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Abstract 

This study aimed to evaluate the growth responses of kenaf (Hibiscus cannabinus L.) under 

nitrogen and compost treatments and to develop a UAV-based plant height estimation 

model. Ground-measured plant height differences were not significant at harvest (110 

days after sowing, DAS), highlighting the need for multitemporal monitoring. Multispec-

tral drone imagery was acquired at five growth stages (20–110 DAS). Object-based image 

segmentation was applied to extract pure vegetation areas, and digital surface model dif-

ferencing (ΔDSMt) was used to reduce micro-topographic effects. A UAV-based multiple 

linear regression (UAV-MLR) model was developed using ΔDSMt, NDVI, GNDVI, and 

NGRDI to integrate complementary structural and spectral information. Evaluated on the 

calibration dataset, the UAV-MLR model demonstrated high fitting performance (ad-

justed R2 = 0.9858, RMSE = 14.95 cm, MAE = 11.31 cm), outperforming the ground-based 

simple linear regression (G-SLR) model based on stem diameter (adjusted R2 = 0.9615, 

RMSE = 39.68 cm, MAE = 29.16 cm). By integrating structural and spectral information, 

the proposed approach reduced RMSE by 62.3%, offering a highly accurate, non-destruc-

tive tool for crop monitoring and precision agriculture. 

Keywords: kenaf; UAV remote sensing; plant height; digital surface model; vegetation 

indices; multiple linear regression 

 

1. Introduction 

Recent global concerns over climate change have highlighted the need to mitigate 

environmental impacts and transition toward precision agriculture based on low-input 

farming technologies [1–6]. Kenaf (Hibiscus cannabinus L.) is a representative high-yield 

crop known for its superior biomass productivity [7,8] and exceptionally high carbon di-

oxide (CO2) uptake capacity compared with conventional crops [9,10]. It is a subtropical 

annual crop native to Africa, characterized by a short growth period of approximately 

100–125 days and rapid growth, reaching up to 4–6 m in height [11,12]. As the economic 

and environmental value of kenaf has increased, diverse studies have focused on its sus-

tainable production, particularly given its ability to maintain stable growth with relatively 
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low inputs of chemical fertilizers and pesticides [13,14]. This makes kenaf well suited for 

low-input precision agriculture. 

However, the structural development and biomass accumulation of kenaf are 

strongly governed by nutrient availability, particularly soil nitrogen and organic compost 

applications. Varied fertilization regimes can induce marked spatial and temporal varia-

tion in plant height and canopy spectral characteristics [15,16]. Moreover, as the crop tran-

sitions to reproductive development after flowering, vertical stem elongation slows, and 

treatment-induced height differences tend to converge by the final harvest stage [17,18]. 

This physiological shift limits the diagnostic value of single-point height measurements 

at harvest and underscores the need for multitemporal monitoring across the entire crop 

lifecycle to accurately evaluate fertilization responses [19,20]. 

Conventional crop growth assessment still relies on direct field measurements of 

growth indicators such as plant height and stem diameter, which requires substantial la-

bor and time and can reduce the reliability of results depending on the operator’s skill and 

weather conditions [21–23]. For crops such as kenaf, which grow tall and are planted at 

high density, field accessibility and survey efficiency decline markedly as the crop enters 

later growth stages, creating physical limitations for manual growth measurements. Fur-

thermore, as a bast fiber crop, kenaf exhibits a distinct developmental asynchrony; while 

vertical height elongation slows after flowering, radial stem thickening continues as as-

similates are redistributed to structural stem tissues [24,25]. Consequently, traditional 

ground-based regression models (G-SLR) that rely solely on the allometric relationship 

between stem diameter and plant height may become less reliable in late growth stages 

[26]. Because canopy height in kenaf is a key indicator for estimating biomass and carbon 

storage, there is a need to introduce non-destructive surveying techniques that can moni-

tor the entire growth cycle. 

Recently, with the rapid advancement of the Fourth Industrial Revolution, remote 

sensing technology using unmanned aerial vehicles (UAVs) has continued to develop, 

and vegetation monitoring techniques that are less constrained by time and space and are 

highly cost-effective are being applied in agriculture [27–29]. UAVs have the advantage 

of acquiring high-resolution imagery for small-scale or site-specific cultivation areas ac-

cording to the user’s purpose [30]. In particular, the use of drones equipped with multi-

spectral sensors has made it possible to directly apply various vegetation monitoring 

methods originally developed on the basis of satellite imagery to crop-level precision anal-

ysis [31–35]. In addition, the generation of a digital surface model (DSM) through photo-

grammetric techniques enables the acquisition of three-dimensional physical structural 

information on crops [19,36,37]. 

Despite these advantages, for crops such as kenaf that are tall and structurally com-

plex, there are limitations to precisely estimating actual canopy height using imagery from 

a single time point alone [38], and it is especially difficult to accurately reflect growth 

changes because of the effects of terrain variability and reference elevation [39,40]. Tradi-

tional single-temporal DSM calculations are often distorted by micro-topographical vari-

ations across the field [40,41]. Moreover, early-stage drone observations often suffer from 

mixed-pixel interference, where young crop canopies are spectrally and spatially con-

founded by surrounding soil and non-target vegetation background, distorting spectral 

vegetation indices [42,43]. To overcome these limitations, recent studies have highlighted 

the importance of multitemporal baseline correction in canopy height estimation and ob-

ject-based image processing to isolate pure vegetation and reduce background noise 

[44,45]. 

To address these critical research gaps, the present study compared ground-based 

growth measurements with UAV-derived multispectral and structural variables across 

multiple growth stages to examine the potential of UAV data for plant height estimation 
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in kenaf under diverse fertilization treatments. Specifically, this study aimed to (1) imple-

ment an object-based preprocessing workflow to isolate pure crop vegetation and reduce 

soil and non-target background noise, (2) construct a baseline-corrected canopy height 

model (ΔDSMt) through multitemporal digital surface model subtraction to reduce micro-

topographic errors, and (3) develop a UAV-based multiple linear regression (UAV-MLR) 

model using standardized spectral and structural parameters while rigorously comparing 

its fitting performance with a conventional ground-survey-based regression model across 

multiple growth stages. 

2. Materials and Methods 

2.1. Experimental Design and Kenaf Cultivation 

This study was conducted on kenaf (Hibiscus cannabinus L.) cultivated in an upland 

field at the experimental farm of Hankyong National University (37°0′42.31″ N, 

127°19′12.48″ E). The cultivation area (Figure 1) was approximately 300 m2, consisting of 

24 plots (3 m × 3 m each) with three independent replicates for each of the eight fertilizer 

treatments. Plant spacing was maintained at 20 cm × 20 cm (row × plant). Sowing was 

carried out on 18 June 2025, and the crop was grown until 5 October 2025 (110 days after 

sowing, DAS). 

 

Figure 1. Geographic location of the study site in Anseong, South Korea, and spatial layout of the 

experimental field. The map details the regional location and spatial layout of the 24 experimental 

plots, highlighting the eight fertilizer treatments (N0, N0.5, N1, N2, N0+C, N0.5+C, N1+C, and 

N2+C), with individual plot boundaries delineated by red dashed lines on the cropped UAV ortho-

mosaic. The treatments were arranged to evaluate the combined effects of nitrogen fertilization rate 

and compost application (Table 1). The N0 treatment received no mineral fertilizer, the N0+C treat-

ment received compost only, and the remaining treatments received the assigned nitrogen rates 

with basal phosphorus and potassium application. The satellite image in the left panel was obtained 

from Google Earth (imagery: Landsat/Copernicus; data: SIO, NOAA, U.S. Navy, NGA, GEBCO, and 

TMap Mobility). 

Table 1. Summary of the fertilizer treatments used in this study. 

Treatment Basal N (kg ha−1) Top-Dressing N (kg ha−1) Total N (kg ha−1) Compost (kg ha−1) 

N0 0.0 0.0 0.0 0.0 

N0+C 0.0 0.0 0.0 20,000 

N0.5 24.25 24.25 48.5 0.0 
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N0.5+C 24.25 24.25 48.5 20,000 

N1 48.5 48.5 97.0 0.0 

N1+C 48.5 48.5 97.0 20,000 

N2 97.0 97.0 194.0 0.0 

N2+C 97.0 97.0 194.0 20,000 

Note: Phosphorus (P2O5) and potassium (K2O) were applied as basal fertilizer only to the mineral 

fertilizer-treated plots (N0.5, N0.5+C, N1, N1+C, N2, and N2+C) at fixed rates of 102.0 kg ha−1 and 

58.0 kg ha−1, respectively, according to the Rural Development Administration (RDA) standard rec-

ommendations. 

Mineral fertilizer was applied one week before sowing at a standard rate recom-

mended by the Rural Development Administration (97 kg N, 102 kg P2O5, 58 kg K2O ha−1) 

[46]. Nitrogen was applied in equal proportions as basal and top-dressing fertilizer (50:50), 

with top-dressing applied at 40 DAS. 

The compost used in this study was a livestock manure compost (Daelim Fertilizer, 

Yeoju, Republic of Korea), containing more than 30% organic matter, 50% poultry manure, 

10% swine manure, and the remainder sawdust. Compost was applied one week before 

sowing at a rate of 20,000 kg ha−1 and the application amount was adjusted according to 

each plot area. 

2.2. Ground Truth Data Collection 

To validate the UAV-based estimation model and construct a comparative control 

model based on conventional growth measurements, ground surveys were conducted on 

the same dates as UAV image acquisition (20, 40, 60, 80, and 110 DAS). Specifically, at 40 

DAS, all ground survey measurements were performed prior to the application of nitro-

gen top-dressing to evaluate the baseline crop growth state. 

For each treatment plot, plants were randomly selected for measurement (n = 5 per 

treatment at 20 and 40 DAS; n = 3 per treatment at 60 and 110 DAS; n = 4 per treatment at 

80 DAS). The sample sizes in the later growth stages were adjusted due to mid-stage de-

structive sampling and the exclusion of plants damaged by field conditions (e.g., severe 

lodging or stem breakage in late stages). 

Plant height was manually measured using a measuring tape (KMC-86, Komelon 

Corporation, Republic of Korea) from the soil surface to the apex of the main stem. At the 

same time, stem diameter was measured at 15 cm above the basal stem portion using a 

digital caliper (CD-15APX, Mitutoyo Corporation, Japan; precision, ±0.02 mm). 

Across the eight treatments, a total of 160 individual plant measurements were col-

lected across the five survey dates. 

For ANOVA and mean comparisons, all individual plant measurements (n = 160) 

were used to preserve plant-to-plant variability. For regression modeling (G-SLR and 

UAV-MLR), the measurements of the selected plants per treatment were averaged to ob-

tain representative treatment means (n = 8 per survey date; n = 40 in total across all five 

survey dates). The ground-measured dataset was used to develop the Ground-based sim-

ple linear regression model (G-SLR) and as ground truth for validating the UAV-based 

multiple linear regression model (UAV-MLR). 

2.3. UAV Multispectral Image Acquisition and Orthomosaic Generation 

To monitor seasonal growth changes in kenaf, image acquisition was carried out at 

20, 40, 60, 80, and 110 DAS using a multispectral drone (Mavic 3 Multispectral Enterprise, 

DJI, China) equipped with an RGB camera and a multispectral camera (with the 40 DAS 

flight mission conducted prior to top-dressing). This platform captures digital images in 

three RGB bands (Blue = R445, Green = R545, and Red = R650) and is also equipped with 
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a multispectral sensor payload capable of acquiring four single-waveband channels: 

Green (R560 ± 16), Red (R650 ± 16), Red-edge (R730 ± 16), and Near-Infrared (R860 ± 26). 

Drone imaging was conducted under clear, cloudless weather conditions between 11:00 

a.m. and 12:00 p.m., when plant photosynthesis is most active and shading effects can be 

minimized. 

For mapping the experimental field, an automatic flight mission was configured us-

ing the DJI Pilot 2 app (ver. 17.3.0.21), and the main imaging conditions were as follows: 

• Flight altitude: 12 m (GSD = 0.55 cm/pixel); 

• Flight speed: 1 m/s; 

• Image overlap: 80% front overlap and 70% side overlap; 

• Capture mode: time-interval shooting; 

• Positioning accuracy: RTK GNSS network service; 

• RTK positioning status: Status 50 (Fixed solution, cm-level accuracy) maintained 

throughout all flights. 

Under the above conditions, each flight collected 60 RGB images and 240 Multispec-

tral images. 

The collected RGB images were aligned using WebODM (ver. 3.4.0) [47] to generate 

a digital surface model (DSM) and an orthomosaic (Figure 2). The processing quality re-

sults were as follows: 

• Average GSD: 0.8 cm; 

• GPS RMS Error: 0.027 m (X: 0.015 m, Y: 0.020 m, Z: 0.011 m); 

• Horizontal Accuracy (CE90): 0.033 m; 

• Vertical Accuracy (LE90): 0.020 m. 

  

(a) (b) 

Figure 2. High-resolution UAV mapping products from WebODM 3.4.0 processing of 60 RGB im-

ages (GSD: 0.8 cm, LE90: 0.020 m): (a) orthomosaic showing kenaf treatment plots (60 DAS); (b) 

Digital Surface Model (DSM) visualizing canopy height variation (60 DAS). 
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2.4. Metadata-Based Radiometric Calibration and Spectral Reflectance Calculation 

Radiometric calibration was performed to convert the raw digital numbers (DNs) of 

the acquired single-waveband images into spectral reflectance, which is a physical unit 

required for accurate spectral reflectance calculation. This process was automatically car-

ried out through the WebODM pipeline in accordance with the DJI Enterprise image pro-

cessing guide [48], and the metadata structure is as follows. 

First, dark current noise was removed from the raw pixel values recorded by the 

sensor, and band-specific spectral radiance L was derived by accounting for the exposure 

parameters and sensor temperature (Equation (1)). 

𝐿(𝜆) = 𝑉(𝑥, 𝑦) ×
𝑎1 × (𝐷𝑁 − 𝐷𝑁𝑏𝑙𝑎𝑐𝑘)

𝑔 × 𝑡 × (𝑎2 × 𝑇 + 𝑎3)
 (1) 

• L(λ): band-specific spectral radiance (W × m−2 × sr−1 × µm−1); 

• V(x,y): pixel-wise polynomial-model-based vignetting correction function embedded 

in the XMP metadata; 

• DNblack: sensor dark current noise (Black Level); 

• a1, a2, a3: sensor-specific calibration coefficients; 

• 𝑔: Sensor Gain; 

• 𝑡: Exposure Time (µs); 

• T: sensor operating temperature (°C). 

Second, the derived radiance L values were combined with irradiance measurements 

recorded in real time by the downwelling light sensor (DLS) mounted on the top of the 

aircraft, as well as the aircraft attitude information from the inertial measurement unit 

(IMU) and the solar elevation angle, to calculate pure spectral reflectance ρ with atmos-

pheric and environmental effects removed (Equation (2)). 

𝜌(λ) =
𝜋 × 𝐿(𝜆)

𝐸𝑠𝑒𝑛𝑠𝑜𝑟(𝜆) × 𝑓(𝜃,𝜙)
 (2) 

• ρ(λ): final spectral reflectance values (0–1); 

• Esensor(λ): solar irradiance measured by the downwelling light sensor (DLS) mounted 

on the drone; 

• F(θ,Φ): cosine incidence-angle correction coefficient considering the solar zenith an-

gle (θ), solar azimuth angle (Φ), and the drone’s flight attitude angles. 

2.5. Extracting Vegetation Features and Canopy Height Modeling 

Vegetation indices, including NDVI, GNDVI, GLI, NGBDI, NGRDI, and VARI, were 

calculated using the Raster Calculator in QGIS (ver. 3.42.1) [49] based on the calibrated 

multispectral reflectance layers and RGB images (Table 2). 

Table 2. List of UAV-derived vegetation indices used for multiple linear regression modeling in this 

study. 

Index Description Formula References 

NDVI 
Normalized Difference 

Vegetation Index 
(RNIR − RRED)/(RNIR + RRED) [50] 

GNDVI 
Green Normalized Difference Vege-

tation Index 
(RNIR − RGREEN)/(RNIR + RGREEN) [51] 

GLI Green Leaf Index (2 × RG − RR − RB)/(2 × RG + RR + RB) [52] 

NGBDI 
Normalized Green Blue  

Difference Index 
(RG − RB)/(RG + RB) [42] 

NGRDI Normalized Green Red (RG − RR)/(RG + RR) [53] 
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Difference Index 

VARI 
Visible Atmospherically  

Resistant Index 
(RG − RR)/(RG + RR − RB) [43] 

Note: RNIR, RRED, RGREEN represent the reflectance bands from the multispectral sensor; RR, RG, 

RB represent the digital values from the calibrated RGB sensor. 

After that, a region of interest (ROI) polygon layer defining the plot boundaries was 

manually created to remove soil background and shadow noise, and the raster was 

clipped using this ROI layer. The clipped raster was then converted into pixel-based vec-

tor objects through a raster-to-polygon transformation, while the raster values of individ-

ual pixels were preserved as attribute values (Figure 3a). 

 

(a) 

 

(b) 

Figure 3. Object-based vegetation extraction and canopy boundary delineation workflow: (a) ROI-

defined plot clipping from the original vegetation indices raster; (b) raster-to-polygon vectorization 

of the clipped raster for extracting plot-level canopy boundaries. 

To preserve the morphological integrity of individual plants and prevent boundary 

distortion in the vector objects, the 8-connected component labeling (CCL) algorithm, 

which merges adjacent pixels into a single continuous object, and the Moore-neighbor 

contour tracing algorithm were sequentially applied. Through this process, individual 
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pixel polygons were integrated into a single intact vector polygon object, thereby con-

structing a plot-level vegetation-only mask layer (Figure 3b). 

At early growth stages, when plant canopies were small and spatially separated, the 

CCL and contour tracing procedures often produced distinct vector objects corresponding 

to individual plants. As the canopies developed and overlapped at later stages, adjacent 

vegetation pixels were merged into single connected components, resulting in effectively 

plot-level vegetation masks. For all subsequent analyses, vegetation pixels within each 

plot mask were aggregated to compute plot-level statistics (e.g., mean vegetation index 

values and mean canopy height). 

Figure 4 illustrates the process of constructing a relative canopy height model 

(ΔDSMt) through DSM subtraction from the pre-sowing stage to the late growth stage. To 

quantitatively estimate physical changes in kenaf canopy height, a reference digital sur-

face model obtained under the same flight conditions in the bare-soil state before sowing 

was first generated (16 June 2025; DSMpre; Figure 4a). Then, the relative canopy height 

model for each growth stage (e.g., 60 DAS on 17 August 2025; DSMt; Figure 4b) was de-

rived by subtracting the reference bare-soil surface model from the surface model ac-

quired at each growth stage (ΔDSMt; Figure 4c) (Equation (3)). 

   
(a) (b) (c) 

Figure 4. Workflow for generating the relative canopy height model (ΔDSMt) through digital sur-

face model subtraction: (a) baseline topography under bare soil conditions (DSMpre, 16 June 2025; 

vertical accuracy LE90 = 0.021 m); (b) absolute elevation data of the field during the mid-growth 

stage at 60 DAS (DSMt, t = 60, 17 August 2025; vertical accuracy LE90 = 0.019 m); (c) subtracted 

relative canopy height model (ΔDSMt = DSMt − DSMpre) with pure vegetation masking. 

The relative canopy height model was calculated as: 

ΔDSMt = DSMt − DSMpre (3) 

The zonal statistics analysis was performed using the derived plant-object polygon 

layer, and the mean vegetation index values and mean ΔDSMt values within the pure 

vegetation areas of each plot were extracted as the final independent variables. 

2.6. Statistical Analysis 

Differences in kenaf growth characteristics according to fertilizer treatment were 

tested using a two-way ANOVA, with nitrogen fertilizer level and compost application 

as fixed effects, based on all individual plant measurements (n = 1). Mean comparisons 

among treatments were performed using Duncan’s multiple range test, and significance 

levels were set at p < 0.05, p < 0.01, p < 0.001. 
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A simple linear regression model using conventional ground survey variables and a 

multiple linear regression model using processed drone data were separately developed 

using the treatment mean dataset (n = 40) to compare their performance in predicting ke-

naf plant height. The ground-measured plant height was set as the dependent variable 

(Y), and the independent variable (X) configurations used in each model were as follows. 

1. Ground-based simple linear regression model (G-SLR): manually measured stem di-

ameter. 

2. UAV-based multiple linear regression model (UAV-MLR): mean values of vegetation 

indices (NDVI, GNDVI, GLI, NGBDI, NGRDI and VARI) and mean ΔDSMt values 

extracted through object-based preprocessing. 

The variance inflation factor (VIF) was used to diagnose multicollinearity among the 

independent variables in the initial UAV-MLR model, and variables with VIF > 10 were 

sequentially removed using backward elimination to determine the final linear model. 

The statistical adequacy of each final linear model was then evaluated through residual 

diagnostics. Homoscedasticity of the residuals was tested using the Breusch–Pagan test, 

and normality was assessed using the Shapiro–Wilk test. 

Model fitting performance was evaluated on the calibration dataset using the coeffi-

cient of determination (R2), adjusted coefficient of determination (adjusted R2), root mean 

square error (RMSE), and mean absolute error (MAE). Considering the sample size of the 

dataset, all treatment means were used for calibration without separate training/valida-

tion partitioning or cross-validation. All statistical analyses were performed using R soft-

ware (ver. 4.3.1) [54] with the “dplyr”, “car”, “lmtest”, and “ggplot2” packages. 

3. Results and Discussion 

3.1. Growth Responses of Kenaf Under Fertilization Treatments 

3.1.1. Temporal Variations in Plant Height 

The time-series variation in kenaf plant height from 20 to 110 days after sowing 

(DAS) is presented in Table 3 and Figure 5a. The two-way ANOVA results showed that 

nitrogen fertilizer level and compost application had significant effects (p < 0.05) on plant 

height up to 80 DAS, but the effects were not significant at the harvest stage (110 DAS). 

During the vegetative growth stages at 20, 40, and 80 DAS, both nitrogen level and com-

post application significantly affected plant height, and their interaction was also signifi-

cant (p < 0.01). 

Table 3. Temporal variations in plant height of kenaf under different nitrogen levels and compost 

applications measured at different days after sowing (20 to 110 DAS). 

Trait Treatment 20 DAS 40 DAS 60 DAS † 80 DAS 110 DAS 

Plant height  

(cm) 

N0 33.9 ± 5.1 c 129.6 ± 3.5 b 206.2 ± 6.5 307.5 ± 5.1 c 376.2 ± 31.4  

N0+C 39.5 ± 4.8 b 123.2 ± 7.8 b 213.8 ± 4.7 319.1 ± 4.5 c 391.1 ± 22.6  

N0.5 32.3 ± 4.2 c 128.7 ± 3.5 b 208.8 ± 3.3 329.8 ± 4.5 ab 386.7 ± 14.9  

N0.5+C 50.5 ± 4.0 a 131.9 ± 11.0 b 209.6 ± 7.0 347.3 ± 8.9 b 424.5 ± 20.7  

N1 46.9 ± 3.4 a 139.1 ± 4.4 a 244.1 ± 9.2 323.1 ± 5.8 b 423.5 ± 7.3  

N1+C 47.9 ± 5.2 a 147.7 ± 6.3 a 256.9 ± 11.1 357.5 ± 7.4 a 432.4 ± 54.8  

N2 39.2 ± 2.3 b 135.6 ± 7.1 ab 227.7 ± 3.3 335.2 ± 8.3 a 429.8 ± 11.9  

N2+C 48.8 ± 1.4 a 157.8 ± 6.6 a 230.2 ± 3.2 340.5 ± 4.0 b 410.8 ± 38.3  

Main Effects † 

(60 DAS) 

Nitrogen N0: 210.0 c N0.5: 209.2 c N1: 250.5 a N2: 229.0 b  

Compost No compost: 221.7 B Compost: 227.7 A  

Overall Effects 
F-value  

(Two-way ANOVA) 
    

Nitrogen  12.48 *** 21.49 *** 51.79 *** 33.07 *** 2.68 ns 
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Compost  45.11 *** 10.54 ** 4.85 * 59.35 *** 0.80 ns 

Nitrogen × Compost  8.13 *** 7.98 *** 1.00 ns 7.83 *** 0.97 ns 

Note: Values are presented as mean ± standard deviation (SD), rounded to the first decimal place. 

Treatment names indicate nitrogen fertilization rate and compost application. For 20, 40, and 80 

DAS (where interaction effects were significant), different lowercase letters within a column indicate 

significant differences among Nitrogen levels within each individual Compost treatment group by 

Duncan’s multiple range test (p < 0.05). † For 60 DAS (where the interaction effect was non-signifi-

cant), the main effects of Nitrogen (lowercase letters) and Compost (uppercase letters) are inde-

pendently presented at the bottom. Post hoc letters are omitted for 110 DAS due to the absence of 

significant variance in the two-way ANOVA. For overall effects, the values represent F-value from 

the two-way ANOVA. ns, *, **, and *** indicate non-significant and significant differences at p < 0.05, 

p < 0.01, and p < 0.001, respectively. Each treatment was conducted in triplicate (3 plots per treatment; 

total 24 plots), with each plot measuring 3 m × 3 m (9 m2) at a 20 cm × 20 cm planting grid (~225 

plants per plot, ~5400 plants across the 300 m2 total field area). Plant height was measured by ran-

dom ground sampling (n = 5 plants per treatment group at 20 and 40 DAS; n = 3 per treatment at 60 

and 110 DAS; n = 4 per treatment at 80 DAS). 

  
(a) (b) 

Figure 5. Time-series growth curves of kenaf parameters under various nitrogen levels and compost 

applications measured throughout the growth period (20 to 110 DAS): (a) Sequential changes in 

plant height (cm) from 20 to 110 DAS. (b) Sequential changes in stem diameter (mm) from 20 to 110 

DAS. The eight treatment lines correspond to N0, N0.5, N1, and N2 without compost, and N0+C, 

N0.5+C, N1+C, and N2+C with compost application. Vertical error bars represent the standard de-

viation (n = 3–5). 

At the early growth stage (20 DAS), under the no-compost condition, the N1 treat-

ment produced the greatest plant height (46.9 ± 3.4 cm). In contrast, N0.5+C treatment 

showed the highest value (50.5 ± 4.0 cm) under the compost application and did not differ 

significantly from the N1 and N2 treatments, suggesting that compost application may 

have buffered the growth response under reduced nitrogen supply. This trend continued 

at 40 DAS, where the N2+C treatment recorded the highest plant height (157.8 ± 6.6 cm) 

but was not significantly different from the N1+C treatment. These results suggest that the 

combined supply of organic and inorganic nutrients contributed to early vegetative 

growth promotion [55]. 

At 60 DAS, the interaction effect was not significant (F = 1.00, p > 0.05), so the main 

effects of each factor were examined separately. For nitrogen treatment, the N1 level 
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showed the highest mean plant height at 250.5 cm regardless of compost application, fol-

lowed by N2 (229.0 cm), N0 (210.0 cm), and N0.5 (209.2 cm). Compost application also 

had a significant effect (F = 4.85, p < 0.05), with the compost-applied plots (227.7 cm) show-

ing greater plant height than the no-compost plots (221.7 cm). The disappearance of the 

interaction effect suggests that the difference between nitrogen levels became less depend-

ent on compost status at this stage, possibly due to a temporary convergence in growth 

responses or environmental influences. 

At 80 DAS, corresponding to the transition to the flowering stage, the interaction ef-

fect was significant again (F = 7.83, p < 0.001), indicating that treatment differences became 

more pronounced. Under the no-compost condition, N2 and N0.5 formed the upper 

group, whereas under compost application, N1+C showed the highest plant height at 

357.5 ± 7.4 cm, supporting previous findings that the combined application of inorganic 

fertilizer and organic compost can optimize nutrient-use efficiency in kenaf during vege-

tative growth [16]. 

However, with the onset of the flowering stage after 80 DAS, a physiological shift 

became evident, and by the final harvest stage at 110 DAS, no significant treatment effects 

(p > 0.05) remained for nitrogen (F = 2.68), compost (F = 0.80), or their interaction (F = 0.97). 

This suggests that, after flowering initiation, metabolic energy and photosynthates were 

reallocated from vertical stem elongation during vegetative growth to the development 

of reproductive organs such as flowers and seeds [17,56]. 

As a result, the morphological differences formed by fertilization treatments during 

the vegetative growth stage tended to converge statistically by the final harvest stage. This 

suggests that, because plant height responsiveness to fertilization decreases after the onset 

of flowering, plant height may have limited value as an indicator for evaluating treatment 

effects during later growth stages [18,57,58]. 

3.1.2. Temporal Variations in Stem Diameter 

The time-series variation in kenaf stem diameter is presented in Table 4 and Figure 

5b. In contrast to plant height, whose significance disappeared after flowering, stem di-

ameter was continuously and significantly affected by the main effects of nitrogen ferti-

lizer level and compost application throughout the entire growth period up to the final 

harvest stage at 110 DAS (p < 0.001). This suggests that radial stem thickening continued 

to reflect the sustained allocation of assimilates later into development, rather than the 

vertical elongation observed in plant height [24,25,59]. 

Table 4. Temporal variations in stem diameter of kenaf under different nitrogen levels and compost 

applications measured at different days after sowing (20 to 110 DAS). 

Trait Treatment 20 DAS † 40 DAS 60 DAS † 80 DAS 110 DAS † 

Stem  

diameter  

(mm) 

N0 4.26 ± 0.60 9.98 ± 0.51 b 13.19 ± 2.33 18.34 ± 1.15 c 22.80 ± 1.93 

N0+C 5.40 ± 0.58 12.29 ± 2.17 b 15.29 ± 0.87 25.07 ± 1.96 c 26.25 ± 1.92 

N0.5 4.23 ± 0.56 10.34 ± 1.13 b 17.11 ± 2.70 19.78 ± 1.96 ab 23.45 ± 2.20 

N0.5+C 6.04 ± 0.51 13.28 ± 0.89 b 19.11 ± 0.95 26.04 ± 2.75 b 30.52 ± 2.14 

N1 5.54 ± 0.49 11.04 ± 0.86 a 17.07 ± 1.64 24.04 ± 1.43 b 28.22 ± 2.83 

N1+C 6.32 ± 0.59 17.08 ± 2.19 a 21.77 ± 1.13 32.26 ± 0.92 a 31.36 ± 3.29 

N2 5.27 ± 0.50 11.73 ± 0.59 ab 18.79 ± 0.99 26.58 ± 1.25 a 30.69 ± 2.12 

N2+C 5.80 ± 0.31 15.40 ± 0.98 a 22.46 ± 1.19 28.39 ± 3.66 b 32.53 ± 0.61 

Main Effects † Nitrogen 

N0: 4.83 c   N0: 14.24 c   N0: 24.53 b 

N0.5: 5.13 bc  N0.5: 18.11 b  N0.5: 26.99 b 

N1: 5.93 a  N1: 19.42 ab  N1: 29.79 a 

N2: 5.54 ab  N2: 20.63 a  N2: 31.61 a 
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Compost 

No compost: 4.82 B   
No compost: 

16.54 B  
 

No compost: 

26.29 B  

Compost: 5.89 A  Compost: 19.66 A  
Compost: 

30.17 A 

Overall effects 

F-value  

(Two-way 

ANOVA) 

     

Nitrogen  8.35 *** 11.18 *** 17.77 *** 19.42 *** 11.48 *** 

Compost  41.32 *** 80.49 *** 22.57 *** 61.66 *** 17.79 *** 

Nitrogen × Compost  2.77 ns 3.82 * 0.99 ns 3.55 * 1.49 ns 

Note: Values are presented as mean ± standard deviation (SD), rounded to the second decimal place. 

Treatment names indicate nitrogen fertilization rate and compost application. For 40 and 80 DAS, 

where interaction effects were significant, different lowercase letters within each compost condition 

indicate significant differences among nitrogen levels according to Duncan’s multiple range test (p 

< 0.05). † For 20, 60, and 110 DAS, where interaction effects were non-significant, the main effects of 

nitrogen (lowercase letters) and compost (uppercase letters) are independently presented at the bot-

tom. For overall effects, the values represent F-value from the two-way ANOVA. ns, *, and *** indi-

cate non-significant and significant differences at p < 0.05, p < 0.01, and p < 0.001, respectively. Each 

treatment was conducted in triplicate (3 plots per treatment; total 24 plots), with each plot measur-

ing 3 m × 3 m (9 m2) at a 20 cm × 20 cm planting grid (~225 plants per plot, ~5400 plants across the 

300 m2 total field area). Stem diameter was measured by random ground sampling (n = 5 plants per 

treatment group at 20 and 40 DAS; n = 3 per treatment at 60 and 110 DAS; n = 4 per treatment at 80 

DAS). 

The nitrogen × compost interaction effect (N × C) was significant at 40 DAS (F = 3.82, 

p < 0.05) and 80 DAS (F = 3.55, p < 0.05), when growth was most vigorous. At 40 DAS, 

under compost application, the effect of nitrogen treatment was clearly expressed, with 

the N1 treatment showing the highest value at 17.08 ± 2.19 mm, and the N2 treatment also 

belonging to the upper group. In contrast, under the no-compost condition, no consistent 

increase in stem diameter was observed with increasing nitrogen level. At 80 DAS, under 

no-compost conditions, N2 formed the upper group, whereas under compost application, 

N1 showed the highest stem diameter at 32.26 ± 0.92 mm. These results indicate that ni-

trogen fertilization effects were differently expressed depending on compost application, 

suggesting that the combined use of organic and inorganic nutrients may act in a comple-

mentary manner to promote stem thickening growth [60,61]. 

At 20, 60, and 110 DAS, the interaction effect was not significant, so the results were 

interpreted mainly in terms of the main effects. At the early growth stage (20 DAS), among 

the nitrogen treatments, N1 showed the highest mean value at 5.93 mm, and the compost-

applied plots (5.89 mm) were significantly higher than the no-compost plots (4.82 mm). 

At 60 DAS, N2 formed the highest group (a), while N1 was placed in the intermediate 

group (ab), followed by N0.5 and N0. Compost application also showed a significant ef-

fect, with the applied plots (19.66 mm) exhibiting higher values than the no-compost plots 

(16.54 mm). 

At 110 DAS, stem thickening continued even after flowering, and the main effects of 

nitrogen and compost remained significant (p < 0.001). Under nitrogen treatment, N2 

(31.61 mm) and N1 (29.79 mm) formed the upper group, while the compost-applied plots 

showed a significantly higher mean stem diameter (30.17 mm) than the no-compost plots 

(26.29 mm). The observed increases in stem diameter under nitrogen fertilization and 

compost application suggest that, after flowering, assimilates not used for longitudinal 

growth were redistributed to the development of structural stem tissues such as xylem 

and bast fibers [62,63]. 
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This sustained responsiveness in stem diameter is considered an important physio-

logical mechanism in bast fiber crops such as kenaf, as it can enhance structural stability, 

suppress lodging, and help secure final fiber biomass productivity [64,65]. 

3.2. UAV-Based Vegetation Indices and Digital Surface Model Analysis 

3.2.1. Vegetation Indices Analysis 

The temporal variation patterns of six vegetation indices derived from UAV remote 

sensing at each growth stage are presented in Figure 6. NDVI (Figure 6a) and GNDVI 

(Figure 6b), both of which include the near-infrared (NIR) band, increased rapidly from 

the early growth stage (20 DAS) to the 40–60 DAS period and then remained stably high 

throughout the remainder of the growth period. In particular, the N0 and N0+C treat-

ments maintained relatively low values throughout the entire period, whereas the nitro-

gen-fertilized treatments (N1 and N2) were mainly distributed within the higher value 

range. This suggests that NIR-based vegetation indices respond sensitively to kenaf bio-

mass accumulation and changes in chlorophyll activity, making them useful for long-term 

tracking of nitrogen fertilization effects [66,67]. 

In contrast, the visible-band indices GLI (Figure 6c), NGBDI (Figure 6d), and NGRDI 

(Figure 6e) reached their maximum values at 40–60 DAS and then tended to decrease at 

80 DAS. This pattern could potentially be explained by canopy closure alongside possible 

later-stage declines in chlorophyll content and leaf color changes [68,69]. In addition, in-

creased shading caused by greater canopy density and changes in visible-band reflectance 

properties likely contributed to the reduced sensitivity of these indices [70]. By 110 DAS, 

a slight increase was observed in some indices, which may be explained by greater struc-

tural heterogeneity and increased exposure of lower vegetation layers in the late growth 

stage [71]. 

  

(a) (b) 
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Figure 6. Time-series changes in UAV-based vegetation indices under different nitrogen and com-

post treatments during the kenaf growth period: (a) NDVI; (b) GNDVI; (c) GLI; (d) NGBDI; (e) 

NGRDI; (f) VARI. Vertical error bars represent the standard deviation of the region of interest (ROI) 

for each treatment. 

VARI (Figure 6f), unlike the other visible-band indices, showed a distinct temporal 

pattern with a gradual increase continuing into the late growth stage (110 DAS). This is 

likely because VARI is relatively less sensitive to atmospheric effects and soil background 

influences, and therefore more stably reflects green reflectance characteristics within the 

canopy [43]. 

In this study, NDVI and GNDVI showed high sensitivity in reflecting biomass accu-

mulation and nitrogen responsiveness, whereas the visible-band indices provided useful 

information for capturing structural and physiological transitions at specific growth 

stages. The differing response characteristics among these indices may help promote com-

plementarity among predictors, and thus they could serve as an important set of inde-

pendent variables for improving the explanatory power of future multiple regression and 

machine learning-based prediction models. 

3.2.2. Canopy Structure Development Based on Relative Digital Surface Model (ΔDSMt) 

Using UAV-based digital surface model analysis (ΔDSMt), the vertical structural de-

velopment of the kenaf canopy at each growth stage was tracked, and the canopy devel-

opment and spatial patterns varied depending on the fertilizer level and compost appli-

cation (Figure 7). 
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(e)  

Figure 7. Spatio-temporal progression of the relative digital surface model (ΔDSMt) across different 

growth stages: (a) 20 DAS; (b) 40 DAS; (c) 60 DAS; (d) 80 DAS; (e) 110 DAS. The color scale illustrates 

variations in pure vegetation height, reflecting the differential growth responses to fertilization 

treatments. 

At the early growth stage, from 20 DAS to the vegetative transition period at 40 DAS, 

individual vegetation pixels tended to remain separately partitioned along the sowing 

rows, while canopy expansion across treatments progressed gradually (Figure 7a,b). 
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However, by the middle vegetative stage (60–80 DAS), neighboring canopies increasingly 

merged, and the entire field began to form a continuous canopy layer (Figure 7c,d). 

During this period, red-colored areas indicating greater relative canopy height were 

more developed in the treatments with higher nitrogen rates and compost application, 

whereas blue and green areas, which represent limited vertical growth, remained in the 

nutrient-deficient treatments, highlighting clear spatial variation among treatments. 

These results suggest that fertilization conditions influenced the vertical structural devel-

opment of the kenaf canopy [45]. 

At the harvest stage (110 DAS), the final vertical structure of the canopy appeared to 

have been established, and the persistent height differences across the canopy and along 

treatment boundaries suggest that fertilization conditions may have influenced the final 

stand structure of the kenaf crop (Figure 7e). 

In this study, the vertical growth model constructed using ΔDSMt showed some de-

viation when compared with the plant height measured directly in the field. This discrep-

ancy between UAV-based height estimates and ground-measured plant height is a typical 

feature of canopy-based remote sensing analysis. Ground-measured plant height is calcu-

lated as the vertical distance to the tip of the uppermost apical leaf, whereas DSM reflects 

the average height of the upper canopy surface at the pixel level, which tends to result in 

slight structural underestimation [41,72]. 

Moreover, as the growth stage progressed, the kenaf canopy became denser, reduc-

ing light penetration into the interior of the canopy. In particular, the irregular canopy 

structure observed in the nitrogen-deficient plots may have increased subtle shadows and 

ground noise within pixels, making it difficult to rule out the possibility that errors were 

introduced during the alignment process [73]. 

Nevertheless, the time-series upward trend observed in ΔDSMt and the relative 

growth differences among treatments showed a pattern broadly similar to the actual plant 

height development and the trends in the vegetation indices described above, such as 

NDVI. In conclusion, the ΔDSMt visualization in this study can serve as a useful auxiliary 

tool for non-destructively evaluating spatial growth differences across the field and the 

dynamics of vertical structural development at the canopy level when used together with 

individual plant height measurements. 

3.3. UAV-Based Canopy Height Prediction Model Development and Comparative Analysis 

3.3.1. Variable Selection and UAV-MLR Model Development Based on  

Multicollinearity Control 

To non-destructively estimate kenaf plant height using UAV remote sensing data, 

ΔDSMt, a processed digital surface model variable, and the mean values of six vegetation 

indices (NDVI, GNDVI, GLI, NGBDI, NGRDI, and VARI) were initially set as candidate 

independent variables. Because some vegetation indices derived from multispectral and 

RGB imagery share overlapping spectral information, they can induce multicollinearity 

in the model. To control this, multicollinearity was assessed using the variance inflation 

factor (VIF), and variables with VIF values exceeding 10 were sequentially removed using 

a backward elimination approach. 

GLI, NGBDI, and VARI were excluded from the initial model because they showed 

high multicollinearity or relatively low contributions. In the final model, VIF values for 

all independent variables (ΔDSMt, NDVI, GNDVI, NGRDI) ranged from 1.19 to 6.35, in-

dicating that multicollinearity was reduced to below the commonly used threshold of 10. 

To minimize distortion in regression coefficients caused by differences in variable 

scale, each independent variable was standardized before constructing the multiple linear 

regression (MLR) model. The final UAV-based multiple linear regression model is pre-

sented in Equation (4). 
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Predicted Plant Height (cm) = 229.13 + 121.58 × scale(ΔDSMt) + 34.15 × 

scale(NDVI) − 14.30 × scale(GNDVI) − 8.45 × scale(NGRDI) 
(4) 

This model was interpreted as the combination of a vertical structural variable 

(ΔDSMt) and spectral vegetation indices (NDVI, GNDVI, and NGRDI) that reflect canopy 

structure and vigor, thereby compensating for the limitations of a single remote sensing 

variable in explanatory power [44]. 

3.3.2. Performance Comparison and Suitability Assessment with G-SLR 

The predictive performance and goodness of fit of the ground-based simple linear 

regression model (G-SLR), constructed from data directly measured in the field using a 

measuring tape and digital calipers, and the UAV-based multiple linear regression model 

(UAV-MLR), built using UAV-processed data, were compared and analyzed (Table 5). 

The G-SLR model was developed after applying natural logarithmic transformation to 

both variables to account for the nonlinear relationship between stem diameter and plant 

height. 

Table 5. Comparison of kenaf plant height fitting performance between the Ground-based simple 

linear regression model (G-SLR) and the UAV-based multiple linear regression model (UAV-MLR). 

Indicator 
Model Type 

G-SLR UAV-MLR 

Predictor Variables ln(Stem Diameter) Standardized ΔDSMt, NDVI, GNDVI, NGRDI 

R2 0.9625 0.9873 

Adjusted R2 0.9615 0.9858 

RMSE 39.68 14.95 

MAE 29.16 11.31 

Normality 

(p-value) 
0.1773 0.6709 

Heteroscedasticity 

(p-value) 
0.5113 0.3392 

Abbreviations: R2—coefficient of determination; RMSE—root mean squared error; MAE—mean ab-

solute error. 

In the comparative analysis, the adjusted R2 of the G-SLR model was 0.9615, indicat-

ing a strong positive linear relationship, and the residuals satisfied the assumptions of 

normality (Shapiro–Wilk, p = 0.1773) and homoscedasticity (Breusch–Pagan, p = 0.5113). 

However, when RMSE and MAE were calculated based on predictions back-transformed 

to the original cm scale using the exponential function, the values were 39.68 cm and 29.16 

cm, respectively. This may be because the developmental patterns of stem thickening and 

vertical elongation did not fully coincide during the later growth stage [20,26]. 

On the other hand, the UAV-MLR model showed high explanatory power, with an 

adjusted R2 of 0.9858 and an F-statistic of 678.4 (p < 0.001), while also yielding lower errors 

than the G-SLR model, with an RMSE of 14.95 cm and an MAE of 11.31 cm. Residual di-

agnostics further confirmed that both normality (Shapiro–Wilk, p = 0.6709) and homosce-

dasticity (Breusch–Pagan, p = 0.3392) were satisfied, indicating that the regression as-

sumptions were met. Accordingly, the UAV-MLR was considered a more accurate and 

suitable non-destructive estimation model for predicting kenaf plant height than the 

ground-based G-SLR. 
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3.3.3. Discussion of Remote Sensing Model and Implications for Precision Agriculture 

The UAV-based multiple linear regression model developed in this study showed 

strong fitting performance for kenaf plant height, which can be interpreted as the result of 

the complementary roles of ΔDSMt, reflecting vertical structure, and vegetation indices, 

reflecting the physiological status of the canopy. In other words, height variation that is 

difficult to capture with a single remote sensing variable could be explained more pre-

cisely by combining vertical and spectral information. These findings suggest that a UAV-

based multivariate approach can be an effective methodology for quantifying the growth 

characteristics of tall crops [74,75]. 

It is worth noting that ΔDSMt in this study was explicitly derived relative to the bare 

soil baseline (DSMt − DSMpre) to enable instantaneous estimation of absolute plant height 

from a single UAV flight. Incorporating prior height (Ht−1) or interval height differences 

(DSMt − DSMt−1) would shift the modeling framework from absolute status mapping to 

dynamic incremental growth forecasting. Although such autoregressive growth modeling 

represents a different conceptual framework from our single-flight mapping objective, in-

tegrating sequential height baselines offers a promising avenue for future multi-temporal 

studies to mitigate spectral saturation during dense canopy stages. 

In crops such as kenaf, which continue vertical growth until the later growth stages 

and show spatial heterogeneity in treatment responses, conventional ground surveys 

alone are often insufficient to fully capture field variability. In contrast, UAV remote sens-

ing enables repeated observations over the entire plot area, making it possible to obtain 

field-scale canopy information rather than measurements limited to individual plants. 

Therefore, unlike direct measurements at the plant level, the approach used in this study 

is useful for precise growth assessment because it can also account for the spatial distri-

bution of growth across the field [76]. 

Moreover, this study suggests that the UAV-based model can improve not only the 

accuracy of plant height prediction but also its practical value for precision agriculture. 

For example, UAV-derived data can provide objective information while reducing labor 

and time requirements for tasks such as monitoring fertilizer responses by growth stage, 

tracking canopy development, and comparing treatment effects [77]. Under large-scale 

cultivation or when field access is limited, this non-destructive assessment method may 

be even more useful [78]. Therefore, the UAV-based plant height prediction model pro-

posed in this study can serve as a practical reference for large-scale growth diagnosis and 

efficient field management strategies for kenaf, a tall forage crop. 

4. Conclusions 

This study evaluated the growth characteristics of kenaf and the feasibility of non-

destructive plant height estimation by comparing the time-series responses of plant height 

and stem diameter to fertilization treatments, as well as the performance of UAV-based 

prediction models. Plant height was strongly influenced by nitrogen fertilization and com-

post application from the early to mid-growth stages, but the differences among treat-

ments gradually decreased as the crop entered the reproductive growth stage. In contrast, 

stem diameter maintained a persistent fertilization response until the late growth stage, 

indicating that it more stably reflected long-term nutrient responsiveness than plant 

height. 

The UAV-based multiple linear regression model (UAV-MLR), using ΔDSMt and 

vegetation indices (NDVI, GNDVI, and NGRDI), showed high explanatory power and 

low fitting error and outperformed the ground-based simple linear regression model (G-

SLR) in estimating kenaf plant height. This indicates that UAV data are effective for non-

destructive and accurate estimation of kenaf plant height by simultaneously reflecting 

both the vertical structure and physiological vigor of the canopy. 
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In conclusion, this study confirmed the practical potential of UAV-based remote 

sensing to complement conventional ground surveys for tall crops such as kenaf. Alt-

hough no direct chemical analysis of plant internal components was conducted, the non-

destructive growth information framework proposed in this study can serve as a useful 

basis for large-scale crop monitoring and fertilization management in precision agricul-

ture. Future work should further validate the model across multiple cultivars, growth 

stages, and environmental conditions to improve its generalizability.: 
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Abbreviations 

The following abbreviations are used in this manuscript: 

DAS Days after sowing 

UAV Unmanned aerial vehicle 

DSM Digital surface model 

DSMt Relative digital surface model at time t 

DSMpre Digital surface model before sowing 

NDVI Normalized difference vegetation index 

GNDVI Green normalized difference vegetation index 

GLI Green leaf index 

NGBDI Normalized green blue difference index 

NGRDI Normalized green red difference index 

VARI Visible atmospherically resistant index 

MLR Multiple linear regression 

G-SLR Ground-based simple linear regression 

UAV-MLR UAV-based multiple linear regression 

VIF Variance inflation factor 

RMSE Root mean square error 

MAE Mean absolute error 

R2 Coefficient of determination 

Adj. R2 Adjusted coefficient of determination 
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