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Abstract 20 

Rapid and accurate quantification of crop biomass using multisource UAV 21 

imagery–derived features, such as plant height, vegetation indices, and texture 22 

indices demonstrates strong potential for soybean high-throughput 23 

phenotyping. The indeterminate growth habit of soybean, alongside extensive 24 

nodulation and intense inter-plant competition, necessitates individual plant 25 

level (IPL) monitoring to quantify plant-specific nitrogen fixation and 26 

competitive vigor. However, most studies aggregate measurements at multi-27 

plants at the plot level, thereby masking these soybean-specific traits. This 28 

study aims to develop and evaluate a UAV imagery-based framework for 29 

estimating soybean biomass at the IPL, with the objective of characterizing 30 

high-resolution spatial variability and supporting high-throughput phenotyping.  31 
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Regions of interest (ROIs) for IPL data acquisition were defined as rectangular 32 

plots based on planting density and were generated from early-stage imagery 33 

before canopy overlap occurred. Using these ROIs, structural information (SIs) 34 

including plant height (PH) and vegetation fraction (VF)), vegetation indices 35 

(VIs), and texture indices (TIs) were derived for each individual plant from 36 

RGB and multispectral imagery and organized into sensor-specific feature 37 

groups. Recursive feature elimination was applied to select optimal features, 38 

which were then used as inputs for machine learning architectures including 39 

support vector regression (SVR) with a linear kernel, Random Forest (RF), and 40 

XGBoost (XGB). Among them, the SVR model using fused multisource 41 

features (SIs + VIs + Tis) achieved the best performance, with R² = 0.88, RMSE 42 

= 55.34 g, and rRMSE = 8.50% on an independent test dataset. The results show 43 

that: (1) tree-based models, including XGB and RF may suffer from overfitting 44 

due to limited sample size and feature redundancy, whereas linear SVR showed 45 

better generalization; (2) fusing RGB and multispectral features consistently 46 

improved biomass estimation accuracy. Inparticular, near-infrared and red-47 

edge-based indices such as RECI and NDRE, along with VF and PH, were 48 

identified as important predictors, while texture indices were not selected as 49 

significant features; and (3) the proposed framework enabled spatially explicit 50 

IPL biomass mapping and time-series analysis, revealing variability in growth 51 

conditions and distinct growth trajectories. The framework provides a reliable 52 

solution for IPL soybean biomass estimation with practical potential for UAV-53 

based agricultural decision-making. 54 

Keywords:  Feature fusion; Plant phenotyping; Precision agriculture; Remote 55 

sensing; Spatial variability 56 

  57 
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Graphical abstract 58 

 59 
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Highlights  60 

• UAV multisource imagery including RGB and multispectral enables 61 

individual plant level soybean biomass estimation 62 

• SVR model with fusing multisource features achieved highest accuracy (R² = 63 

0.89) 64 

• Multispectral imagery-based features—near-infrared and red-edge-based 65 

indices such as Red Edge Chlorophyll Index and Normalized Difference Red 66 

Edge—improved biomass prediction performance beyond RGB imagery-based 67 

features such as VF and PH. 68 

• Spatiotemporal IPL analyses demonstrate the feasibility of biomass 69 

estimation by capturing spatial patterns and growth dynamics. 70 

  71 
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1 Introduction 72 

Soybean (Glycine max L.) is a major global food crop and leading plant-73 

based protein source, playing a critical role in food security (Hartman et al., 74 

2011). In recent decades, the increasing frequency of extreme climatic events 75 

associated with global climate change has posed significant challenges to 76 

soybean productivity and quality (Mall et al., 2004). These challenges have 77 

driven intensive breeding efforts to develop cultivars with enhanced 78 

adaptability and stable yields (Thomasz et al., 2024). Biomass is a key 79 

physiological trait that reflects crop vigor and growth potential, encompassing 80 

factors such as photosynthetic efficiency, light interception, and competitive 81 

ability against weeds (Hsiao et al., 2009; Huang et al., 2016; Oerke, 2006). 82 

However, traditional manual biomass measurements are destructive, labor-83 

intensive, and inefficient for large-scale phenotyping (Ubbens et al., 2020). 84 

Unmanned aerial vehicle (UAV)-based remote sensing provides a non-85 

destructive, cost-effective, and faster alternative that enables high-throughput 86 

acquisition of spatially explicit data (Jang et al., 2020; Zambrano et al., 2023). 87 

Therefore, integrating UAV imagery into soybean biomass estimation 88 

represents a promising approach to improve efficiency and precision in field 89 

breeding programs (Kouadio et al., 2023; Liu et al., 2025; Tanaka et al., 2024) 90 

Soybean exhibits indeterminate growth and continuously reallocates 91 

biomass throughout its growth period. Root nodulation varies among individual 92 

plants due to the spatial heterogeneity of rhizobial populations, leading to 93 

differences in nitrogen fixation capacity (López-García et al., 2002). In 94 

addition, substantial plant-to-plant variability in growth and yield occurs, and 95 

can be further influenced by planting density and stand uniformity, ultimately 96 

contributing to significant variation in biomass among individual plants 97 

(Masino et al., 2018; Purcell et al., 2002). Thus, assessing biomass at the 98 

individual plant level (IPL) enables a more accurate characterization of growth 99 
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dynamics and plant-to-plant interactions, thereby supporting the precise 100 

identification and selection of high-performing, resilient genotypes.  101 

However, in most UAV imagery–based soybean growth prediction studies, 102 

biomass datasets are typically constructed by defining regions of interest 103 

(ROIs) that encompass multiple plants. UAV-derived image features within 104 

each ROI are aggregated to generate representative values and paired with 105 

corresponding ground-measured mean biomass to develop machine learing-106 

based models (Da et al., 2025; Okada et al., 2024; Ranđelović et al., 2023). 107 

Therefore, this study aims to address this research gap by evaluating the 108 

feasibility of UAV-based IPL soybean biomass estimation, a topic that remains 109 

underexplored. 110 

Among the various sensing modalities used in UAV-based phenotyping, 111 

RGB imagery enables the extraction of structural information (SIs) related to 112 

crop canopy volume, including vegetation fraction (VF) and plant height (PH) 113 

(Bendig et al., 2014; Kim et al., 2018, 2023). These UAV-derived SIs show 114 

strong potential for predicting crop biomass. For example, Kim et al. (2018) 115 

and Kim et al. (2023) developed linear regression models using VF and PH 116 

derived from RGB imagery, achieving strong predictive performance for radish 117 

and Chinese cabbage, and for onion and garlic, respectively. However, beyond 118 

crop volume, traits related to tissue composition, such as epidermal and 119 

mesophyll structures, influence mass density and spatial morphology, both of 120 

which closely correlate with biomass (Ye et al., 2024; Zhao et al., 2023). 121 

Therefore, several studies incorporated vegetation indices (VIs) and texture 122 

indices (TIs) derived from gray-level co-occurrence matrix (GLCM) analysis 123 

(Matyukira & Mhangara, 2024; Yang et al., 2025). These VIs and TIs improve 124 

prediction accuracy when integrated with structural features. However, RGB 125 

imagery alone has inherent limitations, as it primarily captures canopy structure 126 

and visible reflectance. In contrast, VIs and TIs derived from near-infrared 127 

(NIR) and red-edge spectral bands provide additional information on crop 128 
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physiological characteristics and plant health (Biswal et al., 2024a; Liu et al., 129 

2025). Therefore, fusing multisource UAV data from RGB and multispectral 130 

sensors has the potential to provide more comprehensive information on crop 131 

biomass. However, there are not many studies that systematically integrate 132 

multisource UAV data for IPL crop biomass prediction. Understanding the 133 

contributions and predictive performance of features derived from different 134 

sensors is essential for the effective application of UAV-based remote sensing 135 

in practical phenotyping systems. 136 

Deep learning models have received increasing attention for estimating crop 137 

growth from UAV imagery (Ali et al., 2025; Malashin et al., 2024). Deep 138 

learning–based image regression models automatically extract features relevant 139 

to crop growth and achieve high prediction accuracy when large training 140 

datasets are available. In contrast, machine learning (ML) approaches based on 141 

explicit feature extraction are widely used for biomass estimation because they 142 

provide high interpretability and perform reliably when training data are limited 143 

(Da et al., 2025a; Okada et al., 2024). Since fused multisource features typically 144 

comprise numerous input variables, ML models are well-suited to high-145 

dimensional feature spaces and effectively capture complex relationships 146 

among variables, thereby enabling robust predictive performance in soybean 147 

biomass estimation. (Da et al., 2025a; Ranđelović et al., 2023; Shammi et al., 148 

2025; Zhu et al., 2025). Several studies have compared the performance of 149 

different ML architectures for estimation; however, they did not strictly 150 

separate calibration and test datasets across different cultivation environments. 151 

Such experimental designs can lead to optimistic performance estimates and 152 

hinder accurate evaluation of model generalization. In agricultural applications, 153 

where datasets are inherently limited, it is essential to develop machine 154 

learning-based models that mitigate overfitting and ensure robust 155 

generalization (Liu et al., 2025). 156 
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For IPL soybean biomass estimation, this study proposes a framework based 157 

on multisource UAV imagery including RGB and multispectral data. The 158 

specific objectives are: (1) to develop and evaluate machine learning models 159 

for IPL soybean biomass prediction; (2) to investigate the contributions of 160 

multisource UAV imagery to biomass estimation; and (3) to explore the 161 

feasibility of applying the proposed framework to high-throughput 162 

phenotyping. 163 

To achieve these objectives, the performance of various ML architectures 164 

was systematically evaluated, and model robustness was assessed using 165 

soybean datasets collected under diverse environmental conditions. This study 166 

further explored SI-based biomass estimation by incorporating RGB-derived 167 

VIs and TIs, alongside features from multispectral imagery. In addition, 168 

spatiotemporal analysis of IPL soybean biomass was conducted to demonstrate 169 

the applicability of the proposed framework. Specifically, the feasibility of the 170 

approach was validated by comparing biomass maps generated at the IPL with 171 

those at plot-level spatial resolution, while generating growth curves relevant 172 

to growers. 173 

2 Materials and Methods 174 

2.1 Test field and biomass collection 175 

A two-year field experiment was conducted in two separate soybean 176 

(Glycine max (L.) Merrill) fields during the 2024 and 2025 growing seasons, 177 

from June to September. UAV-based imaging was carried out at the 178 

University Farm of Seoul National University (37° 15′ 54.85″ N, 126° 59′ 179 

22.13″ E, altitude 35 m), located in Suwon, Republic of Korea (Fig. 1). At the 180 

experimental site, the average temperatures during the 2024 and 2025 181 
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growing seasons were 27.1 °C and 26.5 °C, respectively, while total rainfall 182 

amounted to 183.0 mm and 490.0 mm, respectively. 183 

 184 

 185 

Fig. 1. Test sites during the 2024 and 2025 soybean growing seasons. Data 186 

from 2024 were used for model development, while data from 2025 were used 187 

for validation under different environmental conditions. Soybeans were sown 188 

using a mechanical seed drill, with row and interplant spacing of 65 × 24 cm 189 

in 2024 and 60 × 24 cm in 2025. 190 

 191 

Data collected in 2024 were used to develop a multisource UAV-based 192 

machine learning framework for IPL soybean biomass estimation, whereas 193 

data collected in 2025 were used to validate the developed models under 194 

different environmental conditions. In both years, soybeans were sown using a 195 

mechanical soybean seed drill (Jang Seeder, Korea). During west-to-east 196 

sowing, a tractor-mounted system performed rotary tillage, ridge formation, 197 

and seeding in a single pass, with each row initiated from the western region 198 
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and completed toward the east, and operations repeatedly restarting from the 199 

west for subsequent rows. Row spacing and interplant spacing were set, 200 

respectively, to 65 cm and 24 cm in 2024, and to 60 cm and 24 cm in 2025. 201 

Approximately ten days after germination, thinning was conducted to retain a 202 

single plant per hole where multiple seedlings had emerged. In 2024, all plots 203 

were planted with the soybean cultivar Gwanak1 (Glycine max (L.) Merrill), 204 

whereas in 2025, an additional cultivar, Seonyu2ho (Glycine max (L.) 205 

Merrill), was planted. 206 

Plant biomass was determined by destructive sampling, in which roots were 207 

removed, and the fresh weight of each plant was measured individually 208 

immediately after sampling. To develop a generalized model capable of 209 

estimating biomass during periods of active soybean growth, samples were 210 

collected up to the pod formation stage, when substantial increases in biomass 211 

typically occur. Growth stages were identified according to the Biologische 212 

Bundesanstalt, Bundessortenamt und Chemische Industrie (BBCH) scale 213 

(LANCASHIRE et al., 1991) as summarized in Table A1. In addition, the 214 

growing degree days (GDD) for each observation date were calculated 215 

following the procedures in (Alsajri et al., 2019). In 2024, 410 samples of the 216 

cultivar Gwanak1 were collected. In 2025, 240 samples of Gwanak1 and 230 217 

samples of Seonyu2ho were collected.  218 

 219 

2.2 Workflow design 220 

Fig. 2 shows that the biomass estimation algorithm followed the workflow. 221 

First, UAV platforms equipped with RGB and multispectral cameras were 222 

used to acquire imagery. The raw images were processed to generate 223 

reflectance-aligned mosaics and three-dimensional point cloud-based plant 224 

height (PH) products. For surveyed plants, IPL ROIs were defined based on 225 

sowing density, and crop regions were subsequently segmented. 226 
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For each IPL crop region, features were extracted and grouped by sensor 227 

type: RGB-only or RGB combined with multispectral imagery. Each feature 228 

group included structural information (SIs) as the primary predictors for 229 

biomass estimation, along with vegetation indices (VIs) and texture indices 230 

(TIs). Based on these datasets, recursive feature elimination (RFE) was 231 

applied across four machine learning architectures to identify optimal feature 232 

combinations and develop the best-performing model for each feature group. 233 

Finally, features extracted from crop regions in the test dataset were input into 234 

the biomass estimation models developed during the training stage. 235 

 236 

 237 

Fig. 2. Workflow of soybean biomass estimation model development. SI, VI, 238 

and TI denote structural information, vegetation indices, and texture indices, 239 

respectively 240 
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2.3 Data collection 241 

2.3.1 UAV flight and image acquisition 242 

RGB imagery was acquired using a DJI Phantom 4 Pro V2.0 (DJI, 243 

Shenzhen, China), equipped with a 1-inch CMOS sensor, capturing visible 244 

bands (blue, green, and red) at a resolution of 5472 × 3648 pixels. 245 

Multispectral imagery was collected using a DJI P4 Multispectral camera 246 

(DJI, Shenzhen, China), which captures five spectral bands: blue (450 ± 16 247 

nm), green (560 ± 16 nm), red (650 ± 16 nm), red edge (730 ± 16 nm), and 248 

near-infrared (840 ± 26 nm) at 1600 × 1300 pixels 249 

The UAV flights were conducted at an altitude of 20 m using the GS Pro 250 

application (DJI, China), with 85% forward and side overlap to ensure 251 

complete coverage of the study area. All flights were conducted between 252 

10:00 and 13:00 local time under stable illumination conditions. A summary 253 

of UAV flights and biomass sampling dates during the 2024 and 2025 254 

growing seasons is provided in Table A1. 255 

2.3.2 Image preprocessing 256 

The acquired UAV imagery was processed using photogrammetry software 257 

(Pix4Dmapper 3.1.7, Pix4D SA, Switzerland) based on the Structure from 258 

Motion (SfM) algorithm to generate orthomosaic images and a three-259 

dimensional digital surface model (DSM). Through this process, RGB 260 

orthomosaics, band-specific multispectral mosaics, and DSMs were obtained. 261 

To improve the spatial accuracy of the UAV-derived imagery, six ground 262 

control points (GCPs) were installed in the test field using aluminum panels 263 

painted black and white (Fig, 1). Their coordinates were measured using a 264 

real-time kinematic global positioning system (RTK-GPS, Model No. C099-265 

F9P) with vertical and horizontal accuracy within 10 cm, and these data were 266 

used for geometric correction. 267 
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To minimize the influence of varying light and atmospheric conditions on 268 

UAV images captured at different times, radiometric calibration was 269 

performed for each flight. During each mission, 0.6 × 0.6 m Group 8 270 

Technology Type 822 calibration panels with four grayscale reflectance levels 271 

(3%, 11%, 33%, and 55%) were placed within the UAV flight path. For RGB 272 

imagery, empirical line calibration was applied (Yun et al., 2016), while for 273 

multispectral imagery, a linear calibration relationship was applied using 274 

standard calibration panels (Wang et al., 2024).   275 

2.3.3 IPL multisource imagery extraction 276 

In this study, UAV-based multisource imagery data were obtained for IPL 277 

crops (Fig. 3). RGB orthomosaic images acquired at the early growth stage 278 

were first employed to determine individual plant centroids (June 21, 2024, 13 279 

days after sowing; and June 13, 2025, 13 days after sowing; Table A1). At 280 

this stage, soybean plants did not overlap, allowing individual plant centroids 281 

to be reliably identified. Because these initial centroids remained spatially 282 

stable unless plants were physically removed, ROIs were generated based on 283 

these reference points. The centroids were manually annotated (red dots in 284 

Fig. 3a).  285 

To reflect planting density, each ROI in 2024 was defined as a rectangle 286 

measuring 65 cm along the planting rows (vertical direction) and 24 cm 287 

between plants within a row (horizontal direction), as shown in orange 288 

rectangles in Fig. 3a. In 2025, the corresponding dimensions were 60 cm and 289 

24 cm for vertical and horizontal directions, respectively. To determine the 290 

orientation of each ROI, crop row centerlines were manually delineated, and 291 

the rectangles were aligned with these row directions, as shown in black lines 292 

in Fig. 3a. The generated ROIs served as spatial units for extracting UAV-293 

based multisource imagery at ground-sampled locations. The ROI generation 294 
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in Fig. 3a was conducted using QGIS Desktop 3.26.2 (QGIS Development 295 

Team). 296 

Background elements, including weeds and soil, were removed from the 297 

UAV-based multisource images extracted for each ROI to enable feature 298 

extraction exclusively from crop regions. Crop areas were manually 299 

delineated using polygon annotations (Fig. 3b). The open-source tool Labelme 300 

was used to label crop regions based on RGB imagery for all samples, 301 

generating annotation files in JSON format. These annotations were 302 

subsequently converted into binary PNG masks, in which crop pixels were 303 

assigned a value of 1 and background pixels a value of 0.  The resulting masks 304 

were used as crop-only regions for feature extraction within each IPL ROI. 305 

 306 
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 307 

 308 

Fig. 3. IPL feature extraction procedure: (a) generated IPL ROIs (orange 309 

rectangles), where white dots indicate crop centroids at the early growth stage 310 

and black lines represent crop rows; (b) generating crop region annotations for 311 

each sampled ROI using Labelme; (c) extracted features from the sample shown 312 

in (b), including radiometrically calibrated RGB imagery, plant height, texture 313 

indices (e.g., Entropy from RGB), and vegetation indices (e.g., EVI). 314 

2.3.4 UAV multisource feature dataset configuration 315 

The extracted features included structural information (SIs), vegetation 316 

indices (VIs), and texture indices (TIs). The SIs consisted of PH, vegetation 317 

fraction (VF), and PH × VF, which represents crop volume. PH was 318 

determined as the maximum value obtained by subtracting the digital terrain 319 

model (DTM) generated before crop emergence from the digital surface 320 
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model (DSM) generated after crop emergence (Fig. 4). The crop height 321 

predicted using the proposed method showed the estimation performance 322 

presented in Fig. A1. In this study, RGB images acquired using the DJI 323 

Phantom 4 Pro V2.0 were compared with ow-resolution RGB images (1600 × 324 

1300) from the DJI P4 Multispectral. The high-resolution RGB images 325 

provided noticeably improved prediction performance, showing higher R² 326 

values and lower RMSE values than the low-resolution RGB images. 327 

Therefore, to ensure reliable crop height estimation, two separate UAV flights 328 

were conducted in this study, as described in Section 2.3.1. VF was calculated 329 

by dividing the number of pixels within the generated crop region by the total 330 

number of pixels within the ROI.  331 

 332 

 333 

Fig. 4. Estimation of plant height (PH) from structure-from-motion (SfM)–334 

derived point clouds, using the difference between the digital surface model 335 

(DSM) and digital terrain model (DTM). The DSM represents the crop canopy 336 

surface (red dashed line), while the DTM corresponds to the ground surface in 337 

the absence of vegetation (red solid line) 338 

 339 
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For the RGB imagery, VIs were derived from the R, G, and B bands, and 340 

TIs were calculated from grayscale-converted images and plant height (PH) 341 

images. For multispectral imagery, VIs were computed using bands including 342 

near-infrared (NIR) and red-edge, and TIs were obtained from all five spectral 343 

bands.  344 

A total of 12 VIs were calculated for RGB imagery, while 15 VIs were 345 

derived from multispectral imagery. All indices were computed based on 346 

surface reflectance values. The formulas and descriptions of these VIs are 347 

presented in Tables A2and A3, which include difference-based, ratio-based, 348 

normalized, and composite index approaches. Representative example of EVI 349 

is illustrated in Fig. 3. 350 

Texture indices were extracted using the grey-level co-occurrence matrix 351 

(GLCM) from grayscale-converted RGB images, PH maps, and five 352 

multispectral bands (R, G, B, red-edge, and NIR). Six texture metrics 353 

(homogeneity, contrast, dissimilarity, entropy, energy, and correlation) were 354 

computed, which resulted in 10 TIs from RGB imagery and 25 from 355 

multispectral data. All texture features were derived using a 3 × 3 sliding 356 

window to characterize fine-scale spatial heterogeneity. The GLCM was 357 

generated using the greycomatrix function in the Python scikit-image 358 

(skimage) library, and corresponding texture indices were obtained using the 359 

greycoprops function, as shown in Table A4 and Fig. 3c-Entropy_RGB. 360 

Finally, feature groups were constructed using the datasets described above. 361 

Crop biomass prediction has evolved from approaches based solely on RGB-362 

derived structural information to those incorporating multisensor data and 363 

diverse feature types (Bendig et al., 2014; Da et al., 2025b; Kim et al., 2018, 364 

2023; Okada et al., 2024; Shen et al., 2025a). In this study, feature groups 365 

were constructed by combining RGB-based SIs with additional sensors and 366 

feature types to evaluate whether such multimodal approaches improve 367 

prediction performance for IPL soybean biomass estimation. In this naming 368 
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scheme, the prefix (before “–”) denotes the sensor combination, while the 369 

suffix indicates the feature type. These groups included features using only 370 

structural information (RGB-SI); structural information combined with RGB-371 

based vegetation indices (RGB-VI), texture indices (RGB-TI), and both 372 

(RGB-All); and structural information combined with RGB- and multispectral 373 

camera-based vegetation indices (RGB+MS-VI), texture indices (RGB+MS-374 

TI), and both (RGB+MS-All). Feature engineering and model development 375 

were then performed separately for each feature group.IPL soybean biomass 376 

estimation model construction 377 

2.3.5 Feature selection using recursive feature elimination 378 

Recursive feature elimination (RFE) was applied for feature selection using 379 

four machine learning algorithms: support vector regression (SVR), random 380 

forest (RF), and eXtreme Gradient Boosting (XGB). 381 

Initially, biomass prediction models were constructed using all available 382 

features with five-fold cross-validation for each algorithm. At each iteration, 383 

one feature was removed, the model was retrained, and the average R² score 384 

was recalculated using the reduced feature set. The feature associated with the 385 

lowest performance was permanently excluded, and the dataset was updated 386 

for the next iteration. This recursive process continued until only a single 387 

feature remained.  Features were progressively eliminated, and the smallest 388 

feature subset achieving at least 99% of the maximum R² obtained during the 389 

RFE process was selected to reduce input dimensionality while maintaining 390 

comparable predictive performance. Here, the maximum R² refers to the 391 

highest predictive performance obtained among all evaluated feature subsets. 392 

(Shen et al., 2025a). Results for the RGB+MS-All feature group are illustrated 393 

in Fig. A2. 394 
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2.3.6 Machine learning model development through tree-structured 395 

parzen estimator 396 

Models for predicting soybean biomass were developed using the 397 

calibration dataset and four machine learning architectures: SVR, RF, XGB, 398 

and a stacked ensemble model (SE) that integrated the four base learners. The 399 

SE employed multiple linear regression as a meta-model to combine 400 

predictions from the base models. Seventy percent of the dataset was allocated 401 

for training, and the remaining 30% was used for validation. 402 

For each of the seven feature groups (RGB-SI, RGB-VI, RGB-TI, RGB-403 

All, RGB+MS-VI, RGB+MS-TI, and RGB+MS-All), hyperparameter tuning 404 

for four machine learning architectures was performed using the feature 405 

subsets selected through RFE. Hyperparameter optimization used five-fold 406 

cross-validation combined with the Tree-structured Parzen Estimator (TPE). It 407 

enables efficient exploration of the search space by adaptively focusing on 408 

promising regions of the parameter domain. Specifically, the TPE algorithm 409 

iteratively partitioned the training dataset into five subsets, with one subset 410 

used for validation and the remaining four for training in each round. The 411 

hyperparameter configuration that achieved the highest average performance 412 

was selected to reduce overfitting. 413 

2.3.7 Biomass estimation framework performance evaluation 414 

The performance of biomass estimation was evaluated using the 2025 test 415 

dataset. Evaluation metrics for biomass estimation included the coefficient of 416 

determination (R²), root mean square error (RMSE), and relative RMSE 417 

(rRMSE), calculated between predicted and measured biomass values.  418 

To interpret the characteristics of the feature combinations and model 419 

architectures that achieved the highest performance in each feature group on 420 

the test dataset, SHapley Additive exPlanations (SHAP) analysis was 421 

conducted for the best-performing model in each group. SHAP analysis 422 
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quantified the contribution of each feature to model predictions while 423 

accounting for feature interactions (Lundberg et al., n.d.).  424 

3 Results 425 

3.1 Biomass data distribution across season and cultivar 426 

The distribution of IPL soybean biomass across growing seasons is shown 427 

in Fig. 5 using kernel density estimation (KDE). In 2025, the proportion of 428 

samples with biomass values greater than 300 g for the cultivar Gwanak1 was 429 

higher than that observed in 2024. This difference is likely attributable to 430 

more favorable growing conditions in 2025, as both temperature and rainfall 431 

were higher during the sampling period. In addition, the cultivar Seonyu2ho 432 

exhibited lower biomass values than Gwanak1 under the same cultivation 433 

conditions, which appears to be associated with its earlier flowering stage.  434 

As a result, the calibration and test datasets differed in both environmental 435 

conditions and cultivar composition, which led to distinct biomass 436 

distributions. These datasets are therefore suitable for evaluating model 437 

reproducibility under varying environmental conditions and assessing 438 

generalization to cultivars with different growth characteristics. 439 

 440 
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 441 

 442 

Fig. 5. Distribution of biomass samples across seasons and cultivars. The 443 

biomass distributions of the calibration and test datasets differ across seasons 444 

and cultivars, indicating that the datasets represent distinct environmental and 445 

varietal conditions and are therefore suitable for evaluating model 446 

generalization. 447 

3.2 Performance of feature-driven machine learning framework across 448 

feature groups and model architectures 449 

Biomass prediction performance was strongly influenced by feature 450 

composition and model architecture (Table 1). Among all feature groups, the 451 

highest prediction accuracy was achieved using the RGB+MS-All 452 

combination, particularly with the SVR model (R² = 0.89, RMSE = 53.15 g, 453 

and rRMSE = 8.50%). This finding suggests that integrating structural, 454 

spectral, and textural information derived from multisource UAV imagery 455 

provides the most comprehensive representation of IPL soybean biomass. 456 

Within RGB-only feature groups, SIs (RGB-SI) provided relatively strong 457 

predictive performance (R² ≤ 0.73), confirming that canopy-scale SIs play a 458 

fundamental role in biomass estimation. The addition of VIs (RGB-VI) or 459 

texture features (RGB-TI) resulted in marginal improvements or reduced 460 
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performance in some cases. However, the scatterplots of the best-performing 461 

model for each feature group as shown in Fig. 6 highlight the limitations of 462 

RGB-based features. Predictions tended to saturate at higher biomass levels, 463 

showing pronounced underestimation and deviation from the 1:1 line. This 464 

saturation effect indicates that RGB-derived features, particularly structural 465 

and visible-range indices, have limited sensitivity to biomass variability under 466 

dense canopy conditions. Conversely, feature groups incorporating 467 

multispectral data (RGB+MS-VI and RGB+MS-All) substantially reduced 468 

this saturation effect. The corresponding scatterplots displayed tighter 469 

clustering around the 1:1 line and improved prediction accuracy across the 470 

overall biomass range, particularly at higher values. 471 

Regarding model architecture, SVR consistently demonstrated the most 472 

stable and highest predictive performance across feature groups, particularly 473 

in test datasets. In contrast, RF, XGB, and SE showed strong calibration 474 

performance but reduced generalization ability. For example, XGB achieved 475 

high calibration R² values (≤ 0.99), while its test performance dropped 476 

substantially across several feature groups (e.g., RGB-VI: R² = 0.52; RGB-477 

All: R² = 0.57), indicating overfitting. RF showed more stable but lower 478 

performance across feature groups (R² ≈ 0.69–0.85).  479 

These findings indicate that optimal IPL biomass estimation can be 480 

achieved by combining multisource UAV-derived features with relatively 481 

simple and stable ML architectures. The integration of RGB and multispectral 482 

data improves sensitivity to physiological variability and mitigates saturation 483 

effects, while SVR ensures robust generalization across diverse cultivation 484 

environments. 485 

Table 1. Model performance results across feature combinations and machine 486 

learning architectures, including R², RMSE, and rRMSE.  487 

Feature Group Models 𝑅2 RMSE (g) rRMSE (%) 
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calibratio
n 

test calibratio
n 

test calibratio
n 

test 

RGB-SI 

SVR 0.86 0.69 25.8 90.5 7.6 13.9 

RF 0.87 0.60 24.8 101.7 7.3 15.6 

XGB 0.88 0.72 23.7 85.7 7.0 13.2 

SE 0.86 0.73 26.1 83.4 7.6 12.8 

RGB-VI 

SVR 0.85 0.68 27.0 90.7 7.9 13.9 

RF 0.97 0.69 12.9 89.2 3.8 13.7 

XGB 0.98 0.52 8.5 112.2 2.5 17.2 

SE 0.99 0.48 7.3 116.6 2.1 17.9 

RGB-TI 

SVR 0.85 0.76 26.5 79.3 7.8 12.2 

RF 0.89 0.77 23.3 76.6 6.8 11.8 

XGB 0.95 0.73 15.6 83.2 4.6 12.8 

SE 0.95 0.73 15.4 83.4 4.5 12.8 

RGB-All 

SVR 0.85 0.71 26.5 87.6 7.8 13.4 

RF 0.97 0.74 12.2 82.3 3.6 12.6 

XGB 0.98 0.57 9.2 105.3 2.7 16.2 

SE 0.99 0.51 7.9 112.4 2.3 17.3 

RGB+MS-VI 

SVR 0.88 0.88 25.6 55.0 7.5 8.4 
RF 0.94 0.84 17.3 65.3 5.1 10.0 

XGB 0.98 0.83 10.5 66.8 3.1 10.3 

SE 0.98 0.82 9.9 68.1 2.9 10.5 

RGB+MS-TI 

SVR 0.86 0.73 25.4 83.9 7.4 12.9 

RF 0.93 0.77 18.8 77.1 5.5 11.8 
XGB 0.96 0.67 13.4 92.2 3.9 14.2 

SE 0.96 0.66 13.1 93.5 3.9 14.4 

RGB+MS-
All 

SVR 0.89 0.89 25.8 53.2 7.6 8.5 
RF 0.94 0.85 17.4 61.3 5.5 9.7 

XGB 0.99 0.81 6.4 70.8 4.0 10.9 

SE 0.99 0.79 5.1 74.0 4.0 11.4 

 488 

 489 
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Fig. 6. Scatterplots of predicted versus ground truth biomass for the best-491 

performing model in each feature group. The best models for each feature group 492 

were as follows: RGB-SI (SE), RGB-VI (RF), RGB-TI (RF), RGB-All (RF), 493 

RGB+MS-VI (SVR), RGB+MS-TI (RF), and RGB+MS-All (SVR). The solid 494 

black line represents the 1:1 relationship, and the orange line indicates the fitted 495 

regression line. RGB-based feature groups exhibit saturation effects at higher 496 

biomass levels, whereas multisource feature combinations (RGB+MS) reduce 497 

saturation and improve prediction accuracy across the overall biomass range. 498 

 499 

3.3 Feature selection and interpretation for individual plant-level 500 

soybean biomass using SHAP analysis 501 

Fig. 7 presents the RGB+MS-All configuration as a representative example, 502 

while the selected features and corresponding SHAP results for the RGB-SI, 503 

RGB-VI, RGB-TI, RGB-All, RGB+MS-VI, and RGB+MS-TI combinations 504 

are provided in the Appendix (Fig. A3–A8). 505 

Red-edge and NIR-based VIs, particularly RECI and NDRE, contributed 506 

dominantly to the model predictions. These indices are highly sensitive to leaf 507 

chlorophyll concentration and canopy nitrogen status, which directly regulate 508 

photosynthetic capacity and biomass accumulation (Barboza et al., 2023; 509 

Hamada et al., 2023). Compared with visible-range indices, red-edge and NIR 510 

features provide greater sensitivity under high leaf-area conditions, enabling 511 

more reliable characterization of dense-canopy variability for biomass 512 

prediction. As expected, the morphological feature PH × VF consistently 513 

showed strong contributions. SHAP analysis revealed that this interaction 514 

term exerted one of the strongest influences on biomass prediction, 515 

confirming its importance as a structural variable that integrates canopy height 516 

and vegetation fraction (Kim et al., 2018, 2023).  Most texture features were 517 

excluded during the RFE process, indicating their relatively limited 518 

contribution to biomass prediction. 519 
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These findings indicate that biomass estimation is influenced not only by 520 

physiological traits but also by the physical structure of the canopy. SIs 521 

primarily capture canopy scale, whereas VIs, particularly those incorporating 522 

NIR and red-edge bands, represent photosynthetic capacity and internal leaf 523 

properties. Therefore, multispectral features provide enhanced sensitivity to 524 

plant physiological conditions beyond what is achievable with RGB data 525 

alone. The integration of these complementary feature types enables a more 526 

comprehensive representation of biomass variability at the IPL. 527 

Meanwhile, SHAP values derived from the Stacked Ensemble model 528 

showed that the XGB base learner contributed most substantially to the final 529 

ensemble predictions. This pattern was consistent across feature sets, 530 

suggesting that the ensemble output was largely driven by the XGB 531 

component and therefore exhibited prediction behavior similar to that of XGB 532 

as shown in Table 1.  533 

 534 

 535 

 536 
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Fig. 7. Bee swarm plots of SHAP values presenting RGB+MS-All feature 537 

contributions across various machine learning models: (a) SVR, (b) RF, (c) 538 

XGB, and (d) SE. Each point represents an individual sample used in the model 539 

evaluation. The color gradient ranging from blue to red reflects increasing 540 

values of the target variable, soybean biomass. Features with higher absolute 541 

SHAP values indicate a stronger influence on the model’s prediction. 542 

3.4 Individual plant-level-based soybean biomass mapping and spatial 543 

variability analysis 544 

Biomass is a key growth indicator associated with photosynthetic activity 545 

supporting reproductive development after flowering. Fig. 8a presents the IPL 546 

biomass map generated from UAV RGB and multispectral images acquired at 547 

the flowering stage (July 25, 2025). The generated IPL biomass maps were 548 

converted to the plot level using rectangular ROIs with a width of 2 m and 549 

spanning four crop rows, following Da et al., (2025), where five samples were 550 

randomly selected within each ROI to compute mean biomass values (Fig. 551 

8b). In addition, kriging interpolation was applied to generate continuous 552 

spatial surfaces using Surfer 13 (Golden Software, USA).  553 

Within the same field, the number of data points decreased from 2,704 at 554 

the IPL to 122 at the plot level, resulting in a substantial reduction in data 555 

density. Spatial resolution, defined as the average distance between adjacent 556 

data points, decreased from 0.25 m to 1.9 m. Aggregation at the plot level 557 

produced a biomass map with reduced spatial variability, characterized by a 558 

narrower variance range, attenuation of local extrema, and a diminished 559 

ability to resolve fine-scale crop variability (Fig. 8). The semivariogram for 560 

IPL data showed a larger nugget and higher semivariance, reflecting strong 561 

plant-to-plant variability, whereas the plot-level semivariogram exhibited a 562 

smaller nugget and steeper increase, indicating reduced local variability and 563 

clearer spatial gradients. (Fig. A9). These results highlight a key limitation of 564 

plot-level analysis in capturing intra-field heterogeneity, whereas UAV-based 565 
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IPL mapping enables the acquisition of high-resolution, large-volume 566 

phenotypic data within field breeding. 567 

 568 

 569 

 570 

Fig. 8. UAV-based soybean biomass maps (a) at the individual plant level  and 571 

(b) plot level, along with their corresponding kriging interpolation maps at the 572 

flowering stage (July 25, 2025). A distinct spatial pattern is observed, with 573 

lower biomass in the southwestern region. 574 

 575 

The kriging and semivariogram analyses revealed clear biomass 576 

heterogeneity within the field, with lower biomass and reduced crop 577 

establishment in the southwestern region, as indicated by spatial gradients in 578 

the kriging maps and by increasing semivariance with lag distance. Two main 579 

factors likely explain this pattern: drainage and sowing quality. The water 580 

drainage inlet is located in the southwestern area, where insufficient drainage 581 

capacity likely prevented discharge during rainfall, leading to water 582 

accumulation and resulting in excess moisture stress. (Fig. 9). In addition, 583 

during west-to-east sowing, the seeding unit was operated independently from 584 

the tillage and ridge-forming components, making consistent depth control 585 
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difficult. As seeding conditions were gradually adjusted based on real-time 586 

feedback during operation, the western sections, where sowing was initiated, 587 

tended to exhibit less stable conditions, while conditions improved toward the 588 

east. Consequently, plant establishment was reduced in the southwestern 589 

region. 590 

These findings confirm that the proposed UAV-based IPL biomass 591 

mapping effectively captures stable spatial variability and localized 592 

disturbances associated with agricultural management practices. By enabling 593 

the identification of such environmental and human-induced effects, this 594 

approach supports more reliable phenotyping and highlights its potential as an 595 

high-throughput phenotyping tool for breeding and precision agriculture 596 

applications. 597 

 598 

 599 

 600 
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Fig. 9. Digital terrain model (DTM) of the study field. The highlighted area (red box) 601 

shows water accumulation after rainfall due to inadequate drainage at the inlet, as 602 

confirmed by the corresponding RGB image. 603 

3.5 Individual plant-level soybean biomass time series dynamic for 604 

high-throughput phenotyping 605 

To further investigate temporal biomass dynamics, the soybean cultivar 606 

Gwanak1 was evaluated via the selection of approximately 30 high-yielding 607 

and 30 low-yielding individual plants at harvest. These plants were grouped 608 

accordingly, and their biomass trajectories over time were analyzed (Fig. 10). 609 

The results revealed distinct differences in biomass accumulation between 610 

the two groups across growth stages. During the early vegetative stage, 611 

biomass increased gradually, but differences between high- and low-yielding 612 

groups remained relatively small and inconsistent, indicating that early-stage 613 

biomass does not fully reflect final yield potential. Conversely, post-614 

flowering, biomass increased markedly, and the divergence between the 615 

groups became pronounced. 616 

This transition is consistent with the spatial analysis results (Section 3.5), 617 

where distinct spatial patterns emerged post-flowering. Similarly, at the IPL, 618 

biomass differences between high- and low-yielding plants became more 619 

pronounced and stable post-flowering, suggesting that post-flowering biomass 620 

better represents intrinsic growth performance and yield potential. Rapid 621 

biomass accumulation during the reproductive stage is likely associated with 622 

active pod development and seed filling under favorable environmental 623 

conditions, including sufficient temperature and rainfall. 624 

In particular, the high-yielding group consistently accumulated more 625 

biomass than the low-yielding group, with differences becoming increasingly 626 

evident during the reproductive stage. This pattern indicates that post-627 

flowering biomass development plays a critical role in determining final yield 628 

potential. 629 
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From a breeding perspective, temporal biomass dynamics are important 630 

because they reflect differences in growth efficiency, resource allocation, and 631 

reproductive development among individual plants (Masino et al., 2018). 632 

Monitoring these dynamics at the IPL provides valuable insights into 633 

genotype performance and yield formation processes. UAV-based IPL 634 

biomass mapping enabled the identification and temporal tracking of these 635 

differences, demonstrating its potential as an effective phenotyping tool in 636 

breeding programs. 637 

 638 

 639 

 640 

Fig. 10. Temporal biomass time series dynamics of high- and low-yielding 641 

soybean plants (Gwanak1) across growth stages. The blue and red lines 642 

represent the biomass of high- and low-yielding groups, respectively, and the 643 

shaded areas indicate the variability (± 1 standard deviation) within each group. 644 

The vertical dashed line denotes the flowering stage. 645 

4 Discussion 646 

This study demonstrated that a feature-driven machine learning framework 647 

based on UAV imagery can accurately predict soybean above-ground biomass 648 

(AGB) at the individual plant level (IPL). The results confirmed that, similar 649 
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to the most previous studies conducted at the plot level (Da et al., 2025a; 650 

Okada et al., 2024; Ranđelović et al., 2023), biomass estimation using feature 651 

selection and machine learning models was also feasible at the IPL. However, 652 

the comparative analysis in this study (Fig. 8) revealed that plot-based 653 

approaches are inherently less effective in capturing plant-level variability, 654 

limiting their applicability to precision agriculture and high-throughput 655 

phenotyping requiring high-resolution spatial data. 656 

IPL-based analysis offers several important benefits for crop monitoring 657 

and phenotyping applications. First, it enables the acquisition of a large 658 

number of samples within a limited field area, which is particularly beneficial 659 

for high-throughput phenotyping in breeding programs (Gill et al., 2022; Roth 660 

et al., 2025; Tanaka et al., 2024; Xu & Li, 2022). Second, it allows the 661 

analysis of fine-scale spatial variability, making it possible to detect subtle 662 

environmental heterogeneity that may occur even within short distances 663 

(Masino et al., 2018; Toriyama, 2020). Third, it provides direct measurements 664 

at the IPL, avoiding the smoothing effects caused by spatial aggregation, 665 

thereby improving data precision (section 3.4). These advantages highlight the 666 

potential of IPL-based approaches as a powerful tool for both precision 667 

agriculture and plant phenotyping applications. 668 

A notable finding of this study is that texture indices (TIs) did not exhibit 669 

significant importance in biomass prediction at the IPL. In previous studies 670 

conducted at the plot level (Da et al., 2025a; Shen et al., 2025b), TIs have 671 

been shown to capture spatial patterns such as gaps among canopy stand, 672 

which indirectly reflect crop growth conditions. However, in the IPL context, 673 

where each sample corresponds to a single plant, such spatial variability is 674 

inherently limited. As a result, TI-derived features primarily represent the 675 

arrangement of leaves within an individual canopy, providing minimal 676 

additional information for biomass estimation. In contrast, structural features 677 

such as plant height (PH) and vegetation fraction (VF), along with vegetation 678 
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indices (VIs) related to chlorophyll content, showed high importance. In 679 

particular, red-edge and near-infrared (NIR)-based indices, such as RECI and 680 

NDRE, were identified as dominant predictors, likely due to their reduced 681 

saturation and strong sensitivity to physiological traits associated with 682 

biomass accumulation (Qiao et al., 2022; Xie et al., 2018). 683 

Another key strength of this study lies in its experimental design. Model 684 

development and evaluation were conducted using datasets collected from 685 

different years and different fields, enabling a rigorous assessment of model 686 

generalizability. In contrast, many previous studies, although separating 687 

training and test datasets, relied on data collected under similar environmental 688 

conditions, which may overestimate model performance (Biswal et al., 2024b; 689 

Liu et al., 2022, 2025). Under the more challenging conditions adopted in this 690 

study, Stacked Ensemble model did not achieve superior performance. While 691 

these models exhibited strong fitting ability during calibration, their 692 

performance decreased on independent test datasets, indicating overfitting. 693 

Interestingly, the support vector regressor (SVR) with a linear kernel 694 

showed relatively lower performance during calibration but outperformed 695 

more complex models in the test phase. This result suggests that, under 696 

conditions where the distribution of training and test data differs, simpler and 697 

more stable models may provide better generalization than highly flexible, 698 

nonlinear architectures. Given the limited availability of agricultural data and 699 

the increasing variability of environmental conditions, prioritizing model 700 

robustness over fitting complexity appears to be a more effective strategy for 701 

practical applications. 702 

Despite the promising results, several limitations should be acknowledged. 703 

In this study, two separate UAV flights were required to acquire high-704 

resolution RGB imagery and multispectral imagery, respectively, which 705 

increases operational complexity and reduces acquisition efficiency. In 706 

addition, the independent acquisition of the two datasets may introduce slight 707 
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spatial inconsistencies caused by canopy movement or environmental 708 

variation between flights (Nguyen et al., 2025). Future studies should explore 709 

UAV platforms capable of simultaneously acquiring high-resolution RGB and 710 

multispectral data within a single flight (Maimaitijiang et al., 2020). Although 711 

biomass prediction at the IPL was successfully achieved, the current 712 

workflow still relies on manual processes for IPL region definition and crop 713 

delineation. This dependency limits scalability and practical applicability. 714 

Developing automated IPL mapping frameworks that can robustly handle 715 

complex canopy structures, including overlapping plants, will be essential for 716 

translating model outputs into practical breeding and field management 717 

applications. 718 

5 Conclusion 719 

In this study, a UAV-based multisource feature-driven ML framework for 720 

estimating soybean biomass at IPL was developed and validated. Multisource 721 

UAV imagery, including RGB and multispectral data, was collected across 722 

two growing seasons under independent field conditions, and structural, 723 

spectral, and textural features were extracted from IPL-defined crop regions to 724 

construct biomass prediction models. 725 

The results showed that biomass prediction performance was strongly 726 

dependent on feature composition and model architecture. Among all 727 

combinations, the SVR model using integrated RGB and multispectral 728 

features (RGB+MS-All) achieved the highest accuracy (R² = 0.89, RMSE = 729 

53.15 g, and rRMSE = 8.50%) on the independent test dataset. These findings 730 

indicate that combining multisource UAV features with relatively simple and 731 

stable models is more effective for robust biomass estimation with limited 732 

agricultural datasets. 733 
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Overall, this study confirms the feasibility of UAV-based IPL soybean 734 

biomass estimation as an HTP tool. The proposed framework enables 735 

accurate, non-destructive, and spatially explicit biomass quantification at the 736 

IPL. Beyond prediction accuracy, it provides spatial mapping and temporal 737 

analysis of biomass dynamics, revealing spatial variability associated with 738 

environmental conditions and human management, as well as distinct post-739 

flowering growth differences between high- and low-yielding plants. These 740 

capabilities highlight its potential for crop monitoring, breeding selection, and 741 

precision agriculture applications.  742 
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