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Abstract: The prevalence of the invasive species African Lovegrass (Eragrostis curvula, ALG thereafter)
in Australian landscapes presents significant challenges for land managers, including agricultural
losses, reduced native species diversity, and heightened bushfire risks. Uncrewed aerial system
(UAS) remote sensing combined with Al algorithms offer a powerful tool for accurately mapping the
spatial distribution of invasive species and facilitating effective management strategies. However,
segmentation of vegetations within mixed grassland ecosystems presents challenges due to spatial
heterogeneity, spectral similarity, and seasonal variability. The performance of state-of-the-art arti-
ficial intelligence (AI) algorithms in detecting ALG in the Australian landscape remains unknown.
This study compared the performance of four supervised Al models for segmenting ALG using
multispectral (MS) imagery at four sites and developed segmentation models for two different sea-
sonal conditions. UAS surveys were conducted at four sites in New South Wales, Australia. Two of
the four sites were surveyed in two distinct seasons (flowering and vegetative), each comprised of
different data collection settings. A comparative analysis was also conducted between hyperspectral
(HS) and MS imagery at a single site within the flowering season. Of the five AI models developed
(XGBoost, RF, SVM, CNN, and U-Net), XGBoost and the customized CNN model achieved the
highest validation accuracy at 99%. The AI model testing used two approaches: quadrat-based ALG
proportion prediction for mixed environments and pixel-wise classification in masked regions where
ALG and other classes could be confidently differentiated. Quadrat-based ALG proportion ground
truth values were compared against the prediction for the custom CNN model, resulting in 5.77%
and 12.9% RMSE for the seasons, respectively, emphasizing the superiority of the custom CNN model
over other Al algorithms. The comparison of the U-Net demonstrated that the developed CNN
effectively captures ALG without requiring the more intricate architecture of U-Net. Masked-based
testing results also showed higher F1 scores, with 91.68% for the flowering season and 90.61% for
the vegetative season. Models trained on single-season data exhibited decreased performance when
evaluated on data from a different season with varying collection settings. Integrating data from
both seasons during training resulted in a reduction in error for out-of-season predictions, suggesting
improved generalizability through multi-season data integration. Moreover, HS and MS predictions
using the custom CNN model achieved similar test results with around 20% RMSE compared to the
ground truth proportion, highlighting the practicality of MS imagery over HS due to operational
limitations. Integrating AI with UAS for ALG segmentation shows great promise for biodiversity
conservation in Australian landscapes by facilitating more effective and sustainable management
strategies for controlling ALG spread.
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1. Introduction

African Lovegrass (ALG), also as known as Eragrostis curvula, is a perennial C4 grass
indigenous to Africa [1]. The species is found in most states and territories throughout
Australia and contributes to both economic and environmental degradation of landscapes
in these areas [2]. The initial introduction of this species to Australia was aimed at meeting
the needs of soil preservation and pastoral use for livestock [3]. However, unpalatability
and low crude protein content soon rendered the species unfavorable for livestock pro-
duction [1]. The natural tendency of ALG to form dense swards enhances its competitive
edge over other species. This often results in its dominance within grasslands and poses
significant challenges, including agricultural losses, diminished diversity among native
species, and most importantly, the escalation of bushfire risks attributed to its role as a fuel
source [4]. Grasslands that are overgrown with invasive grasses are often more susceptible
to fire. Grasslands primarily occupied by non-native grass species contain twice as much
fuel as grasslands infiltrated by indigenous grass species. It can exhibit fire intensities three
times higher than native species and show significant variability in fire duration [4]. It
is therefore advantageous to keep native grasslands free of invasive ALG to protect the
environment and to reduce the risk of fire.

Various existing methods for controlling ALG have been trialed, include grazing,
burning, and herbicide application [2]. However, for these control measures to be effective,
species locations must be must accurately identified. Precise mapping of ALG spatial
distribution and determination of its severity or density is essential for informed decision-
making and successful implementation of control strategies. Remote sensing (RS) offers
promising capabilities for delivering timely and precise data regarding invasive weed
infestations. Among the various RS methods, uncrewed aerial systems (UAS) demonstrate
significant capability for acquiring data with high spatial and temporal resolution [5].
Therefore, using imagery from UAS may be used effectively for mapping the spatial
distribution of the rapidly spreading ALG.

Mounted sensors on UAS offer diverse datasets for vegetation segmentation, mainly
sourced from Red-Green-Blue (RGB) and multispectral (MS) cameras and a limited num-
ber using hyperspectral (HS) cameras. In the context of invasive species segmentation,
improved spectral and spatial resolution significantly enhances the capabilities of artifi-
cial intelligence (AI) algorithms in RS and image analysis [6]. While Amarasingam et al.
(2024) [7] summarized a number of research studies that focused on the segmentation of
weeds using aerial imagery with classical machine learning (ML) and deep learning (DL)
techniques, Table 1 shows the performance of models with respect to the imagery type and
the spatial resolution in sparse invasive vegetation identification. MS-based ML models
tend to demonstrate higher accuracy compared to RGB models in instances of lower spatial
resolution because they offer more spectral information [7,8]. The fusion of MS and RGB
imagery also shows great promise for enhancing the accuracy detection [9], yet further
investigation is warranted to determine the value of HS and MS fusion for detecting a
broader range of species.

Despite the availability of studies investigating the use of UAS imagery to detect
invasive plants in recent years, there has been little focus on ALG, particularly in relation
to the performance of ML algorithms for ALG detection. In addition, the potential impact
of using HS imagery over MS imagery in identifying key feature bands and improving
detection models for fire-prone grass species in mixed and sparse ecosystems remains
unexplored [5]. To address these research gaps, this study used classical supervised
ML algorithms and UAS-generated MS and HS imagery to detect and map the spatial
distribution of ALG at four infested sites near Cooma, New South Wales, Australia. The
three main objectives of this study were to (1) compare the performance of supervised
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Al models for ALG segmentation from MS imagery, including extreme gradient boosting
(XGBoost), random forests (RF), support vector machine (SVM), a customized convolutional
neural network (CNN), and a state-of-the-art deep learning algorithm, U-Net [7], which has
demonstrated the best results among recent invasive species detection studies, as shown
in Table 1; (2) develop ALG segmentation models for two different seasonal conditions in
different data collection settings; and (3) conduct a comparative analysis between HS and
MS imagery in the segmentation of ALG, aiming to elucidate the strengths and limitations
of each imaging modality for vegetation classification within grassland ecosystems.

Table 1. Recent studies on weed and invasive plant detection using UAS-generated imagery and

Al algorithms.
. . Spatial Resolution
Invasive Species Imagery Type ML Models Performance (cm/Pixel) Reference
Bitou bush RGB MLPR OA: 82% 3 [10]
Bitou bush RGB ANN OA: 88-97% 1-2 [8]
Weeds in rice field RGB Magenet OA:77.5% 0.3 [11]
Bitou bush MS U-net OA: 98% 2.2 [7]
Milk thistle weed MS SVM OA: 96% 50 [12]
Amaranth, Pigweed, om0
and Mallow weed MS NN and OBIA OA: 92% 0.543 [6]
Weeds lf’i‘efgfar beet MS DeepMultiFuse ~ F1 score: 85.6-99% 1 [13]
. . YOLOV3, and 000

Weeds in lettuce field MS R_CNN OA: 89% 0.22 [14]
Weeds lfri‘efgfar beet MS SegNet OA: 57.6-86.3% 0.85-1.181 [15]
blackgrass weed MS RF OA: 93% 1.16 [16]
barnyard grass and MS and RGB DCNN OA: 81.1-92.4% 041 [9]

velvetleaf fusion
Johnsongrass HS SAM and SMA OA: 60-80% 2000 [17]
Common milkweed HS SVM and ANN 0OA: 92.95-99.61% 40 [18]
Bitou bush HS SVM and XGB OA: 86% 35 [7]

ML: machine learning, MS: multispectral, HS: hyperspectral, RGB: Red-Green-Blue, ANN: artificial neural
network, SVM: support vector machine, RF: random forest, XGB: eXtreme Gradient Boosting, NN: neural network,
OA: overall accuracy.

2. Materials and Methods
2.1. Experimental Design

The experimental design, depicted in Figure 1, comprises five integral components:
data acquisition, preprocessing, pixel-wise labeling, MS-based prediction, and MS and HS
comparison. Aerial surveys via UAS were conducted across four sites using MS and HS
sensors, accompanied by ground truth collection within the regions of interest within these
sites. MS-based ALG prediction was conducted separately for two seasonal conditions
using five Al algorithms. For each season, a different Al model was developed to estimate
the spatial distribution and the predicted ALG proportion was evaluated against the
ground truth assessment. A comprehensive evaluation of HS and MS imagery for ALG
identification using the benchmarked algorithm was then conducted at a single site where
both HS and MS data were available. This facilitated a comparison of both imagery across
various dimensions, including accuracy, cost-effectiveness, and operational constraints.
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Figure 1. Overview of the study methodology, illustrating the key steps in data acquisition, data

preprocessing, pixel-wise labeling, multispectral-based prediction, and multispectral and hyperspec-

tral comparison.

2.2. Study Site

Two sites from each of two locations at Cooma, New South Wales, Australia (Figure 2),
were selected for each survey (entitled “Bunyan” and “Cooma” sites). Specifically, Site 1
and Site 2 represent Bunyan sites, while Site 3 and Site 4 correspond to Cooma sites. These
locations feature mixed grassland ecosystems with coverage extending over an area of
interest measuring 8.8 hectares. The Bunyan sites were comprised of ALG and a range of
other species, including Vulpia ssp. (Rats Tail Fescue), Hordeum glaucum (Barley grass) and
Rumex acetosa (Sorrel). The botanical composition of the grassland at the Cooma sites also
included ALG, in addition to Stipa ssp., Poa annua, Bothriochloa macra (Redgrass), and Avena
fatua (Wild Oats). At Site 1 and Site 4, separate areas of both ALG and non-ALG vegetation
were observed, often in distinct patches. Site 3 displayed fewer areas dominated solely
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by ALG, with sparse occurrences. At Site 2, ALG was observed to be widely distributed,
dominating the landscape.

Cowy \
/N

D Goulburn

Canberra
Queanbeyan Ulladull

Batemans Bay

Figure 2. Map of the study sites. Site 1 and Site 2 correspond to Bunyan sites, while Site 3 and Site 4
correspond to Cooma sites, located in in New South Wales, Australia.

Sites were chosen to capture contrasting seasonal states at the time of data acquisition
and were representative of infested paddocks seen in the region in relation to botanical
composition and management. The Bunyan site data represents the flowering season. Dur-
ing this period, the target plants exhibit fully developed floral structures, often appearing
as purplish or brownish hues in the imagery. Conversely, the Cooma site data, collected in
December 2023, depicts the vegetative season. This season is characterized by the absence
of flowering structures and the dominance of green foliage.

2.3. Data Acquisition
2.3.1. UAS Survey

UAS missions employed a MicaSense Altum and MicaSense RedEdge MS sensors
mounted on a DJI Matrice 300 to capture MS imagery in the Bunyan and Cooma sites,
respectively, and a Specim AFX VNIR sensor mounted on a DJI M600 for HS imagery
collection at Site 2 only. Both MS sensors yield data across five bands, spanning the
wavelengths of red, green, blue, red edge, and near-infrared (NIR). Conversely, the Specim
AFX VNIR provides HS data, covering a continuous electromagnetic spectrum ranging
from 400 to 1000 nm and comprising 448 distinct bands.

Data was acquired at the Bunyan and Cooma Sites during December 2022 and 2023,
respectively. The MS sensing flights at the Bunyan sites were conducted at an altitude of
50 m above ground level, resulting in a ground sample distance (GSD) of 2.2 cm/pixel. At
the Cooma sites, the UAS mission was flown at an altitude of 40 m above ground level,
producing a GSD of 1.7 cm/pixel. HS sensing at Site 2 was performed at an altitude of
50 m, yielding a GSD of 3.5 cm/pixel. Table 2 presents the details of the collected data and
the weather conditions recorded during each data collection period.
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Table 2. Sensor, flight details, and weather conditions recorded during the UAS missions at Bunyan

and Cooma sites.

Sites

Bunyan: Site 1 and Site 2

Cooma: Site 3 and Site 4

Seasonal Condition

Date and Time

Data Source
Flight altitude (m)
Resolution (cm/pixel)

Temperature (°C)

Average Wind Speed (m-s~1)
Total Precipitation (mm)

Cloud Cover (%)

Flowering: Cool, Wet, High Wind

Site 1: 13 December 2022, 1:00 p.m.-1:19 p.m.
Site 2: 14 December 2022, 9:42 a.m.-12:57 p.m.

Vegetative: Warm, Sunny, High Wind
Site 3: 5 December 2023, 3:42 p.m.-3:45 p.m.
Site 4: 5 December 2023, 3.51 p.m.—4.00 p.m.

MS: MicaSense Altum

HS: Specim AFX VNIR MS: MicaSense RedEdge

50 40
MS: 2.2
HS: 3.5 MS: 1.7
6-12 28
12 8
3 0
75 10

MS: multispectral, HS: hyperspectral.

2.3.2. Ground Truth

Square quadrats (1 m x 1 m) were randomly positioned around each study site to
identify sample areas for ground truth assessment. The quadrats (sampled area) were
constructed by placing PVC frames and distinctive striped tape to form squares measuring
1 m in length. A total of 10 quadrats were used for recording ground truth assessments at
sites 1 and 2, while 19 and 20 quadrats were used for sites 3 and 4, respectively, to capture
the wider variety of species. The quadrats were inspected by weed experts on site prior
to the UAS surveys. Ground truth assessments consisted of recording species presence,
average plant height, and percentage cover of ALG and other species. The proportion of
area covered by ALG within each quadrat serves as the ground truth for model evaluation.
This value is estimated by experts who analyze the top view of the quadrats. Their analysis
considers the area occupied by ALG alongside other plant species and non-vegetation
zones. Figure 3 illustrates the species diversity among the quadrats from all four sites.
Close-up photos of each identified species within the quadrats were captured to facilitate
later labeling of imagery.

2.4. Data Pre-Processing
2.4.1. Orthomosaic Generation

The orthomosaic generation process utilized a general methodology presented in other
studies [7]. Both MS and HS images taken from UAS with geotags underwent preprocess-
ing to generate a georeferenced reflectance orthomosaic. MS images were converted to
reflectance using in-field calibration panels. Point clouds, digital elevation models (DEMs),
and reflectance images were created using Agisoft Metashape 1.6.6 (Agisoft LLC, Petersburg,
Russia). HS data followed a separate workflow. Radiometric calibration converted the raw
digital numbers into radiance values using SPECIM Caligeo Pro. This calibration relied on
on-board calibration files obtained during image capture. Following this, the radiance data
was transformed into reflectance using DROACOR physical atmospheric correction. The
MS orthomosaic of Site 1 covered a 58,915 m? area with approximately 121,734,836 pixels,
Site 2 covered 19,863 m? with approximately 41,036,647 pixels, Site 3 covered 4296 m? with
14,865,678 pixels, and Site 4 covered 9570 m? with approximately 33,116,387 pixels. The HS
orthomosaic of Site 2 covered a 7139 m? area with 5,829,387 pixels.
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Figure 3. Illustration of quadrat species diversity at Bunyan and Cooma sites.

2.4.2. Georeferencing

Georeferencing ensures that both MS and HS geospatial data are accurately positioned
on the Earth’s surface, enabling consistent labeling and extraction of information for
training Al algorithms. The methodology involves manual georeferencing of the HS
orthomosaic from each site by aligning it with their corresponding MS orthomosaic using
QGIS 3.2.8 Firenze software. All data was captured using the world geodetic system
(WGS-84) datum at all sites. Ground Control Points (GCP) were marked on both MS and
HS by using the corners of quadrats placed randomly throughout the sites. The cubic
spline interpolation method was employed to align and transform spatial data, providing a
smoother and more flexible fit to the GCPs. This method better accommodates irregularities
in the data [19], especially as it comes from various flights and sensors.
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2.5. Pixel-Wise Labeling

Pixel-wise labeling was carried out across three classes, ALG, non-ALG, and non-
vegetation, using both manual and semi-automated approaches [7]. Weed experts col-
laborated on manual labeling, focusing on the MS orthomosaic maps due to their higher
GSD compared to HS maps. Due to the challenge of visually separating ALG from the
background using 2.2 cm GSD MS imagery alone, quadrat-based ground truths, along
with close-up images taken during the survey, were used for labeling the MS imagery. The
close-up images, with a resolution of 0.3 mm, were inspected by labelers. Both the top
and side view images helped identify the locations of ALG, non-ALG, and non-vegetation
classes in each quadrat. Regions containing ALG, other species, and non-vegetated areas
were marked by geo vector polygons over the MS orthomosaic in a Geographic Information
Systems (GIS) environment (QGIS 3.28 Firenze) (Figure 4). The raster pixels of the georef-
erenced MS orthomosaic imagery within the extracted polygons were used to obtain the
spectral band values for each class. Manual labeling is a challenging task, even for experts,
due to the high visual similarity with other grass species. Therefore, only areas where there
was confidence in identifying ALG, non-ALG, and non-vegetation were labeled. In addition
to manual labeling, a semi-automatic labeling approach was implemented, applying a
normalized difference vegetation index (NDVI)-based threshold on quadrats where only
ALG or non-ALG was present to exclude bare land and prevent mislabeling. Regions where
the NDVI value exceeded 0.35 were considered vegetation (ALG or non-ALG). If no ALG
was recorded within the quadrat, all filtered pixels were assigned to the non-ALG class.

Label polygons

| ALG
[] Non -ALG
[] Non - Vegetation

Close-up images

aE

y

Site and Quadrat ID | Site 1 and Quadrat2 | Site 1 and Quadrat 7 | Site 1 and Quadrat8 | Site 4 and Quadrat 10 | Site 4 and Quadrat 16 | Site 4 and Quadrat 18

Figure 4. Labeled polygons of three randomly selected quadrats from Sites 1 and 4, along with their
corresponding close-up images.

2.6. Model Training for Multispectral-Based African Lovegrass Segmentation

Labeled images exhibited limited pattern-texture variation for ALG and other grass
species at the resolution of MS imagery. Grass species often appear intertwined, posing
challenges for pattern-based texture analysis. MS imagery captures the reflectance of
different wavelengths of light, providing valuable insights into vegetation composition
and proportion, even in cases where texture is not clearly defined. Given the limitations of
pattern texture analysis in this context, prioritizing spectral information is crucial. Thus,
this study utilized spectral indices including NDVI [20], normalized difference water
index (NDWI) [21], normalized difference red edge index (NDRE) [22], green chlorophyll
index (GCI) [23], and green leaf index (GLI) [24]. Additionally, each of the five bands was
individually divided by the sum of all bands, resulting in five additional spectral indices,
namely ALGB, ALGG, ALGR, ALGRE, and ALGNIR. Altogether, 10 spectral indices listed
in Table 3 were used to develop models. Figure 5 shows the spectral signature differences
for these spectral indices.
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Table 3. Spectral Indices used for model development.

Channels Spectral Indices Equation
SI1 NDVI N
SI2 NDWI eI
SI3 GCI MR _1
SI4 GLI T Ah
SI5 NDRE NRRE
Si6 ALGB RCTEERETNIR
SI7 ALGG TR
SI8 ALGR s
S19 ALGRE e
SI10 ALGNIR TR

NDVI: normalized difference vegetation index, NDWI: normalized difference water index, NDRE: normalized
difference red edge index, GCI: green chlorophyll index, GLI: green leaf index, ALGB: ALG blue index, ALGG:
ALG green index, ALGR: ALG red index, ALGRE: ALG red-edge index, ALGNIR: ALG near infra-red index.
Spectral bands: R: red, G: green, B: blue, NIR: near-infrared, RE: red-edge.

B ALG mNon-ALG Non-Veg

NDVI NDWI NDRE ALGB ALGG ALGR ALGRE ALGNIR
Spectral Indices

Normalized spectral values
©coooo0o0000
O R N W H Ul OON 0O OO

Figure 5. Spectral signature differences for spectral indices.

Our study deployed a customized CNN with a simple architecture, a U-Net model
from the study of Amarasingam et al. (2024) [7], and classical ML models for ALG seg-
mentation. This study investigated seasonal variations by developing models for each
season (vegetative and flowering) using separate datasets. Additionally, a common model
incorporating data from both seasons was developed. Models for the flowering season
were developed using Site 1, while models for the vegetative season were developed using
Site 4. The common model was developed using Site 1 and Site 4. All three models were
then evaluated on test sites from both flowering (Site 3) and vegetative (Site 2) seasons for
a comprehensive analysis. Details of these datasets can be found in Table 4. Each pixel
labeled under three classes from the sites orthomosaic reflectance maps was integrated
with the bands of surrounding pixels and organized into tabular files, comprising 9 pixels
and 10 bands per pixel, resulting in 90 features for training. Subsequently, each data point
underwent augmentation through 8 rotations (Figure 6). The dataset for model develop-
ment was partitioned into a training set and a validation set in a ratio of 4:1. A total of 80%
of the data was randomly selected for training, and the remaining 20% was allocated to
validation. The validation set was evaluated through weighted average precision, recall,
and F1 score metrics [25].
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Table 4. Details of seasonal condition-based datasets.
Season Site Location Model Development Sites Test Site
Flowering Bunyan Site 1 Site 2
Vegetative Cooma Site 4 Site 3

osl

data augmentation
\

~ ~ A
‘ZX Rotation-based H ‘ m

B2 L5

Figure 6. Modelling and augmentation of data points during ALG model development.

2.6.1. Classical Machine Learning Models

This study compared the performance of three classical ML algorithms: SVM, RF, and
XGBoost. The ML algorithms used in this study are non-parametric supervised classifiers
that have commonly shown promising results in recent invasive species segmentation
studies (Table 1). SVM, introduced by Vapnik [26], can perform classification and regression
tasks based on transforming the inputs into high-dimensional separatable feature space
by kennel functions. SVM excels at finding separation boundaries in high-dimensional
data, especially with limited samples, but can be computationally expensive for very large
datasets. RF is built from numerous randomized decision trees, providing robustness
against overfitting and less sensitivity to noisy data [27]. However, training in a large
forest can be resource-intensive. XGBoost gained popularity in recent years due to its
high accuracy and efficiency, combining numerous decision trees and employing gradient
boosting techniques to enhance performance [28]. Boosting methods achieve high accuracy
with features like handling missing values but can be more intricate to tune and interpret
compared to the other two algorithms [29].

In developing the ML models, we utilized a combination of Python libraries and tools.
The “xgboost’ library provided a powerful implementation of gradient boosting, while the
‘SVC’ class from ‘sklearn.svm’ was employed for SVM. Additionally, we developed a RF
model using the ‘RandomForestClassifier’ class from ‘sklearn.ensemble’. We evaluated the
performance of the models using functions from scikit-learn’s ‘metrics” module. For data
manipulation and analysis, we utilized the “pandas’ library, and the training curve was
visualized using ‘matplotlib’. Hyperparameter tuning was conducted, and the learning
curves were analyzed to determine the optimal stopping point for training, aimed at
preventing overfitting and improving the generalization ability of the model to unseen data.

2.6.2. Deep Learning Models

State-of-the-art models for image segmentation and object detection tasks, such as
U-net, SegNet, YOLO, are typically not appropriate when images lack clear patterns
or structures. These models need a large and varied set of training samples to learn
patterns effectively and make accurate predictions. Insufficiently diverse training data,
particularly data containing limited structural patterns, can result in suboptimal model
performance because the model struggles to capture the complete range of features required
for accurate classification [30,31]. Therefore, a customized CNN model was developed,
with a focus on incorporating both spectral and spatial information, with higher priority
given to spectral relationships, to reduce complexity and enhance applicability to ALG
segmentation (Figure 7). This architecture comprises two convolutional layers followed
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by two fully connected (dense) layers. The activation function used was leaky-ReLU, and
the optimization algorithm chosen was softmax. A 1 x 1 convolutional filter was used to
emphasize spectral details while minimizing computational demands needed to capture
broader spatial patterns. This dimensionality reduction approach is useful in deep networks
to manage computational complexity [32]. Each 1 x 1 convolutional filter combines
information across 10 spectral index channels, enabling the network to learn spectral
representations. The model was built using the Sequential API from TensorFlow.keras,
incorporating convolutional, flattening, and dense layers. Flattening layers were employed
to convert data into one-dimensional arrays, and dense layers were used for fully connected
connections. The model with the best validation accuracy was saved for further use.

Input [Q Convolution (] Flatten [] Dense ]
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...... Probabilty of
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Figure 7. Custom CNN model architecture for MS-based ALG segmentation. For MS and HS
comparison, the third dimension of the first layer captures the channel depth, which is 5 for MS and
448 for HS imagery. The remaining dimensions are unchanged.

To compare the developed custom CNN model’s performance, we implemented a
state-of-the-art DL U-Net model with an architecture based on the work of Amarasingam
et al. [7], which has demonstrated superior performance among the recent studies on
invasive species detection in mixed environments, as listed in Table 1. We adapted the
architecture (Figure 8) by upsampling the input data size (originally 3 x 3) to align with the
reference architecture. Additionally, we modified the final layers of the U-Net architecture,
adding a last layer with an output depth of three (representing the three classes), followed
by a SoftMax activation function to achieve three-class classification.

Skip connection
Con2DTranspose(512,256,128,64) [o ALG @Non-ALG eNon-Veg ]
Conv2D (64,128,256,512) Concatenate
activation=relu Conv2D (64,128,256,512)
MaxPooling2D Flatten
Dense(Activation ='Softmax')

Classified Pixels

Unsampled image
(32x32x10)

Figure 8. U-Net architecture used for ALG classification.

2.7. Model Training for Hyperspectral-Based African Lovegrass Segmentation

Four AI models, including SVM, RE, XGBoost, and the custom CNN model, were
used for HS-based segmentation development. HS orthomosaic imagery from Site 2 was
divided into two regions, with labeled data from the first half used for model development
and the second half for testing. This study incorporated the surrounding pixels, which
encompassed 9-pixel data for each data point, similar to MS-based model development.
However, instead of utilizing spectral indices, all band channels, including 448 bands,
were normalized using the min-max approach [33] and used for training. The input layer
dimensions of the models used in the MS-based study were adjusted to accommodate
the differences in input data dimensions. Specifically, the model designed for MS-based
segmentation was configured with 10 input channels, whereas the model designed for
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HS-based segmentation utilized 448 channels. The remaining architecture of the model
was unchanged. The dataset for model development was divided into a training set and a
validation set in a ratio of 4:1, similar to the MS-based ALG segmentation study described
in Section 2.6.

2.8. Comparison of Prediction Using Multispectral and Hyperspectral Imagery

For comparison purposes, the same models and labeled polygons chosen for HS-based
ALG detection were used to develop a separate MS-based model. This comparison model
was trained solely on the same labeled georeferenced polygons from Site 2 MS imagery
only. The same region used for developing and testing the HS-based ALG segmentation
model, as described in Section 2.7, was employed for training and testing this comparison
model. The study incorporated surrounding pixels, encompassing nine pixels of data for
each data point. Spectral indices were not employed; instead, the five bands from the MS
imagery were normalized using a min-max approach and utilized for training, mimicking
the exact approach used in HS-based ALG segmentation. Specifically, 5 channels were used
for the MS model and 448 channels for the HS model.

2.9. Evaluation Metrics

The testing was conducted using two approaches to facilitate an evaluation of the
generalization capability of the models across different data collection settings. The first
approach is based on masked regions where ALG and other classes can be confidently
differentiated. These regions were used with known labels and the metrics precision, recall,
and F1 score [25] were used to evaluate the classification. These metrics were calculated on
a per-class basis. The per-class evaluation focused specifically on the ALG class. The second
approach involved quadrat-based ALG proportion prediction to assess the performance of
the models. This testing is to assess the models’ performance in mixed environments, where
quadrats lack clear borders for ALG, non-ALG, and non-vegetation areas. The quadrats
from the test sites were used to predict the ALG. The ratio of ALG pixels classified from
the total pixels was then compared with the ground truth ALG proportion. The root mean
square error (RMSE) [34] and correlation (R?) [35] values for the quadrats in the sites were
generated to quantify the robustness of models. Model testing involved comparing the
model predictions with the actual ground truth observations within specific quadrats.

3. Results
3.1. Multispectral-Based African Lovegrass Segmentation
3.1.1. Validation Dataset Performance

Table 5 shows the classification report for AI models during the validation. Evaluation
metrics, including precision, recall, and F1 score, indicate that the XGBoost and the custom
CNN outperformed RF and SVM, achieving 99% overall accuracy for both seasons. U-
Net achieved good performance but lagged behind XGBoost and the custom CNN in the
vegetative season. RF performed less accurately compared to other models, with the lowest
overall accuracy among both seasonal datasets. SVM shows competitive performance
during the flowering season, with 98% accuracy; however, its performance decreases
during the vegetative season. The models trained on combined seasonal data performed
similarly to how they ranked when trained on individual seasons.
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Table 5. Classification report for different classical machine learning models including support vector
machine (SVM), random forest (RF), U-Net, and the developed custom CNN model under flowering
and vegetative seasonal conditions within the validation dataset for ALG. The highest accuracy
values for each dataset are highlighted in bold.

Seasonal Metrics RF SVM XGB Custom CNN U-Net
Dataset

Precision (%) 95.4 97.8 99.8 99.8 99.6
Flowering Recall (%) 94.7 97.8 99.8 99.8 99.6
F1 Score (%) 94.7 97.8 99.8 99.8 99.6
Accuracy (%) 95 98 99 99 929
Precision (%) 90.5 95.1 98.4 98.5 97.5
Vegetative Recall (%) 90.4 94.9 98.4 98.5 97.3
F1 Score (%) 90.5 94.9 98.4 98.5 97.4
Accuracy (%) 90.4 95 98 98 97.4
Precision (%) 90.8 92.3 99.2 99.2 97.6
Flowering and Vegetative Recall (%) 88.2 91.6 99.2 99.1 97.4
F1 Score (%) 88.2 91.3 99.2 99.2 975
Accuracy (%) 88 92 99 99 98

SVM: support vector machine, RF: random forest, XGB: EXtreme gradient boosting, CNN: convolutional neu-
ral network.

3.1.2. Test Dataset Performance

Quadrat-based testing indicates that the custom CNN outperformed XGBoost at the
test sites, demonstrating a lower RMSE when compared to the recorded ground truth
(Table 6). In the vegetative season, the RMSE of the XGBoost was approximately 1.3 times
higher, whereas the custom CNN had three times less error for the flowering season com-
pared to XGBoost. Similarly, the custom CNN demonstrated the best correlation to the
prediction and ground truth values. It is evident that the developed custom CNN demon-
strated superior performance across both seasons. This is shown by the higher prediction
accuracy for the flowering season, displaying a 5.77% RMSE and a correlation coefficient of
0.989 compared to the vegetative season in the test dataset. The U-Net showed a slightly
higher RMSE in both seasons, with 16.47% and 18.41% for the flowering and vegetative
seasons, respectively. The evaluation across both seasons revealed that models trained on
data from one season performed poorly when applied to the other season. Interestingly,
models developed using flowering season data showed better adaptability to the vegetative
season. Conversely, vegetative season models exhibited higher RMSE—reaching approxi-
mately 75% for all tested AI models—when tested on flowering season data. While models
trained on combined datasets performed well in both seasons, their accuracy was lower in
comparison to models specifically trained and tested on data from the same season.

The common models developed from both seasons maintained higher performance in
both seasons. The developed custom CNN model achieved an RMSE of 8.23% and 14.02%
for the flowering and vegetative seasons, respectively, while the XGBoost model achieved
an RMSE of 19.75% and 15.25% for the flowering and vegetative seasons, respectively. The
custom CNN model outperformed XGBoost in both seasons, showing a correlation of 0.966
and 0.821 with the ground truth assessment. The U-Net achieved good performance in
both flowering and vegetative seasons, although its RMSE was slightly higher compared to
XGBoost and the custom CNN. The SVM and RF also showed competitive results in the
vegetative season. However, both SVM and RF models struggled in the flowering season,
exhibiting significantly higher errors. Figure 9 shows the prediction maps of quadrats in
test sites using the models from combined dataset. The ground truth information and
the predicted ALG proportions for 10 quadrats during the flowering season (Site 2), as
predicted by the models from the combined dataset, are shown in Figure 10. The ground
truths and the predicted ALG proportions for 19 quadrats during the vegetative season
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(Site 3), as predicted by the models from the combined dataset, are shown in Figure 11.
Figure 12 shows the predicted spatial distribution of ALG over the test sites.

Table 6. Multispectral imagery-based ALG model performance on test sites during each season.
RMSE and R? metrics correspond to quadrat-based testing. Precision (%), recall (%), and F1 score (%)

are the weighted average evaluation metrics correspond to mask-based testing.

Season Used to Test Models

Season lﬁe%t‘l) Develop Metrics Flowering Vegetative
odels
Custom Custom
SVM RF XGB CNN U-Net SVM RF XGB CNN U-Net
RMSE 37.32% 40.86% 17.56% 5.77% 16.47% 51.15% 63.91% 33.64% 22.33% 31.44%
R? 0.1990 0.0306 0.977 0.989 0.9660 0.4781 0.2335 0.596 0.574 0.6705
Flowering Precision (%) 66.83 75.74 85.61 87.79 78.81 72.20 67.03 51.95 51.20 54.72
Recall (%) 62.21 65.22 83.08 87.40 74.76 70.80 67.06 62.11 58.95 44.63
F1 Score (%) 59.36 60.20 82.24 86.40 73.21 67.75 58.10 55.14 52.73 35.07
RMSE 77.02% 73.15% 71.03% 72.58% 74.72% 15.29% 19.11% 14.2% 12.9% 18.41%
R? 0.2672 0.3247 0.322 0.298 0.2648 0.8880 0.8403 0.831 0.851 0.8504
Vegetative Precision (%) 32.17 53.94 53.40 43.39 70.79 76.15 73.27 78.19 73.76 70.23
Recall (%) 41.35 45.86 41.17 43.76 66.61 67.94 66.05 71.02 70.31 72.09
F1 Score (%) 32.06 37.17 36.71 35.35 59.33 60.10 57.95 62.14 61.64 70.62
RMSE 34.25% 32.08% 19.72% 8.23% 14.32% 15.42% 18.68% 15.25% 14.02% 18.47%
R? 0.3005 0.7527 0.978 0.966 0.9643 0.8511 0.8247 0.81 0.821 0.8555
Flowering and Vegetative Precision (%) 69.41 7743 83.33 87.63 76.79 76.49 76.92 75.36 71.12 69.6
Recall (%) 70.80 72.58 81.62 87.47 72.3 66.05 65.60 70.50 70.25 70.04
F1 Score (%) 66.07 66.34 80.02 87.06 50.33 56.87 56.77 61.19 62.62 69.5

SVM: support vector machine, RF: random forest, XGB: eXtreme gradient boosting, CNN:

ral network.
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Figure 9. Multispectral-based prediction maps of three quadrats from test sites using the models
developed from the combined seasonal dataset. The filled black regions represent the ALG.
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Figure 10. The ground truth and the predicted ALG proportion from the Bunyan test site (flowering)
using the models developed from the combined seasonal dataset.
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Figure 11. The ground truth and the predicted ALG proportion from the Cooma test site (vegetative)
using the models developed from the combined seasonal dataset.

Figure 12. Multispectral-based segmented ALG spatial distribution map of test sites. (a) Cooma site;
(b) Bunyan site. The hashed black polygon represents the ALG detected region.
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Table 7 presents the per-class evaluation metrics for ALG class using mask-based
testing. Overall, the developed custom CNN model consistently demonstrated superior
performance across both seasons. The custom CNN model exhibited superior performance
during the flowering season, with a precision of 85.81%, recall of 98.41%, and an F1 score of
91.68%. Following the custom CNN, the XGBoost model achieved precision, recall, and
F1 scores of 74.85%, 99.35%, and 85.37%, respectively. The U-Net model also performed
well, particularly in recall (99.81%) and F1 score (84.38%). Both RF and SVM exhibited
lower performance. During the vegetative season, the U-Net model led in precision with
95.56%, while XGBoost achieved the highest recall (95.89%) and F1 score (90.68%). The
custom CNN model continued to perform strongly, while the RF and SVM also showed
competitive performance in this season. Overall, the developed custom CNN model
consistently demonstrated superior performance across both seasons.

Table 7. ALG class-based model performance on test sites during each season. Precision (%), recall
(%), and F1 score (%) are the per-class evaluation metrics specifically for the ALG class. The highest
values for each metric for each dataset are highlighted in bold.

Season Used to Test Models

ALG Class Metrics Flowering Cust Vegetation Cust
ustom ustom
SVM RF XGB CNN U-Net SVM RF XGB CNN U-Net
Precision (%) 72.72 72.79 74.85 85.81 73.08 90.31 9231 86 89.10 95.56

Recall (%)
F1 Score (%)

92.04 98.66 99.35 98.41 99.81 85.55 83.79 95.89 92.17 83.15
81.25 83.77 85.37 91.68 84.38 87.86 87.84 90.68 90.61 88.93

SVM: support vector machine, RF: random forest, XGB: eXtreme gradient boosting, CNN: convolutional neu-
ral network.

Table 8 presents the development (training and validation) and testing times for the
Al models. The SVM and U-Net exhibit the longest development times, at 3700.4 and
6749.7 s, respectively, significantly exceeding those of the other models. Even with the use
of a high-performance computer (HPC) equipped with additional resources, U-Net still
recorded the longest training time. In contrast, XGBoost is notable for its rapid training
and testing times while maintaining competitive performance.

Table 8. Development, testing time, and computer specifications for the combined seasonal (vegeta-
tive and flowering) datasets.

Models

RF

SVM XGB Custom CNN U-Net

Development time (s)
Testing time (s)

Computer
specification

941.8
0.65

6749.7 54.4 737.5 3700.4
73 0.72 2.14 46.48
Processor: AMD EPYC 7713

Processor: 12th Gen Intel(R) Core (TM) i7-1255U 1.70 GHz 64-Core
RAM: 16.0 GB (15.6 GB usable) RAM: 100 GB

GPU: A100-SXM4-40GB

SVM: support vector machine, RF: random forest, XGB: eXtreme gradient boosting, CNN: convolutional neu-
ral network.

3.2. Comparison of Predictions Using Multispectral and Hyperspectral Imagery

Table 9 presents the prediction results derived from the models for MS and HS data.
During model development, the validation performance shows that the custom CNN
achieved the highest weighted average precision, recall, and F1 score for both imagery
types compared to other models. All models performed well, with HS data yielding slightly
higher accuracy than MS data. A similar performance trend is observed in the test results,
where quadrat-based testing with the custom CNN showed that HS-based predictions
achieved an RMSE of 19.58 while MS-based predictions had an RMSE of 20.51. XGBoost
also showed competitive results, with an RMSE of 20.54 for MS and 24.46 for HS, while SVM
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performed better than XGBoost and closer to the custom CNN performance, with an RMSE
of 19.66. Mask-based testing based on the ALG class-based metrics achieved the highest
results for the custom CNN, consistent with the trend observed in quadrat-based testing
for the custom CNN. The ground truth assessment and the predicted ALG proportion by
all tested models using MS and HS imagery for five quadrats from the test site are shown in
Figure 13. Figure 14 shows the prediction map of quadrats in test sites using the AI models.

Table 9. Classification results from the models for multispectral and hyperspectral ALG imagery
using the validation dataset from Site 2. The lowest RMSE values for each imagery are highlighted

in bold.
Imagery
Dataset Metrics Multispectral Hyperspectral
Custom Custom
SVM RF XGB CNN SVM RF XGB CNN
Precision (%) 91.69 88.60 98.36 98.93 99.88 92.38 99.83 99.9
Validation data Recall (%) 91.60 88.36 98.35 98.92 99.87 92.39 99.82 99.9
F1 Score (%) 91.49 88.18 98.35 98.92 99.88 92.38 99.82 99.9
RMSE 27.82%  284%  20.54% 20.51% 19.66%  33.34%  24.46% 19.58%
R? 0.6308  0.8234  0.9661 0.878 0.8532  0.4950  0.8079 0.962
Test data Precision (%) 94.64 90.92 94.72 96.9 98.21 90.09 98.47 99.06
Recall (%) 93.87 89.3 93.76 96.89 98.19 89.89 98.46 99.05
F1 Score (%) 93.99 89.56 93.93 96.88 98.19 89.93 98.46 99.05

SVM: support vector machine, RF: random forest, XGB: eXtreme gradient boosting, CNN: convolutional neu-

ral network.
I [ I ] I I - I I
1 2 6 7 8

Quadrat ID
B Ground Truth Assessment Hyperspectral Imagery ® Multispectral Imagery

—_

ALG Proportion
o o o o
O

S

Figure 13. The ground truth and the predicted ALG proportion of the quadrats from the test region
of Site 2 by the custom CNN model.
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Figure 14. Comparison of multispectral and hyperspectral imagery-based models prediction maps of
three quadrats from test sites. The filled black regions represent the ALG.

4. Discussion

The ability to detect ALG from remotely sensed imagery using Al approaches not only
helps to improve fire management and biodiversity in ALG-infested environments but also
contributes to the broader field of using Al for invasive plant surveillance and management.
This research employed an Al-based ALG segmentation approach, one not previously
explored in studies. It builds upon the established foundation of utilizing UAS RS for
invasive plant segmentation [6,8,10,16,18]. The Al model testing was conducted using two
approaches. The first approach involved quadrat-based ALG proportion prediction to
assess the performance of the models in a mixed environment. Secondly, masked regions
where ALG and other classes can be confidently differentiated were selected for testing,
and the metrics precision, recall, and F1 score were used to evaluate all classifications. Our
investigation demonstrated the superior performance of a custom CNN model in detecting
ALG compared to classical ML models and a U-Net DL model during classification testing.

Combining data from both seasons did lead to a reduction in error compared to single-
season models when tested on data from the alternate season for both testing approaches.
This makes the combined model more versatile. The inclusion of data acquired from
different seasons and with various data collection settings strengthened the combined
model’s robustness. According to the ALG class-based metrics from the masked-based
testing approach, the five models (RF, SVM, XGBoost, custom CNN, and U-Net) showed
varying performance across seasons. The custom CNN consistently achieved high precision
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in both seasons, indicating its ability to accurately identify true positives and minimize
false positives. While U-Net and XGBoost performed well, their lower average precision in
comparison to the custom CNN suggests the potential for more false positives. Although RF
and SVM exhibited good precision during the vegetative season, their lower performance
during flowering possibly led to more false positives in those conditions. The high recall of
U-Net and XGBoost across seasons suggests they effectively identified a high proportion
of true positives and minimized false negatives. The strong recall of the custom CNN
demonstrates its ability to capture most true positives. Contrastingly, SVM’s lower recall,
particularly in the flowering season, indicates it might miss a higher number of actual calls,
leading to more false negatives.

The custom CNN emerged as the most robust model based on the F1 score, which
considers both precision and recall. This suggests the custom CNN effectively balances
identifying true positives while minimizing false positives and negatives across all sea-
sons. Overall, the custom CNN'’s consistent performance across all metrics suggests its
potential for accurate and robust species call prediction in various seasonal conditions. The
developed custom CNN excelled at capturing hierarchical spectral features and spatial re-
lationships within the data. This proficiency in feature extraction allows the custom CNNs
to generalize better to unseen data compared to XGBoost in image classification. Although
the U-net model also showed notable precision, especially in the vegetative season, the
developed custom CNN architecture was superior to U-Net. In the context of classifying
pixels in a mixed environment, the task of detecting grass species relies more on spectral
information than on spatial patterns. Since U-Net is designed to leverage detailed spatial
information for segmentation tasks, its complexity becomes redundant in this scenario. The
simpler custom CNN architecture, which focuses on extracting essential spectral features,
proves to be more effective, thereby explaining U-Net’s comparatively lower performance
in this specific application.

Quadrat-based testing revealed that among the classical ML methods, XGBoost
achieved the highest accuracy in the MS-based prediction compared to ground truth
ALG proportion. Its gradient boosting framework, which builds successive trees to cor-
rect errors of the previous trees, results in a stronger overall model. XGBoost offers a
straightforward method for measuring feature importance, which is crucial for feature
selection and understanding the model. XGBoost offers regularization and is capable of
capturing complex non-linear relationships between features and the target variable [36],
often achieving higher accuracy compared to SVM and RF in vegetation classification
studies [7,37]. However, for image data, CNN generally outperforms XGBoost [38,39].
Studies on segmenting broad-leaved pepper [40] and bitou bush [7] showed similar perfor-
mance, with XGBoost classifying target vegetation with higher overall accuracy than other
classical methods such as SVM and RE. When comparing classical methods to deep learning
networks, both studies demonstrated that the U-Net achieved significantly higher accuracy,
with an increase of 10-20% over XGBoost. Other researchers have also incorporated deep
learning techniques to enhance the overall accuracy of classification in complex natural
environments [41]. However, the complexity and inference speed of models like U-Net
are critical considerations for practical applications [40,42]. If the task does not require
detailed spatial information and relies more on spectral data, the additional complexity
of U-Net may become unnecessary and counterproductive. The developed custom CNN
model extracts sufficient features without the overhead, making them more efficient and
more accurate for these tasks.

Both the XGBoost and custom CNN models accurately predicted ALG proportions
in most quadrats when the ALG proportion was very high or very low in both seasonal
conditions. However, in vegetative season, the sixth quadrat from Site 3 resulted in
inaccurate predictions for both seasonal models. This inaccuracy was due to the presence
of Bothriochloa macra (Redgrass) in 70% of this quadrat, which shares visual similarities
with ALG. This species was not well represented in the labeled data from the sites of
vegetative season because it is limited in growth at Site 4, resulting in less labeled data
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being incorporated for developing the models. Encountering difficulties in predicting
invasive species segmentation when similar species are mixed together is a common
challenge [43]. Incorporating UAS-labeled images with diverse vegetation types can
enhance the model’s robustness in detecting ALG across a broader range. However, the site
characteristics of ALG, mixed with other grass species of similar height, made continuous
labeling challenging for experts. The nature of the sites restricted labeling to clear ALG and
non-ALG areas, which particularly limited the training data.

Comparatively higher errors were observed in the predictions when ALG was mixed
with other species in similar proportions. This could be due to the inaccurate ground
truth recordings, which may have occurred due to the human eye not capturing accurate
proportions of species, a task especially challenging in mixed environments. This can be
mitigated by carefully inspecting close-range images of quadrats, images which remain an
important aspect of weed UAS surveys. It is also possible that lower resolution in the MS
images may have led to assessments not clearly capturing the details of mixed vegetation.
Distinguishing between similar-looking species based on color or texture poses challenges
and limits the labeling process. Additionally, when it comes to predictions, lower resolution
causes confusion in distinguishing each species. This may lead the models to exhibit lower
accuracy in quadrats belonging to mixed environments. A low-altitude flight can improve
resolution, but it may reduce coverage area and require multiple flights to survey the entire
site [5], increasing time and cost.

It is important to note that this combined model’s performance still was not as high
as models specifically trained and tested on data from a single season. All Al models
struggled when applied to a different season than they were trained on. The performance is
highly influenced by plant phenology changes between seasons, the data source employed
for image acquisition, and flight altitude. Interestingly, models developed using flowering
season data showed better adaptability to the vegetative season. This may be the result of
flowering landscapes retaining the characteristics of both flowering and vegetative season.
Meanwhile, models trained on the vegetative season dataset exhibited higher error when
tested on flowering season dataset. The presence of flowers in the testing data likely creates
confusion for the models when those features are absent in the vegetative season. For the
most accurate results, further exploration might involve creating an ensemble model [44]
that combines the strengths of separate seasonal models. This could potentially be utilized
to achieve better overall performance when dealing with variations in altitude, sensor type,
and season.

The comparison between HS and MS imagery-based model performances revealed
that HS achieved better accuracy in both the training and validation datasets. However,
acquiring HS imagery is associated with high costs and heavy-weight sensors, which, in
turn, reduce the endurance of UAS and limit the coverage area. It also increases data
size and processing time and results in lower resolution compared to MS imagery [5,7].
Despite the limited data used to develop and test the models, MS imagery proves to
be more advantageous, with satisfactory results compared with HS imagery due to its
operational benefits.

This study successfully demonstrated the feasibility of incorporating Al models for
achieving sufficient accuracy. However, there are limitations in the study, as yet-unmapped
sites may display a variety of species that are not represented in the dataset and the
models developed do not include the details of all species across all different seasonal
conditions. This could constrain the use of these models to particular conditions and
locations. Additionally, the comparison between HS and MS imagery was only conducted
for Site 2, representing only flowering seasonal conditions. Future efforts will need to
focus on comparing model performance across various grasslands, incorporating data
from additional environments, and including more seasonal variation to enhance the
models’ robustness in unseen grasslands. Furthermore, a wider range of lightweight CNN
architectures can be explored, potentially through techniques such as transfer learning
or ensemble methods [45]. While both the XGBoost and the custom CNN offer good
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performance for ALG detection, a hybrid approach like ConvXGB [46] could be even more
beneficial. ConvXGB combines several CNN layers for feature extraction with XGBoost
as the final layer for prediction, leveraging the strengths of both models for improved
accuracy [47].

Promising findings for the classical XGBoost and the customized CNN models in this
ALG segmentation study empower land managers and researchers to further explore this
approach. With precise mapping, land managers can implement targeted interventions such
as selective herbicide application, controlled burns, and mechanical removal, reducing the
impact on non-target species and minimizing resource wastage. Regular monitoring using
the developed models can ensure that ALG does not overtake pastures. Conservationists
can focus on protecting and restoring native plant communities by precisely mapping
ALG invasions, ensuring that interventions do not inadvertently harm native biodiversity.
This approach ensures the protection of both economic interests and environmental health.
The scalability of ALG segmentation in mixed environments presents an opportunity to
integrate satellite-based RS, despite challenges posed by low temporal and spatial satellite
resolution. These challenges can be addressed through advanced techniques such as
satellite/UAS data fusion [48] and multi-scale modeling [49]. Utilizing predictions from
UAS as the ground truth for satellite-based models can enable scaling predictions to larger
geographical areas. By bridging the resolution gap between high-resolution UAS data and
broader satellite coverage, this study holds immense potential to advance ALG prediction
across broader geographical scales. The use of UASs for RS continues to be limited by
factors like performance, cost, and availability. As a result, their contribution to practical
grassland management decisions is not always satisfactory [43,50]. However, ongoing
advancements in this field offer potential for enhanced segmentation of ALG and could
significantly contribute to control, thereby reducing fire risk and improving agricultural
productivity in areas infested by this species.

5. Conclusions

Infestations of ALG poses significant threats to Australian ecosystems including agri-
cultural losses, reduced biodiversity, and increased fire risk. UAS equipped with RS
technology, coupled with advanced Al algorithms, offer a promising approach for accu-
rately mapping the spatial distribution of ALG. This study evaluated the performance
of state-of-the-art Al algorithms, including XGBoost, RF, SVM, U-Net, and a customized
CNN, in identifying and mapping ALG in the mixed Australian landscape. Study results
revealed the superior performance of the custom CNN model in ALG segmentation, with
high accuracy and lower error rates compared to classical ML methods. Training mod-
els on single-season data resulted in limited generalizability, evident from performance
decline when applied to data with seasonal and collection variations. However, incorporat-
ing multi-season data during training significantly improved model performance across
seasons. This suggests the effectiveness of multi-season data integration for enhancing
generalizability and fostering a more versatile and robust model. Additionally, the study
compared the effectiveness of MS and HS imagery for ALG segmentation, with MS im-
agery being more practical due to lower operational limitations. Lightweight models can
thereby achieve sufficient accuracy rendering them suitable for ALG segmentation, despite
certain limitations in terms of species representation and seasonal variability. Study results
necessitate future research to focus on developing more robust Al models by comparing
performance across diverse grassland species and incorporating data from various environ-
ments and seasons. Overall, these advancements are crucial for enhancing the effectiveness
of Al-based solutions in grassland management and biodiversity conservation efforts.
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