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Highlights

What are the main findings?

e Anovel labelling approach using relative differences in weed pressure was developed
to train a CNN ordinal regression model for weed detection.

e  The model achieved strong performance, successfully detecting weed pressure gradi-
ents in potato fields.

What is the implication of the main finding?

e  The proposed method significantly reduces data labelling time and effort while main-
taining high prediction accuracy.

e  The approach enables flexible, site-specific weed management decisions, supporting
more sustainable and environmentally friendly agricultural practices.

Abstract

Agricultural management in Europe faces increasing pressure to reduce its environmental
footprint. Implementing precision agriculture for weed management could offer a solution
and minimize the use of chemical products. High spatial resolution imagery from real
time kinematic (RTK) unmanned aerial vehicles (UAV) in combination with supervised
convolutional neural network (CNNs) models have proven successful in making location
specific treatments. This site-specific advice limits the amount of herbicide applied to the
field to areas that require action, thereby reducing the environmental impact and inputs
for the farmer. To develop performant CNN models, there is a need for sufficient high-
quality labelled data. To reduce the labelling effort and time, a new labelling method is
proposed whereby image subsection pairs are labelled based on their relative differences
in weed pressure to train a CNN ordinal regression model. The model is evaluated
on detecting weed pressure in potato (Solanum tuberosum L.). Model performance was
evaluated on different levels: pairwise accuracy, linearity (Pearson correlation coefficient),
rank consistency (Spearman’s (rs) and Kendal () rank correlations coefficients) and binary
accuracy. After hyperparameter tuning, a pairwise accuracy of 85.2%, significant linearity
(rs = 0.81) and significant rank consistency (rs = 0.87 and T = 0.69) were found. This
suggests that the model is capable of correctly detecting the gradient in weed pressure
for the dataset. A maximum binary accuracy and Fl-score of 92% and 88% were found
for the dataset after thresholding the predicted weed scores into weed versus non-weed
images. The model architecture allows us to visualize the intermediate features of the
last convolutional block. This allows data analysts to better evaluate if the model “sees”
the features of interest (in this case weeds). The results indicate the potential of ordinal
regression with relative labels as a fast, lightweight model that predicts weed pressure
gradients. Experts have the freedom to decide which threshold value(s) can be used on
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predicted weed scores depending on the weed, crop and treatment that they want to use
for flexible weed control management.

Keywords: ordinal regression; CNN; relative labels; weed detection; potato; UAV

1. Introduction

Intensive crop production in Europe relies on high chemical input of plant protection
products (PPP), which has a high negative impact on environment, biodiversity and human
health. Additionally, incorrect use of these PPP can lead to resistant diseases, pests and
weeds [1]. More sustainable use of PPP is necessary, and as herbicide application accounts
for one third of PPP use in Europe, site-specific weed control (SSWC) could provide an
answer. The detection of weeds with images can be converted into prescription maps and
applied only where weeds are present [2,3].

Recent advances in weed detection are related to the use of high spatial resolution
imagery (<1 cm) from GNSS-RTK equipped unmanned aerial vehicles (UAVs), as they
can provide detailed weed maps. The combination with deep learning models has gained
momentum as recent studies have shown the potential of commercial low-cost UAVs and
open-source software packages in making prescription maps of SSWC [4].

Convolutional neural networks (CNN) are popular deep learning models for computer
vision tasks, such as instance and semantic segmentation, object detection and image
classification. Their use in recognizing weeds in UAV images has increasingly grown since
2013 as (i) off-the-shelf models and (ii) GPU cloud computing becomes more accessible [5-7].
However, CNNs struggle with the high variability in agricultural datasets and this remains
a challenge when building robust deep learning models. The variability can be caused both
by variation in the combinations of crops and weeds (i.e., occlusion of crops and weeds,
color and texture similarities between crop and weeds, inter-class similarities, intra-class
variations because of growth stage variability or phenotypic plasticity) or a variation in the
data acquisition (i.e., illumination, shadow effects or motion blur).

CNN models account for this variability with an increased amount of trained pa-
rameters and become large, requiring more data collection, labelling and training [6,8].
Researchers have tried to solve this time and energy consuming practice by building avail-
able, open-source datasets of different crop and weed species [2,3,9], by generating training
data using data-augmentation [2,5,6,9-12] or generating synthetic data [13]. However, even
after training on large datasets, models must be retrained to obtain adequate accuracy on
their own datasets. Lightweight models, fast labelling and retraining methods to “(over)fit”
the model to the dataset of interest are used to overcome this, either through (i) the use of
other learning methods (unsupervised, semi-supervised learning, active learning) [2,8,11],
(ii) using knowledge of other developed models that performed similar tasks (transfer learn-
ing [3,5,6,11-14] and few-shot learning [15-17]), or (iii) by combining different strategies of
training data generation, fast labeling and retraining.

In this paper, we propose a CNN ordinal regression model with pairwise ranking
to address this problem. Ordinal regression models are categorical but have an ordered
structure with distances between ranks being undefined. This represents a combination
of classification models and regression models, allowing us to benefit from the best of
both worlds. This was visualized in Figure 1 in comparison to common deep learning
computer vision tasks. CNN ordinal regression models have been successfully used in a
broad range of applications such as facial age estimation [18-22], image aesthetics [22] and
relative visibility estimation [23] in foggy image datasets. To the best of our knowledge, we
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are the first to use CNN ordinal regression models for weed pressure prediction on UAV
image data.
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Figure 1. Visualization the most common deep learning computer vision tasks and the trade-offs
between level of training/inference speed and model complexity. The newly proposed model (ordinal
regression model) is based on these trade-offs, located in between image classification and object
detection (indicated by the orange dotted rectangle). Figure adapted from [2].

2. Materials and Methods

2.1. The Dataset
2.1.1. UAV Data Acquisition

The data was collected with two UAV flights on the 27 and 30 May 2022 at an experi-
mental field of the Flanders Research Institute for Agriculture, Fisheries and Food (ILVO)
(50°58'57.04""N, 3°46'38.97"E). The experimental field was uniformly planted and predeter-
mined areas (red boxes in Figure 2) were left untreated to ensure natural distribution of
weeds and weed pressure variability throughout the field (Figure 2).

Test plot - weed detection potatoes
[ untreated areas
3 Plot boundary

Figure 2. Test field with potato crop, located in Merelbeke, Belgium. Red areas within the field
remained untreated with herbicide to artificially introduce weeds within the parcel. The orthomosaic
was created using Agisoft Metashape 1.5.5, the map in QGIS 3.22 [24,25].
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Images were collected with a DJI M600 PRO (DJI, Shenzhen, China) platform that
was equipped with a Sony Alpha 7III camera (Sony, Tokyo, Japan) with a 50 mm lens
(FE 50 mm F/1.8 Sony, Tokyo, Japan). A gimbal, type DJI Ronin-MX (DJI, Shenzhen,
China), was used to stabilize the camera and keep it in nadir-looking position. The flights
took place at an altitude of 20 m to obtain a spatial resolution of 0.2 cm/pixel. During the
flights, images of 3984 x 2656 pixels were taken with 70% overlap.

2.1.2. Data Preprocessing

UAV images were cropped into small image subsections of 256 x 256 pixels, using
Python 3.10 [26]. This resulted in 2350 image subsections of which 14,622 subsections pairs
were pairwise labelled and divided into 11,697 (80%) and 2925 (20%), which were used for
training and validation of the model, respectively (Figure 3).

27May 2022 30 May 2022

i!i i!i Data acquisition
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115 (3,984 x 2,656 pxls) UAV images

;Y—]
Image cropping
BEFF s o
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l Subsection pair labelling
+ subsetting dataset
80% -t 20%
| — |
-—
14,622 subsection pairs
= =
- -
Training set Validation set
11,622 subsection pairs 2,925 subsection pairs
1,855 subsections

Binary labelling Weed segmentation
* 1,327 “weed” subsections 100 randomly selected subsections of
* 427 “no weed” subsections which the weeds within the sub-

sections are semantically segmented.

Figure 3. Overview of the steps taken to create the datasets, from data acquisition, image cropping
and labelling.

The subsections of the validation set (1754 subsections forming 2925 pairs) were
further binary classified into labels 0 (no weed present, do not apply herbicide) and 1
(weeds present, apply herbicide). Of the validation set, 100 subsections were randomly
selected for segmentation of weed pixels (Figure 4). This was done by first converting the
red, green and blue values of the image into reflectance values, followed by calculating the
Excess Green (ExG) index of each pixel [27], as shown in Step B of Figure 4. For this index,
a threshold of 0.05 was used, based on visual inspection, to separate pixels into vegetation
and non-vegetation pixels (binary tile, Step C in Figure 4). These preprocessing steps were
conducted with Python 3.9 in Jupyter Notebook v5 [28-31].

Pixels of the binary raster subsections were manually corrected in QGIS so that only
weed pixels received a value of 1, while pixels of potato plants and non-vegetated pixels
have a value of 0. From these corrected segmented tiles, the weed pressure was calculated
as the ratio of weed pixels over the total amount of vegetated pixels per tile (Step E in
Figure 4). The correction on the segmented subsections was carried out with the use of the
Serval Plugin [32].
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Figure 4. The subsection processing steps for semantic segmentation of the weed pixels. (A) is the
original image subsection. (B) is the ExG index for each pixel, with dark blue to brighter green pixels
indicating the gradient from low to high values. (C) is the binary subsection after thresholding,
with yellow pixels of 1 (ExG values > 0.05) and dark purple values of 0 (ExG values < 0). (D) is the
histogram of ExG values of the subsection. (E) is the corrected segmented weed plants.

The model is trained based on pairwise ranking the images: for each image subsection
pair, an annotator has to indicate the image with the highest weed pressure. An example
for weed pressure in maize is given in Figure 5.

Figure 5. An example of an image subsection pair for which the left image appears to have the highest
weed pressure of both images and should be ranked accordingly.

2.2. Ordinal Regression Model

The deep learning model for ordinal regression is implemented using PyTorch [33]
and PyTorch Lightning 2.0.3 [34] in Python. It is designed for comparing image subsection
pairs to learn a ranking function based on a relative attribute—the amount of weed present
in the image. When an image is passed through the model, a theoretical value is computed
as “weed pressure” on an ordinal scale. This z-score will be used throughout the model.
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The training was also performed with and without data augmentation. Data augmen-

tation is a method of artificially increasing the training set by creating modified copies of

the “true” data within the training set. When data augmentation was required, images from

the training dataset were randomly flipped vertically and horizontally 50% of the time,

while color channels were randomly inverted 20% of the time. This last transformation was

added to make sure the model “learns” to recognize weeds based on more than “green”

color on a brown background.

2.2.1. Architecture

The model is a CNN which can be divided in different structures:

The initial convolutional blocks:

The number of convolutional blocks is configurable as hyperparameter, ranging from
two to six blocks. Each convolutional block consists of (i) a 2D convolutional layer
for feature extraction (like edges, textures, etc. form the input data), (ii) a 2D max-
pooling layer to down sample the feature map, (iii) a group normalization layer
(to separate the channels into four groups) and (iv) a ReLU (rectified linear unit)
activation function to introduce non-linearity. The number of filters (feature maps)
can be further defined as hyperparameters for the first convolutional layer (default
value of 32) and subsequent convolutional layers (default value of 64 for convolutional
layer two up to six, depending on the total number of specified convolutional blocks).
The final convolutional layer:

The last convolutional layer either outputs a single channel (default setting) or
continues to a fully connected head. In the latter case, the model has two addi-
tional fully connected layers (with a ReLU activation function in between) after the
convolution layers.

The final convolutional layer is used to process the final feature maps into a single

output, representing the relative ranking of the image.

3.

The receptive field calculation:

In order to understand the learning process of the model better, a code was developed
to calculate and visualize the receptive field of the last convolutional layer before the
final output. When an image x passes through the convolutional blocks (forward
pass), the receptive field can be returned for this last stage (if wanted). This allows us
to determine how much of the input image that each output unit is “seeing” and helps
to ensure proper design for spatial dependencies in the images. Its size is determined
by the chosen kernel sizes, strides and dilations within the convolutional backbone.

2.2.2. Optimizer and Loss Functions

1.

The Adam optimizer is used to learn the weights and biases. It combines the benefits
of Adaptive Gradient Descent and RMSprop, whereby it maintains separate learning
rates for each parameter and updates them based on both the first and second mo-
ments of the gradients. The default learning rate can be specified as hyperparameter,
with a default value of 0.001.

The loss function used is a form of the Hinge Loss function. The type of Hinge Loss
can be set as a hyperparameter, but the default value is set to 2. This exponentiates the
difference, making it a squared hinge loss (L2) by default. Hinge Loss is commonly
used for ranking or classification tasks. In this case, it computes the difference (d)
between two output values z; and zj, which represent the relative ranking (i.e., the
amount of weeds in image 1 vs. image 0). The function applies the ReLU (1 — d)
operation, which ensures that the loss is only computed when z; is less than zj by
more than 1, encouraging the model to rank the images correctly.
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2.3. Model Performance Evaluation
For the evaluation of the model, several metrics have been proposed:

e  During training, the squared hinge loss of each batch of image pairs and the pairwise
accuracy are calculated for both the training and validation set. The pairwise accuracy
is the number of instances where the pairwise ranks are correctly predicted divided by
the total number of instances. The pairwise accuracy could also be calculated for an
independent test set but was not used in this case.

e  For the 100 segmented image subsections, the linearity and the rank consistency were
evaluated by determining the Pearson, Spearman’s rank and Kendal rank correlation
coefficients between the predicted weed score (z) per image subsection and the number
of pixels segmented as “weed”.

e  Lastly, the validation set was binary labelled into subsections with label 1 (weeds
present) and 0 (no weeds present). Fl-scores, overall accuracy, precision and recall
were calculated for a range of different thresholds on the predicted z-scores (ranging
from 0.5 to 1.6, with a step of 0.01, based on the structure of this dataset) to evaluate
classification performance. A Mann-Whitney U test with asymptotic approximation
with tie correction was used to see if the image subsections with label 0 had a signifi-
cantly higher predicted weed (z) score compared to image subsections with label 1.
Statistical tests were performed with the SciPy package [35].

3. Results

3.1. Model Performance
3.1.1. The Pairwise Accuracy

Model training was conducted for different hyperparameter settings. Pairwise accu-
racy was used as a metric for model optimalization during training (Equation (1)). For all
image subsections x; (with labelled weed pressure rank z;) and images subsections x; (with
a labelled weed pressure rank z), z; having a higher rank than z;, the pairwise accuracy of
an image pair (x;, X;) is:

Yicil((z > z) & (4 > %))
Licjl

pairwise accuracy = A = (1)
whereby Z; and Z; are the predicted ranks of xi and xj, respectively. The hyperparameters
were iteratively evaluated and the hyperparameters of the best pairwise accuracy for the
validation dataset is shown in Appendix A.

Training with data augmentation was performed without an early stopping rule (so
trained for 100 epochs). The model had a slightly lower maximum pairwise validation
accuracy (85.6% versus 86.6%) compared to the model without data augmentation. The
latter already reached this validation accuracy within 32 epochs. At the end of their
training, both models had a pairwise validation accuracy of 85.2%. Pairwise training
accuracy was 90.7% and 87.0% for training without (and early stopping rule) and with
data augmentation, respectively. The results are shown in Figure 6. The following results
that will be discussed come only from the non-augmented model since no improvement
was found for training with data augmentation. A shorter training time is additionally
more interesting for applications in agriculture, where processing times must be kept to
the minimum.

The pairwise accuracy is calculated by subtracting the predicted weed score of the
image subsection with the lower labelled weed pressure from the predicted weed score of
the image subsection with the higher labelled weed pressure. This pairwise subtraction or
“distance” is visualized in Figure 7.
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Figure 6. Results of the training with (purple line) and without (cyan line) data augmentation on
the “Weights & Biases” website. From top left to bottom right: evolution of the pairwise training
accuracy, pairwise validation accuracy, training loss and validation loss. The transparent lines give
the calculated values for each step, while the solid line gives the Gaussian average of the curve by
factor 10 (for training) and 1 (for validation).
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Figure 7. Prediction histogram of pairwise distances on validation dataset after training. Image
pairs what have a negative or positive distance are “wrongly” or “correctly” classified by the model,
respectively. The proportion that is correctly classified is 85.2%.

3.1.2. Binary Validation

The binary labelling of the validation dataset into subsections with label 1 (weeds
present—apply herbicide) and 0 (no weeds present—do not apply herbicide) results in
1327 subsections with label 1 and 427 subsections with label 0. The subsections with
label 1 had different rates in weed pressure. The binary scores were compared to the
predicted weed pressure (z) scores from the model (Figure 8). Image subsections with label
0 had a significantly lower predicted weed pressure score compared to image subsections



Remote Sens. 2025, 17, 3434

90f18

with label 1 (Table 1). Fl-score, overall accuracy, precision and recall were calculated for
different threshold values for the z-scores, simulated from 0.5 up to 1.6 in increments of
0.01. (Figure 9). The highest values for F1-score (0.92) and overall accuracy (0.88) were
found at a threshold of 0.76 and 0.89, respectively.

Predicted weed pressure (Z-score)
N

0 1
Binary value (0 - don't apply herbicide ; 1 apply herbicide)
Figure 8. Violin plots of the predicted weed pressure (z-score, y-axis) versus binary label for herbicide
application (x-axis) for the validation dataset.

Table 1. Results of the Mann—-Whitney U test statistic with asymptotic approximation for predicted
weed pressure (z-score) between the two groups.

No Herbicide Herbicide
N1 =427 N2 =1328
Ul =35,617 U2 =531,012
Median = 0.54 Median = 1.85
IQR =0.62 IQR =1.22

p-value 4.99 x 107163

1.00 -

0.95 A

0.90 A

0.85

0.80

Score

0.75 A

0.701 Fl-score

Accuracy
Precision
Recall

0.65

0.60 -

0.6 0.8 1.0 12 14
Threshold

Figure 9. Evolution of precision, recall, overall accuracy and Fl-score (y-axis) for different threshold

values for the predicted z-scores (x-axis).

3.1.3. Rank Consistency

The rank consistency of the predicted weed scores (z) was evaluated by comparing
these scores with the calculated percentage of weed pixels for 100 randomly selected image
subsections. The scatterplot is shown in Figure 10. The association was evaluated for
linearity (Pearson correlation coefficient, rp) and monotonic relationship (Spearman’s (rs) &
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Kendall (7) rank correlation coefficients). The three coefficients were significant, with very
strong estimated effect sizes (Table 2). This indicates a linear and monotonic association
between the two values.

2.5 1 oo

2.0 1

1.5 A

Z-score

0.0 O.‘l 0.‘2 0.‘3 0?4
Weed percentage (%) per image subsection
Figure 10. Scatterplot of the predicted z-values (y-axis) and the calculated weed percentage after
segmentation (x-axis) for 100 randomly selected image tiles from the validation dataset.

Table 2. The correlation coefficients between the predicted weed scores (z) and the calculated
weed percentage after segmentation, for 100 randomly selected image subsections from the
validation dataset.

Statistic Symbol Estimate (5‘ -Zj)l,l(l)g)
Pearson correlation coefficient Ip 0.81 2.61 x 10724
Spearman’s rank correlation coefficient Is 0.87 2.01 x10~%2
Kendall rank correlation coefficient T 0.69 2.38 x10~%

3.2. Receptive Field Calculation: Peeking into the Black Box

The model architecture enables the visualization of the receptive field of the last con-
volutional block before the final prediction. This receptive field represents the specific
portion of the input image that influences the activation of a neuron (or node) in a feature
map. By computing and analyzing the receptive field, data analysts gain valuable insights
into which regions of the image contribute most to the model’s decision-making process.
This is particularly crucial in deep learning, where models are often considered “black
boxes” due to their complex and non-transparent internal representations. Understand-
ing the receptive field helps in diagnosing model behavior, improving interpretability,
and ensuring that predictions are based on relevant image features rather than spurious
correlations or artifacts. Ultimately, this enhances trust in the model’s decisions and can
guide further refinement to improve performance and reliability. An example is given in
Figure 11, whereby the input image (left panel) is compared with receptive field (middle
panel). The receptive field with a size of 178 x 178 pixels indicates regions with higher
values as yellow (presence of detected features) and regions with lower values as dark
blue (absence of features). The final prediction (z-score) will be the average over these
values (for the final feature layer). By mapping the features over the input image, we can
see which features match which special region within the image (right panel). If the high
values (more yellow color) match the regions with weeds within the image, it gives us more
confidence in the model. If not, we can see which spatial regions “confuse” the model. It
allows us to better understand feature influence, allows debugging and interpretability of
the model and (if needed) adjusting the model architecture. For example, if the receptive
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field is too small, the model may not capture large-scale patterns. If it is too large, details
might be lost.

50 50

100 100
150

150

200 200

| 250 250
150 200 250 o 50 100 150 200 250 0 50 100 150 200 250

Figure 11. Comparison of the input image subsection (left panel) with the receptive field of the
finale feature map (middle panel). The latter indicates regions with high and low values from yellow
to dark blue. The model will calculate the weed pressure (z-score) based on the average of these
values. The (right panel) maps the feature map over the input subsection. High values are made
more transparent, while low values are darker. For this example, the regions with weeds are quite
well detected by the model.

4. Discussion
4.1. Challenges of Deep Learning Algorithms

In practice, remote sensing applications have a limited amount of available (labelled)
data. Data engineers and scientists are trying to come up with lightweighted models, fast
labelling approaches and retraining strategies as solutions for their application. Models
are fast retrained or finetuned with a small training and validation dataset of a certain
dataset, knowing that the datasets are not independent and the model will likely lose
performance when used on another independent dataset. If the retraining and overfitting
of lightweighted models has a lower processing time than collecting very large datasets and
training robust models, small companies will conduct the first strategy for their business
services. Once enough data is collected, they will switch to the training of larger, more
general models.

In this paper, we proposed a fast approach for consistent image labelling. The relative
reference for each image pair is clear. Image regression, object detection and segmentation
(semantic, instance and panoptic) require every object or pixel within the image that
belongs to a weed plant to be exactly labelled. This labelling process is time consuming
and challenging [2]. Labelling for image classification is easier compared to segmentation,
object detection and regression, but gives no information on weed pressure rate within the
image. This hinders freedom in choice of herbicide rate application by the end user.

4.2. The Dataset

Labelled datasets, be it for image classification, object detection or segmentation, can
be easily converted into a much larger dataset with relative image pairs. Objects and masks
can indicate how many weeds are present within the image, which makes ranking of weed
pressure possible, resulting in a very large number of combinations pairs for ranking. For
example, when the weed pressure (annotated as only one label) is known for n images, the
total amount of possibilities (TA) in complete pairwise ranking is [36]:

nmn-1)

TA = >

)
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This can seriously increase the total amount of data. Not all combinations must,
however, be given to the model to achieve a sufficiently performant model (like in this
study). For binary labelled image datasets, with x members of label 1 (weeds present) and
y members of label 0 (no weeds present), the total labelled dataset (n) changes from:

n=x+y 3)

to:
TA— =xy (4)

without additional labelling effort. However, this last example is illustrative given that
building such a pairwise dataset could result in a model that does not adequately capture
the full ranking curve of weed pressures.

In Section 4.1, it was already mentioned that labelling pairwise image subsections are
consistent and easy to label. This is true for most cases, except for two conditions:

e rankings are complicated by poor data quality in one or both image subsections
(differences in lightning, shadow effects, blurred images, not enough spatial resolution
to detect very small weed plants),

e  animage subsection pair has similar or very similar weed pressure rate.

Both conditions can create annotation uncertainty. The first condition is common for
all computer vision models and is often overcome by removing low quality images from
training and validation.

For the second condition, there is no clear approach to overcome this problem. One the
one hand, these image pairs could be skipped and the labels could focus on more certain
relative differences in weed pressure. This however might lead to annotation laziness. On
the other hand, these hard to rank image subsection pairs could be ranked by multiple data
annotators (with sufficient domain expertise). It can however also lead to vicious circles
when there are triplets of image subsections (im1, im2, im3) that have been ranked in the
label data in such a way that: im1 > im?2, im2 > im3 and im3 > im1 [36]. Vicious circles will
increase the labelling uncertainty and lowers the accuracy metrics (pairwise accuracy and
correlation coefficients).

Xun et al. (2022) proposed to first order images in ordinal classes, and to carry out the
pairwise ranking based on images from different classes [23]. However, this does not solve
the ranking of images at the margins of the ordinal classes. Singh and Chakraborty (2022)
worked with a combination of relative and exact labels to partially overcome this problem
in facial age estimation [10]. Ferrara et al. (2024) used bias corrections on the evaluator
level on the ranked annotations, which can overcome between-evaluator vicious circles,
but not within-evaluator vicious circles [37].

We believe that the only “true” way to solve this problem is by segmenting every
pixel of weeds present within the subsections and calculating the total number of pixels or
calculate the leaf area index of the weeds (weed cover) within the field. Still, if the weed
pressure is identical (e.g., 0% or 100%), ranking image pairs will always lower the predicted
accuracies since the model cannot handle “equal” weed pressures. However, both solutions
are not interesting for practical application due to the labor cost. One could argue that
correctly predicting hard to rank pairs is not required for spot spraying, if the model can
sufficiently predict the “global” ranking om image subsections from no weed, low weed,
medium weed and high weed pressure.

4.3. The Model
The flexible design of our proposed model has some major advantages:

e Itisalightweight model that can be easily trained with a relatively small dataset.
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e It makes it easy to shorten or lengthen both the convolutional backbone (for feature
extraction) and the specific architecture (one node versus two fully connected layers).
The end user can modify this design depending on the complexity of image dataset
and the data availability.

e  The receptive field calculation of the last convolutional block allows for better evalua-
tion of the model.

The main disadvantage of the model is that the scores are ordinal and have no true
meaning. It is not possible to interpret the distance/difference in ranking between image
pairs. End users must visually check how predicted z-scores agree with in-field weed
pressure. Further, while the receptive field calculation gives insight on how the model
“sees” features, the evaluation potential is lower compared to true metrics (like F1-score,
Serensen—Dice score or IoU) of object detection and segmentation pipelines.

This model, like most deep learning computer vision models, has a convolutional
backbone. Alternatively, recent studies have shown that Vision Transformers (ViT) that use
patch embeddings and transformer encoders have competitive results to state-of-the-art
CNN models while requiring less computational costs for training [2,38,39]. CNN image
classification models benefit from (i) a smaller size (amount of parameters), (ii) requiring
less power, (iii) faster training and inference (and thus application) and (iv) a lower an-
notation intensity (time needed to annotate an image) compared to object detection and
segmentation models [2]. Other deep learning network architectures/backbones that have
been successfully used in computer vision, but are not often used for weed detection, are
Graph Neural Networks (GNNs) or Graph Convolutional Networks (GCNs) [39]. Instead
of using grid or sequence structure like CNNs and ViTs, GNNs and GCNs represent im-
ages as a graph with nodes, which allows for better detection of complex and irregular
objects [40]. These backbones may be able to be used as an even better feature extractor for
weed detection compared to convolutional layers for image ordinal regression tasks.

4.4. Evaluation Metrics

The pairwise accuracy gives a quick measurement of the proportion of image subsec-
tion label pairs that have been correctly ranked by the model. Best accuracies were already
found within 32 epochs of training (based on the early-stopping rule with patience 10 for
the validation loss), resulting in a validation accuracy of 85.2%. Training with data augmen-
tation resulted in a similar validaton accuracy after 100 epochs (without an early stopping
rule). This accuracy incorperates the labelling uncertainty, mentioned in Section 4.2.

Evaluation of the global ranking performance was done with 100 randomly selected
image subsections that were semantically segmented for weed pixels. The model showed
strong correlations (Pearson, Spearman and Kendall) with predicted weed pressure (z-
score) and weed percentage, indicating it can sufficiently represent the global gradient in
weed pressure within the data.

Lastly, the binary evaluation of the validation dataset shows a statistical difference in
z-scores between image subtitles with and without weeds present (with the latter having
lower z-scores). Most optimal thresholding of the z-scores result in maximum F1-score and
overall accuracy values of 0.92 and 0.88, respectively. This shows the potential of the model
for application purposes. Predicted z-scores can be interpolated over the whole field (e.g.,
by ordinary kriging), with thresholds being set on the interpolated values based on the
total amount of delineated treatement zones and area. These zones can converted into task
maps (shapefile polygons or isoxml) for spotspraying.

The training and validation datasets were, however, not independent from each
other, and the validation dataset was imbalanced (427 image subsections without weed
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versus 1327 with weed present). Performance of the model should be further evaluated in
future research.

The proposed convolutional backbone uses valid padding, which means that the size
of the output feature map is smaller than the size of the input data after every convolution
operation. For an input image subsection of 256 x 256 pixels, the final feature map will
be 12 x 12 pixels for valid padding, while it will be 16 x 16 pixels for same padding.
Valid padding can result in the loss of information at the edges of the image. Same
padding however results in higher computational costs and can introduce artifacts within
the data (dilution of edge-related features) and distort the deep learning. The effect of
padding strategy could not be compared fully objectively since it requires retraining the
model, which will result in other early stopping results and final pairwise validation
accuracies. The problem of padding strategy can however be overcome by keeping the
valid padding structure—i.e., cutting UAV images into subsections with overlapping
regions for prediction. Interpolation of the output will smoothen the results.

4.5. Further Recommendations

The current model was evaluated solely for ranking general weed pressure in potato
without distinguishing between weed types. Future studies could enhance model per-
formance by training on specific functional classes. For example, some studies make a
distinction between broadleaved weeds versus grass [8,13] weeds for application purposes,
or try to detect specific toxic weed species [41,42]. Additionally, species-specific ranking
could be explored to facilitate more targeted weed management strategies.

When applying the proposed methodology, phenological characteristics of weeds and
crops will only be accounted for if they are included in the training dataset. In case of a
variation in the phenological stage of a crop or weeds, it is recommended to retrain the
model before application.

The study utilized the Hinge squared loss function as an optimization approach.
However, other loss functions designed for relative ranking, such as Pairwise Logistic
Loss [43] and the Bradley-Terry model [37,44], were not investigated. Future research
should evaluate these alternative loss functions to determine their effectiveness in improv-
ing ranking performance.

Recent studies have increasingly explored the potential of active learning for ac-
celerating model retraining. However, there is limited literature on its application in
image ordinal regression [9,10]. One possible approach could involve predicting z-scores
within a Gaussian distribution framework (capturing both mean and variance). This addi-
tional uncertainty estimation could be valuable for active learning strategies, particularly
for uncertainty sampling in image subsection pairs, thereby improving model efficiency
and adaptability.

Further research should consider (i) whether the model can be used for other crops
and weeds and look at whether it can be used for muti-class and multi-label problem:s, (ii) a
more comprehensive comparison of this model with state-of-the art computer vision models
for weed detection, (iii) other backbone structures for feature extraction, (iv) other loss
functions and (v) active learning strategies for ordinal regression for even faster retraining.

5. Conclusions

Weed pressure detection through high-resolution imagery from RTK UAVs combined
with supervised CNN models provide a solution for targeted herbicide application. How-
ever, CNN models require high-quality labelled data. We proposed a new labelling method,
using relative differences in weed pressure in image subsection pairs, to train a CNN ordi-
nal regression model for weed detection in potatoes. The model achieved 85.2% pairwise
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accuracy, significant correlation metrics (Pearson rs = 0.81, Spearman’s rs = 0.87 and Kendall
T = 0.69) with image subsection segmented weed percentage and a binary F1-score of up to
92%. The architecture also enables visualization of receptive fields for better interpretability.
This approach shows promise for efficient and flexible weed control management.
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Appendix A

Table A1l. Hyperparameters of the best performing pairwise accuracy for the validation dataset.

Parameter Value

Learning rate
Loss function
Final convolutional layer

0.0001
squared Hinge Loss
single channel

Number of convolutional blocks 4
Number of filters in the 1st layer 32
Number of filters in the 2nd, 3rd and 4th layer 64

Image size 256 x 256 pixels
Batch size 100
Maximum number of workers 12
Maximum number of epochs 100

Early stopping rule

When the validation loss does not
further decrease after 10 epochs
(patience) from the local minimum (to
avoid overfitting)
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Figure A1. Predicted weed-pressure map based on the described methodology.
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