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Abstract

This study addresses the issue of black-grass, a
herbicide-resistant weed that threatens wheat yields
in Western Europe, through the use of high- reso-
lution Unmanned Aerial Vehicles (UAVS) and syn-
thetic data augmentation in precision agriculture.
We mitigate challenges such as the need for large
labeled datasets and environmental variability by
employing synthetic data augmentations in training
a Mask R-CNN model. Using a minimal dataset
of 43 black-grass and 12 wheat field images, we
achieved a 37% increase in Area Under the Curve
(AUCQ) over the non-augmented baseline, with scal-
ing as the most effective augmentation. The best
model attained a recall of 53% at a precision of 64%,
offering a promising approach for future precision
agriculture applications.

1 Introduction

The agricultural industry globally grapples with vari-
ous invasive weeds, of which black-grass (Alopecurus
myosuroides) has emerged as the most problematic
in Western Europe [1]. This weed’s herbicide resis-
tance and aggressive growth patterns significantly
impact wheat yield, particularly when densities sur-
pass 10 plants per m? [2].

To tackle this issue, precision agriculture, empow-
ered by technologies such as Unmanned Aerial Vehi-
cles (UAVs), offers promising avenues for enhancing
agricultural productivity [3]. UAVs endowed with
high-resolution imaging, provide rapid and efficient
surveying of large crop fields [4].

However, integrating UAVs for weed detection is
not without challenges. The demands for labeled
data when training computer vision models and the
problem of domain shift, owing to varying environ-
mental and crop conditions, are substantial road-
blocks [5]. In this context, synthetic data offers a
compelling solution. It not only alleviates the need
for manual data labeling but also addresses data
variability issues [6]. Furthermore, targeted syn-
thetic data augmentation can significantly improve
model generalization across datasets [6].
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This study investigates the impact of synthetic
data augmentations on deep-learning models tailored
for black-grass detection in wheat fields. We focus
on identifying which augmentation combinations are
most effective and how they can reduce training
time. This knowledge is crucial for quickly adapting
models to the variable conditions often observed
across different fields.

1.1 Related works

The area of weed detection in agricultural fields
using Unmanned Aerial Vehicles (UAV) and ma-
chine learning has been an active research field, with
various methodologies being proposed. A popular
approach is using Convolutional Neural Networks
(CNNs) as primary tools for detection and classifica-
tion, such as in the study by Valente et al. [7] where
AlexNet was used for detecting weed in grassland.

Deep learning models have been broadly applied,
with Bah et al. [4] proposing a deep learning ap-
proach with unsupervised data labeling for weed
detection, achieving performance comparable to su-
pervised learning methods. Similarly, Etienne et al.
[8] utilized a YOLOvV3 network for detecting weeds
in soybean and corn fields, while Wang et al. [9]
presented a TIA-YOLOv5 network, both achieving
high precision rates.

Another deep learning model that has been used
is the Mask R-CNN. Milioto et al. [10] applied it
for real-time weed detection in sugar beet fields.
Similarly, Valicharla et al. [11] used a pre-trained
Mask R-CNN with ResNet-50 FPN for invasive weed
detection.

However, more approaches have been proposed
where multiple techniques have been combined into a
final model. The work by Mu et al. [12] incorporated
a feature pyramid network (FPN) algorithm into
a Faster R-CNN network for enhanced recognition
accuracy. A combination of Houghlines and Random
Forest also proved to be effective, as evidenced by
Gao et al. [13]. El-kenawy et al. [14] proposed a
voting classifier with base models consisting of neural
networks, support vector machines, and K-nearest
neighbors.

The topic of synthetic training data has also been
explored, with Hu et al. [15] showing that semi-
supervised learning boosted weed detection when
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