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A B S T R A C T

Invasive insect pest Gonipterus sp. n. 2 (Coleoptera: Curculionidae) threatens Eucalyptus species, causing defo
liation and yield loss through adult and larval feeding. Early detection is important for early intervention to 
prevent pest outbreaks. As conventional insect pest monitoring methods are time-consuming and spatially 
restrictive, this study assessed the potential of UAV monitoring. Multispectral imagery was obtained with Un
manned Aerial Vehicles (UAVs) across six different stands of young Eucalyptus dunnii with varying levels of 
Gonipterus sp. n. 2 infestations. Some stands were revisited, a total of 9 datasets were covered. Reference damage 
levels were obtained through visual assessments of (n = 89–100) trees at each site. Across sites, a decrease in 
canopy reflectance in both the visual and the near-infrared domains with increasing damage levels was 
consistently observed. Several vegetation indices showed consistent patterns, but none showed site indepen
dence. XGBoost, Support Vector Machine and Random Forest (RF) were used to predict damage levels using five 
input spectral data types. XGBoost performed best, closely followed by RF. Both models consistently selected very 
similar features. The best-performing models included reflectance, vegetation indices and grey-level co-occur
rence matrix data. When data from 10 different wavelengths were used, the highest classification accuracy was 
92 % across all sites in classifying defoliation levels. With a classical 5-band multispectral camera, accuracy was 
88 %, but distinguishing medium damage from low remained challenging. However, the method was less reliable 
when trained and validated on separate fields. This study highlights the potential of multi-site datasets in 
increasing the model’s generalization, using UAV based multispectral imagery to assess Gonipterus sp. n. 2 
damage and demonstrating reliable upscaling from individual tree assessments to stand scale. However, it also 
recognises the difficulty of generating a robust model that performs well on untrained sites.

1. Introduction

Insect disturbances on forest health are associated with large eco
nomic losses for the forestry sector (Bradshaw et al., 2016; Canelles 
et al., 2021; Senf et al., 2017; Williams et al., 2023). Among the insect 
pests that pose significant threats to Eucalyptus (Myrtaceae) plantations, 
the Eucalyptus Snout Beetle (ESB; Gonipterus spp., Coleoptera: Curcu
lionidae) has emerged as a species of concern. Native to south-east 

Australia and Tasmania, and exclusively feeding on Eucalyptus spp., 
the beetle has spread to numerous countries on five continents (Schröder 
et al., 2020). In South Africa, its initial detection dates back to 1916 
(Tooke, 1955). ESB refers to three species; Gonipterus platensis, G. pul
verulentus and an undescribed Gonipterus sp. n. 2, which all belong to the 
G. scutellatus species complex (Mapondera et al., 2012; Schröder et al., 
2020). In South Africa, recent reports show that only Gonipterus sp. n. 2 
is present (Mapondera et al., 2012). E. dunnii, one of the most widely 
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planted Eucalyptus species in South Africa (Morris, 2022), is susceptible 
to Gonipterus sp. n. 2 (Joubert et al., 2023; Tooke, 1955), and so are 
various other important economic Eucalyptus species, including 
E. globulus, E. viminalis and E. smithii (Mally, 1924; Newete et al., 2011; 
Tooke, 1955).

Feeding damage by Gonipterus spp. causes significant growth de
clines and yield losses (Tooke, 1955) with both larvae and adult stages of 
the snout weevil contributing to defoliation (Schröder et al., 2020). The 
larvae induce the most damage: the early instar larvae feed on the 
epidermis, whereas later instars consume entire young leaves (Tooke, 
1955). Adult beetles primarily target the edges of mature leaves, leading 
to a distinctive scalloped appearance. Reis et al. (2012), estimated up to 
86 % wood volume loss from Gonipterus platensis at 100 % defoliation 
levels, while Keetse (2024) estimated a 17.5 % wood volume loss from 
Gonipterus sp. n. 2 from just 18 % defoliation.

Within South Africa, efforts to suppress Gonipterus sp. n. 2 pop
ulations through classical biological control were initiated in 1926 with 
the successful release of Anaphes nitens Girault (Hymenoptera: Mymar
idae), an egg parasitoid native to Australia (Tooke, 1955). By 1950, the 
population of Gonipterus sp. n. 2 was largely suppressed (Tooke, 1955). 
However, despite this initial success, sporadic outbreaks persist, even in 
the presence of the biological control agent (Tribe, 2005). The reasons 
for these sporadic outbreaks are not fully understood, but it is hypoth
esized that environmental factors and climate mismatch between the 
pest and parasitoid, and/or variation in host resistance, contribute to 
variable parasitism rates (Schröder et al., 2020). For instance, in colder 
or high-altitude areas in South Africa, Gonipterus sp. n. 2 activity de
creases during winter, which on its turn reduces Anaphes (Tooke, 1955; 
Tribe, 2005). In spring, Gonipterus sp. n. 2 can build up quickly in 
numbers, before Anaphes does (Schröder et al., 2017; Tooke, 1955), 
resulting in sporadic disease outbreaks. Later in the season, high para
sitism tends to avoid outbreaks. In low-altitude regions where winter 
temperatures are mild, Gonipterus sp. n. 2 remains active year-round, 
and so does Anaphes.

Monitoring tree health in forests and plantations is crucial for early 
detection and prevention, playing a vital role in biosecurity and effective 
pest management (Brockerhoff et al., 2023; Mngadi et al., 2024). 
Traditional methods, such as ground-based measurements and visual 
inspections, are often time-consuming, labour-intensive, and limited in 
spatial coverage. In contrast, remote sensing offers a powerful alterna
tive for monitoring, detecting, and mapping vegetation damage and 
defoliation caused by insects (Debeurs and Townsend, 2008; Ismail and 
Mutanga, 2010). By capturing spectral changes linked to shifts in leaf 
composition or foliage loss (Lausch et al., 2016), remote sensing enables 
the early detection of pests and pathogens, allowing for timely inter
vention (Stone and Mohammed, 2017).

Some studies have confirmed the potential of satellite remote sensing 
for damage assessment of Gonipterus sp. n. 2. Lottering and Mutanga 
(2016) utilized vegetation indices derived from pan-sharpened World
view 2 imagery to predict canopy damage induced by Gonipterus sp. n. 2. 
Expanding upon this, Lottering et al. (2019) further improved the 
detection of Gonipterus sp. n. 2. defoliation by incorporating image 
texture through grey level co-occurrence matrix analysis using artificial 
neural networks. Xulu et al. (2024) compared multiple spectral vege
tation indices in detecting Gonipterus sp. n. 2 damage and other forest 
disturbances using anomaly detection and Landsat timeseries data. Their 
results demonstrated that the Normalized Difference Infra-red (NDII) 
and Enhanced Vegetation Index (EVI) could detect anomalies linked to 
Gonipterus sp. n. 2 damage. Likewise, Adelabu et al. (2014) explored the 
potential of the red-edge band from RapidEye to assess insect-induced 
damage levels within an African savanna using both RF and Support 
Vector Machine (SVM) classifiers, where SVM performed best, achieving 
81 % overall classification accuracy. Dos Santos et al. (2017), using 
Landsat 8 data to investigate damage by T. peregrinus of Eucalyptus 
urophylla x grandis hybrid clones, found that the spectral reflectance in 
the visual to near-infrared spectrum was lower for healthy trees than for 

damaged trees. Together, these studies emphasize the capacity of sat
ellite data to map insect damage. However, inherent limitations of 
satellite-based remote sensing, such as temporal, spatial, and spectral 
resolutions potentially obstruct the prompt identification of pest dam
age, particularly during the initial stages of infestation (Luo et al., 2023; 
Mngadi et al., 2024). In contrast, Unmanned Aerial Vehicles (UAVs) 
excel at capturing within-stand variations and in making single-tree 
assessments are possible, which enables the tracking of single trees dy
namics at a high spatial resolution monitoring of up to millimetre level 
resolution (Dainelli et al., 2021). For these reasons, an array of research 
endeavours has embraced UAV technology to assess diseases and defo
liation within forestry environments (Garcia et al., 2023; Lin et al., 2019; 
Mngadi et al., 2024; Xu et al., 2022). For instance, Liao et al. (2022) used 
multispectral UAV imagery to discriminate healthy from red leaf 
dieback Eucalyptus trees. The red-edge, near-infrared, and green indices 
proved most sensitive, and RF and Spectral Angle Mapper were identi
fied as suitable methods (Liao et al., 2022).

Despite these apparent successes and regardless the platform, very 
few studies have made it to the operational stage. Many studies rely on 
single datasets for model construction and testing (e.g., Adelabu et al., 
2014; dos Santos et al., 2017; Liao et al., 2022; Minařík et al., 2021; 
Panopoulou et al., 2024). For example, Ma et al. (2023) achieved 94 % 
accuracy when assessing Pinus yunnanensis canopies attacked by Tomicus 
spp. with hyperspectral data, but relied on a single dataset, which was 
split randomly in training (70 %) and test (30 %) data. The same 
approach was used by Xu et al. (2022a) when developing a 
multispectral-based method for monitoring Pantana phyllostachysae 
Chao infestation severity in bamboo forests. Methods relying on a single 
dataset could be useful when the goal is to upscale a limited number of 
ground truth measurements to the entire forest stand level. However, in 
the vast majority of studies, the (often implicit) goal is to develop a 
stand-alone model, i.e., a model that can be deployed without requiring 
an extensive training data set. Due to its susceptibility to overfitting, a 
model developed for a single site may lack the robustness required for 
broad applicability. Even comparisons between models or feature se
lection processes should be approached with the highest caution.

The purpose of the current study is to build a robust model that 
detects Gonipterus sp. n. 2 damage levels in Eucalyptus stands. Apart from 
being the first study – to our knowledge – to assess Gonipterus sp. n. 2 
damage with UAV data, one of the innovative aspects is that data 
collected at multiple sites and across multiple seasons. The first goal of 
this study was to examine the effects of damage caused by Gonipterus sp. 
n. 2 on spectral reflectance across several sites. Next, the performance of 
different machine learning model is compared, including feature selec
tion to check consistency within each model and across models. Models 
are trained and tested on single sites, on all sites combined and on in
dependent sites not included in the training. Finally, the study evaluates 
whether a more expensive 10-band sensor is required, or whether a more 
economical 5-band multispectral sensor can suffice.

2. Methods and materials

2.1. Study area

UAV flight missions were carried out over several E. dunnii planta
tions under the management of SAPPI Forests in Southern Africa (Fig. 1) 
situated in four areas (Ixopo, Melmoth, Greytown and Piet Retief) in the 
KwaZulu-Natal and Mpumalanga provinces (Table 1). Based on Koppen- 
Geiger climate classification topology (Conradie, 2012), Greytown, in 
the KwaZulu-Natal Midlands, has a monsoon-influenced temperate 
oceanic climate; Melmoth, in the inland section of Zululand, has a humid 
subtropical climate; Piet Retief, in the Mpumalanga Province, a warm 
temperate climate; and Ixopo, in the KwaZulu-Natal Province, a 
temperate oceanic climate.
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2.2. Field data collection

In total, 9 flight campaigns were carried out between February 2022 
and March 2023 (Table 2). The selection of plantation stands was based 
on age and species (juvenile E. dunnii stands between 1 and 2 years old, 
Table 1) and guided by reports from foresters concerning high infesta
tion levels of Gonipterus sp. n. 2. In Ixopo and Greytown, two experi
mental trials were utilized, in which half of the plots had been treated 
with an insecticide to prevent damage by Gonipterus sp. n. 2. Each trial 
site is 3.25 ha and consists of six block plots, three treated and three 
untreated plots (Fig. A1). Each plot contains 900 trees (30 × 30). At 
Melmoth and Piet Retief, ad hoc flight campaigns were done in 

commercial plantations following reports of high infestation levels.
Each UAV flight campaign was accompanied by a field sampling 

campaign, where a visual assessment was conducted of the damage level 
of 89–100 trees within the stand (Fig. 3). Trees were selected through 
stratified random sampling ensuring sufficient trees of different damage 
levels are present in each stand. Four different damage classes were 
discerned based on the affected tree canopy (Fig. 2): (a) No, (b) Low 
(1–25 %), (c) Medium (26–70 %), and (d) High damage (>70 %), based 
on both foliage and leaf discolouration in the top of the canopy (Fig. 2). 
The assessment focused on the new flush of the tree canopy. The as
sessors received training from an entomologist on how to assess the 
damage level through visual assessment and consensus assessment was 

Fig. 1. Location of study areas in KwaZulu-Natal and Mpumalanga, South Africa.

Table 1 
General location information of Eucalyptus dunnii stands assessed in Mpumalanga and KwaZulu-Natal provinces. All repeated measurements were done over the same 
area within the stand.

Area Mean annual rainfall (mm) Mean annual temperature (◦C) Altitude (m) Coordinates No. of UAV flights Compartment Planting date

Greytown 817 mm 16.7 ◦C 1106 m 29.236911◦S 
30.568441◦E

2 Gre December 2021

Ixopo 742.0 mm 17.5 ◦C 1210 m 30.093886◦S 
30.090286◦E

3 Ixo February 2021

Melmoth 817 mm 18.9 ◦C 1240 m 28.560344◦S 
31.19085◦E

1 Mel November 2020

Piet Retief 850.0 mm 16.6 ◦C 1251 m 26.866136◦S 
30.646256◦E

1 PR1 March 2020

Piet Retief 850.0 mm 16.6 ◦C 1251 m 26.866136◦S 
30.646256◦E

1 PR2 March 2020

Piet Retief 850 mm 16.6 ◦C 14,765 m 26.910099◦S 
30.582280◦E

1 PR3 March 2020
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then conducted among the assessors to ensure consistency. Furthermore, 
reference images of Gonipterus sp. n. 2 damage levels of each class were 
used as a guideline to discern the different classes Fig. 2.

The precise location of each sampled tree was recorded with a pre
cision Global Navigation Satellite Systems (GNSS) device (S10 GNSS 

Receiver, Stonex, Paderno Dugnano, Milan, Italy). In cases where the 
Real-time kinematic (RTK) network was inaccessible, we resorted to the 
nearest trig beacon within a 3-km radius of the flight area, which served 
as base station.

2.3. UAV flights

The UAV flights were conducted using a DJI M300 UAV (DJI, 
Shenzhen, Guangdong, China), equipped with a 10-band MicaSense 
RedEdge Dual MX Camera (AgEagle, Wichita, KS, USA) was available 
(Table 2). In each stand, four permanent ground control points (GCPs) 
were placed at the corners of the stand and their location and altitude 
were measured with the RTK-GNSS. The DJI Pilot 2 app was used for 
waypoint flight planning and execution. Flights were conducted at al
titudes of 30–80 m (Table 2), with those before May 2022 flown at 80 m 
and later flights adjusted to 30 m. A horizontal and vertical overlap was 
set at 80 % Maes (2025), with the flight speed set to 5 m/s was main
tained. Before each flight, a single grey calibrated reflectance panel was 
captured by holding the drone about 1 m above the panel, avoiding 

Table 2 
UAV flight information.

Area and 
stand

Time and date of 
flight

Flight altitude 
(m)

Ground sampling 
distance (cm)

Gre_Feb22 01/02/22 11 h30 80 5.5
Gre_May22 04/05/22 12 h30 80 5.5
Ixo_Feb22 09/02/22 11 h00 80 5.5
Ixo_Apr22 14/04/22 11 h00 80 5.5
Ixo_May22 05/05/22 12 h00 80 5.5
Mel_Jan23 31/01/23 12 h20 30 2.0
PR1_Mar23 01/03/23 11:45 30 2.0
PR2_Mar23 02/03/23 12 h15 30 2.0
PR3_Mar23 02/03/23 13 h00 30 2.0

Fig. 2. Gonipterus sp. n. 2 defoliation severity classes. (a) No damage, (b) Low 1–25 % damage, (c) Medium 26–70 %, (d) High >70 %.

Fig. 3. Distribution of sampled damage severity classes across compartments.
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shadows on the reference panel or on the downwelling light sensor 
(Daniels et al., 2023). The flight operations were executed in sunny 
conditions (Table 2).

2.4. Image processing

Orthomosaic creation was carried out using Agisoft Metashape Pro
fessional (version 1.4.3, 64-bit, Agisoft LLC, St. Petersburg, Russia) 
without prior pre-processing of the imagery. Agisoft Metashape was also 
used to convert digital numbers (DN) to reflectance, based on the pre- 
flight grey panel calibration. The downwelling light sensor data was 
not used given that flights took place in clear sky conditions, where its 
inclusion in data processing can deteriorate reflectance estimates 
(Daniels et al., 2023). Ground control points (GCPs) were used for 
georeferencing, and a digital elevation model (DEM) and digital terrain 
model (DTM) were generated. The DTM was created by using the classify 
ground points function in Metashape, with default parameter settings, to 
identify the ground points based on height. The orthomosaic, DEM and 
DTM were generated and exported from Agisoft Metashape as TIF files 
for further processing. The exported orthomosaic, which represents 
radiometrically calibrated data, was normalized to a 0–1 range in QGIS 
3.30 using the raster calculator to ensure consistency in pixel value 
across datasets. To harmonize spatial resolution for cross-dataset com
parison Borra-Serrano et al. (2015), the 2.0 cm data from the 30 m 
flights were down sampled to 5.5 cm using the nearest neighbour 
method in QGIS 3.30.

Histogram matching was conducted for all UAV flights to ensure 
consistency across different datasets. Histogram matching uses the 
source and the reference image’s cumulative distribution function (CDF) 
and can be used to normalize data collected at different locations and 
measurement conditions (Lauwers et al., 2024). The Gre_Feb22 dataset 
used as reference. For each pixel reflectance value in the source image, 
the algorithm finds the corresponding pixel reflectance value in the 
reference image with a similar CDF (Helmer and Ruefenacht, 2005). 
This mapping of pixel intensities transforms the source image histogram 
to match the reference image histogram.

2.5. Tree crown classification

The vegetation height was calculated as the difference between DEM 
and DTM and used to delineate the tree canopy by selecting all pixels 
with a vegetation height > 0.5 m. The first delineation did not achieve 
the desired level of accuracy to isolate pure crown pixels. In a second 
step, we therefore performed a further refinement to remove soil or 
mixed pixels from the initially selected pixels by employing a supervised 
RF segmentation algorithm (python scikit-learn package using libraries 
scikit-image, RF classifier, numpy and matplotlib) (Mahapatra, 2014). 
This was performed for each dataset (orthomosaic) separately. The RF 
model was trained on two classes (tree canopy and background). A vi
sual inspection was conducted for each stand to ensure satisfactory re
sults, confirming that no grass or soil canopy was present in the 
segmentation. No accuracy assessment was performed.

2.5.1. Vegetation indices retrieval
Twenty-nine vegetation indices were computed in Python 3.7 to be 

included in the model (Table A1) (Python Software Foundation, 1991). 
These indices have proven to be effective in characterizing the extent of 
vegetation defoliation (leaf biomass) and chlorophyll content (Estrada 
et al., 2023).

2.5.2. Texture feature extraction
We extracted canopy structural properties with the Grey Level Co- 

occurrence Matrix (GLCM) calculated in Python using the grey
comatrix and greycoprops methods in scikit-image. We employed 
second-order texture measures to detect finer-scale variability while 
considering spatial relationships among neighbouring pixels. Previous 

studies have demonstrated that a 3 × 3 sliding window is sensitive to 
fine scale variation in pixel brightness compared to larger window sizes 
(Kelsey and Neff, 2014), so we used this window size. The mean texture 
values were extracted using the zonal statistics tool in python which 
coincided with the field samples. The GLCM incorporates a range of 
filters, including contrast, variance, dissimilarity, mean, homogeneity, 
correlation, entropy, and second moment, which were computed for 
each spectral band (Table A2). This resulted in a total of 80 GCLM output 
variables, see Table A2 for an overview.

2.5.3. Feature retrieval
The sampled trees were identified using the precision Global Navi

gation Satellite System (GNSS) information. A circular polygon with a 
0.5 m diameter from the central stem position was measured using GNSS 
and generated for further analysis. Zonal statistics extracted the mean 
spectral reflectance value of all vegetation indices and texture features 
for each tree.

2.5.4. Statistical analysis
A Type III Analysis of Variance (ANOVA) with damage class (n = 4 

levels) as the main factor, and dataset as nested variable was used to 
evaluate the performance of the vegetation indices. A Tukey honest 
significant difference was used as post-hoc test. Prior to the ANOVA, 
Levene’s test was used to assess homoscedasticity. When violations were 
detected, various transformations were tested (log, square root, recip
rocal, box cox and power transformation), and the best performing 
applied. In case this was not successful, Kruskal Wallis KW (with damage 
class as single factor) was used instead, followed by Dunn’s post-hoc 
test.

2.5.5. Machine learning models and recursive feature elimination
A machine learning model was developed for assessing the Gonipterus 

sp. n. 2 damage levels. We included three common machine learning 
models, namely Support Vector Machine (SVM), Random Forest (RF) 
and Extreme Gradient Boosting (XGBoost). Several input models were 
tested: 1) using spectral reflectance bands; 2) using only vegetation 
indices (n = 25 and n = 29) for the five and 10 band version; 3) using 
texture data; 4) merging spectral indices and bands; 5) using a combi
nation of spectral bands, vegetation indices and texture data. To select 
the best model, all the datasets from all fields were merged.

The machine learning models were implemented in Python using 
Scikit-learn with hyperparameter tuning conducted for all three ma
chine learning models using Bayesian Optimization. For XGBoost, the 
search space included learning rate (0.01–0.3, log-uniform), maximum 
tree depth (3− 10), number of estimators (100− 1000), subsample ratio 
(0.5–1.0), column sampling by tree (0.5–1.0), and gamma (0–5). The RF 
parameters included the number of estimators (100–1000), max_depth 
(3− 30), max_features (0.1–1.0), min_samples_split (2− 20), min_sam
ples_leaf (1− 20), and bootstrap (True/False). For SVM, the grid explored 
regularization parameter C (log-uniform: 1e-4 to 1e4), tolerance tol (log- 
uniform: 1e-4 to 1e-2), and max_iter (100,000 or 500,000), with class 
weight fixed to ‘balanced’ to handle class imbalance.

To ensure robust testing and evaluation, the model dataset was 
divided into a training set (70 %) and a test set (30 %) in the balanced 
dataset, where each stand was similarly represented with five model 
iterations. In the field, reference data collected on the damage levels 
were not balanced per stand, since not every damage class level was 
present in every stand at the time of monitoring. This inevitably resulted 
in an imbalanced dataset (Table 4), which could potentially lead to 
inherent biases in model performance (Chabalala et al., 2023; Devi et al., 
2019; Quan et al., 2021). To overcome this, random under sampling was 
performed using the Imbalanced-Learn Python package, thus reducing 
the observations in the oversampled classes to match the samples of the 
class with the fewest samples, resulting in a balanced dataset. The 
synthetic minority oversampling technique (SMOTE) was tested and 
showed similar results as random under-sampling method.
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The importance of multicollinearity and overfitting was addressed by 
implementing recursive feature elimination, using a 5-fold stratified 
cross-validation to select the most important features. Gini importance 
was calculated to evaluate feature importance in RF and XGBoost 
models. For the SVM model, a variance threshold was applied to remove 
low-variance features before training, and feature selection was per
formed using LinearSVC coefficients. An overview of the amount of 
training and test data for each model is given in (Table 4).

In addition, the performance of the different model scenarios was 
also compared for the same input models, but then using only the spectra 
as would be available for the standard 5-band camera (see Table 3); 
here, 25 instead of 29 vegetation indices were included for the vegeta
tion index-only and combined models.

Once the overall best performing method was established, the 
following models were additionally constructed using this method: 

- ‘Upscaling’ scenario: Model trained and tested per site, using a 
random 70/30 split

- Leave-one-stand-out: Model was trained on all but one stand and 
tested on the remaining stand to determine its robustness on unseen 
data.

3. Results

3.1. Distribution of damage classes across compartments and average 
spectral reflectance

Increasing levels of Gonipterus sp. n. 2 damage resulted in lower 
levels of reflectance in both the visual and the NIR spectrum Fig. 4. This 
pattern was observed consistently across all stands (with the exceptions 
of PR1_Mar23 & PRI_Mar23, Fig. 4g & i), although the absolute values of 
the reflectance differed. The spectral reflectance pattern had minor 
changes after histogram matching but had a similar trend to the patterns 
obtained without matching (Fig. A2).

3.2. Spectral vegetation indices across sites

Of the 29 vegetation indices, 21 were analysed with Kruskal-Wallis, 
as they did not meet the Levene hypothesis of equal variances after the 
data transformation (Table A3). The overall results showed significant 
effects for damage, site and their interaction (Damage x Site) especially 
for NDRE740, NDVI, NGRE and SIPI (Table A3). Overall, a similar trend 
in estimated marginal means emerged, but the absolute values of 
vegetation indices varied across stands, even after histogram matching 
(Fig. 5).

3.3. Modelling Gonipterus sp. n. 2 damage levels

3.3.1. Model comparison and overall performance
We used the merged dataset of all sites, with a random split, to 

evaluate the performance of the different models. Overall, XGBoost 
performed best, slightly better than RF, and significantly better than 
SVM. We therefore focus the data in this section on XGBoost output; the 
results for RF and SVM were very similar and are given in (Table A6,8). 
Models using histogram matching performed clearly better than un
corrected datasets (Table A6 and Table A8); therefore, we also only 
include data from histogram matched data. Overall, the model using VIs, 
spectra and texture data as input clearly performed best, both when 10- 
band data were used as input (Table 5). The added value of including 
texture data is limited, but not negligible. The confusion matrices of the 
combined input for both the 10-and reduced 5-band datasets showed a 
slight difference (Fig. 6). With the 10-band sensor, “Low” damage levels 
were not always distinguished correctly. This trend persisted in the 
reduced 5-band sensor, but misclassifications was more common.

3.3.2. Feature importance
Fig. 7 shows the feature weights for 5 runs of the XGBoost, RF and 

SVM models (all using Histogram matching) for the model having 
VIs+Spectra as input - the VIs+Spectra+Texture model has 119 vari
ables in the 10-band version, which makes it more difficult to keep the 
overview. XGBoost and RF show good consistency both between 
different model runs, as between both models, particularly in the 10- 
band model feature selection. In the 10-band model, wavelengths at 
ρ444, ρ560 and ρ650 had the highest weight, together with PRI, SIPI and, 
for XGBoost only, CI. In the five-band data, reflectance in the red 
spectrum (ρ668) is important, next to ARI, CLGREEN and, for XGBoost 
only, CI. The feature weights for SVM vary significantly across the five 
iterations in the 10-band model but are more stable in the reduced 5- 
band model. This pattern differs from the trends observed in XGBoost 
and RF. SVM consistently prioritizes vegetation indices in its feature 
selection.

3.3.3. Performance on individual sites
This overall model scenario could generalise well across stands, with 

overall model accuracies ranging from 76 % to 99 % between stands 
(Table 6). Models trained and tested on single stands (XGBoost, VIs+
Spectra+Texture as input, random 70/30 train/test split) had still 
slightly higher accuracies, ranging between 82 % to 100 % (Table 6). 
Fig. 8 shows the predicted damage levels at stand level for the Ixo_Feb22 
stand for all three modelling scenarios and its spatial distribution.

The leave-one-stand-out validation approach performed poorly 
across all stands, with overall accuracies ranging from 0 % to 68 % 
(Table 6).

4. Discussion

4.1. Effect of Gonipterus sp. n. 2 damage on leaf spectral reflectance and 
vegetation indices

This study aimed to assess and model Eucalyptus dunnii canopy 
damage caused by Gonipterus sp. n. 2 across multiple stands in South 
Africa through UAV-based multispectral imaging. Where previous 
studies collected data at plot level and worked with single-date satellite 
data, we assessed the ground truth at individual tree level and collected 
data from different sites and at different stages in the growing season. 
Despite this diversity in sampling, the study showed consistent patterns 
of spectral reflectance affected by damage, with decreases in reflectance 
across the entire spectrum with increasing levels of damage.

The decrease in NIR was largely expected and aligns with a decrease 
in leaf area index and chlorophyll content (Daughtry et al., 2000; 
Haboudane et al., 2002; Kimura et al., 2004). However, the reduction in 
the visible bands was unexpected, as we anticipated a decrease in 
chlorophyll content for damaged trees, which would normally result in 
an increase in (particularly) the red and green spectrum. In our opinion, 
the decrease in the visual spectrum is due to the fact that Gonipterus sp. 
n. 2 larvae prefer to feed on new leaf shoots, which tend to be brighter, 

Table 3 
MicaSense ten band multispectral band properties used in this 
study. Bold items represent classical five band multispectral 
camera.

Band Bandwidth

Coastal blue 444 nm 28 nm
Blue 475 nm 32 nm
Green 531 nm 14 nm
Green 560 nm 27 nm
Red 650 nm 16 nm
Red 668 nm 14 nm
Red-edge 705 nm 10 nm
Red-edge 717 nm 12 nm
Red-edge 740 nm 18 nm
Near infra-red 842 nm 57 nm
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thereby exposing branches of older leaves. These older leaves typically 
have higher pigment concentration (Kume, 2017) and reflect less light in 
the visual spectrum. However, this hypothesis requires confirmation 
through future research, in field or greenhouse trials.

In the ANOVA, consistent differences were found in NDRE740, 
NGRE, and SIPI, showing significant effects for Damage, site and their 
interaction. The post hoc test confirmed clear separation among damage 
levels, while CI, ARI, OSAVI and MTCI showed no significant differ
ences. Month was not included as a covariate in the model, as data 
collection was conducted on an ad hoc basis following reported damage 
events, and the limited number of temporal replicates precluded a 
reliable assessment of time-related effects. Vegetation indices such as 
SIPI, ARI, PRI and CI were selected as important features in the model 
development for either five- or 10-band multispectral cameras in the 
XGboost classifier. CI is a vital vegetation index in determining chloro
phyll content, while ARI is closely related to leaf anthocyanin, known to 
accumulate in response to stress for photoprotection (Mielke et al., 
2012; Stone et al., 2001). This aligns with Lottering et al. (2019) who 
detected the effects of Gonipterus sp. n. 2 on chlorophyll content and 
selected ARI as important feature using high resolution satellite data. 
PRI was also singled out as an important variable, and can here be linked 
to the ratio of carotenes over chlorophyll ratio (Lin et al., 2023; Liu et al., 
2020; Moley et al., 2022). Nevertheless, despite consistent trends of 
damage levels on VIs, absolute VI levels were different across different 
status, with far-reaching consequences on the Machine Learning models 
(See further, S 4.2).

4.2. Machine learning model performance

We tested different ways for data pre-processing and different inputs 
for the models. Histogram matching, which was used to correct for 
seasonality and site-specificity in other studies (Lauwers et al., 2024), 
was partially successful in normalising the reflectance values across 
multiple flight campaigns, with a clear improvement of the models that 
used histogram matching (Tables 5, A6). However, histogram matching 
was clearly not able to correct for all site differences (Fig. 4) and was not 
sufficient for creating a robust model performing well on untrained data 
(Fig. 6). The Pseudo-invariant feature radiometric correction method is 
a potential alternative to histogram matching and could produce better 
results than histogram matching (Xu et al., 2021).

While models using only GLCM texture data consistently yielded the 
lowest accuracies, adding texture to models with spectra and vegetation 
indices improved the prediction of Gonipterus sp. n. 2 damage. This 
complementary role aligns with Lottering et al. (2019), who demon
strated added value using WorldView-2 imagery, though the significant 
GSD difference (1.8 vs 0.02 m) underscores the critical impact of reso
lution on texture variables. Still, if only texture was used, the model 
performance was relatively weak, and the contribution of texture fea
tures to the overall model relatively limited. We used a 3 × 3 GLCM 
window and had a GSD (spatial resolution) of 5.5 cm raising questions 
about the role of these specific parameters. Notably, while reducing the 
ground sampling distance is often assumed to enhance texture-based 
classification, our results showed that individual site models using 
higher-resolution data did not perform better than those based on 5.5 cm 
resolution (not shown). Hence, increasing spatial resolution alone did 
not improve texture-based detection. We initially also tested multiple 
window options (3 × 3, 5 × 5, and 7 × 7), and the 3 × 3 window yielded 
the best performance, likely reflecting the fine-scale, localized nature of 
early damage. We therefore focused on the 3 × 3 window in this work. 
Future work could explore other texture descriptors or multi-scale ap
proaches to better capture texture metrics’ sensitivity to subtle canopy 
changes.

Our results highlight XGBoost as the top-performing model in terms 
of both classification accuracy and feature selection. This finding is 
consistent with previous research (Huang et al., 2022; Kasinathan and 
Uyyala, 2021; Xu et al., 2021). Hennessy et al. (2020) cautioned that 
feature selection can be inconsistent both within several repetitions of 
the same method and across methods, and the selected features should 
therefore be interpreted with care. However, in our study, XGBoost 
showed good consistency across the different runs. Moreover, RF also 
showed similar consistency, with a very high overlap in features be
tween XGBoost and RF, suggesting the stability and robustness of the 
selected features. SVM, on the other hand, performed clearly worse, and 
was less consistent in the selected features across different runs.

Trees with medium and high damage levels were reliably distin
guished from each other and from the other damage classes, but the 10- 
band model struggled a bit to classify the Low damage correctly. How
ever, it must be noted that even in the fieldwork for the damage class 
acquisition, there was least consistency across the different assessors for 
the Low damage class, so some error in the ground truth data might be 
present. From an application perspective, getting accurate classification 
of the Low damage class is probably also least relevant, since low 
damage levels generally do not lead to measurable growth impacts.

The models based on the 10-band multispectral camera performed 

Table 4 
Model training and test samples used to develop the machine learning models based on a balanced dataset merging all variables.

Models developed Training Test No of variables Original unbalanced damage levels

No damage Low Medium High

10-band model 518 222 119 284 233 185 185
Reduced 5-band model 518 222 70 284 233 185 185

Table 5 
Overall accuracies for each model for the 5- and 10-band independent test 
datasets based on 10-band data (Micasense-MX RedEdge Dual), 5-band data 
(same MicaSense-MX RedEdge Dual datasets, only the 5 channels of the ‘red’ 
band were selected) after histogram matching using XGBoost classifier.

Models 10-band 5-band

Spectra 84 % 80 %
VIs 82 % 81 %
Texture 76 % 76 %
VIs+Spectra 83 % 80 %
VIs+Spectra+Texture 92 % 88 %

Footnote: The Reduced 5-band used the 5 spectral bands from the Red edge MX 
10.

Table 6 
Overall site performance of XGboost classifier on trained model per site, overall 
model and leave e site out model accuracies.

Site Trained per site Overall model Leave one site out

Gre_Feb22 92 % 95 % 40 %
Gre_May22 99 % 76 % 39 %
Ixo_Feb22 82 % 85 % 35 %
Ixo_Apr22 99 % 93 % 48 %
Ixo_May22 98 % 97 % 68 %
Mel_Jan23 98 % 86 % 43 %
PR1_Mar23 99 % 97 % 7 %
PR2_Mar23 100 % 99 % 9 %
PR3_Mar23 94 % 94 % 0%
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better than those with the five-band spectra, although the difference was 
relatively small (92 vs 88 %). Note that the 10-band model manages to 
distinguish the Medium damage better than the 5-band model, which 
can be quite relevant for the applications. Overall, the 10-band multi
spectral camera is clearly to be preferred, but in case financial re
strictions impede its use, measurements with the 5-band camera can still 
give reliable estimates.

4.3. Performance at stand level

We found excellent performance for models trained on individual 
sites, with accuracies between 82 and 100 % (Table 6), illustrating that 
the method is highly suited for upscaling studies, as illustrated in Fig. 8. 
Numerous other UAV studies focusing on pest and disease detection 
have used single date imagery or time series of one single location or 
very few sites (Lottering et al., 2019; Nguyen et al., 2023; Pan et al., 
2023; Wu et al., 2023). In fact, the work done on Gonipterus sp. n. 2 
detection (Lottering et al., 2020, 2019; Lottering and Mutanga, 2016) all 
used single site datasets, with models trained and tested on one single 
satellite image.

The overall model approach tested on each site also performs well in 
the individual stands (Table 6), demonstrating strong generalization and 
effectiveness in consistently detecting Gonipterus sp. n. 2 damage at each 
stand. However, the leave-one stand-out validation method did not give 
satisfying results, even after data normalization through histogram 
matching. The poor performance can have several causes. The imbal
ance in the dataset probably played a role. Finding sites with Gonipterus 
sp. n. 2 damage was challenging due to the sporadic nature of outbreaks 
and the rapid recovery of Eucalyptus trees post-rainfall (Chambi-Legoas 
et al., 2022). Encountering all four classes of Gonipterus sp. n. 2 damage 
levels within a single compartment proved particularly challenging, 
leading to unbalanced datasets per site for model development. In 
conclusion, a larger and more balanced dataset and additional data 
collections are needed to improve generalization and support transfer 

learning.
The Leave One Site Out model clearly did not perform well. Several 

improvements were tested, but without much success. Most importantly, 
seasonality and phenology were not incorporated in the model, but 
obviously influence plant properties and canopy reflectance signifi
cantly. To address this, we attempted to normalize UAV-derived vege
tation indices using Sentinel-2 data, adjusting for regional and temporal 
patterns observed in satellite-based indices. However, this correction did 
not yield consistent performance improvements. Consequently, the 
normalization approach was excluded from our final models. Another 
option would be to incorporate phenological stage data observed at the 
site in the model (such as detailed growth stage, flowering, or leaf area 
index measurements). Collecting such information concurrently with 
UAV flights proved infeasible due to resource and logistical constraints. 
Satellite-derived LAI offered a potential proxy, but its temporal coverage 
and resolution limitations, as highlighted above, rendered it impractical 
for our specific study design. Future work should prioritize multi- 
seasonal datasets or develop robust phenological correction strategies, 
particularly where natural phenology might obscure defoliation signals.

In addition to seasonality, further improvements could include more 
strict data capture and improved processing protocols. Possible im
provements include the implementation of the empirical line method 
based on multiple grey reference panels Daniels et al. (2023) manual 
setting of the multispectral camera Bagnall et al., 2023; Swaminathan 
et al. (2024), setting the flight direction relative to the solar azimuth and 
adjusting the time of flight to have a constant solar zenith angle across 
datasets Maes (2025) and/or corrections for sun-sensor geometry 
(Bidirectional Reflectance Distribution Function, BRDF) (Heim et al., 
2024; Jafarbiglu and Pourreza, 2023). Furthermore, additional data 
collection is required to develop transfer learning algorithms to enable 
multi-site model generalization.

Fig. 4. Average spectral reflectance across multiple sites based on five and ten band cameras and the level of Gonipterus sp. n. 2 damage after histogram matching.
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4.4. Limitations of the current study

We cannot guarantee that our model is specific to Gonipterus sp. n. 2 
damage. We indeed did not have other UAV datasets of different pests 

and diseases at our disposal and could not test whether the model would 
wrongfully detect damage for those situations. No other disturbances 
were present or reported during our field campaign. However, this 
model is still relevant, given Gonipterus sp. n. 2 is one of the most 

Fig. 5. Estimated marginal means of selected vegetation indices between site and damage across all sites after histogram matching (a) Modified Chlorophyll Ab
sorption Ratio Index (MCARI), (b) Transformed Chlorophyll absorption and Soil Adjusted Vegetation Index (TCARI-OSAVI), (c) Leaf Chlorophyll Absorption Index 
(LCI), (d) Normalized Redness Intensity Index (NRI).

Fig. 6. Confusion matrices of the full datasets, using VIs + Spectra+ Texture as input, for (a) the 10-band data, (b) the 5-band data.
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Fig. 7. Selected feature importance, (a) VIs + spectral 10-band data (Micasense-MX Red Edge Dual) camera, (b) VIs + spectral reduced 5 band camera after his
togram matching based on five iterations of machine learning classifiers RF, XGBoost and SVM. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.)
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important pests, and given the expertise of local foresters. Flights can be 
targeted when there is local knowledge that Gonipterus sp. n. 2 is present 
to some extent, where the method informs about the severity and extent 
of the infestation at stand level. Further, as the feeding patterns of other 
important pest insects of Eucalyptus in South Africa, such as Leptocybe 
invasa (Hymenoptera: Eulophidae) or sap-sucking insects Wingfield 
et al. (2008) are different from those of Gonipterus sp. n. 2, we also 
expect distinct patterns in spectral reflectance. Nevertheless, we highly 
recommend obtaining remote sensing data as well as ground truth in
formation in a standardized way of different diseases and pests in 
Eucalyptus forests, and creating publicly available libraries of these 
datasets, in order to create and evaluate more specific models.

Finally, we only included young Eucalyptus stands in our datasets, in 
contrast with other Gonipterus sp. n. 2 studies focusing on adult stands 
(Lottering et al., 2019; Lottering and Mutanga, 2016; Xulu et al., 2024). 
Assessing Gonipterus sp. n. 2 damage in young stands is very relevant, 
because of the damage and dieback of younger trees Health (PLH), E.P. 
on P, et al., 2018. We did not sample in adult stands, because the visual 
assessment of damage levels was not reliable or feasible in adult stands 
since trees are too tall. Although we expect similar patterns due to 
Gonipterus sp. n. 2 damage in adult stands, further research would be 
required to test our model on adult stands.

5. Conclusions

This study investigated the development of a remote sensing method 
to estimate damage levels due to Gonipterus sp. n. 2 using UAV-based 
multispectral data. The results have shown that XGBoost can classify 
Gonipterus sp. n. 2 damage levels across multiple stands and regions, and 
that models that combine reflectance data, vegetation indices and grey 
level co-occurrence matrix perform best. The combined scenario of the 
10-band model had an overall accuracy of 92 %, the 5-band model 
performed slightly worse with 88 % accuracy after histogram matching. 
The outcomes of this study can assist foresters in identifying plantations 
with Gonipterus sp. n. 2 damage using UAVs or mapping the spatial 
variation of the Gonipterus sp. n. 2 damage within the stands.
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Appendix A 

Table A1 
Overview of the computed spectral vegetation indices.

Vegetation indices Formula Band used Reference

Normalized Difference vegetation index (NDVI) NIR =
NIR − R
NIR + R

842 nm, 668 nm Rouse et al. (1973)

Anthocyanin reflectance index (ARI)
ARI =

(
1
G

)

−

(
1

RE

)
560 nm, 717 nm (Gitelson et al., 2009)

Leaf chlorophyll index (LCI) LCI =
NIR − RE
NIR + R

842 nm, 668 nm, 717 nm (Datt, 1999)

Enhanced Vegetation Index (EVI) EVI = 2.5X
NIR − R

NIR + 6R − 7.5B + 1
842 nm, 668 nm, 475 nm (Huete et al., 2002)

Chlorophyll Red Edge Index (CIRE) CIRE =
NIR
RE

− 1 842 nm, 717 nm (Gitelson et al., 2006)

Simple Ratio (SR) SR =
R

NIR
668 nm, 842 nm (Rouse et al.,1973)

Green Normalized Difference Vegetation Index (GNDVI) GNDVI =
NIR − G
NIR + G

842 nm, 560 nm (Gitelson et al., 1996)

Chlorophyll Green Index (Clgreen) Clgreen =
NIR
G

− 1 842 nm, 568 nm (Gitelson et al., 2003)

Difference Vegetation Index (DVI) DVI = NIR − R 842 nm, 668 nm (Bannari et al., 1995)
Green optimal Soil Adjusted Vegetation 

Index (GOSAVI)
GOSAVI =

NIR − G
NIR + G + 0.16

842 nm, 560 nm (Cao et al., 2013)

Optimized Soil Adjusted Vegetation Index (OSAVI)
OSAVI =

1.16(NIR − R)
NIR + R + 0.16

842 nm, 668 nm (Rondeaux et al., 1996)

Red -Edge Vegetation Index (RERVI) RERVI =
NIR
R

842 nm, 668 nm (Jordan, 1969)

Ratio Vegetation Index (RVI) RVI =
NIR
R

842 nm, 668 nm (Mishra and Mishra, 2012)

Soil Adjusted Vegetation 
Index (SAVI)

SAVI = 1.5
NIR − R

NIR + R + 0.5
842 nm, 668 nm (Huete, 1988)

Structure Insensitive Pigment Index (SIPI) SIPI =
NIR − B
NIR + R

842 nm, 475 nm (Penuelas et al., 2013)

Modified Chlorophyll Absorption 
Reflectance Index (MCARI)

MCARI = RE − R − 0.2(RE − G)*
RE
R

717 nm, 668 nm (Haboudane et al., 2002b)

Red-edge Normalized Difference vegetation Index (NDRE) NDRE =
NIR − RE
NIR + RE

842 nm, 717 nm (Peng and Gitelson, 2012)

Normalized Pigment Chlorophyll Index (NPCI) NPCI =
R − B
R + B

668 nm, 475 nm (Merzlyak et al., 1999)

Transformed Chlorophyll Absorption in Reflectance and Soil Adjusted 
Vegetation Index (TCARI-OSAVI)

TCARI − OSAVI =

3
(

RE − R − 0.2(RE − G)
RE
R

(1 + 0.16)*
NIR − R

NIR + R + 0.16

717 nm, 668 nm, 842 
nm, 560 nm

(Haboudane et al., 2002b)

Normalized Redness Index (NRI) NRI =
R

R + G + B
668 nm, 560 nm, 475 nm (Kawashima, 1998)

Green Ratio Vegetation Index (GRVI) GRVI =
NIR
G

842 nm, 560 nm (Wu, 2014)

Plant Sense Reflectance Index (PSRI) PSRI =
R − G

RE
668 nm, 560 nm, 717 nm (Sims and Gamon, 2002)

Chlorophyll Index (CI) CI =
NIR
RE

− 1 842 nm, 717 nm (Abdollahnejad and 
Panagiotidis, 2020)

Normalized Difference Green/Red Normalized green red difference 
index 
(NGRE)

NGRE =
G − R
G + R

668 nm, 560 nm (Hunt et al., 2013)

Simple Ratio Pigment Index (SRPI) SRPI =
B
R

668 nm, 475 nm (Cheng et al., 2022)

*Photochemical reflectance index (PRI) PRI =
G − G
G + G

531 nm, 560 nm (Penuelas et al., 2013)

*MERIS Terrestrial Chlorophyll Index (MTCI) MTCI =
RE740 − RE705

RE − R
740 nm,705 nm,668 nm (Dash and Curran, 2004)

*Red edge position (REP)

REP =
RE + 40

R + RE
2

− RE

RE − RE

740 nm, 668 nm (Darvishzadeh et al., 2009)

*Normalized Red-edge index 740–700 (NDRE) NDRE =
RE − RE
RE + RE

740 nm, 700 nm (Barnes et al., 2000)

B, R, G, NIR, RE stand for the blue, red, green, near infrared and red edge spectra, respectively. *: Spectral indices calculated only with the ten band sensor.
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Table A2 
Grey level co-occurrence matrix.

Parameter Formula Description

Homogeneity (Hom) ∑n− 1
ij=0

pij

1 = (i − j)2
Measures the smoothness of image texture (Tuttle et al., 2006)

Correlation (Corr) ∑n− 1
ij=0

Pij

(
(i − μi)(i − μi)(

∂2
i
)(

∂2
i
)

)
Measures the grey level linear dependency within an image (Kayitakire et al., 2006)

Dissimilarity (Diss) ∑M− 1
ij=0

Pij |i − j| Measure of local variation (Rubner et al., 2001)

Variance (Var) σ2
i =

∑n− 1
ij=0

Pij(i − μ)2 Variability of spectral response of pixels (Materka and Strzelecki, 1998)

Entropy (Ento) ∑n− 1
ij=0
〖Pij( − 〗lnPij

) Statistical measure of uncertainty (Yuan et al., 1991)

Mean (Mean) μi =
∑n− 1

ij=0
i
(
Pij
)

μj =
∑n− 1

ij=0
i
(
Pij
)

Average grey-level in the minor neighbourhood (Materka and Strzelecki, 1998)

Dissimilarity (Diss) ∑n− 1
ij=0

Pij
Measures local variation (Rubner et al., 2001)

Second moment (Sec) ∑n− 1
ij=0

Pij2
Indicator of local homogeneity (Lottering et al., 2019).

Where P(i,j) is the normalized co-occurrence matrix where the sum of (i,j = 0, n-1)(P(i,j)) = 1.

Fig. A1. Gonipterus sp. n. 2 pest exclusion experimental trial layout and setup (a) Greytown, (b) Ixopo.
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Table A3 
Statistical analysis of vegetation indices using ANOVA.

Indices Statistical test Post hoc test * Damage Site Damage x Site No damage Low Medium High

CI ANOVA T 0.98 0.85 0.85 ​ ​ ​ ​
EVI KW D <0.001 ​ ​ b b a a
GNDVI KW D <0.001 ​ ​ a b c d
MCARI KW D <0.001 ​ ​ a ab b a
NDRE740 ANOVA T <0.001 <0.001 <0.001 c b a a
NDVI KW D <0.001 <0.001 <0.001 a b c d
Tcari_Osavi KW D <0.001 ​ ​ ​ ​ ​ ​
ARI ANOVA T 0.90 0.90 <0.55 ​ ​ ​ ​
NGRE ANOVA D <0.001 <0.001 <0.001 a b c c
Clgreen KW D <0.001 ​ ​ ​ ​ ​ ​
RVI KW D <0.001 ​ ​ d c b a
OSAVI ANOVA T 0.16 0.06 <0.001 ​ ​ ​ ​
DVI KW D <0.001 ​ ​ d c b a
CIRE KW D <0.001 ​ ​ a b a a
GOSAVI KW D 0.164 ​ ​ ​ ​ ​ ​
SAVI KW D <0.001 ​ ​ b b a a
SR KW D <0.001 ​ ​ b c a d
LCI KW D <0.001 ​ ​ b a c a
SRPI KW D <0.001 ​ ​ b b a a
NRI KW D <0.001 ​ ​ a b c c
GRVI KW D <0.001 ​ ​ ​ ​ ​ ​
PSRI KW D <0.001 ​ ​ a a a b
NPCI KW D <0.001 ​ ​ c b d a
RERVI KW D <0.001 ​ ​ b a a a
PRI KW D <0.001 ​ ​ a a b a
REP ANOVA T 0.44 0.74 <0.05 ​ ​ ​ ​
RE750–700 KW D <0.001 ​ ​ a b c c
MTCI ANOVA T 0.76 0.76 0.98 ​ ​ ​ ​
SIPI ANOVA T <0.001 <0.001 <0.001 c b d a
* T = Tukey, D = Duncan.
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Fig. A2. Average Spectral reflectance across multiple sites based on five and ten band cameras and the level of Gonipterus sp. n. 2 damage before histogram matching.
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Table A4 
Overall accuracies for each model for the five and 10-band independent test datasets based on 10-band data (Micasense-MX 
RedEdge Dual), 5-band data (same MicaSense-MX RedEdge Dual datasets, only the 5 channels of the ‘red’ band were selected) 
before histogram matching using XGBoost classifier.

Model Accuracy F1-score Precision Recall

10 Bands ​ ​ ​ ​
Spectra 79 % 0.79 0.79 0.79
VIs 77 % 0.77 0.77 0.77
Texture 65 % 0.65 0.65 0.65
VIs + Spectra 84 % 0.84 0.84 0.84
VIs + Spectra + Texture 86 % 0.86 0.86 0.86

5 Bands ​ ​ ​ ​
Spectra 75 % 0.75 0.75 0.75
VIs 76 % 0.76 0.76 0.76
Texture 61 % 0.61 0.62 0.62
VIs + Spectra 79 % 0.79 0.79 0.79
VIs + Spectra + Texture 83 % 0.83 0.83 0.83

Table A5 
Overall accuracies for each model for the five and 10-band independent test datasets based on 10-band data (Micasense-MX 
RedEdge Dual), 5-band data (same MicaSense-MX RedEdge Dual datasets, only the 5 channels of the ‘red’ band were selected) 
before histogram matching using RF Classification.

Model Accuracy F1-score Precision Recall

10 Bands ​ ​ ​ ​
Spectra 80% 0.80 0.80 0.80
VIs 79 % 0.79 0.79 0.79
Texture 67 % 0.67 0.67 0.67
VIs + Spectra 83 % 0. 83 0. 83 0. 83
VIs + Spectra + Texture 89 % 0.89 0.89 0.89

5 Bands ​ ​ ​ ​
Spectra 77 % 0.77 0.77 0.77
VIs 77 % 0.77 0.77 0.77
Texture 66 % 0.66 0.66 0.66
VIs + Spectra 79 % 0.79 0.79 0.79
VIs + Spectra + Texture 83 % 0.83 0.83 0.83

Table A6 
Overall accuracies for each model for the 10 and 5-band independent test datasets based on 10-band data (Micasense-MX RedEdge 
Dual), 5-band data (same MicaSense-MX RedEdge Dual datasets, only the 5 channels of the ‘red’ band were selected) after his
togram matching using RF Classification.

Model Accuracy F1-score Precision Recall

10 Bands ​ ​ ​ ​
Spectra 84 % 0.84 0.84 0.84
VIs 81 % 0.81 0.81 0.81
Texture 76 % 0.76 0.76 0.76
VIs + Spectra 83 % 0.83 0.83 0.83
VIs + Spectra + Texture 90 % 0.90 0.90 0.90

Reduced 5 bands ​ ​ ​ ​
Spectra 81 % 0.81 0.81 0.81
VIs 80% 0.81 0.81 0.81
Texture 75 % 0.75 0.75 0.75
VIs + Spectra 81 % 0.81 0.81 0.81
VIs + Spectra + Texture 89 % 0.89 0.89 0.89

Table A7 
Overall accuracies for each model for the five and 10-band independent test datasets based on 10-band data (Micasense-MX 
RedEdge Dual), 5-band data (same MicaSense-MX RedEdge Dual datasets, only the 5 channels of the ‘red’ band were selected) 
before histogram matching using SVM.

Model Accuracy F1-score Precision Recall

10 Bands ​ ​ ​ ​
Spectra 62 % 0.63 0.64 0.65
VIs 63 % 0.63 0.63 0.63
Texture 66 % 0.65 0.66 0.67

(continued on next page)
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Table A7 (continued )

Model Accuracy F1-score Precision Recall

Vis + Spectra 69 % 0.68 0.68 0.69
VIs + Spectra + Texture 77 % 0.77 0.77 0.77

Reduced 5 bands ​ ​ ​ ​
Spectra 66 % 0.65 0.65 0.66
VIs 60 % 0.59 0.58 0.60
Texture 64 % 0.63 0.64 0.65
Vis + Spectra 64 % 0.63 0.63 0.64
VIs + Spectra + Texture 71 % 0.71 0.71 0.71

Table A8 
Overall accuracies for each model for the five and 10-band independent test datasets based on 10-band data (Micasense-MX 
RedEdge Dual), 5-band data (same MicaSense-MX RedEdge Dual datasets, only the 5 channels of the ‘red’ band were selected) after 
histogram matching using SVM.

Model Accuracy F1-score Precision Recall

10 Bands ​ ​ ​ ​
Spectra 66 % 0.66 0.62 0.66
VIs 78 % 0.77 0.77 0.78
Texture 73 % 0.72 0.72 0.73
Vis + Spectra 79 % 0.79 0.79 0.79
VIs + Spectra + Texture 85 % 0.85 0.85 0.85
5 bands ​ ​ ​ ​
Spectra 64 % 0.57 0.56 0.64
VIs 71 % 0.69 0.70 0.71
Texture 70 % 0.69 0.70 0.70
VIs + Spectra 72 % 0.71 0.72 0.72
VIs + Spectra + Texture 78 % 0.78 0.78 0.78

Table A9 
Overall leave one site out accuracies for the full 10 band data from MicaSense-MX RedEdge Dual datasets using RF Classification.

Test dataset Site Accuracy Precision weighted Recall weighted F1 weighted

Gre_Feb22 39 % 0.26 0.39 0.26
Gre_May22 37 % 0.62 0.37 0.46
Ixo_Feb22 62 % 0.64 0.62 0.58
Ixo_Apr22 26 % 0.48 0.26 0.16
Ixo_May22 51 % 0.79 0.51 0.56
Mel_Jan23 35 % 0.53 0.35 0.21
PR1_Mar23 9 % 0.37 0.09 0.04
PR2_Mar23 27 % 0.69 0.27 0.34
PR3_Mar23 16 % 0.93 0.16 0.26

Table A10 
Overall leave one site out accuracies for the full 10 band data from MicaSense-MX RedEdge Dual datasets using SVM.

Test dataset Site Accuracy Precision weighted Recall weighted F1 weighted

Gre_Feb22 51 % 0.71 0.51 0.47
Gre_May22 34 % 0.63 0.34 0.43
Ixo_Feb22 48 % 0.73 0.48 0.48
Ixo_Apr22 31 % 0.74 0.31 0.28
Ixo_May22 61 % 0.76 0.61 0.66
Mel_Jan23 9 % 0.55 0.09 0.13
PR1_Mar23 3 % 0.55 0.03 0.02
PR2_Mar23 39 % 0.81 0.39 0.40
PR3_Mar 23 26 % 0.93 0.26 0.41

Data availability

The scripts used in this study are publicly available at https://github. 
com/Pollen1/Assessing-Gonipterus-damage-using-UAV-data/tree/ma 
in. The datasets used are subject to confidentiality agreements with 
forestry companies and research partners. However, the data can be 

made available by the corresponding author and with permission from 
the relevant stakeholders.
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