4 

 Shrub 4.41±0.52 23.75 730.8 0.4 

 

 

 

 
 

Figure 7. Mean dry biomass with error bars for each life form across the sampling period. The dashed line separates the years 2023 and 

2024 
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Digital image-based classification via CNN 
In total, 3,004 digital images were collected and used as 

input to the CORN model. The confusion matrix in Figure 

8 indicates that the CNN successfully classified target 

biomass grass from digital images, even in complex 

backgrounds containing unwanted plant life forms and bare 

soil. The model classified biomass classes with an MAE 

of±0.351 classes; it showed good estimation performance 

in low and high biomass classes but exhibited lower 

accuracy in the middle class (Figure 8). 

Fine-tuning to UAV imagery 

In total, 21 areas were captured by UAV. From these, 

1,710 grids (lacking tree cover within Sentinel-2 grid cells) 

were selected and predicted for biomass at a resolution of 

50 × 50 cm. The model performance based on UAV 

imagery showed an MAE of ±0.340 classes and exhibited a 

trend similar to that observed with digital images. 

Therefore, the model was able to effectively bridge digital 

images to UAV imagery (Figure 9). 

Grass biomass distribution modeling based on Sentinel-2 

The optimal random forest model (ntree = 700 and mtry 

= 14) was used to predict spatiotemporal variability in grass 

biomass throughout the year across the study site. Figure 

10 indicates good performance in predicting grass biomass, 

based on the linear relationship between grass biomass derived 

from UAV imagery and that estimated from Sentinel-2 

imagery. Low biomass values (0-75 g/m2) and high values 

(100-140 g/m2) were predicted with good estimation accuracy, 

whereas intermediate biomass values showed fluctuating 

predictions with a tendency toward overestimation (Figure 10). 

Table 3 presents model performance by month. The 

model showed good estimation during the early driest 

month (March), early wet season (May-June), and late wet 

season (October). In contrast, model performance was fair 

during the driest month (April) and parts of the wet season 

during growth period (August-September). 

Monthly spatiotemporal variation in biomass 

distribution and its uncertainty 

The biomass distribution was computed across the year 

2024 using available Sentinel-2 data. Estimates from June 

to September were excluded due to persistent cloud cover 

during the wet season. Figures 11 and 12 show temporal 

variation in grass biomass across the year, following a trend 

similar to observed data. Grass biomass was lowest during 

the dry season; minimum values were recorded in March 

and April at 34.82±0.09 and 35.09±0.09 g/m2, respectively. 

The grass, predominantly ruzi, began its growth with steadily 

increasing productivity, reaching peak values in October and 

November at 106.89±0.38 and 110.03±0.32 g/m2, respectively. 

Biomass sharply declined in December. The average estimated 

biomass closely matched the observed values. The spatial 

pattern was evenly distributed across the grassland. In 

some areas (Figure 11, orange boxes), biomass was lower 

than in surrounding areas during the wet season. 

The temporal pattern of uncertainty in biomass estimation 

varied across the season (Figure 13). The uncertainty 

generally followed a trend similar to the biomass values; in 

other words, low biomass values were associated with high 

uncertainty. Most areas showed uncertainty levels between 

20-40% CV during the dry season (average 23.14%), while 

the CV steadily decreased during the wet season (average 

17.52%), reaching its lowest point in November (average 

11.11%), before sharply increasing again in December. The 

maximum average CV value was recorded in May 

(27.55%), corresponding to the transition season and plant 

growth stage. Meanwhile, the spatial pattern was unevenly 

distributed across the grassland. 
 

 

Table 3. Upscaling model performance by month. Best performance 

coincided with peak biomass periods in October and transition 

season in May 

 

Month Number of test samples RMSE (g/m2) NRMSE (%) 

MAR 44 4.30 12.12 

APR 35 7.13 19.48 

MAY 33 4.79 10.54 

JUN 4 10.54 14.06 

AUG 21 14.24 18.87 

SEP 4 18.46 18.32 

OCT 33 10.03 8.49 

 

 

 
 

Figure 8. Normalized confusion matrix illustrating the classification 

performance of the CNN model based on digital images 

 

 

 
 

Figure 9. Normalized confusion matrix illustrating the classification 

performance of the CNN model based on UAV imagery 
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Figure 10. Predicted grass biomass based on Sentinel-2 vs UAV. 

The dashed red line represents the ideal fit, and the yellow ribbon 

represents the 95% confidence interval 

 

 

 

 
 

Figure 11. Spatiotemporal of grass biomass distribution based on 

Sentinel-2 throughout the year 2024. The orange boxes in October 

and November indicate areas where biomass was underestimated 

Monthly carrying capacity of grassland 

The results of grassland yield show the lowest dry mass 

production in March and April, with approximately 66.78-

67.45 tons/month, and the highest yields in November, with 

approximately 210.86-213.26 tons/month. Monthly CC estimates 

for gaur indicate that the grassland could support the highest 

number of individuals in November and October, with 

approximately 284 to 296 gaur. In contrast, during the dry 

season, the grassland could support around 93 to 110 gaur 

(Table 4). The RSD reflects the monthly status of the grassland. 

Most months were categorized as “seriously overexploited” 

(December to January); only during the wet season (July-

November), was categorized as “unexploited” or “normal” status 

based on observed biomass trends (Figure 12 and Table 4). 

Discussion 

Dynamic ruzi grass productivity and carrying capacity 

Figures 7, 11, and 12 illustrate the dynamics of grass 

biomass, both observed and predicted, across the study site, 

revealing large fluctuations across seasons and within 

months. Several factors contribute to this variability. First, 

seasonal fluctuations are driven by precipitation patterns 

(Umuhoza et al. 2021), such that rainfall is high during the 

wet season and low in summer. These results suggest that 

water availability acts as a limiting factor for ruzi grass 

growth (Department of Livestock Development 2002; Dos 

Reis et al. 2020). Second, the model-based approach 

introduces intra-month variability because sampling is tied 

to model performance, leading to uncertainty in observed 

biomass. Third, significant differences between observed 

and predicted values occur during the dry season (Figure 

12), with overestimation in low biomass areas (Class 0 

biomass range: 0.00-24.80 g/m2). In contrast, no significant 

differences were found during the wet season. 

Dos Reis et al. (2020) reported an average of 202.19 

g/m2 during the growing season under rotational grazing, 

whereas the Department of Livestock Development (2002) 

reported average dry mass yields of 1,250-1,562.5 g/m2. 

These discrepancies indicate overgrazing in this grassland, 

likely due to open grazing management (Abdelsalam et al. 

2017). This area also hosts the largest herd of gaur (>60 

individuals) and shows the highest intensity of habitat use 

relative to other zones in the national park (Steinmetz et al. 

2011; Tanasarnpaiboon 2016). Moreover, CC analysis 

indicates heavy overpopulation, with gaur numbers 

exceeding 100% of the CC during the dry season. These 

findings confirm that overgrazing and overpopulation have 

led to reduced productivity and degradation of the 

grassland (Menke and Bradford 1992; Umuhoza et al. 

2021). However, the reference for the gaur population is 

almost over a decade old, and the population may have 

changed in the intervening years. This represents a source 

of uncertainty in the CC analysis. Although elephants were 

excluded from the CC analysis, even minimal grazing by 

elephants (or other herbivores) could contribute cumulative 

pressure on the grassland, leading to further overexploitation. 

There have been many reports of low tiger abundance in 

the park, with a relative abundance of 1.07% and a density of 

0.36 individuals per 100 km² (Steinmetz et al. 2012; National 

Parks Research Center (Petchburi) 2018; Duangchantrasiri 

2022). The absence of tigers is a contributing factor to gaur 
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overpopulation (Steinmetz et al. 2009). Gaur are prey for large 

predators such as tigers, leopards, and dholes (Karanth and 

Sunquist 1995; Ngoprasert et al. 2012), but only tigers are 

known to kill adult gaur (Rabinowitz 1989; Karanth and 

Sunquist 1995). The implementation of the Spatial 

Monitoring and Reporting Tool (SMART) has strengthened 

law enforcement and reduced hunting pressure, 

contributing to gaur population recovery (Steinmetz et al. 

2010, 2014). 

Pastor et al. (1997) noted that spatial heterogeneity, 

including resource distribution, plant tissue chemistry, and 

animal movement, affects population dynamics and CC. 

However, in this study, the environment was relatively 

homogeneous in terms of physical variables and plant 

cover, minimizing such effects. The biomass distribution 

model was constrained by canopy cover and could only 

predict biomass accurately in open areas, leading to 

uncertainty in yield estimates. Although gaur were 

distributed throughout the grassland, current population 

density data are unavailable. 

Preliminary experiments showed no evidence of ruzi grass 

growth outside cultivated open areas after approximately 

20 years of sowing; all 26 sampling plots outside cultivated 

zones showed no presence of ruzi grass. Although there are 

minimal direct data regarding B. ruziziensis invasiveness, 

related species such as Brachiaria brizantha (A.Rich.) 

Stapf and Brachiaria decumbens Stapf have shown 

invasive traits such as aggressive competition, high growth 

rates, reduced native species composition, and broad 

adaptability (Skerman and Riveros 1990; Department of 

Livestock Development 2002; Ferreira et al. 2016; Vieira 

et al. 2019; Diamante et al. 2020; Masters et al. 2024). 

These species also produce phytotoxins to enhance 

competitiveness (Barbosa et al. 2008). However, due to 

high light demand, ruzi grass is among the least shade-

tolerant species (Wong et al. 1985; Odum and Barrett 

2007), making it non-invasive in dense forest. Canopy 

shading at forest edges acts as a natural barrier against 

grass invasion (Foxcroft et al. 2011; Ferreira et al. 2016; 

Lopes et al. 2023). 

Historically, before ruzi grass cultivation, the grassland 

was dominated by invasive species such as Imperata cylindrica 

(L.) Raeusch., Chromolaena odorata (L.) R.M.King & 

H.Rob., and Pennisetum polystachion (L.) Schult. (Srikrachang 

and Srikosamatara 2005). These species are not consumed 

by herbivores and are considered highly invasive in 

Thailand’s protected areas (Forest and Plant Conservation 

Research Office 2013). Therefore, cultivation of ruzi grassland 

is more beneficial than allowing natural regeneration. 
 

 

 
 

Figure 13. Monthly uncertainty maps for biomass estimation 

across the year 2024 based on optimal RF model 

 

 

 
 

Figure 12. Predicted grass biomass based on Sentinel-2 across the year 2024, compared with observed biomass data collected during 

2023-2024. Estimated biomass from June to September were excluded due to persistent cloud cover during the wet season 
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Table 4. Monthly carrying capacity and Relative Stocking Density (RSD) of gaurs in the grassland, based on monthly grass biomass 

estimates from the satellite-level model at the 95% Confidence Interval (CI). The grassland could support the highest number of gaurs in 

November and October, and lowest in March and April 

 

Month 
Grass biomass at 

95% CI (g/m2) 

Grass biomass 

at 95% CI 

(tons/month) 

Gaur intake per 

month (kg/individual 

/month) 

Gaur population in central 

of Kui Buri National Park 

Number of gaurs 

(individuals/ 

month) 

Relative 

Stocking 

Density (RSD) 

JAN 40.74±0.21 78.11-78.94 720 

 

 

 

198-239 gaur (overall in the 

park) (Tanasarnpaiboon 

2016) 

108-110 2.00 

FEB 37.89±0.13 72.77-73.29 101-102 2.15 

MAR 34.82±0.17 66.78-67.45 93-94 2.34 

APR 35.09±0.18 67.29-67.97 93-94 2.34 

MAY 44.12±0.33 84.39-85.66 117-119 1.85 

OCT 106.89±0.74 204.58-207.42 284-288 0.76 

NOV 110.03±0.62 210.86-213.26 293-296 0.74 

DEC 60.88±0.37 116.62-118.03 162-164 1.34 

 

 

Ground biomass classification 

The overall performance of biomass class classification 

was fair. Classification errors were limited to adjacent 

classes (±1 class), which aligns with the concept of ordinal 

classification proposed by Cao et al. (2020) and Shi et al. 

(2023). In general, deep learning performs less effectively 

with limited training datasets but achieves higher accuracy 

when larger datasets are available, as noted by Marcus 

(2018) and Lukas et al. (2023). 

This moderate accuracy can be attributed to two 

primary factors. First, uncertainty in environmental 

conditions and the image capture process played a role 

(Stockman and Shapiro 2001). Due to difficulties accessing 

the study site, a tripod was not used to collect images; some 

photographs were thus taken at non-parallel angles. As 

illustrated in Figure 5, this approach led to shadows from 

surrounding trees in certain images, blurriness from out-of-

focus captures, and uneven lighting conditions caused by 

variable image capture times (between 10:00 a.m. and 4:30 

p.m.). These issues were mitigated through image 

augmentation techniques, including shear transformation 

for misalignment, brightness adjustment for lighting 

variation, and Gaussian noise addition to help the model 

learn from imperfect data (Han et al. 2022). 

Second, the nature of the input data itself contributed to 

classification errors. High background diversity, including 

forage life forms, grass litter, bare soil, and rocks, hindered 

accurate biomass estimation, especially in Class 1 

classification. Class 2 showed the best performance 

because it was typically composed entirely of ruzi grass 

and other grass species. Class 0 predominantly consisted of 

forbs, shrubs, bare soil, or rock. Figure 14 illustrates object 

diversity within each class. Overestimation of Class 0 

occurred in images containing grass litter and moderate 

weed cover, where biomass values were close to Class 1 

(Q3 at 15.8 g/m2). Correct Class 0 classification was 

associated with images dominated by bare soil, weeds, or 

very low biomass. Class 1 was overestimated in images 

containing diverse vegetation and biomass values that 

approached those of Class 2 (Q3 at 92.8 g/m2), whereas 

underestimation occurred in images with sparse green 

biomass, grass litter, low weed density, and values near 

Class 0 (Q2 at 32.4 g/m2). Accurate classification in Class 

1 was most often observed for images with sparse weed 

cover. Class 2 underestimation was mainly due to the 

creeping growth habit and overlapping large leaves of ruzi 

grass at ground level, which made leaf shape difficult to 

detect in small pixel windows (Ma et al. 2019; Dos Reis et 

al. 2020; Masters et al. 2024), as shown in Figures 15-17. 

Although previous studies have demonstrated strong 

CNN performance for biomass estimation using digital 

imagery or UAV RGB channels, they have typically relied 

on large datasets often containing more than 10,000 

images. They have also utilized controlled conditions such 

as uniform cultivation in horticulture, livestock farms, or 

rice fields (Ma et al. 2019; Han et al. 2022; Nakajima et al. 

2023). These datasets mainly contain the target species and 

bare soil, unlike the present study, which included non-

target plants in naturally heterogeneous environments. Ma 

et al. (2017) noted that classification in complex landscapes 

using only RGB input is inherently more difficult. 

Hyperspectral sensors have been recommended to 

discriminate weed species (Li et al. 2021) but were not 

available in this study. 

Additionally, the small image size reduced the ability of 

our model to discern leaf shape and life form. Ma et al. 

(2019), Jin et al. (2020) and Zhu et al. (2024) proposed 

including inputs such as canopy height and leaf area index 

to improve model accuracy; such inputs require LiDAR, 

which is costly and difficult to apply over large areas due 

to battery limitations. Digital cameras cannot provide these 

metrics.  

Table 5 show preliminary experiments that greater image 

resolution improves biomass classification performance. 

These findings suggest that low-altitude UAV flights paired 

with high-resolution cameras represent an effective method 

to capture detailed image features and improve biomass 

class prediction in highly diverse forage environments. 

Model performance bridging UAV imagery to Sentinel-2 imagery 

This approach processed biomass estimation by bridging 

the ground scale to the satellite scale using UAV imagery, 

rather than directly modeling from ground to satellite scale. 

The overall performance of the bridging model was fair. 

The UAV-based model, which tended to overestimate 

Class 0 biomass, led to overestimation in the low biomass 

class (range: 0-24.80 g/m2) during the March-April 

mapping period. It also produced fluctuating estimates in 

the middle biomass class during May-July and December-

February, along with slight underestimation in the high 
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biomass class (during June-November (Figures 9-12). The 

wide biomass ranges in Class 0 and Class 1 contributed to 

substantial differences between observed and predicted 

values (Figure 12), resulting in overestimation during the 

dry season. Additionally, accuracy was insufficient in the 

driest month (April) and during the wet season (August and 

September) (Table 3). 

One contributing factor was the uneven distribution of 

monthly UAV samples. UAV image capture was easier in 

the dry season than in the wet season, leading to a right-

skewed sample distribution (12.76-52.78 g/m2), with a 

concentration of values in the higher biomass range 

(112.78-132.78 g/m2) and sparse representation in the 

intermediate range (52.78-112.78 g/m2). This skew affected 

model accuracy, yielding high accuracy in the dry season 

and late wet season but low accuracy in the early wet 

season and months with limited training data (June-

September). To address these gaps in future work, data 

augmentation using the Synthetic Minority Over-sampling 

Technique for Regression with Gaussian Noise could be 

conducted (Branco et al. 2017). Several studies have shown 

that this technique improves model performance compared 

with the use of original data alone (Agrawal and Petersen 

2021; De Santi et al. 2022; Arteaga et al. 2023). 
 

 

Table 5. Preliminary experiments showed that greater image resolution improves biomass classification performance 

 

Image resolution (pixels) Biomass classes MAE Classification accuracies (respectively) 

224 ×224 (VGG19 as the backbone) 5 0.463 85%, 46%, 47%, 46%, and 77% 

150 × 150 5 0.475 86%, 33%, 45%, 62%, and 65% 

100 × 100 4 0.359 68%, 57%, 45%, and 87% 

76 × 76 4 0.421 82%, 46%, 24%, and 90% 

50 × 50 3 0.352 71%, 48%, and 85% 

 

 

  
 

Figure 14. Characteristic and features of digital images for each grass biomass class 
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Figure 15. Characteristics and features of misclassified digital image in the ground-scale model 
 

 

In areas predicted to have low biomass during the wet 

season, underestimation was observed (see orange boxes in 

October and November in Figure 11). This finding can be 

explained by the presence of dense weeds at various 

growth stages, which contributed to forage heterogeneity 

and overshadowed the grass. Furthermore, conventional 

machine learning models require one-dimensional vector 

inputs, which tend to underperform in heterogeneous 

environments relative to CNNs that can process two-

dimensional or three-dimensional structured data 

(Schreiber et al. 2022). These areas can be flagged as top-

priority zones for management. Similar to many previous 

studies, biomass was used as an index for habitat 

management and coservation priority. In this context, 

forage biomass was considered a manageable factor for 

habitat improvement, meaning that areas with low biomass 

were identified as top-priority zones for management 

(Paansri et al. 2022). Similarly, areas with high forest 

carbon stock were considered as strictly protected zones, 

important for compensating greenhouse gas emissions and 

conserving biodiversity in tropical forest, which is 

positively correlated with biomass (Van Con et al. 2013; 

Morandi et al. 2020). In conservation zoning, Lesmerises et 

al. (2011) prioritized areas with dense forage biomass for 

the conservation food source of ungulates. 
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Figure 16. Characteristics and features of correctly classified digital images in the ground-scale model 

 

 

 
 

Figure 17. Characteristics of grass and weed biomass (forages and shrubs) in misclassified images 
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The combination of UAV and satellite imagery with 

CNN has been applied in various ways to estimate biomass. 

For example, Tao et al. (2024) used UAV imagery to 

extract individual tree biomass as ground sample biomass, 

while a CNN was employed to delineate the boundaries of 

target plant species with an accuracy of 1.0, which was 

crucial for biomass mapping based on satellite imagery 

(estimation via extreme gradient boosting model with R² = 

0.669). Aydin and Setiawan (2024) extracted texture 

features by fusing UAV and satellite data to estimate forest 

carbon stocks using a CNN, achieving an accuracy of 0.71. 

Vawda et al. (2024) estimated grass biomass directly at 

satellite scale using CNN, based on multispectral data and 

VIs from Sentinel-2 imagery. Their model achieved an R2 

of 0.83, RMSE of 3.36 g/m2, and NRMSE of 6.09%. In 

comparison, the bridging model in this study achieved an 

R2 of 0.97, RMSE of 9.56 g/m2, and NRMSE of 13.56%. 

Although our approach yielded slightly lower accuracy 

than the direct method, it offers the advantage of reducing 

sampling errors. 

Limitations to ground-to-satellite biomass bridging 

The experiment demonstrated the potential to bridge 

digital and UAV imagery (ground scale) to satellite scale 

using CNN models based on RGB inputs, rather than 

relying on conventional sampling methods that collect data 

from selected grid areas. However, several factors limited 

model performance. 

First, the performance of the bridging model was highly 

dependent on the quality (image dimensions and 

resolution) and quantity (number of observations) of both 

digital and UAV imagery. Given that biomass estimates 

from these sources were used as training samples for the 

upscaling model, limitations in RGB-only input data 

constrained CNN performance. Poor-quality ground 

samples contributed to a wide range of biomass class 

predictions, resulting in overestimation during the dry 

season—despite good performance in estimating low 

biomass at the satellite scale. To address these problem, 

low-altitude UAV flights paired with high-resolution 

cameras represent an effective method to capture detailed 

image features and improve biomass class prediction in 

highly diverse forage environments and enhancing 

accuracy within a narrow range of biomass classes 

predictions (Table 5). Increasing the number of 

observations of both digital and UAV imagery could 

further improve model performance. 

Second, coregistration errors between UAV and 

Sentinel-2 data (Diack et al. 2024) introduced spatial 

mismatches. These errors were primarily caused by GNSS 

positioning uncertainties in both UAV and Sentinel-2 

datasets, leading to cases where UAV imagery (50 × 50 cm 

resolution) did not align with Sentinel-2 grid cells. 

However, very few studies have considered this problem. 

Recently, Gränzig et al. (2021) proposed new approach to 

reducing this the spatial shift. 

Third, leaf overlapping and weed cover during late 

growth stages was a major source of underestimation and 

overderestimation, respectively. Canopy height and 

hyperspectral data could help mitigate this issue (Ma et al. 

2019; Li et al. 2021), but such solutions are only applicable 

to UAV imagery at the ground scale. 

Finally, the availability of Sentinel-2 data was limited 

by persistent cloud cover during the wet season, including 

the study site (May to December). This availability issue 

substantially reduced the frequency of cloud-free imagery, 

limiting biomass estimation and monitoring during key 

growth periods as well as annual grassland assessments. 

Additionally, this issue resulted in imagery being acquired 

far from the field observation dates, causing discrepancies 

between the derived variables and field observations, which 

led to inaccurate biomass estimation. 

Application for grassland management and future 

directions 

The present approach requires only cloud-free Sentinel-

2 data for grass biomass monitoring. Therefore, biomass 

estimates can be continuously updated on any day that 

Sentinel-2 imagery is captured over the grassland. 

Furthermore, this approach can be applied to monitor the 

invasiveness of ruzi grass in areas beyond cultivation, as 

well as for spatial carrying capacity analysis, provided 

there is sufficient data on spatial wildlife density (Gränzig 

et al. 2021; Piipponen et al. 2022). GEE provides free, 

near-real-time satellite imagery, including Sentinel-2 data 

with a 5-day revisit interval. Earth Engine Apps are 

publicly accessible user interfaces for interacting with GEE 

analyses. The RF model developed in this study can be 

integrated into Earth Engine Apps to provide near-real-time 

insights into grass biomass dynamics. 

This platform enables prioritization of grassland 

management without requiring field access. Areas 

predicted to have low grass biomass, often characterized by 

high weed cover or bare soil, can be flagged as top-priority 

zones for intervention. Additionally, Earth Engine Apps are 

web-based and offer a user-friendly interface for data 

analysis and visualization, making them accessible to 

national park officers without requiring specialized 

software or GEE accounts (Parracciani et al. 2024; 

Puspitasari et al. 2024). Future work should focus on 

developing and deploying such applications.  

The results of the grassland CC analysis indicated that 

the area is currently supporting an overpopulation of 

wildlife. The degradation of grassland is a critical factor 

contributing to wildlife overpopulation. To mitigate this 

overpopulation, especially in dry season, water resource 

management strategies should be implemented to utilize all 

12 reservoirs and numerous ponds within the restoration 

area, ensuring that water flows into the grassland, where 

water availability acts as a limiting factor for ruzi grass 

growth (Department of Livestock Development 2002; 

Srikrachang and Srikosamatara 2005; Dos Reis et al. 2020). 

Nowaday, only annual sowing of ruzi seeds is practiced to 

support regeneration and mitigates trampling effects (DNP 

2022). Pasture management practices such as grazing 

rotation management should be integrated to improve 

wildlife habitat (Vavra 2005). To implement grazing 

rotation on the grassland, the two grassland management 

zone should be fenced. Tekletsadik et al. (2004) reported 

that in the dry season, lax cutting of ruzi grass at stubble 
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heights of 20 cm above the ground and cutting every month 

produced higher dry matter yield and crude protein content 

than close cutting at stubble heights of 5 cm above the 

ground and cut every three months or only once in April. 

Moreover, Neutral Detergent Fiber (NDF) and Acid 

Detergent Fiber (ADF) contents tended to be higher under 

lax cutting than close cutting in both seasons. Therefore, to 

implement grazing rotation, one zone was grazed at stubble 

heights of 20 cm above the ground while another zone was 

left ungrazed. Grazing rotation occurred every month, 

meaning that in the following month, the zone that was 

ungrazed in the previous month was grazed, while the 

previously grazed zone was allowed to recover. Wildlife 

tourism zones were moved according to the grazing 

rotation schedule. These strategies aim to maintaining 

grassland for provides year-round resources for wildlife, 

increase the carrying capacity, and enhance the potetial 

yields of the grassland efforts that reduce gaurs and 

elephants crop raiding (Prayoon et al. 2024). 

In summary, this study proposes a novel approach to 

bridging the gap between ground-scale and satellite-scale 

biomass estimation, which reduces sampling errors. The 

method integrates digital images, UAV imagery, and 

Sentinel-2 data through an ordinal regression CNN model. 

The ground-scale model showed fair performance, whereas 

the satellite-scale model performed well. Future work 

should incorporate larger training datasets focused on 

middle biomass values with heterogeneous backgrounds 

and utilize higher-resolution UAV imagery to improve 

ground-scale model accuracy. The primary objective of this 

study—to demonstrate the feasibility of bridging ground 

and satellite scales—was successfully achieved. The 

estimated grass biomass was used in CC analysis, which 

revealed clear evidence of overgrazing and gaur 

overpopulation in the grasslands. To address this issue, 

grazing rotation and water resource management was 

recommended as strategies to rehabilitate degraded 

grasslands, ensure year-round forage availability for wildlife, 

and improve potential the grassland’s productivity, thereby 

mitigating human-wildlife conflict in the buffer zone of 

Kui Buri National Park. 
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Table S1. Augmentation parameters were applied in the digital image and UAV-based CNN model 

 

Augmentation parameter Setting 

Rescale multiply 1/255 

Shear range random with angle in [-30°, 30°] 

Zoom range random with zoom in [0.0,0.2] 

Rotation range random with angle in [-180°, 180°] 

Width and height shift range random with shift in [-0.2, 0.2] 

Brightness range random in [0.75, 1.00] 

Fill mode nearest 

Flip horizontal and vertical 

Random contrast factor value 0.3 

Saturation random with value in [0.5, 1.5] 

Hue random delta value 0.1 

Random noise random noise with zero mean and standard deviation in [0.0, 0.2] 

Random shuffling of quadrants with randomly 90 degrees rotation  - 

Random shadow four corners of the polygon with adjusting the brightness factor are 0.7 
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Table S2. Multispectral image and vegetation indices on Sentinel-2 imagery are used to upscale biomass map 

 

Type Name Abbreviation Formula Reference 

Multispectral image Aerosols B1 -  

 Blue B2 -  

 Green B3 -  

 Red B4 -  

 Red Edge 1 B5 -  

 Red Edge 2 B6 - ESA (2014) 

 Red Edge 3 B7 -  

 NIR B8 -  

 Red Edge 4 B8A -  

 Water vapor B9 -  

 SWIR 1 B11 -  

 SWIR 2 B12 -  

     

Broadband 

vegetation index 

Green normalized difference 

vegetation index 

GNDVI 

 

Gitelson et al. 

(1996) 

 Green-blue normalized difference 

vegetation index 

GBNDVI 

 

Wang et al. (2007) 

 Normalised difference 

vegetation index 

NDVI 

 

Tucker (1979) 

 Soil adjusted vegetation index SAVI 

 
Where L = 0.5 

Huete (1988) 

 Green soil-adjusted vegetation index GSAVI 

 

Tian et al. (2005) 

 Atmospherically resistance 

vegetation index 

ARVI 

 

Kaufman and 

Tanré (1996) 

 Chlorophyll green index CGM 

 

Gitelson and 

Merzlyak (1997) 

 Simple ratio SR 

 

Chen (1996) 

 Modified simple ratio MSR 

 

Chen (1996) 

 Photosynthetic vigour ratio PVR 

 

Kobayashi et al. 

(2020) 

 Transformed difference vegetation 

index 

TDVI 

 

Bannari et al. 

(2002) 

 Normalized difference salinity index NDSI 

 

Dehni and Lounis 

(2012) 

     

Red edge 

vegetation index 

Anthocyanin reflectance 

index 

ARI 

 

Gitelson et al. 

(2009) 

 Normalised difference red edge2 NDRE2 

 

Gitelson and 

Merzlyak (1994) 

 Normalised difference red edge3 NDRE3 

 

Gitelson and 

Merzlyak (1994) 

 Normalised difference red edge8a NDRE8a 

 

Gitelson and 

Merzlyak (1994) 

 Red edge chlorophyll index RECI 

 

Gitelson et al. 

(2003) 

 Chlorophyll absorption ratio index CARI 

 
Where a = (RE1 - Green)/150, 

b = Green×550×a 

Kim et al. (1994) 

 


