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Crop Detection Method using Relative Positional Relationships for
Small Weeding Robots

Yusuke Tuchi!, Atsuki Koshigoe?, Soki Nishiwaki® and Takanori Emaru*

Abstract— Automation in agriculture is increasingly critical
for addressing global food security and sustainability challenges.
This paper presents a novel crop detection method using relative
positional relationships, specifically designed for small weeding
robots. Unlike traditional approaches that rely heavily on
visual characteristics and large annotated datasets, our method
leverages the spatial arrangement of plants to distinguish crops
from weeds, thereby reducing the dependency on extensive data
collection and annotation efforts. We implemented a multi-
stage detection system that first identifies all plants using an
object detection algorithm and then classifies them based on
their positional and size information. Experimental results on
soybean datasets demonstrate that our approach achieves AP
of 71.3% for soy crops and 27.2% for weeds in environments
not included in the training dataset, showing comparable
effectiveness to traditional visual-based detection methods in
scenarios with limited data. This advancement offers potential
for enhancing the adaptability and efficiency of agricultural
automation technologies.

[. INTRODUCTION

Automation in agriculture is essential for achieving both
global food supply stability and environmental protection. As
population growth and climate change continue to affect food
production, there is an increasing demand for technologies
that enhance efficiency and sustainability.

In particular, Japan faces significant socio-economic chal-
lenges due to its aging population and declining birth
rates. Agriculture in Japan has been severely affected by
a decreasing labor force, with the average age of farm-
ers now reaching 68.7 years. Since few young people are
entering the agricultural sector, the number of available
workers continues to decline. As a result, the number of
core agricultural workers has dropped from approximately 2
million in 2010 to 1.16 million in 2023. This decline has
led to reduced productivity and an increase in abandoned
farmland, negatively impacting Japan’s food self-sufficiency
and local communities. Improving agricultural productivity
as a solution to this issue is also expected to contribute to
food security and environmental conservation. Therefore, the
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(b) Soy image in CropAr{dWeed
[8] datasets.

(a) Soy image recorded in
Hokkaido university

Fig. 1. Two images of soybeans of different varieties

solutions to this agricultural problem have the potential to
address not only Japan’s challenges but also global issues
related to sustainable agriculture.

To address these challenges, the automation of agricultural
tasks has become a critical issue. By implementing automa-
tion technologies, it is possible to mitigate labor shortages
and improve the efficiency of agricultural operations. In
recent years, advances in artificial intelligence (AI) have
accelerated research into agricultural automation. In particu-
lar, techniques that utilize object detection and classification
have been studied, such as detecting leaves, fruits, pests, and
diseases[1][2][3][4], as well as applying these techniques to
various agricultural tasks [5][6][7]. However, weed control
remains a significant challenge. Minimizing pesticide use in
weed management is labor-intensive, which underscores the
necessity for automation. If crops can be detected accurately,
allowing for mechanical weeding of non-crop areas, it could
greatly enhance agricultural efficiency.

Specifically, weed control is a physically demanding task,
and the development of weeding robots presents a promising
solution. However, automating weed control with unmanned
ground vehicle (UGV) requires highly accurate crop de-
tection, which presents technical challenges for the precise
automation of such intricate tasks.

Previous research on Al for agricultural tasks has often
focused on specific crop varieties or individual farms, relying
heavily on limited datasets, which restricts their applicability.
Even within the same crop species, variations in light condi-
tions and crop varieties can result in different appearances,
as shown in Fig. 1. When a model is trained to recognize
crops with varying visual features as the same category, it
may easily confuse different plant classes. Consequently, the
AT’s performance may degrade when applied to farmlands in
different environments from the experimental fields, or even
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with different varieties of the same crop.

Plants grow according to the season and exhibit differ-
ent appearances at each growth stage, posing a technical
challenge in accurately representing these variations within
datasets. Additionally, there is no fixed pattern in the types of
weeds that grow on a farm, and different weeds may emerge
in the next season. Moreover, the process of collecting plant
data and ensuring its precise annotation demands significant
time and resources, making the development of universally
applicable crop detection Al an especially challenging task.

Humans, on the other hand, can identify crops to a certain
degree even without prior knowledge of what crops are being
grown or their visual characteristics. This ability extends
even to fields heavily infested with weeds, because humans
typically recognize crops based on their organized planting
patterns, such as rows, rather than individual features. If it
were possible to classify crops and weeds using positional in-
formation rather than relying solely on visual characteristics,
this could enable Al implementation across various regions
and conditions with significantly less data than is currently
required. Consequently, an AI model that considers spatial
relationships to distinguish between crops and weeds could
make agricultural automation more adaptable and practical.

Previous research has primarily focused on detecting
plants using visual features extracted by Convolutional Neu-
ral Networks (CNNs) [9] or Transformers [10], with little
consideration given to the positional relationships within the
field. To address this, we provided the neural network with
explicit positional information and size data for each detected
plant, without categorizing them initially. By calculating
the likelihood of these plants forming rows, we classified
them as either weeds or crops. In this study, we evaluated
the importance of positional relationships in distinguishing
between crops and weeds by comparing our position-based
algorithm with existing algorithms.

II. RELATED WORKS
A. Object Detection: Diverse Architectures and Strengths

Object detection involves the task of identifying specific
objects within an image or video and marking their locations
with bounding boxes. Over time, various approaches have
been developed for object detection, each with unique archi-
tectures and characteristics that cater to different application
needs.

B. Single-Stage Detectors

Single-stage detectors perform both object detection and
classification in a single pass through the network. Two
prominent examples of this approach are the You Only Look
Once (YOLO) [11] series and RetinaNet. These models
process the entire image at once, allowing them to detect
multiple objects simultaneously. The ability to process the
image in a single pass is the defining feature of single-stage
detectors, making them particularly suitable for real-time
applications such as surveillance, autonomous drones, and
robotics.

One of the main strengths of single-stage detectors is their
speed and efficiency. Due to their lightweight architecture,
they can be deployed on devices with limited computational
resources without sacrificing too much in terms of perfor-
mance. For instance, YOLOvVS8 [12] achieves an optimal
trade-off between speed and accuracy.

Similarly, RetinaNet [13] introduces Focal Loss to address
the class imbalance problem, allowing it to better detect hard-
to-detect objects, especially those that are rare in the dataset.

C. Multi-Stage Detectors

In contrast to single-stage detectors, multi-stage detectors
divide the detection and classification processes into several
stages. Each stage refines the previous stage’s predictions,
leading to progressively more accurate object detection.
Notable examples of multi-stage detectors include the models
from the Region-based Convolutional Neural Networks (R-
CNN) [14] family, such as Faster R-CNN [15] and Cascade
R-CNN [16]. These models work by first generating a set
of rough predictions, which are then refined in subsequent
stages to improve accuracy.

Multi-stage detectors are known for their high detection
precision. The successive refinement of predictions allows
these models to achieve a level of accuracy that is often
superior to that of single-stage detectors. This makes them
particularly suitable for tasks where precision is critical, such
as in medical imaging or other applications where even a
slight detection error could have significant consequences.
Cascade R-CNN, for example, utilizes multiple regression
stages to incrementally improve the detection results, lead-
ing to high-precision outputs that are well-suited for such
precision-demanding tasks.

D. Transformer-Based Detectors

A recent development in object detection is the use of
Transformer architectures. Unlike traditional convolutional
neural networks (CNNs), Transformer-based detectors use
self-attention mechanisms to model relationships between
different parts of the image. This enables these models to
capture long-range dependencies and learn more complex
patterns, which can be advantageous in scenarios where ob-
jects have intricate relationships or are arranged in complex
ways within the image.

Transformer-based detectors, such as DINO [17] and
Detection Transformers (DETR) [18], offer high precision
in object detection tasks. The ability to model long-range
dependencies makes these models particularly effective in
complex detection scenarios, such as autonomous driving or
scene understanding in environments where multiple objects
are interacting in various ways. DINO, for instance, leverages
the Transformer architecture to capture these dependencies,
resulting in a high level of precision that can outperform
traditional CNN-based approaches in such contexts.

III. METHOD

In this chapter, we provide an overview of a system that
utilizes positional and size information of detected plants as
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Fig. 2. The diagram illustrates the object detection process, beginning with the detection of plant coordinates and bounding boxes. The plant coordinates
are transformed into lower-resolution coordinates, and the sizes of the bounding boxes are calculated. These features are embedded and combined to
compute all possible vectors between plant points, which are then processed through a Transformer layer to extract relationships between the point pairs.
The resulting features are passed through fully connected layers to estimate probabilities of ridge formation. Finally, class probabilities are calculated based

on the extracted features.

input for a neural network. The system is designed to classify
plants into crops or non-crops through a series of processing
steps, starting with the detection of individual plants. In this
study, we used a Multi-Stage approach where classification
occurs after the detection of individual plants as shonw in
Fig. 2.

First, the object detector is trained using diverse plant data
without specifying the target plant species. This approach
enables the detection of individual plants in an image based
on learned general features, even if the target crop is not
included in the training data. The detected positions of the
plants are then converted into three types of coordinates by
coarsely dividing the image. In this study, the number of
divisions was set to 20, 40, and 80.

The plant indices on each coordinate system are embed-
ded. These indices represent the order in which the plants
were detected. After embedding, pairs of indices are formed
so that all possible combinations of indices are obtained.
The embedding layers for these indices utilized PyTorch’s
embedding layer; however, the parameters of the embedding
layer were initialized with a uniform distribution and then
fixed, without undergoing training. By passing the index pair
information, which was transformed into features through
the uniform distribution, through an MLP, pair features were
obtained. In this experiment, the embedding layer and the
entire MLP were treated as the index embedding layer.

Next, for every combination of plants in the image, vec-

tors between plant pairs are calculated for each coordinate
system. The angles of the calculated vectors are then de-
termined. When the UGV crosses ridges, plants are aligned
vertically relative to the image, so if the resulting vector is
zero, it is considered to be at 0 degrees, which indicates a
direction perpendicular to the ridges.

Bounding box sizes are also paired in a similar manner.
However, the bounding boxes are normalized so that the
largest one in the image is scaled to 1.

The bounding box pairs and vector angle pairs are adjusted
by a fully connected layer to match the size of the embedded
indices.

By combining the indices, vector orientations, and bound-
ing box sizes into a tensor, we create plant pair information
that explicitly includes positional and size information, which
is then used as input to the Transformer.

Binary classification is employed on output of the Trans-
former to determine the probability of whether each plant
pair forms a ridge as shown in Equation (3). From the
network’s output, we count how many times the vector asso-
ciated with each index is classified as part of a ridge-forming
plant pair. The count for each index is then normalized
by the maximum count among all indices. Finally, plants
with indices whose count exceeds a predefined threshold are
treated as crops as described in Equation (6).

P,P; = BinaryClassifier(x; )

(3)
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P.P; represents the probability that the plant pair (i, j) forms
a ridge. x;; is the feature tensor for the pair (i, ).

Ci = Y I(P,P; > threshold) (4)
j

C; is the count of how many times index i is part of a ridge-
forming pair.

C:
Cporm — L 5
13 Cmax ( )

C7°™ is the normalized count for index i. Cpax is the
maximum count among all indices.

Crop ifCM"™M>1
Weed otherwise

Crop(i) = { (6)
Crop(i) indicates whether the plant associated with index i is
considered a crop or not. 7 is the threshold for determining
crop status.

IV. EXPERIMENT

We compare the accuracy of object detection using ex-
isting methods with that of our proposed method. In this
experiment, we trained YOLOv8 with the official repogitory
[12] and the others with MMDetection[19].

A. Experiment Overview

Soybeans were selected as the target for accuracy evalua-
tion due to their wide range of applications in Japan, from
food products like soy sauce and tofu to medicinal products
such as traditional herbal medicines. Additionally, because
of their high protein content, soybeans are used as a raw
material for alternative meats, making them a highly versatile
crop. Therefore, soybeans were chosen as the evaluation
target. Furthermore, medicinal soybeans are subject to strict
pesticide regulations, necessitating significant manual labor
in Japan. The need for effective soybean detection in various
environments is another reason they were chosen for this
experiment.

For training, we utilized the CropAndWeed [8] dataset
alongside additional data collected from various farms in
Hokkaido, Japan. The CropandWeed dataset contains over
7,000 images of crops and weeds with annotation, finely
categorized by growth stages and crop species. To prevent
unnecessary degradation in accuracy, only images containing
soybeans and weeds were retained, while those containing
other crops were excluded. Additional data collected from
within Hokkaido University was also included in the training
and validation set. The final training dataset comprised 3,807
images, while the evaluation dataset contained 589 images.

To accurately assess the generalizability of the network,
the final evaluation was conducted using data of the same
soybean variety as the training data but captured in different
years. The data captured in 2024 has slightly different
lighting conditions, crop conditions, and soil states due to
different shooting dates compared to data captured from 2021

to 2023. The soybean data used for both training and eval-
uation while model development was captured in Hokkaido
between 2021 and 2023, whereas the final evaluation data
was captured in 2024. The final evaluation data contains
579 images. For comparison, different detection algorithms,
including Cascade R-CNN, YOLOVS, RetinaNet, and DINO,
were employed to calculate the detection accuracy for the
crops.

For YOLOVS, the model v8x configuration was used,
while for the other models, ResNet50 was employed as the
backbone, Feature Pyramid Network (FPN) as the neck, and
each model’s respective detection mechanism was used for
the head. The learning rate was set to 0.001, and if the
loss diverged, it was reduced by multiplying by -10 until
divergence stopped. SGD was adopted as the optimizer, with
a learning momentum of 0.9, weight decay of 0.0001, and
training was conducted for 100 epochs.

All models were trained using augmentations such as hor-
izontal and vertical flipping and color jittering. All detection
confidence thresholds were set to 0.5 in evaluations.

For the proposed method, the YOLOvV8 x model was
used as the object detection algorithm. The YOLOvV8 x part
was trained on the same dataset as the existing methods,
but the classes for soybeans and weeds were combined
into a single plant class. The Transformer used 6 layers
and was trained using positional data of soybean, corn and
adlay crops, captured in the same fields as the soybean
data recorded in 2023. For the positional data training,
data augmentation was performed by cropping the edges
of images and reconfiguring the crop positions on the low
resolution coordinates. The Transformer loss function was
binary cross-entropy. Additionally, dummy data was used to
align the input dimensions for the Transformer.

In addition to these comparative experiments, we con-
ducted experiments to verify whether the proposed method
can detect crops with different planting spatial relationships.
For crop images other than soybeans, which were insuffi-
cient in quantity for training (approximately 50 images), we
performed detection using the proposed method without any
additional training, based on comparative experiments with
other networks, and evaluated the accuracy. The crops used
for verification were potatoes, and soybeans planted with
plastic mulch.

B. Result

The experimental results are presented in Table I, and
Table II. Figure 3 illustrates a characteristic type of false
detection observed with the proposed method, Fig. 4 shows
the detection results for other types of crops, and Fig. 5
shows the images of crop detection results using each model.

In weed detection, the proposed method achieved the
highest accuracy, resulting in the highest mAP. Moreover,
it was possible to detect soybeans or other crops planted at
different intervals without any additional training.

As seen in Fig. 3, there were differences in the types
of misdetections between classifications based on positional
information and conventional object detection methods. The
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TABLE I
INFERENCE RESULT OF COMPARISON EXPERIMENT

APsooy%  APsoweed% %  mAPso%
Cascade R-CNN 58.3 5.1 31.7
YOLOvV8 56.2 11.8 34.0
RetinaNet 71.2 6.5 38.8
DINO 75.5 1.0 38.3
YOLOVS + Ours 713 27.2 49.3
TABLE II

INFERENCE FOR OTHER CROPS WITH PROPOSED METHOD WITHOUT
ADDITIONAL TRAINING

APSOcmp% APsoweed % mAPs(%
Soy with Mulch 69.9 No weed 69.9
Potato 66.8 3.9 353

proposed method exhibited unique failures, particularly when
a large number of weeds were present alongside the rows.

C. Discussion

In this study, differences in lighting conditions and soil
states between the training and evaluation datasets had a
significant negative impact on accuracy. Additionally, due
to the broad variety of weed species learned from the
CropAndWeed dataset, the model may have focused more
on learning common features, leading to misclassification
of crops as weeds. The presence of a substantial number of
weeds smaller than 30 pixels could also explain the generally
low detection accuracy for weeds.

The differences in misdetection patterns between con-
ventional and proposed methods indicate that each is not
merely a superior version of the other, but rather networks
designed to handle different characteristics. In particular,
the proposed method experiences a significant decrease in
accuracy when the number of crops is two or fewer. Because
the method relies solely on angular information and size
rather than the distance between plants, it was possible to
achieve a certain level of detection for other crops without
requiring additional training. Building upon these findings,
one potential improvement could be expanding the shooting
range. By doing so, the number of crop pairs forming rows
can increase, allowing for a higher threshold to be set, which
could further improve detection accuracy. Additionally, when
the spacing between crops in a field is predetermined, it is
possible to enhance detection accuracy by predefining which
positions within the camera frame will capture the plants.

Applying this method to multiple rows presents chal-
lenges. Crops separated into different rows may not be con-
sidered as forming a pair since their vector relationships do
not align with the row direction. This necessitates lowering
the threshold for how many times a crop pair is identified
as forming a row, which can lead to over-detection. In
such cases, directly inputting coordinates with vector angle
information and bounding box sizes into the Transformer
model might be more effective, particularly in situations
where generalizability might decrease, but the crop spacing
are known information.

Fig. 3. A characteristic false detection specific to the proposed method

b

(a) Detection Results for Potatoes (b) Detection Results for

Soybeans with Mulch.

Fig. 4. Detection results for other crops

V. CONCLUSION

From this study, we demonstrated that a network explicitly
provided with positional and size information of plants can
detect crops with accuracy comparable to that of conven-
tional methods that learn the features of individual crop
species. The findings of this study highlight the potential
of using relative positional and size information to enhance
crop detection models. By integrating these factors with
traditional appearance-based features, there is a possibility
of developing an object detection model that could be
effectively trained with less data compared to conventional
crop detection algorithms that require large datasets. Such
advancements could make Al applications in agriculture
more efficient and widely applicable. Future research should
explore the practical challenges of applying these methods
across different crop arrangements and field conditions to
realize their potential.
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