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Abstract. Conventional unmanned aerial vehicle (UAV) Red–Green–Blue (RGB) imagery offers a 
cost-effective alternative for precision agriculture; however, its limited spectral separability 
constrains classification when target classes exhibit high visual similarity, particularly in non-
cultivated areas with dense vegetation. Maturity assessment of sago palm (Metroxylon sagu 
Rottb.) exemplifies this challenge: identification of the harvestable stage remains dependent on 
labour-intensive field inspection, and delayed identification causes stem mortality and yield loss. 
This study evaluated an Object-Based Image Analysis (OBIA) framework for discriminating three 
sago maturity levels (Young, Harvestable and Overripe) based on an RGB orthomosaic and a 
Digital Surface Model (DSM) over a 9-hectare non-cultivated site in Wailawi, North Luwu, 
Indonesia, using a DJI Phantom 4 Pro quadcopter at an altitude of 50 m. Multiresolution 
segmentation generated 6,210 crown-level objects, classified by Random Forest under two 
configurations: a five-feature set and a seventeen-feature set optimised through Recursive Feature 
Elimination (RFE). Evaluation used 600 independent objects (200 per class) from the testing 
partition through stratified random sampling, re-labelled by visual interpretation, with 95% 
confidence intervals from 1,000 bootstrap resamples. The seventeen-feature model outperformed 
the baseline, yielding Overall Accuracy of 93.00% (95% CI: 91.00–94.83) versus 89.00% (86.83–
91.50), Macro-F1 of 92.92% versus 88.92% and Cohen's Kappa of 0.895 (0.860–0.922) versus 
0.835 (0.795–0.873). Classification uncertainty concentrated on the Young–Harvestable 
boundary, whereas the Overripe class was consistently discriminated (F1 = 98.77%). Visible-
band spectral statistics, GLCM and GLDV texture descriptors and DSM-derived structural 
features contributed most to accuracy, while geometric descriptors showed marginal influence. 
The framework established a robust and economically accessible pathway for operational sago 
maturity monitoring. 
Keywords: agriculture technology; machine learning classification; remote sensing; RGB 

imagery; sago palm maturity. 
Type of the Paper: Regular Article. 
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1. Introduction 

Sago palm (Metroxylon sagu Rottb.) constitutes a strategic carbohydrate-yielding 

commodity with substantial contributions to food security in Indonesia, particularly across the 

regions of Papua, Maluku, Sulawesi and Sumatra [1–3]. The plant exhibits high productivity 

potential, with dry starch yields per stem reaching up to 1 tonne [4], and demonstrates considerable 

ecological adaptability to marginal lands [5]. Despite these potentials, the persistently low 

adoption of precision-based management practices within sago production systems [6] continues 

to suppress productivity and weaken the position of sago within the national agricultural value 

chain [7,8]. A principal operational bottleneck lies in the identification of crop maturity, which, to 

date, remains dependent on manual field observation through morphological indicators such as 

stem height, stem diameter, leaf number and the presence of inflorescences [9,10]. This 

conventional approach is labour-intensive, susceptible to observer subjectivity and difficult to 

scale across extensive landscapes [11], particularly in non-cultivated sago stands where canopy 

density is high, plant distribution is irregular and physical accessibility is constrained [12,13]. 

Consequently, the optimal harvest phase is frequently overlooked, resulting in numerous stems 

undergoing senescence prior to harvest, which ultimately increases yield losses and threatens long-

term production sustainability [14–16]. 

Recent advances in unmanned aerial vehicle (UAV/drone) technology have substantially 

expanded the operational scope of precision agriculture, particularly through the integration of 

multispectral and hyperspectral sensors for fine-scale crop condition monitoring [17–19]. UAV-

based remote sensing has demonstrated considerable utility across a wide range of agricultural 

applications, including the detection of physiological stress [20], biomass estimation [21], plant 

disease mapping [22] and the assessment of fruit maturity [23]. Nevertheless, the high acquisition 

cost of multispectral and hyperspectral sensors continues to constitute a principal barrier to 

widespread deployment among smallholder farmers and in resource-limited regions [24]. This 

condition reinforces the position of UAVs equipped with conventional Red–Green–Blue (RGB) 

cameras as the most economically accessible alternative for routine vegetation monitoring. 

However, RGB imagery is inherently limited in spectral separability, a constraint that frequently 

compromises the reliability of pixel-based classification approaches when applied to spectrally 

complex vegetation [25]. To address this methodological limitation, Object-Based Image Analysis 

(OBIA) has emerged as a robust analytical framework, owing to its capacity to exploit not only 

spectral attributes but also textural, geometric and contextual descriptors at the object level [26–

28]. The integration of multi-dimensional object-based features enables OBIA to partially 

compensate for the spectral limitations of RGB imagery, thereby enhancing classification 

reliability in operational vegetation mapping [29–32]. 
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The effectiveness of integrating UAV RGB imagery with OBIA has been extensively 

documented across a broad range of vegetation mapping applications. Reported overall 

classification accuracies approach 96% in land cover classification [33], wetland vegetation 

mapping [34] and dead-wood detection within forest environments [35]. In crop-specific contexts, 

RGB–OBIA workflows have similarly produced high performance, achieving 99% accuracy in 

olive tree detection and enumeration [36] and 95% in the discrimination of pistachio 

developmental stages [37]. Such high-performance outcomes are generally obtained under 

conditions in which target objects exhibit strong visual contrast against the surrounding 

background, spatial distribution patterns are relatively regular and spectral interference from co-

occurring vegetation remains minimal. The classification of sago maturity levels in non-cultivated 

stands departs substantially from these ideal conditions. Adjacent maturity classes display 

pronounced visual similarity in canopy colour, leaflet morphology and crown texture; canopy 

density tends to be high, and stem distribution is markedly irregular [38]. These conditions 

intensify intra-class variability and promote spectral mixing with surrounding vegetation, 

ultimately reducing inter-class separability when RGB imagery is employed in isolation, and 

thereby limiting the direct transferability of the accuracy levels previously reported in less complex 

landscapes. 

Although the scientific literature on UAV-based vegetation classification continues to 

expand rapidly, no prior investigation has systematically evaluated the use of OBIA for mapping 

sago maturity levels using conventional UAV RGB imagery in non-cultivated dense canopies. 

Existing sago-related remote sensing studies have predominantly focused on species-level 

detection or stand-area inventory, rather than phenological discrimination among maturity levels 

exhibiting high visual similarity. The present study sought to address this gap by hypothesising 

that an OBIA framework integrating spectral, textural, geometric and Digital Surface Model 

(DSM)-derived structural features is capable of discriminating three sago maturity levels (Young, 

Harvestable and Overripe) at the object level with an overall classification accuracy exceeding 

90%, based solely on a UAV RGB orthomosaic. To systematically test this hypothesis, three 

research questions were formulated: (i) which combination of multiresolution segmentation 

parameters generates the most stable crown-level objects in dense and irregular sago stands; (ii) 

which categories of object-based features contribute most substantially to the discrimination of 

maturity levels, and to what extent does feature reduction preserve overall classification accuracy; 

and (iii) how do classification performance and class-wise error structure differ across 

classification models employing various feature combinations. Addressing these questions 

provides empirical evidence concerning the operational feasibility of low-cost UAV-based 

monitoring of sago maturity levels, while simultaneously offering transferable methodological 
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guidance for other vegetation mapping problems characterised by high visual similarity.   

2. Materials and Methods 

2.1. Time and Location of the Research 

This study was conducted in 2025 within non-cultivated sago stands located in Wailawi 

Village, West Malangke District, North Luwu Regency, South Sulawesi Province, Indonesia. Field 

observation and drone RGB imagery acquisition covered approximately 9 ha (Fig. 1). 

 
Fig. 1. Research Location in Wailawi Village, North Luwu Regency, South Sulawesi Province. 

2.2. Field Observation and Data Acquisition 

Field observation was conducted to establish object-level reference labels for sago maturity. 

A total of 29 sample plots were selected purposively to represent the range of maturity conditions 

present at the study site. Plot coordinates were recorded using a Garmin GPSMAP 64s receiver, 

and sago maturity was assessed through morphological indicators associated with the local growth 

phases. Following Osozawa et al. [39], who systematically documented the local growth phases 

of sago palm within the same sub-district, the observed phases were consolidated into three sago 

maturity levels (SMLs): “Young”, “Harvestable” and “Overripe” (Fig. 2). The field-derived SML 

labels were subsequently linked to segmented image objects to construct the object-level reference 

dataset used for supervised classification and accuracy assessment. 

Aerial data acquisition was performed using a DJI Phantom 4 Pro quadcopter equipped with 

a 1-inch CMOS RGB sensor (20-megapixel effective resolution, 5,472 × 3,648 pixels), a 24-mm 

focal length equivalent in 35 mm format, a variable aperture ranging from f/2.8 to f/11 and a 

mechanical shutter operating between 8 s and 1/2,000 s. Image acquisition was conducted under 

clear-sky conditions around midday (approximately 11:00 to 12:30 local time, WITA) to minimise 

elongated shadow effects and bidirectional reflectance variability. A double-grid flight pattern, 

executed across four orthogonal directions, was applied to reduce shadow-induced spectral 
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variability and to enhance the geometric robustness of photogrammetric reconstruction. Flight 

missions were planned and executed using the PIX4Dcapture Pro application, with the UAV 

operated at 50 m above ground level, 90% forward overlap, 70% lateral overlap and a camera tilt 

angle of 70°. This acquisition configuration produced an RGB orthomosaic with an approximate 

spatial resolution of 1 cm. Very high spatial resolution imagery is methodologically advantageous 

for OBIA workflows, as it enhances both object delineation and the extraction of object-level 

features in spectrally complex vegetation scenes [41]. 

 
Fig. 2. Classification of SMLs based on the phases of sago plant growth [40]. 

2.3. Orthomosaic and DSM Generation 

Photogrammetric processing was conducted using Agisoft Metashape Professional v2.1.1. 

From an initial set of 1,316 acquired photographs, 10 images were excluded due to misalignment, 

resulting in 1,306 photographs retained for processing. Image alignment was executed in a high-

quality setting, with key point and tie point limits maintained at their default values of 40,000 and 

4,000, respectively. Sparse point cloud quality was subsequently inspected to identify and correct 

alignment inconsistencies, including misalignment and geometric distortion. A dense point cloud 

was generated in a high-quality setting with mild-depth filtering applied to preserve canopy edge 

information while suppressing isolated outliers. Mesh and texture reconstruction were then 

performed to produce a detailed representation of the canopy surface structure. 

The RGB orthomosaic was generated using the Build Orthomosaic function, producing 

geometrically consistent imagery at an approximate spatial resolution of 1 cm. The Digital Surface 

Model (DSM) was generated from the dense point cloud using the Build DEM function at an 

approximate spatial resolution of 4 cm, providing elevation information encompassing both 

canopy and other surface elements [42]. A 3 × 3 median filter was applied to the DSM to attenuate 

residual noise without over-smoothing crown-level micro-topographic variation. The integration 

of very high-spatial resolution orthomosaic imagery with DSM-derived height information has 

been reported to enhance the discrimination of vegetation objects, particularly under conditions in 

which the spectral separability of RGB imagery is constrained [43].  
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2.4. Object-Based Image Segmentation 

Image segmentation constitutes a core component of OBIA and substantially influences 

classification performance [44]. Segmentation was performed in eCognition Developer v10.4, 

which supports raster-based object generation and object-level feature extraction [45]. A top-down 

segmentation approach was implemented using the Multiresolution Segmentation (MRS) 

algorithm [46], a region-growing procedure governed by three principal parameters (scale, shape 

and compactness) that jointly determine object size, boundary adherence and within-object 

spectral and geometric homogeneity [47]. 

To minimise subjectivity in determining the scale parameter, the Estimation of Scale 

Parameter 2 (ESP2) tool was applied. ESP2 identifies candidate optimal scales based on peaks in 

the rate of change (ROC) of local variance (LV) [48], thereby supporting a systematic, data-driven 

parameter selection process in contrast to purely trial-and-error approaches [49]. The segmentation 

procedure was executed simultaneously across four image layers (Red, Green, Blue and DSM), 

with equal layer weights (1.0) retained to preserve both spectral and structural information during 

crown delineation. The final MRS parameter values, together with the rationale underlying their 

selection, are summarised in Table 1. 

The reported parameter values were calibrated specifically for non-cultivated sago stands at 

an approximately 1-cm ground sampling distance (GSD) and a 50-m flight altitude. Direct transfer 

of these values to other landscapes, sago varieties or different acquisition resolutions is not 

advisable, as optimal MRS parameters are strongly dependent on canopy size, scene complexity 

and image resolution. ESP2-guided recalibration of the scale parameter, together with sensitivity 

testing of shape and compactness, is therefore recommended when the workflow is applied to new 

sites. 

Table 1. Final MRS parameters used for object-based image segmentation. 
Parameter Value Selection rationale 

Scale 1701 Selected from ESP2 candidate peaks; produced integrated, crown-
level objects 

Shape 0.2 Tested from 0.1 to 0.9; balanced fragmentation control without crown 
over-merging 

Compactness 0.5 Default; sensitivity testing showed negligible effects on object count 
and morphology 

Layer 
Weights 

R = G = B = DSM = 
1.0 

Equal weighting to retain spectral and structural cues for crown 
delineation 

 

2.5. Feature Extraction and Selection 

Multi-feature integration has been shown to improve OBIA-based classification 

performance by enabling segmented objects to be characterised through multiple complementary 

descriptors [41]. However, the use of large feature sets without appropriate feature selection 
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procedures may introduce redundancy and increase computational cost [50], whereas only a 

limited subset of features typically contributes substantially to model performance [31,32]. 

An initial set of 22 object-level features was therefore defined (Table 2). Feature extraction 

yielded 6,210 image objects across the 9-hectare study area, all of which were labelled into the 

three SML categories through visual interpretation using the 29 field reference plots as 

morphological references. The labelled object pool was subsequently partitioned through stratified 

random sampling into a training set (70%) and a testing set (30%). 

Feature evaluation and ranking were performed using a Random Forest (RF) classifier 

combined with Recursive Feature Elimination (RFE). All 22 features were evaluated sequentially 

by incrementally adding one feature at a time and observing the corresponding changes in 

classification accuracy, resulting in 22 feature combination schemes. RFE subsequently 

established the relative importance ranking of each feature according to its contribution to 

classification accuracy [51,52]. Based on this ranking, two feature configurations were defined 

and compared: (i) a minimal configuration consisting of the highest-ranked features and (ii) an 

optimal configuration corresponding to the feature subset in which classification accuracy reached 

its peak. 

Table 2. Description of the feature variables to be used in SML classification. 
Feature Type Variable Information Source 
Vegetation 
Index (VI) 

Red Intensity The value of redness intensity, normalized as 
R/(R + G + B) 

[53] 

Green Intensity The value of greenness intensity, normalised as 
G/(R + G + B) 

Blue Intensity The value of blueness intensity, normalised as 
B/(R + G + B) 

EXG The excess green index, calculated as 2G – R – B 
TGI An index that estimates the area of the triangle 

bounding the leaf reflectance spectrum, the 
corner points being the center wavelengths of the 
RGB sensor, calculated as G – (0.39 × R) – (0.61 
× B) 

[54] 

VDVI The vegetation index of light difference used to 
replace NDVI variables, calculated as (2G – B – 
R)/(2G + B + R) 

[55] 

Spectral 
Values 
(RGB) 

Mean (R, G, B), StandDev 
(R, G, B) and 
MaxDifference  

R (red), G (green) and B (blue) are the 
component color channels of the imagery, where 
each pixel is represented by a digital number. 

[31] 

Geometry Asymmetry, Shape Index 
and Compactness  

The geometric characteristics of an object, 
calculated based on the spatial arrangement of 
the constituent pixels 

Texture GLCM Dissimilarity, 
GLCM Mean, GLCM 
Correlation and GLDV 
Contrast 

The intensity of brightness variation between 
adjacent pixels in the image, calculated based on 
the Gray Level Co-occurrence Matrix (GLCM) 
and Gray Level Difference Vector (GLDV) 

[32] 

Information 
of Height 

Mean DSM and StandDev 
DSM 

The mean and standard deviation for each object, 
calculated based on DSM data 
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2.6. Supervised Classification  

SML classification was performed using the Random Forest (RF) algorithm, a machine-

learning classifier widely employed for vegetation mapping and reported to perform robustly 

relative to several alternative classifiers in comparable contexts [31, 32,56–58]. RF constructs an 

ensemble of decision trees and aggregates their predictions, thereby enabling the model to capture 

non-linear relationships and interactions among object-level features extracted from the RGB 

orthomosaic and DSM layers [59]. 

Classification was implemented through the built-in RF module of eCognition Developer 

v10.4, configured with the following hyperparameters: number of trees (ntree) set to 100, 

maximum tree depth left unrestricted, number of features evaluated at each split (mtry) set to the 

square root of the total number of input features, Gini impurity as the split criterion and minimum 

node size set to 1. These settings correspond to the standard configuration commonly adopted in 

object-based vegetation classification studies, balancing predictive performance with 

computational efficiency. 

Model training was performed using labelled objects derived from the 70% training partition 

described in Section 2.5, with each training object assigned to one of the three SML classes 

according to the field reference labels. The minimal and optimal feature configurations identified 

through RFE (see Section 2.5) were trained and evaluated in parallel, after which the resulting 

models were applied to all segmented objects across the study area to produce object-based SML 

classification maps. 

2.7. Accuracy Test 
Classification accuracy was assessed at the object (segment) level using 600 independent 

reference objects (200 per class), drawn from the 30% testing partition through stratified random 

sampling and re-labelled by visual interpretation to ensure independence from the training data. 

Accuracy was evaluated through a confusion matrix comparing predicted SML classes against the 

independent reference labels, from which Overall Accuracy (OA) and Producer Accuracy (PA) 

were derived [52]. Complementary metrics computed from the same matrix included User 

Accuracy (UA, equivalent to precision), Class-wise F1-score, Macro-averaged F1-score (Macro-

F1) and Balanced Accuracy. Cohen's Kappa and a multi-class form of Matthew’s Correlation 

Coefficient (MCC) were additionally employed as robust agreement measures under potential 

class imbalance. 

Statistical uncertainty was quantified using a stratified bootstrap resampling procedure with 

1,000 iterations, in which validation objects were resampled with replacement within each class 

to preserve the original class proportions. The 2.5th and 97.5th percentiles of the resulting bootstrap 

distributions defined the lower and upper bounds of the 95% confidence intervals (CIs). The 
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minimal and optimal feature configurations were compared within this same validation framework 

to ensure methodological consistency. 

3. Results and Discussion 

3.1. Results 

3.1.1. Field Observation Results 

Field observation yielded 29 independent sample plots, comprising 10 Young, 14 

Harvestable and 5 Overripe sago stands (Fig. 3). The plots were spatially referenced to the UAV 

RGB orthomosaic to characterise the visual cues associated with each SML class and to support 

both segmentation quality evaluation and the labelling of training and testing objects. 

Visual characterisation revealed distinct morphological patterns across the three classes. 

Young sago typically exhibits greener foliage, with leaflets arranged tightly along the rachis and 

leaf sheaths appearing slimmer and more upright; consequently, crown boundaries are often 

difficult to delineate within dense stands. Harvestable sago is characterised by marginal leaf 

yellowing, sparser leaflet appearance and fronds extending more horizontally, with trees generally 

taller and crowns wider than those of the Young class. Overripe sago is the most readily 

identifiable class owing to the emergence of inflorescences with whitish-grey coloration and 

visibly reduced leaf density [38]. These morphological cues served as the primary reference for 

evaluating segmentation results and for guiding the labelling of training and testing samples.  

 
        (a)             (b) 

Fig. 3. (a) Independent sample plot; (b) visual appearance of stand trees for each SML class from 
UAV RGB imagery. 

 
3.1.2. Image Segmentation Results 

Multiresolution Segmentation (MRS) was applied across four input layers (Red, Green, Blue 

and DSM). Given that the SML classes share partial similarity in crown colour and form, 

segmentation evaluation focused on crown-area heterogeneity and object coherence to ensure that 

individual crowns were delineated as integrated objects. ESP2 analysis identified three candidate 

segmentation scales (Fig. 4). Levels 1 (scale = 363) and 2 (scale = 911) produced highly 

fragmented crown objects, indicating over-segmentation and an increased risk of partitioning 

within-class crowns into multiple objects, which may propagate inconsistency into subsequent 
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classification [60]. In contrast, Level 3 (scale = 1701) generated more integrated and compact 

crown objects that better preserved within-class crown integrity, and was therefore adopted for 

further parameter testing. 

Sensitivity testing was subsequently conducted for the shape and compactness parameters at 

scale = 1701. Shape was varied from 0.1 to 0.9, while compactness was held constant at 0.5. As 

summarised in Fig. 5, increasing the shape value systematically reduced the number of segmented 

objects, reflecting the progressive merging of small fragments into larger and smoother objects, 

consistent with the MRS trade-off in which higher shape weighting attenuates spectral-driven 

fragmentation and enhances geometric regularisation [61]. Visual inspection (Fig. 6a) further 

confirmed that a very low shape value (0.1) retained fragmented objects in Harvestable stands, 

while higher values improved object coherence. However, excessively high shape values induced 

under-segmentation in Young sago areas through merging of adjacent crowns under dense canopy 

conditions. A shape value of 0.2 was, therefore, selected as the balanced setting that minimised 

fragmentation without introducing extensive crown merging. 

 
Fig. 4. Results of image segmentation by using ESP2 tools; (a). Level 1 with Scale 363; (b) 
Level 2 with Scale 911; (c) Level 3 with Scale 1701; Harvestable sago (yellow square); and 

Overripe sago (red square). 

Compactness was then varied while holding scale = 1701 and shape = 0.2. As shown in Fig. 

5 and visually supported by Fig. 6b, variation in compactness produced no meaningful differences 

in either the number of segmented objects or the overall boundary configuration of crown objects. 

Compactness, therefore, contributed minimally to segmentation variability for the present SML 

mapping task and was retained at the default value of 0.5 for full-area MRS implementation. 

Although quantitative segmentation metrics such as Intersection over Union (IoU), the Dice 

coefficient or the Segmentation Quality Index were not directly computed in the present study, 

segmentation reliability was indirectly substantiated through three complementary mechanisms: 

(i) data-driven scale parameter selection through ESP2, which minimised subjectivity in manual 

parameter tuning; (ii) systematic sensitivity analysis across the shape and compactness parameter 

ranges, which confirmed the stability of the adopted configuration and (iii) downstream 

classification accuracy, which served as a holistic indicator of segmentation reliability under 

operational conditions [62]. The explicit integration of pixel-overlap-based segmentation quality 
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metrics, supported by manually delineated reference crowns, is recommended for future research 

to enable a more rigorous geometric assessment of object delineation. 

 
Fig. 5. Effects of shape and compactness settings on the number of segmented objects (scale = 

1701). 

 
Fig. 6. Effects of object segmentation on a.) the variation of shape parameter values (scale 1701, 
compactness 0.5) and b.) the variation of compactness parameter values (scale 1701, shape 0.2). 

 
3.1.3. Feature Evaluation and Selection Results 

Feature evaluation was performed by sequentially adding features during RF training on the 

training subset, yielding 22 classification schemes (Fig. 7). Overall Accuracy (OA) increased with 

the number of features, with a marked improvement within the first five features (Scheme 5: 

89.11%). Subsequent additions produced smaller gains with local peaks at Scheme 10 (91.12%) 

and Scheme 14 (91.53%). The highest OA was obtained at Scheme 17 (91.93%), beyond which 

additional features yielded no meaningful improvement, indicating performance stabilisation. 

Based on this evaluation, RFE established the relative importance ranking of all 22 features 

(Fig. 8). The five highest-ranked variables were Mean Green, GLDV Contrast, Mean Red, GLCM 

Mean and Mean DSM, indicating that spectral, texture, and DSM-derived height information 

collectively supported SML discrimination under complex canopy conditions. The five lowest-

ranked variables (Green Intensity, Asymmetry, StandDev DSM, Compactness and Shape Index) 

contributed marginally and were excluded from the optimal subset. The ranking accordingly 

defined two configurations for full-area classification: a minimal configuration comprising the five 

highest-ranked features and an optimal configuration comprising the seventeen-feature subset 

associated with peak OA. 
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Fig. 7. Effects of feature addition to the accuracy of classification results of the RF model on the 

training subset area. 

 
Fig. 8. Results of feature variable ranking using the RFE model. 

3.1.4. Results of SML Classification  

Full-area classification performance was evaluated under the minimal (five-feature) and 

optimal (seventeen-feature) configurations using 600 independent reference objects (200 per 

class). In the confusion matrices (Table 3 and Table 4), rows correspond to field-derived reference 

classes and columns to predictions from the RF classifier; User Accuracy (UA) is reported as 

precision. 

The optimal configuration consistently outperformed the minimal configuration across all 

object-based metrics, with OA increasing from 89.00% to 93.00%, Macro-F1 from 88.92% to 

92.92% and Cohen's Kappa from 0.835 to 0.895 (Table 5). Class-wise gains were most pronounced 

for the Young (F1: 84.80% to 91.00%) and Harvestable (F1: 83.20% to 89.01%) classes, whereas 

the Overripe class remained stable at the upper bound of performance (F1 = 98.77%, PA = 

100.00%). The dominant residual error consistently occurred between the Young and Harvestable 

classes, reflecting their pronounced visual similarity in RGB imagery under dense-canopy 

conditions. 

Bootstrap-derived 95% confidence intervals (CIs), computed from 1,000 stratified 

resamples, confirmed that the observed gains were statistically meaningful. The optimal-
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configuration CIs for OA (91.00–94.83%) and Macro-F1 (90.86–94.81%) did not overlap with the 

corresponding point estimates of the minimal configuration (89.00% and 88.92%, respectively), 

supporting the conclusion that the improvement was not attributable to sampling variability (Table 

4). 

Table 3. Confusion matrix of SML classification results with the five most important variables. 
Reference \ Predicted Young Harvestable Overripe PA 

Young 173 26 1 86.50% 
Harvestable 35 161 4 80.50% 

Overripe 0 0 200 100.00% 
UA 83.17% 86.10% 97.56% 

 

OA    89.00% 
 
Table 4. Confusion matrix of SML classification results with 17 optimal variables. 

Reference \ Predicted Young Harvestable Overripe PA 
Young 192 7 1 96.00% 

Harvestable 30 166 4 83.00% 
Overripe 0 0 200 100.00% 

UA 86.49% 95.95% 97.56% 
 

OA    93.00% 
 
Table 5. Summary of object-based performance metrics with 95% bootstrap confidence intervals 

(1,000 stratified resamples) for the minimal and optimal feature configurations. 
Metric 5 Features 17 Features 

Overall Accuracy (OA) 89.00% 93.00% 
Macro-F1 88.92% 92.92% 
Balanced Accuracy 89.00% 93.00% 
F1 – Young 84.80% 91.00% 
F1 – Harvestable 83.20% 89.01% 
F1 – Overripe 98.77% 98.77% 
Cohen’s Kappa 0.835 0.895 
Matthew’s Correlation Coefficient (MCC) 0.835 0.897 

3.1.5. Comparison of Classified Areas and Spatial Distribution 

Beyond accuracy metrics, the stability of mapped class extents is operationally important, as 

management decisions often depend on area estimates for each maturity class. Switching from the 

minimal to the optimal configuration affected only the Young and Harvestable classes (Table 6); 

the Young area decreased by 914 m², while the Harvestable area increased by an equivalent 

magnitude, indicating that part of the area previously assigned to the Young class was reclassified 

as Harvestable under the richer feature representation. The Overripe class remained stable at 159 

m² across both configurations, in line with the consistent discriminability of Overripe sago. 

Table 6. Total comparison of classification areas for every SML class under two classification 
schemes. 

SML Class Classification Area Difference (m 2) 5 Variables (m 2) 17 Variables (m 2) 
Young Sago 44,877 43,962 -914 
Harvest Sago 7,320 8,235 +914 
Overripe Sago 159 159 0 
Total 52,356 52,356  
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Fig. 9. Classification maps: (a) UAV RGB orthomosaic of the study area; (b) SML classification 

using the minimal (five-feature) configuration; (c) SML classification using the optimal 
(seventeen-feature) configuration; (d) cropped focus area indicated by the rectangle in (a–c), in 
which red circles mark misclassification locations under the minimal configuration, and white 

circles mark misclassification locations under the optimal configuration. 
 

At the map scale, the two classification outputs exhibit broadly consistent spatial patterns 

(Fig. 9b–c), with Young and Harvestable stands constituting the dominant classes across the study 

area and Overripe stands appearing as sparse, localised objects. A closer inspection of 

representative stands (Fig. 9d) indicated that the optimal configuration delineated Harvestable 

crowns more completely, reducing the partial crown labelling observed under the minimal 

configuration. In Fig. 9d, misclassification locations under the minimal configuration are marked 

with red circles, while those under the optimal configuration are marked with white circles, 

enabling a direct visual comparison of error locations between the two models. This pattern is 

consistent with the higher precision and F1-score obtained for the Harvestable class (Table 4), 

suggesting that texture- and DSM-derived descriptors provide additional discriminatory power 

beyond visible-band colour alone. Localised class switching between the Young and Harvestable 

classes, however, persisted in stands exhibiting a transitional canopy appearance (e.g., fronds with 

partial yellowing), reflecting a realistic ambiguity in RGB-based maturity discrimination under 

dense-canopy conditions. 

The overlay change map in Fig. 10 explicitly identifies the spatial reallocation between the 

two configurations. The disagreement pattern is dominated by reciprocal transitions between the 

Young and Harvestable classes, consistent with the dominant misclassification observed in the 

confusion matrices (Table 3 and Table 4), and aligns with the 914-m² net shift recorded in Table 
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6. Overall, the richer feature representation primarily refined class allocation on the Young–

Harvestable boundary, without altering the broader spatial distribution of maturity classes across 

the study area. 

 
Fig. 10. Spatial reallocation between the minimal (five-feature) and optimal (seventeen-feature) 

classification outputs, illustrating the dominant Young-to-Harvestable transitions. 

3.2. Discussion 

This study demonstrates that Object-Based Image Analysis, OBIA, can enhance the 

operational utility of conventional drone RGB orthomosaics for precision agriculture, particularly 

when the target classes are difficult to separate using pixel-based spectral information alone. 

Although RGB imagery lacks the NIR and SWIR bands that are generally more sensitive to 

vegetation biochemical and physiological variations [63], OBIA mitigates this limitation by 

operating on segmented objects and integrating complementary descriptors such as spectral 

statistics, texture, geometry and height-related features [64]. This capability is especially relevant 

for sago maturity mapping in non-cultivated stands, where dense canopy conditions and irregular 

spatial patterns increase within class variability and promote spectral mixing effects. 

3.2.1. Segmentation behaviour and parameter justification 

The results confirm that MRS parameterisation, particularly scale and shape, strongly 

controls object granularity and boundary delineation, which in turn affect downstream 

classification performance (Fig. 4, Fig. 5 and Fig. 6). ESP2-driven scale selection produces 

relatively high candidate scales, an outcome consistent with the very high spatial resolution of the 

orthomosaic and the multilayer segmentation design that includes both RGB and DSM, which 

collectively increase local variance and may lead to excessive fragmentation under smaller-scale 

settings [31,65]. The principle that scale selection should be guided by the intended mapping unit, 

scene complexity and objective scale estimation tools has been reaffirmed in recent OBIA studies 

of agricultural and natural vegetation [66,67]. Higher shape values progressively reduced 

fragmentation and improved object compactness, but excessively high values induced under-
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segmentation in dense Young stands. The selected value of 0.2 minimised fragmentation without 

merging adjacent crowns, which aligns with the recommendation in [61] that shape should be 

tuned to balance the spectral–geometric trade-off inherent in MRS. Compactness variation 

produced negligible differences in object morphology, consistent with the observation that 

compactness exerted a weaker influence on segmentation outcomes than scale and shape when the 

input layers were sufficiently informative [68]. Overall, the selected configuration is defensible 

because it prioritises crown-level object integrity in a challenging non-cultivated setting and aligns 

with the well-established principle that segmentation quality is a primary determinant of OBIA 

classification reliability in complex vegetation scenes [62,69]. 

3.2.2. Feature dominance and biophysical interpretation 

The RFE-based ranking and the comparison between the minimal and optimal configurations 

provide direct insight into which feature categories most strongly support SML discrimination. 

The five highest-ranked variables consisted of two visible-band statistics (Mean Green and Mean 

Red), two texture descriptors (GLDV Contrast and GLCM Mean) and one structural descriptor 

(Mean DSM), indicating that effective discrimination requires the joint contribution of spectral, 

textural and height information rather than reliance on a single feature family. The spectral 

dominance of Mean Green and Mean Red can be interpreted biophysically. As sago palms progress 

through phenological stages, foliage colour shifts from vivid green in Young stands towards 

yellowish-green tones in Harvestable stands, consistent with the changes in canopy reflectance 

during palm maturation reported in recent UAV RGB analyses of related palm species [70]. The 

contribution of GLDV Contrast and GLCM Mean reflects the role of within-crown brightness 

heterogeneity, which differs systematically among maturity classes because of differences in 

leaflet density, frond inclination and shadow distribution within the crown; the central role of 

texture in discriminating spectrally similar vegetation has been repeatedly demonstrated [32,64]. 

The high importance of Mean DSM confirms that structural cues (notably the differential canopy 

heights of Harvestable versus Young stems documented in field observations) provide independent 

discriminatory information that RGB alone cannot supply. By contrast, the marginal contribution 

of geometric descriptors (Asymmetry, Compactness and Shape Index) is unsurprising given that 

crown morphology in non-cultivated sago is highly irregular and that segmentation outcomes vary 

across canopy density gradients, conditions under which geometric statistics tend to lose 

discriminatory power [52]. 

3.2.3. Performance gains and comparison with alternative approaches 

The transition from the minimal to the optimal configuration produced consistent gains 

across all object-based metrics (OA from 89.00% to 93.00%, Macro-F1 from 88.92% to 92.92% 

and Cohen's Kappa from 0.835 to 0.895), and the non-overlapping bootstrap CIs (Table 5) indicate 
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that the improvement is statistically meaningful rather than an artefact of sampling variability. The 

Overripe class remained reliably classified across both configurations (F1 = 98.77%, PA = 

100.00%) because the emergence of whitish-grey inflorescences produced strong spectral and 

textural contrasts that were readily captured even by the parsimonious feature set. The dominant 

residual confusion on the Young–Harvestable boundary reflects the fundamental spectral and 

textural overlaps between adjacent maturity stages and represents a realistic limitation of RGB-

only mapping under dense-canopy conditions. The 93% OA reported here is consistent with the 

upper tier of recent OBIA–RF benchmarks using UAV imagery for vegetation mapping: 96% for 

wetland vegetation classification with multi-feature OBIA [32], 95% for pistachio developmental 

stage discrimination [37] and OA in the 87–97% range for OBIA–RF land cover and vegetation 

succession mapping with multispectral UAV inputs [71]. The reported accuracy also exceeds the 

typical 80–88% range achieved by pixel-based RGB classifiers in spectrally complex vegetation 

[25,72]. Relative to deep-learning approaches such as CNN-based crown delineation, which has 

reached high accuracy in forest canopy mapping [73,74], the present OBIA–RF workflow trades 

a modest accuracy ceiling for interpretability, lower computational cost and feature-level 

transparency, all of which are operationally important for deployment in resource-constrained 

settings. 

3.2.4. Operational implications for sago production systems 

From an operational perspective, the OBIA–RF framework offers a viable pathway for low-

cost, scalable monitoring of sago maturity in non-cultivated stands. The principal practical 

advantages are threefold. First, conventional RGB UAVs are substantially more affordable and 

easier to deploy than multispectral or hyperspectral platforms [24], which makes the workflow 

accessible to smallholder farmers, extension officers and local agricultural agencies. Second, the 

workflow is reproducible because each processing stage relies on widely available tools and well-

documented parameters (Agisoft Metashape for photogrammetric reconstruction, eCognition 

Developer for segmentation and classification and ESP2 for objective scale parameter selection). 

Third, the object-based outputs are directly relevant to harvest planning: the spatial distribution of 

Harvestable crowns can guide field crews to target harvest-ready stems before they progress to the 

Overripe stage, thereby reducing pre-harvest stem senescence and associated yield losses. Recent 

UAV-based studies in tree–crop systems have similarly demonstrated that RGB–OBIA outputs 

can directly support precision management decisions in low-input production contexts [36,75,76]. 

3.2.5. Limitations and future research directions 

Despite these strengths, the present study has limitations that warrant explicit 

acknowledgement and frame the agenda for further work. First, validation was restricted to a single 

study site and a single acquisition date in October 2025; consequently, extrapolation of the reported 
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accuracy levels to other locations or to other acquisition periods should be made with caution. 

Second, the acquisition was conducted in the dry-to-wet season transition, and seasonal variations 

of canopy moisture, leaf turgor and background reflectance may have altered both segmentation 

behaviour and class separability; multi-temporal validation across the full wet–dry seasonal cycle 

is, therefore, required to establish year-round operational robustness, in line with recommendations 

from recent meta-analyses on UAV vegetation classification [77]. Third, all flights were conducted 

around solar noon (11:00–12:30 WITA) under clear-sky conditions to minimise shadow effects; 

the sensitivity of classification accuracy to lower solar elevation angles, oblique illumination and 

partial cloud cover therefore remains untested, although the influence of illumination geometry on 

UAV vegetation classification has been well documented [78,79]. Fourth, the dataset represented 

the local Kapa landrace of Metroxylon sagu Rottb. and the prevailing canopy structure of North 

Luwu; varieties such as Roe, Pulu, Para, Tuni or Molat, which differ in canopy density, leaflet 

arrangement and crown morphology [80], are likely to require recalibration of MRS parameters 

and possibly retraining of the RF classifier. Fifth, the geometric quality of segmentation was not 

quantified through pixel-overlap-based metrics (e.g., IoU, the Dice coefficient or the Segmentation 

Quality Index) due to the absence of manually delineated reference crowns; future research should 

incorporate such metrics, supported by independent crown digitisation, to enable a more rigorous 

geometric evaluation of object delineation. Building on these limitations, future research priorities 

should include: (i) multi-site, multi-temporal and multi-variety validation; (ii) controlled 

assessment of illumination-geometry sensitivity; (iii) integration of multispectral or canopy-

height-model inputs as a benchmark against the present RGB-only framework and (iv) systematic 

benchmarking of OBIA–RF against deep-learning crown delineation pipelines, under matched 

validation protocols, to identify the operational regimes in which each approach is most cost-

effective. 

4. Conclusions 

This study establishes three principal findings regarding the use of Object-Based Image 

Analysis (OBIA) for sago maturity mapping in non-cultivated dense canopies. First, the integrated 

OBIA framework can overcome the well-known limitation of RGB-only imagery in discriminating 

visually similar vegetation classes, achieving an Overall Accuracy of 93% in a setting 

characterised by high inter-class visual similarity. Second, effective discrimination requires the 

joint contribution of spectral, textural and DSM-derived structural information rather than reliance 

on any single feature family, as evidenced by the dominance of these three modalities among the 

highest-ranked feature variables. Third, contrary to the conventional emphasis on geometric 

descriptors in object-based classification, such variables contribute marginally under non-
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cultivated conditions, reflecting the irregular crown morphology and density-dependent 

segmentation variability inherent in natural sago stands. 

The proposed framework enables rapid identification of harvestable sago with 93% accuracy 

using off-the-shelf RGB drones, potentially reducing harvest losses through timely maturity 

mapping. By eliminating the need for specialised multispectral sensors or high-performance 

computing infrastructure, the workflow is directly accessible to smallholder farmers, extension 

officers and agricultural agencies in eastern Indonesia, where its primary operational value lies in 

supporting harvest scheduling and minimising pre-harvest stem senescence. Future research 

should prioritise multi-site, multi-temporal and multi-variety validation, alongside systematic 

benchmarking against multispectral and deep-learning approaches, to consolidate the operational 

generalisability of the framework across varied agro-ecological contexts. 
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MCC Matthews Correlation Coefficient 
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