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. This dataset comprises 1.3 cm resolution aerial images of grasslands in western Montana, USA,

. captured by a commercial drone. Many scenes contain leafy spurge (Euphorbia esula), introduced to
North America, now widespread in rangeland ecosystems, which is highly invasive and damaging to
crop production and biodiversity. Technicians surveyed 1000 points in the study area, noting spurge
presence or absence, and recorded each point’s position with precision global navigation satellite
systems. We cropped tiles from an orthomosaic image at these locations. We publicly release these

: images and metadata as a Hugging Face Dataset, accessible in one line of code. Our aim is to invite

. the research community to develop classifiers as early warning systems for spurge invasion. We tested

. classification performance for two contemporary vision models and achieved 0.85 test accuracy. This
demonstrates the feasibility yet difficulty of this classification task.

Background & Summary

. Gathering ecological data in situ requires expertise in species identification, spatial planning, and haste to cap-

: ture ephemeral patterns. Consequently, scaling ecological monitoring efforts across larger areas is difficult with-

. out supporting technologies such as satellite or drone-based imaging'. Agriculture has pioneered these remote
sensing approaches to detect and map changes to crop health? and weed plant occurrence®. A number of bench-

: mark datasets exist in the agricultural domain with target objectives such as detecting weeds and assessing crop

* health in high resolution drone imagery*-®. Increasingly, remote sensing tools are applied in wildland settings

. with similar goals: to monitor change in plant communities and mount a management response’. Yet, there are

. few publicly available benchmark datasets containing high resolution imagery of wildlands, and these are biased

: toward forested areas'®"'2, which represent a minority of terrestrial biomes'®. While the challenges posed by

. large-scale ecological monitoring are formidable, this effort is critical to tracking change in natural ecosystems,

. and the dearth of benchmark datasets in wildlands represents a notable gap.

: There are stark differences between remote sensing applications in agricultural and wildland contexts. The
diversity of species present in wildland systems is often far greater than those in agricultural contexts'*. Thus,
for tasks such as image classification, discerning target plants from background species can be more difficult,
as the background domain is more varied. Furthermore, identifying diagnostic features of target plants, such

. as flower and leaf morphology, is challenging, requiring botanical expertise in the field. It may be impossible

* to resolve such features in coarse-grained images, necessitating the use of drone-based platforms that can fly

. lower and gather fine-grained information'>'®. The terrain of wildlands is also more complex than in agricul-

. tural sites, which are situated in flat areas to facilitate mechanized tillage, seeding, and pest management'”. As a

: consequence, gathering data in wildlands is time consuming and costly due to steep terrain, lack of roads, and

© poor connectivity for navigation systems. Additionally, complex terrain generates varied lighting conditions'®,

. which may pose challenges for classifiers'®. Therefore, applying machine learning solutions to remote sensing of
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Fig. 1 A sagebrush community invaded by leafy spurge (panel a) and a closeup of a leafy spurge inflorescence
(panel b).

wildland phenomena is inherently more difficult than in agricultural domains because gathering data is costly
and the content of images more diverse.

One important use-case of remote sensing in wildlands is that of weed plant detection. When an invasive plant
invades a natural area, it can cause harm by a variety of mechanisms, including competition with native plants
for space and resources®, disruption of pollinator services?, catalyzing catastrophic wildfire regimes®>*, and oth-
ers. Once established, invasive plants are difficult to remove, requiring expensive monitoring and treatment. Leafy
spurge (Euphorbia esula; Fig. 1) is an example case introduced to North America in the late 19th century that
quickly spread from agricultural areas to wildlands. This noxious weed is avoided by cattle and wild grazing mam-
mals, resulting in economic losses exceeding $100 million in the northern Great Plains*. Extensive control methods
have been employed to manage its spread®, and efforts to monitor expansion are of growing interest. A recent study
utilizing 4 m satellite imagery achieved a field-validated accuracy of 0.59%, while a prior drone imaging study uti-
lizing 3 cm data achieved an accuracy of 0.78 for flowering spurge plants occupying more than 10% ground cover?’.
Therefore, current evidence suggests higher-resolution imagery can enhance the accuracy of leafy spurge detection.

We gathered high spatial resolution drone imagery of grasslands undergoing ecological restoration in western
Montana, USA where leafy spurge has established and is targeted for removal. In parallel we collected ground
truth of spurge presence and absence in the field with precision global navigation satellite systems throughout
the study region. While the number of drone datasets in the agricultural domain are growing, ours is a unique
contribution drawn from a wildlands context. We release and describe these data here for the purpose of advanc-
ing leafy spurge detection and management as well as furnishing the machine learning research community with
a unique, real-world dataset. We tested two model architectures, including a convolutional neural network and
vision transformer, as a basis for validating our data. Please note that a related preprint documenting the value
of these data to few and zero-shot research may be found on arXiv®.

Methods

Drone survey and imagery post-processing. We surveyed the study area on June 12, 2023, during a
4-hour window (from 11:11 to 15:11) with a DJI Mavic 3 M drone. We confirm that all images in this work were
captured on private property with the landowner’s permission and drone flights were conducted in strict compli-
ance with FAA regulations and relevant local laws. The drone captured 8241 images at 50 m above ground level
across an area of 118 hectares. During the survey there was light wind and sparse cloud cover at 3700 m. We pro-
grammed the drone flight using DJI Pilot 2 software provided with the controller such that images overlapped to
improve performance of the feature matching algorithm during post-processing, which merges raw images into a
single spatially contiguous and georeferenced image, or orthomosaic. The side overlap ratio was 70% and a front
overlap ratio was 80% between adjacent images.

The Mavic 3M is equipped with Real-Time Kinematic (RTK) positioning to enhance the GPS accuracy and
ensure centimeter-level precision in the camera position, which was engaged during the flight. The RTK module
received position corrections from a Emlid RS2 brand global navigation satellite system receiver (GNSS) set
up as a base at the site of flight control. The drone features a 4/3 CMOS image sensor, with a resolution of 20
Megapixels (MP) and operated within an RGB color space. The lens provided a field of view (FOV) of 84° and an
equivalent focal length of 24 mm. The ISO range was set between 100 and 6400, with a median shutter speed of
1/640s. Additional specifications include an actual focal length of 12.29 mm, an aperture of /2.8, and a minimum
exposure time of 1/2,000s. Images, with dimensions of 5280 x 3956 pixels, varied in size from 9.4 MB to 12.6 MB.

We generated an orthomosaic (Fig. 2) with the Drone Deploy post-processing service (https://www.droned-
eploy.com). Drone Deploy automates the process of feature matching across overlapping images, correction
of geometric distortions, and the generation of a georeferenced product. Prior to surveying, we established 32
ground control points (GCPs; points for which positions were verified with a GNSS reporting sub-centimeter
error) across the study area. The locations of GCPs were used during post-processing to further minimize geo-
referencing error of pixels in the orthomosaic product. The Root Mean Squared Error (RMSE) of GCP position
was 7.32 cm after post-processing.
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Fig. 2 An orthomosaic of the 118-hectare study area at MPG Ranch, Montana, USA where the leafy spurge
dataset was gathered. Points are coordinates of field-validated weed presence (green) or absence (red).

Leafy spurge ground truth acquisition.  After surveying our study area technicians visited sites within to
gather ground truth of spurge presence and absence. Upon visiting a site, technicians conducted random walks to
gather coordinates of spurge presence and absence using an Emlid RS2 GNSS receiver, capable of reporting posi-
tions with sub-centimeter accuracy. When a technician encountered a target plant, they would record its position
with the GNSS receiver. Technicians also gathered coordinates for spurge absences in this manner. For spurge
absence cases, ground truth indicates that no spurge plants were detected in a 0.5 X 0.5m box centered on the
coordinates (Fig. 3). During the walk technicians gathered data until they acquired 50 presences and 50 absences
at each site. We visited a total of 10 sites (Point color in Fig. 2), sampling in this manner, and accumulated 500
ground truth points per presence/absence class. While the majority of sites were geographically separated, two
sites overlapped due to weather-related time constraints. These were assigned to the same training split (strategy
described below) to ensure no data leakage to the test set.

Data Records

Dataset access. Our data are hosted publicly as a Hugging Face Dataset?, offering immediate access via a
Python API. We serve two image sizes corresponding to the 39 x 39 and 1024 x 1024 pixel images as configu-
rations “crop” and “context’, respectively. Additionally, we serve the full unlabeled orthomosaic as configuration
“unlabeled” We authorize use of our data with a Creative Commons Attribution 4.0 International license.

Image extraction from orthomosaic. We extracted a total of 900 images from the orthomosaic which
are centered at the coordinates of our ground truth data (Fig. 4). Each instance of ground truth corresponds to
0.5 % 0.5m, or 39 x 39 pixels (Fig. 3). In addition to the pixels immediately corresponding to the ground truth,
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roupd truth.

Fig.3 A sample from the orthomosaic where the red box indicates the 0.5 x 0.5m spatial dimensions of the
ground truth.

we also serve images with greater context extending beyond ground truth bounds, which are 13 x 13 m, or
1024 x 1024 pixels. For each instance we provide metadata (Table 1, such as filename, instance index, geographic
and projected coordinates, elevation, time of observation, and geographic sampling cluster (referred to as cluster).
Finally, we provide the original orthomosaic, excluding test regions, in tiles. All files associated with the dataset
are of geotiff format and are embedded with relevant coordinate reference information.

Assignment of data splits. We used the geographic separation of our sampling sites as the basis for split-
ting data for model training and evaluation. We selected eight sites (800 image/label pairs) for the training set
and selected the two remaining sites (200 image/label pairs) for test sets. The data from one of these test sites we
release with this publication, while we reserve the data from the second site (100 instances) for evaluation of pro-
gress at a later date. The intent of establishing test data spatially is to simulate performance on new data gathered
from recently invaded areas.

Technical Validation

In the following sections, we compared the classification performance of two contemporary computer vision
models. The intent was to demonstrate the tractability of classifying leafy spurge in our drone imagery with
state-of-the-art models. Please find information for reproducing our experiments in the Code Availability sec-
tion at the end of our work.

Experiments with computer vision architectures. We evaluated two computer vision architectures for
the task of classifying leafy spurge in images:

ResNet50°° and DINOv23!. ResNet50 is a widely adopted convolutional neural network, while

DINOV2 is a more recent vision transformer-based model. We used pre-trained model checkpoints (face-
book/DINOv2-base for DINOv2, microsoft/resnet-50 for ResNet-50) for weight initialization. We pre-processed
the leafy spurge images by resizing them to 224 x 224 pixels and then z-scoring their color values using the mean
and standard deviation from the ImageNet dataset. This normalization step ensures the color distribution of our
images aligns with the data used to pre-train the models, facilitating more effective transfer learning. We con-
ducted experiments with two image sizes from the dataset: 39 x 39 pixels (‘crop’ revision) and 1024 x 1024 pixels
(‘context’ revision). The intent of training with larger, 1024-pixel images was to explore if broader context around
the ground truth could aid classifier performance, as is reported for larger vision transformer models®. To
enhance model generalization and mitigate overfitting, we applied the following data augmentation techniques
during training with a probability of 0.5: ColorJitter (brightness = 0.8, contrast = 0.7, saturation = 0, hue=0),
RandomHorizontalFlip, RandomVerticalFlip, and RandomRotation (degrees =90).

We trained for 50 epochs using the Adam optimizer* with a learning rate of 0.0001 and batch size of 32 for
both ResNet50 and DINOv2. For the DINOV2 training we applied Low-rank Adaptation®* with rank and alpha
parameters set to 8. In addition to testing performance on the full dataset, we conducted few-shot experiments,
randomly sampling without replacement 1, 2, 4, 8, 16, 32, 64, 128, and 256 examples per class. For each experi-
ment (combination of model and image size, dataset revision, and examples per class), we tested 8 unique seeds
(random sample states) to account for variability. For each seed, we split the training set into 80% for training
and 20% for validation. We evaluated model performance on both the validation and test sets during training.
For our performance metric we calculated the 95% confidence interval of accuracy, defined as the proportion of
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Absences

Feature Description

file_name The name of the file ("tif’) associated with the data entry.

idx An index value that serves as a unique identifier for each entry.

label The categorical label assigned to the entry: 1 (present) or 0 (absent).
longitude The longitude of the location in decimal degrees (EPSG:4326).
latitude The latitude of the location in decimal degrees (EPSG:4326).

easting The UTM Zone 11N easting coordinate (EPSG:32611).

northing The UTM Zone 11N northing coordinate (EPSG:32611).

elevation The elevation of the location in meters above sea level.

time A timestamp associated with the data entry (YYYYMMDDHHMMSS).
cluster The geographic sampling cluster in which the instance was observed.

Table 1. Metadata associated with each instance of leafy spurge ground truth.

correctly classified samples. Total compute (computational resources) for these experiments was 248 hours on an
internal cluster of 40 Nvidia 2080ti graphics processing units (GPUs). The longest period of training for a single
seed was one hour and eighteen minutes, observed with DINOV2 architecture. This experiment is representative
of the time it would take to train a production model, and could be replicated with publicly available services,
such as GPU-equipped Google Colab runtimes, for less than $10 USD at this time.

Results from computer vision experiments. We found both DINOv2 and ResNet50 architectures suit-
able for detection of the target plant, leafy spurge, though performance was contingent on image size (Fig. 5).
Performance of each model type was similar when trained on the full dataset of smaller images, but ResNet50
could not satisfactorily classify spurge in larger images (1024 x 1024 pixels). Notably, models trained on smaller
images (39 x 39) whose dimensions correspond directly to the 0.5 x 0.5m bounds of ground truth performed
better with fewer examples per class than those trained on larger images (1024 x 1024).

Usage Notes

We hope that those exploring our data will tailor their work to benefit the land management community whose
objective is to contain and remove leafy spurge. One primary consideration is that of the spatial scale of spurge
predictions. At present, leafy spurge plants are treated with herbicide by a human applicator, who can target
individual plants or groups of plants. For these tasks, knowledge of plant presence on the landscape at 0.5 m
scale (the scale of a single plant) would be more than adequate for successful treatment. In contrast, pixel-level
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Fig. 5 We present classification results on the Leafy Spurge Dataset using ResNet50 (orange) and DINOv2
(blue) architectures. Panel (a) shows test set accuracy when training on 39 x 39 pixel images, while panel (b)
shows results for 1024 x 1024 pixel images. Accuracy is reported across resampled dataset sizes (1 through 256
examples per class) and the full dataset (350 examples per class). Cross-validated means (eight random samples)
are represented as lines, with 95% confidence intervals shown as bands.

inference (leaf-scale) offers no practical benefit, as applicators cannot spray at 1.3 cm resolution. Therefore, map-
ping spurge extents by tiling out the orthomosaic into 39 x 39 pixel images, conducting inference on tiles, and
reconstituting the products into a mosaic would be useful for weed management. In addition to labeled images
we serve the full unlabeled orthomosaic, excluding test regions. Unsupervised learning on these data might
enhance classifier performance and a successful application of this technique could benefit the broader field of
remote sensing where vast amounts of unlabeled aerial images are a common condition.

Code availability

We provide all Python code for reproducing the experiments in the Technical Validation Section. In a Github
repository (https://github.com/leafy-spurge-dataset/leafy-spurge-dataset). For usage documentation of the
Hugging Face Datasets API, please refer to the materials found at https://huggingface.co/docs/datasets/en/
quickstart.
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