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Abstract.

Weed infestation is one of the leading causes of global agricultural productivity losses, directly
impacting production costs, environmental sustainability, and food security. In precision
agriculture, automated weed detection from aerial imagery enables site-specific herbicide
application, reducing chemical overuse and environmental impact. Deep learning-based
computer vision techniques have been widely adopted for this purpose, with Convolutional Neural
Networks (CNNs) historically dominating object detection tasks. The publicly available WEED6C
dataset was developed in a previous study to detect six plant species in Unmanned Aerial Vehicle
(UAV)-acquired images of maize fields and was originally evaluated using convolutional
architectures, including Faster R-CNN, YOLOv3, SABL, and FoveaBox. Recently, attention-
based deep learning models, particularly Vision Transformers (ViT), have gained relevance for
image-based tasks due to their adaptability and performance. This study extends the WEED6C
benchmark by evaluating state-of-the-art attention-based object detection architectures for weed
detection. In addition, a systematic annotation review was conducted, resulting in a refined
version of the dataset (WEEDG6C V2), in which the total number of labeled objects increased from
9,967 to 15,289, mainly through the addition of previously unlabeled instances, together with the
removal of inconsistent annotations and the correction of class labels. RT-DETR and Cascade R-
CNN with a Swin Transformer backbone were evaluated, with Faster R-CNN as a convolutional
baseline, under a common multilabel-stratified 5-fold cross-validation protocol; global metrics
were reported as the macro-average of the per-class results. On the revised dataset, both
attention-based architectures outperformed the Faster R-CNN baseline, which achieved an F1-
score of 79.60%, an accuracy of 66.91%, and an mAP@0.50 of 76.85%. Cascade R-CNN with
Swin Transformer obtained the highest F1-score (82.59%) and accuracy (71.11%), while RT-
DETR achieved the highest recall (85.51%) and the highest mean Average Precision (81.13% at
mAP@0.50 and 41.04% at mAP@)][0.50:0.95]). These results indicate that the best-performing
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architecture depends on the evaluation criterion, and that Transformer-based architectures
constitute competitive and promising alternatives for UAV-based weed detection. The findings
highlight both the potential of attention mechanisms in agricultural environments characterized by
occlusion and illumination variability, and the relevance of systematic dataset curation in manually
annotated agricultural imagery. Ongoing work includes evaluation under multiple input resolutions
and the integration of slicing-based inference strategies to improve small-object detection. The
proposed approach contributes to advancing precision spraying systems by promoting more
efficient herbicide use and supporting sustainable crop management practices.
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Introduction

Weed infestation is among the most significant biotic constraints on global crop production,
competing with cultivated plants for water, nutrients, light, and space, and causing substantial
yield and economic losses when left uncontrolled (Toscano et al. 2024; Gharde et al. 2018). In
maize in particular, early-season weed competition can severely compromise stand
establishment and final productivity (Gharde et al. 2018). Conventional weed control relies largely
on the uniform application of herbicides across entire fields, a practice that increases production
costs, contributes to the development of herbicide-resistant weed populations, and raises
environmental and food-safety concerns (Toscano et al. 2024). Within this context, precision
agriculture has emerged as a management paradigm in which spatial and temporal variability
within the field is explicitly considered, so that inputs are applied only where and when they are
required. Site-specific weed management, in which herbicides are directed to the actual location
of weeds, is one of the most promising applications of this paradigm, as it can reduce chemical
use while maintaining or improving control effectiveness.

The practical implementation of site-specific weed management depends on the ability to detect
and localize weeds accurately across large areas. Unmanned Aerial Vehicles (UAVs) equipped
with imaging sensors have become a central tool for this purpose, as they enable the rapid, low-
cost, and non-destructive acquisition of high-resolution imagery over agricultural fields (Toscano
et al. 2024). Compared with satellite and manned-aircraft platforms, UAVs offer greater
operational flexibility, higher spatial resolution, and the capacity to acquire data on demand, which
is particularly relevant for capturing small targets such as individual weed plants at early growth
stages (Zhang et al. 2025). RGB cameras remain the most widely adopted sensors on these
platforms, owing to their low cost, high spatial resolution, and the maturity of the computer-vision
methods developed for three-channel imagery, although multispectral sensors have also been
increasingly explored to exploit spectral differences between crops and weeds (Zhang et al.
2025). The large volume of imagery generated by UAV surveys, however, makes manual
interpretation impractical, motivating the development of automated analysis methods.

Deep learning has become the dominant approach for the automated interpretation of agricultural
imagery, and object detection, the task of simultaneously localizing objects with bounding boxes
and assigning them a class, is particularly well suited to weed detection, since it identifies and
counts individual plants or weed clusters directly. Convolutional Neural Networks (CNNs) have
historically dominated this task, and detectors such as Faster R-CNN, together with single-stage
architectures of the YOLO family, established the methodological standard for weed detection in
UAV imagery (Shah and Tembhurne 2023). More recently, attention-based architectures have
gained prominence in computer vision (Jamil et al. 2023). The Vision Transformer (ViT)
demonstrated that the self-attention mechanism, originally introduced for natural-language
processing, could be applied directly to image patches, enabling the modeling of long-range
spatial dependencies that convolutional operations capture less naturally (Dosovitskiy et al. 2021;
Shah and Tembhurne 2023). In agricultural settings, Vision Transformers have already shown
promise for the classification of weeds and crops in high-resolution UAV imagery (Reedha et al.
2021). Despite their growing adoption in general-purpose detection benchmarks, the comparative
performance of these attention-based architectures against well-established convolutional
baselines remains underexplored in the specific context of UAV-based weed detection.

The WEEDG6C dataset was introduced in a previous study to support weed detection in UAV-
acquired maize fields, comprising images annotated for six plant species (Tetila et al. 2025). In
its original release, the benchmark was evaluated with convolutional detectors, including Faster
R-CNN, YOLOv3, SABL, and FoveaBox (Tetila et al. 2025), leaving the behavior of attention-
based architectures on this benchmark untested. Furthermore, the quality and completeness of
manual annotations are known to exert a strong influence on the performance and the fairness of
comparisons between detection models, a factor that is frequently overlooked in agricultural
datasets assembled under field conditions.
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This study extends the WEEDG6C benchmark by evaluating state-of-the-art attention-based object
detection architectures for weed detection in UAV imagery and by contrasting them with a
representative convolutional baseline. Two attention-based detectors were assessed, RT-DETR
and Cascade R-CNN with a Swin Transformer backbone, while Faster R-CNN was adopted as a
convolutional baseline representative of the state of the art in purely convolutional detection. As
part of this work, a systematic review of the original annotations was conducted, resulting in a
refined version of the dataset, referred to as WEEDG6C V2, intended to improve annotation quality
and dataset representativeness. All models were trained and evaluated under an identical
multilabel-stratified five-fold cross-validation protocol, ensuring a fair and consistent comparison.
The main contributions of this work are therefore threefold: (i) the systematic revision and
refinement of the WEEDGC annotations; (ii) the first evaluation of attention-based detectors on
this benchmark under a controlled cross-validation protocol; and (iii)) a comparative analysis of
attention-based and convolutional architectures for UAV-based weed detection in maize fields.

Materials and Methods

Dataset

The publicly available WEEDG6C dataset was used in this study (Tetila et al. 2025). The imagery
was acquired with a UAV flying at an altitude of approximately 10 m over six maize cultivation
areas located in the municipalities of Caarapé and Dourados, in the state of Mato Grosso do Sul,
Brazil (Tetila et al. 2025). Maize was the main crop in all areas, and any plant other than maize
was treated as undesirable, so that the six annotated plant species comprise both weed species
and volunteer plants considered as weeds. The dataset comprises 1,391 images, originally
acquired at a resolution of 5,472 x 3,648 pixels, and contains annotations for six plant species:
Cardamine bonariensis (Bittercress), Digitaria insularis (Sourgrass), Cocos nucifera (Coconut),
Dysphania ambrosioides (Mastruz), Glycine max (Soybean), and Sorghum halepense
(Johnsongrass). Representative examples of each class are shown in Fig 1.

Fig 1. Representative cropped instances of the six annotated classes in WEED6C V2, with three randomly selected
examples per class

The original annotations were provided as plain-text files containing, for each object, the class
identifier and the bounding-box coordinates (xmin, ymin, xmax, ymax) expressed in absolute pixel
values. For compatibility with the detection frameworks adopted in this work, the annotations were
converted to the COCO format (Lin et al. 2014), which is widely used in object-detection tasks.
An example of a field image containing multiple co-occurring species is shown in Fig 2.

Proceedings of the 17" International Conference on Precision Agriculture and 11t Brazilian Congress on 4
Precision and Digital Agriculture: 13-15 July, 2026, Porto Alegre, Brazil



Fig 2. Example of a single UAV image from WEED6C V2 containing multiple co-occurring species, with bounding boxes
color-coded by class

Annotation Review and WEEDG6C V2

Annotation quality is a critical factor in supervised object detection, as missing, imprecise, or
mislabeled instances directly affect both model training and the fairness of comparisons between
architectures. Accordingly, a systematic review of the original WEED6C annotations was
conducted using the Computer Vision Annotation Tool (CVAT). Each image was inspected, and
annotations were added, corrected, or removed according to consistent criteria, yielding a refined
version of the dataset referred to as WEEDG6C V2.

The revision increased the total number of labeled objects from 9,967 to 15,289, a net increase
of 5,322 objects. Previously unlabeled instances were added, inconsistent annotations were
removed, imprecise bounding boxes were geometrically corrected, and a small number of class
labels were reassigned. The per-class distribution before and after the revision is presented in
Table 1. The original dataset exhibited a pronounced class imbalance, with soybean and Mastruz
as the most frequent classes and Johnsongrass and coconut as the least represented. The
revision increased the number of objects in every class and attenuated, although it did not
eliminate, this imbalance, which motivated the adoption of stratified cross-validation in the
experimental protocol. The refinement was intended to improve annotation completeness and
consistency, thereby providing a more reliable basis for model training and evaluation.

Table 1. Summary of the annotation review from WEED6C to WEED6C V2

Class Species V1 V2
Bittercress Cardamine bonariensis | 1,541 3,807
Sourgrass Digitaria insularis 1,454 | 1,737

Coconut Cocos nucifera 719 1,061
Mastruz Dysphania ambrosioides | 2,598 | 3,658
Soybean Glycine max 3,064 | 3,765
Johnsongrass Sorghum halepense 591 1,261
Total - 9,967 | 15,289
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Object Detection Architectures

Three object detection architectures were evaluated in this study, selected to contrast attention-
based designs with a representative convolutional baseline.

Faster R-CNN (Ren et al. 2017) was adopted as the convolutional baseline. It is a two-stage
detector in which a Region Proposal Network generates candidate regions that are subsequently
classified and refined by a detection head. As one of the most widely adopted convolutional
detectors, it constitutes a strong and well-established reference for purely convolutional detection.
A ResNet-50 backbone with a Feature Pyramid Network was used, initialized with weights
pretrained on the COCO dataset.

RT-DETR (Zhao et al. 2024) is a real-time, fully attention-based detector derived from the DETR
formulation (Carion et al. 2020), which reformulates object detection as a direct set-prediction
problem and removes the need for hand-designed components such as anchor generation and
non-maximum suppression. RT-DETR employs an efficient hybrid encoder that decouples intra-
scale interaction from cross-scale fusion, together with a Transformer decoder, retaining the end-
to-end set-prediction paradigm while substantially improving inference efficiency. The large
variant (RT-DETR-L) was used, initialized with weights pretrained on the COCO dataset.

Cascade R-CNN with a Swin Transformer backbone combines the multi-stage Cascade R-CNN
detection framework (Cai and Vasconcelos 2018) with the Swin Transformer (Liu et al. 2021) as
the feature-extraction backbone. The Swin Transformer applies self-attention within shifted local
windows, producing hierarchical feature representations suitable for object detection, while the
cascaded detection heads progressively refine predictions under increasing intersection-over-
union thresholds. The tiny variant of the backbone (Swin-T) was used, initialized with weights
pretrained on the ImageNet-1K dataset.

Experimental Setup

All models were initialized with weights pretrained on large-scale datasets and subsequently fine-
tuned on WEEDGC V2 through transfer learning. The Faster R-CNN and RT-DETR backbones
were initialized with weights pretrained on the COCO dataset, while the Swin Transformer
backbone of the Cascade R-CNN was initialized with weights pretrained on ImageNet-1K. For all
models, the input images were resized to a maximum size of 1,333 x 800 pixels, a resolution
adopted to enable direct comparison with results reported in previous work on the original dataset.

Each architecture was trained using the default configuration and data-augmentation pipeline
provided by its respective framework, with only the input resolution standardized across models.
All frameworks were built on the PyTorch library (Paszke et al. 2019): Faster R-CNN was
implemented in Detectron2 (Wu et al. 2019), RT-DETR in the Ultralytics framework (Jocher and
Qiu 2023), and Cascade R-CNN with the Swin Transformer backbone in MMDetection (Chen et
al. 2019). Consequently, the number of training epochs, batch size, and optimizer followed each
framework's conventions rather than a single shared configuration, as summarized in Table 2.
For Faster R-CNN, the default Detectron2 augmentation was applied, consisting of multi-scale
resizing of the shorter image side and random horizontal flipping. For Cascade R-CNN with Swin
Transformer, the pipeline comprised resizing with aspect-ratio preservation, random horizontal
flipping with a probability of 0.5, channel normalization, and padding to a multiple of 32, with
mixed-precision training enabled. For RT-DETR, the default Ultralytics augmentation pipeline was
used. Under these conditions, the shared protocol concerns the dataset partitioning and the
evaluation procedure, described in the following subsection, rather than identical training
hyperparameters.

The experiments were conducted on a single workstation equipped with two NVIDIA RTX A4000
GPUs, each with 16 GB of memory (NVIDIA Corporation, Santa Clara, CA, USA), running CUDA
12.4. All models were trained using both GPUs.
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Table 2. Training configuration for each evaluated model

Model Framework Backbone Pretraining Epochs Effective Optimizer
batch size
Faster R-CNN Detectron2 ResNet-50- COCO 30 2 SGD
FPN
RT-DETR Ultralytics RT-DETR-L COCO 30 4 AdamW
Cascade R- MMDetection Swin-T ImageNet-1K 20 1 AdamW
CNN + Swin

Evaluation Protocol and Metrics

A multilabel-stratified five-fold cross-validation protocol was adopted to ensure a fair and
consistent comparison among architectures. The dataset was partitioned into five folds while
preserving the distribution of classes across partitions. In each iteration, four folds were used for
training and the remaining fold for testing, so that every image was assigned to the test set exactly
once over the complete cross-validation cycle.

For each test image, the detections produced by the model were first filtered with a confidence-
score threshold of 0.5, and a class-agnostic non-maximum suppression step was applied to
remove redundant boxes. Each remaining detection was then matched to the ground-truth
annotations, a detection being counted as a true positive (TP) when its intersection over union
with a ground-truth box of the same class was at least 0.3; unmatched ground-truth boxes were
counted as false negatives (FN) and unmatched detections as false positives (FP). The
intersection-over-union threshold of 0.3 follows the original WEEDGC study (Tetila et al. 2025),
which adopted a lower-than-usual value because the targets are small bounding boxes, for which
a stricter threshold would penalize correct detections that are only slightly misaligned; this choice
also ensures comparability with the previously reported results. The TP, FP, and FN counts were
aggregated by class across the five folds, and per-class precision, recall, F1-score, and accuracy
were computed from the aggregated counts, as defined in Equations (1) to (4):

Precision = TP (1)
TP+FP
Recall = TP 2)
TP+FN
F1 = 2 x LrecisionxRecall 3)

Precision+Recall

TP
TP+FP+FN (4)

The global performance reported for each model was obtained as the macro-average of the per-
class metrics, that is, the unweighted arithmetic mean of the six per-class values of each metric.
Macro-averaging assigns equal importance to every class regardless of its frequency, which is
particularly appropriate for WEEDG6C V2 given the pronounced class imbalance, as it prevents
the most frequent classes from dominating the reported results. As a complementary measure of
detection quality, the mean Average Precision (mAP) was also computed following the standard
COCO protocol, at an intersection-over-union threshold of 0.50 (mMAP@0.50) and averaged over
thresholds from 0.50 to 0.95 (mAP@][0.50:0.95]).

Accuracy =

Results and Discussion

Comparison Among Architectures

Table 3 presents the performance of the three evaluated architectures on the WEEDG6C V2
dataset at an input resolution of 1,333 x 800 pixels. Precision, recall, F1-score, and accuracy
correspond to the macro-average across the six classes, computed from the true-positive, false-
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positive, and false-negative counts aggregated over the five cross-validation folds. The mean
Average Precision is reported following the standard COCO protocol.

Table 3. Global performance of the evaluated models on WEED6C V2 (input resolution 1,333 x 800 pixels). Precision, recall,
F1-score, and accuracy are macro-averaged across classes

Model Precision Recall F1-score Accuracy mAP@0.50 mAP@[0.50:0.95]
Faster R-CNN 78.50 80.88 79.60 66.91 76.85 34.40
RT-DETR 77.52 85.51 81.29 69.18 81.13 41.04
Cascade R- 82.63 82.65 82.59 71.11 78.29 36.62
CNN + Swin

Both attention-based architectures outperformed the convolutional baseline across every metric
considered. Under the F1-score and accuracy, which were computed at the operating point
defined by a confidence threshold of 0.5 and an intersection-over-union threshold of 0.3, the
Cascade R-CNN with a Swin Transformer backbone achieved the best results, reaching an F1-
score of 82.59% and an accuracy of 71.11%, exceeding the Faster R-CNN baseline by 2.99 and
4.20 percentage points, respectively. This model also attained the highest precision (82.63%) and
the most balanced precision-recall trade-off, which is consistent with the progressive refinement
performed by the cascaded detection heads.

RT-DETR achieved the highest recall (85.51%) and the second-best F1-score (81.29%), and it
led under the mean Average Precision, reaching 41.04% for mAP@][0.50:0.95] and 81.13% for
MAP@0.50, against 36.62% and 78.29% for the Cascade R-CNN with Swin Transformer. This
advantage was more pronounced at stricter localization thresholds, indicating accurate bounding-
box regression across the confidence range. These results show that the relative ranking of the
two attention-based detectors depends on the evaluation criterion: the Swin-based model is
superior at the fixed operating point used for the F1-score, whereas RT-DETR is superior when
performance is integrated over the full range of confidence scores.

Per-Class Analysis

Table 4 reports the per-class F1-score for the three models. The ranking of class difficulty was
consistent across architectures: Bittercress and Johnsongrass were the hardest classes for every
model, while Sourgrass, Soybean, and Mastruz were the easiest. The difficulty of Bittercress and
Johnsongrass is consistent with their being among the less represented or more visually
ambiguous classes, and it was the main factor limiting the macro-averaged performance of all
models.

Table 4. Per-class F1-score (%) for the evaluated models on WEED6C V2

Model Bittercress Sourgrass Coconut Mastruz Soybean Johnsongrass
Faster R-CNN 69.23 87.56 83.60 86.81 83.97 66.44
RT-DETR 70.18 89.44 84.82 85.84 86.68 70.76
Cascade R- 70.32 90.75 86.24 87.08 88.54 72.64
CNN + Swin

Comparison with Previous Work

The original WEEDG6C study reported, for Faster R-CNN, a precision of 74.04%, a recall of
78.76%, and an F1-score of 76.30%, together with an mAP of 0.37 and an mAP@0.50 of 0.71
(Tetila et al. 2025). In the present work, evaluated on the revised WEEDG6C V2 dataset under a
five-fold cross-validation protocol, Faster R-CNN reached an F1-score of 79.60% and an
MAP@0.50 of 76.85%. These figures are reported here only as a reference point, and they are
not directly comparable, since the two studies differ in several respects, including the version of
the dataset, the data-partitioning and evaluation protocols, the training configuration, and the
computational environment. The original study established the WEEDG6C benchmark and the
convolutional baselines on which the present work builds.

Within the present study, the annotation review described in the Materials and Methods section
was conducted to increase the completeness and internal consistency of the labels for the specific
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purpose of training and comparing the architectures evaluated here, and the resulting WEEDG6C
V2 was used for all experiments. More generally, the performance of supervised detectors is
known to be sensitive to the number and quality of the available annotations, which makes
systematic dataset curation a relevant component of experimental work with manually annotated
agricultural imagery, where occlusion, illumination variability, and the small size of the targets
make annotation a demanding task.

Discussion

The results obtained in this first stage support three main observations. First, attention-based
detection architectures constituted competitive and, in this experiment, superior alternatives to a
strong convolutional baseline for UAV-based weed detection, with consistent gains over Faster
R-CNN under every metric considered. This is consistent with the capacity of self-attention to
model long-range spatial dependencies, which is advantageous in scenes characterized by
visually similar plant species and cluttered backgrounds.

Second, the comparison between the two attention-based detectors did not yield a single
dominant model, but rather a trade-off governed by the evaluation criterion and, ultimately, by the
intended deployment. The Cascade R-CNN with a Swin Transformer backbone offered the best
balance between precision and recall at a fixed operating point, which is desirable when
detections are consumed directly at a fixed confidence threshold. RT-DETR, in turn, offered
higher recall and superior mean Average Precision, especially under stricter localization, which is
advantageous when minimizing missed weeds is a priority or when detections are subsequently
filtered or ranked; a comparable behavior of RT-DETR, favoring recall in multiclass weed
detection in maize, has also been reported by Garcia-Navarrete et al. (2025). For site-specific
weed management, where a false negative may be more costly than a spurious detection, the
higher recall of RT-DETR is a relevant property.

Third, the per-class and area-based results indicate that the main limitation common to all models
lies in small and visually ambiguous instances. The mean Average Precision restricted to small
objects was substantially lower than for medium and large objects across all architectures, which
is consistent with the difficulty of detecting individual weed plants at early growth stages in high-
resolution aerial imagery. This finding, together with the comparatively low F1-scores observed
for bittercress and Johnsongrass, indicates that resolution and small-object handling, rather than
the detector family alone, are dominant factors limiting performance. The role of annotation
completeness and consistency, ensured here through the curation of WEEDG6C V2, is an
additional factor that supports reliable training and evaluation under these conditions.

These findings should be interpreted in light of the limitations of the present study. The evaluation
was restricted to RGB imagery resized to a single input resolution, and the training configurations
followed each framework's defaults rather than a fully harmonized setting, so the shared protocol
concerns the data partitioning and the evaluation procedure rather than identical
hyperparameters. The detection of small and densely distributed targets at the original acquisition
resolution, as well as the exploitation of complementary spectral information, were not addressed
at this stage and are left for future work.

Conclusion

This study extended the WEEDG6C benchmark by evaluating attention-based object detection
architectures for weed detection in UAV-acquired maize imagery and by contrasting them with a
representative convolutional baseline. As part of the work, a systematic review of the annotations
was conducted, producing a refined version of the dataset (WEEDG6C V2) in which the number of
labeled objects increased from 9,967 to 15,289, with the aim of improving annotation
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completeness and consistency for the training and evaluation of the models considered. All
architectures were trained and evaluated under an identical multilabel-stratified five-fold cross-
validation protocol, ensuring a fair and consistent comparison.

On the WEEDG6C V2 dataset, both attention-based detectors outperformed the Faster R-CNN
baseline across all the metrics considered. The Cascade R-CNN with a Swin Transformer
backbone obtained the highest F1-score (82.59%) and accuracy (71.11%), while RT-DETR
achieved the highest recall (85.51%) and the highest mean Average Precision (81.13% at
MAP@0.50 and 41.04% at mAP@[0.50:0.95]). The best-performing architecture therefore
depended on the evaluation criterion, with the Swin-based model favored at a fixed operating
point and RT-DETR favored when performance was integrated over the full range of confidence
scores. Taken together, these results indicate that attention-based architectures constitute
competitive and promising alternatives for UAV-based weed detection.

The analysis also indicated that small and visually ambiguous instances were the main factor
limiting performance across all architectures, as reflected in the lower average precision obtained
for small objects and in the comparatively low scores for the least represented classes. Future
work includes the evaluation of the architectures under multiple input resolutions and the
integration of slicing-based inference strategies to improve the detection of small and densely
distributed targets at the original acquisition resolution. The incorporation of complementary
spectral information beyond the RGB domain is also envisaged, with the aim of further improving
discrimination between visually similar plant species. By advancing accurate and efficient weed
detection from UAV imagery, the proposed approach contributes to the development of precision
spraying systems that promote more rational herbicide use and support sustainable crop
management practices.
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