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Abstract

Context Serrated tussock (Nassella trichotoma) is a weed of national significance in Aus-
tralia which offers little to no nutritional value to livestock, and has the potential to reduce
carrying capacity and agricultural return of infested pastures.

Aims The aim of this study was to adapt existing Convolutional Neural Networks (CNNs)
for plant segmentation and spraypoint detection in the challenging environments of pastures.
Methods CNNs that were designed for joint plant and stem segmentation in crop fields
were repurposed for dual-task applications in pastures. Given the poor performance of
these models in complex pasture environments, a new model drawing inspiration from the
recently proposed ConvNeXt was developed, tested for its effectiveness on unseen field
data, and enhanced with a novel normalization technique, called HistMatch.

Key results Experimentation demonstrated that unlike pre-existing models, which were
designed for the simpler environments encountered in early-stage crop fields, our model
was able to generalize well to growing conditions not seen during training, achieving 0.807
mloU and 0.796 F1-score for the plant and spraypoint tasks respectively. This is in compari-
son to pre-existing models, which achieved 0.270 - 0.454 mIoU and 0.073 - 0.496 F1-score
for the same tasks. These results were further improved to 0.854 mloU and 0.806 F1-score
using HistMatch normalization. In spite of greater model complexity, our model had a infer-
ence time of 15.7 ms which was comparable to pre-existing models, and suitable for real-
time applications.

Conclusion Models with greater complexity are required for the relatively complex envi-
ronments encountered in pastures, but this greater complexity need not come at the expense
of real time capability. HistMatch normalization can improve model accuracy, and is par-
ticularly effective in cases where models are struggling to generalize well to testing condi-
tions that vary significantly from those seen during training.

Implications and impacts The successful adaptation and improvement of CNNs for weed
management in pastures could significantly reduce the reliance on blanket herbicide appli-
cation. HistMatch normalization could also be considered for other agricultural applica-
tions, including weed management and disease detection in crop fields and orchards.

Keywords Convolutional Neural Networks - ConvNeXt - Computer vision - Site-specific
weed management - Precision agriculture.
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Introduction

The use of computer vision in agriculture is a promising area of research, which offers,
among other things, the potential for effective detection and treatment of weeds. Site-spe-
cific weed management (SSWM) is the process of detecting weeds in a field, and applying
an appropriate treatment such as herbicide only where required. This reduces the use of
chemicals, which can be expensive and have the potential to cause harm to both people and
the broader natural environment (Liu & Bruch, 2020). Through automatic weed manage-
ment, human effort is also reduced (Osorio et al., 2020). Serrated tussock (Nassella tricho-
toma, hereafter tussock) is a weed of national significance in Australia, which offers little
to no nutritional value to livestock, and has the ability to significantly reduce the carrying
capacity of infested land (Campbell, 1998). It was estimated in 2018 that the annual cost
of weeds, including control costs and the cost of lost production in the Australian livestock
industry was $AUD2,409 million ($USD1,583") (McLeod, 2018). The cost of control for
tussock has been estimated to be well in excess of SAUDI100 ($USD66) per hectare of
infested land (Johnson et al., 2022).

Computer vision is a field of artificial intelligence that enables computers to interpret,
analyze, and understand visual information from the world, such as images or videos.
Advanced techniques in computer vision, include neural networks, such as convolutional
neural networks (CNNGs), as well as other methods, including Gaussian process regression.
Such techniques have been applied to the detection of weeds in pastures, including dockleaf
(Binch & Fox, 2017; Smith et al., 2019; Zhang et al., 2018; Kounalakis et al., 2019; Schori
etal., 2019), thistle species (Sadgrove et al., 2017, 2017, 2018), horehound (Sadgrove et al.,
2021), and grass species (Farooq et al., 2019). Other agricultural applications include plant
diseases detection (Saleem et al., 2019; Li et al., 2021), yield prediction (Van Klompenburg
et al., 2020; Muruganantham et al., 2022), and price forecasting (Jin & Xu, 2024, 2024).

Studies on the detection of tussock in the literature are uncommon, and typically include
hand crafted feature extraction, such as local binary patterns (Ojala et al., 2002) and his-
tograms of oriented gradients (Dalal & Triggs, 2005). In one study (Farooq et al., 2019),
hyperspectral images of tussock and other grass species were used to develop a support
vector machine (Cortes & Vapnik, 1995) based classification framework, with an accuracy
0f 80.90%. In another study (Ford et al., 2023), utilising a shallow network trained using the
extreme learning machine algorithm (Guang-Bin et al., 2004), images containing tussock
and background pasture elements were segmented, with a mean Intersection over Union
(mlIoU) of 87.6%.

The use of multipurpose networks, to simultaneously carry out two (or more) tasks is one
interesting area of active research in agricultural computer vision. An example is the use of
joint plant segmentation and stem localization networks for use in crop fields (Lottes et al.,
2018; Zhang et al., 2020). Such models are Convolutional Neural Networks (CNNs), built
using the typical encoder/decoder structure of segmentation models, but with two decoder
arms, one for each task. This “joint” encoder structure reduces the computational complex-
ity of the network as a whole (as compared to a separate encoder for each task), and has been
demonstrated to produce superior feature maps, allowing for more robust results, especially
for the stem localization task (Lottes et al., 2018; Zhang et al., 2020).

Based on the average exchange rate for the 12 months to June 2024
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The advantage of having a joint plant and stem localization network is that it allows for
the application of more varied treatments, including herbicide, physical removal of weeds,
or fertilization of crop plants. Specifically, while herbicide and fertilizer may be applied to
the whole plant, physical removal is often only applied to the stem, using methods such as a
metal stamping tool, or jet of steam (Lottes et al., 2018; Kounalakis et al., 2018). In pastures,
herbicide may either be applied to the whole plant, if uptake is through the leaves, or the
centre of the plant (hereafter the spraypoint), if uptake is through the root system. The latter
is true for Flupropanate which is commonly used to treat tussock, due to its ability to remain
active in the ground for long periods of time?.

To the best of our knowledge, no studies have been conducted on the development of a
combined plant and spraypoint detector specifically for use in pastures. To address this gap,
we undertook a controlled study in this area. In order to minimize complicating factors, all
data were collected at a single location, with images captured over a period of nine months,
encompassing conditions with varying levels of drought stress. This research paves the way
for further exploration of multipurpose detectors in pastures, enabling more diverse treat-
ment options and ultimately leading to improved outcomes for farmers. In addition to pre-
existing models, a new model was developed, based on elements of ConvNeXt (Liu et al.,
2022), which was considered due to its superior performance on complex image tasks such
as ImageNet (Russakovsky et al., 2015).

Although previous work utilized the arrangement of crop plants in lines in order to pro-
duce models which generalized well to new field conditions (Lottes et al., 2020), this tech-
nique is not available in pastures, where no such uniform arrangement of plants is present.
For this reason, and in order to assist with model generalization, a new normalization tech-
nique was developed, which we call HistMatch normalization. This technique generates a
more uniform probability distribution for network input compared to pre-existing methods.

The major contributions of the paper are:

1. Development of a joint plant and spraypoint detector for use in pastures, based on pre-
existing models (Lottes et al., 2018; Zhang et al., 2020), as well as a new design utilis-
ing elements of ConvNeXt (Liu et al., 2022). To the best of our knowledge, this is
the first example of this kind of multipurpose detector designed specifically for use in
pastures.

2. Testing of the generalization ability of models to new datasets with different growing
conditions.

3. Development of a new normalization method, called HistMatch normalization, for use
in cases where the pixel intensity distributions of test images may vary significantly
from those seen during training.The remainder of the paper is structured as follows.
Section 2 provides the approach taken in this study, including pre-existing models, our
model, the dataset used, implementation details, normalization techniques used, and
experiments conducted. Section 3 presents the results of this study, while Sect. 4 pro-
vides an analysis of these results. Finally Sect. 5 provides concluding remarks, and
identifies some possible future directions.

2Information on the treatment of tussock can be found at https://weeds.dpi.nsw.gov.au/Weeds/serratedtus-
sock
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Methods
Pre-existing models

For the dual plant segmentation and stem detection task, two pre-existing studies were
found. In the first, by Lottes et al. (Lottes et al., 2018), a model with a single encoder, and
two decoders was developed and tested on images captured in early stage sugar beet fields,
achieving a mean average precision (Everingham et al., 2010) of 0.753—0.792 for the stem
task, and 0.838—0.873 for the plant task. In the second study by Zhang et al. (Zhang et al.,
2020), an alternative network structure was developed and tested on images of cauliflower
seedlings growing in fields with very high weed presence, achieving an F-measure score of
0.974 for the plant segmentation task, and detection rate of 0.978 for the stem task.

The primary building block of Lottes’ model (Lottes et al., 2018) is the dense block,
which is composed of L densely connected 3 x 3 convolutional layers, each of which out-
puts G feature maps, where G is called the growth rate. The dense block also makes use of
bottleneck layers, which are implemented by a point-wise convolution, in order to reduce
computational complexity. Downsampling operations are implemented using 5 X 5 convo-
lutional layers, with a stride of 2, and in total, there are three downsampling operations in
the encoder. Upsampling operations in the decoder arms are implemented using transpose
convolutions (Zeiler et al., 2010) with a kernel size of 2 x 2 and a stride of 2. Skip connec-
tions are implemented using concatenation along the filter axis. An overview of the dense
block, and the macro structure of Lottes’ model is given in supplementary figure S1.

Zhang’s model utilizes an encoder, which consists of multiple inverted residual modules
(IRMs) as used in MobileNet V2 (Sandler et al., 2018). IRMs utilize depth-wise and point-
wise convolutions to reduce computational complexity while maintaining model accuracy.
Point-wise convolutions are convolutions with a kernel size of 1 x 1, whereas depth-wise
convolutions are a form of convolution in which each input feature is convolved separately
with its own corresponding filter. Downsampling is achieved by using a stride of 2 in the
depth-wise convolution of the first IRM in each stage. At the macro scale, different decoder
arms branch off the backbone at different resolutions for both the segmentation and the stem
tasks. There is bidirectional feature map exchange between adjacent intra-task decoder arms
in order to improve feature representation. There is also a cross-task feature fusion link-
ing the coarsest segmentation decoder to each of the stem decoders. This forces the stem
decoder to focus on those sections of the image in which the plant is located, while ignoring
irrelevant background details. Each decoder arm produces its own detection mask, which
is fused into a single mask for each of the two tasks (plant segmentation and stem local-
ization). In addition, deep supervision is used to directly train each output of the decoder
arms. An overview of the IRM, as well as the macro structure of Zhang’s model is given in
supplementary figure S2.

New model
Minimizing the number of parameters in a model is often seen as a desirable design choice
(see for example (McCool et al., 2017; Khan et al., 2020; Abdalla et al., 2019)). In this study,

however, focus was instead on the development of a model which had training and inference
time that were similar to (or better than) pre-existing models found in the literature. These
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are often more important considerations, because many iterations of training are required
in order to optimize hyperparameter choices, and inference time is a critical factor for any
model that is to be deployed in real time.

For our model, taking inspiration from Lottes’ and Zhang’s models, a joint encoder with
two decoders for the spraypoint and plant was used. Starting with Zhang’s model as a base,
elements of ConvNeXt (Liu et al., 2022) were incorporated into our network structure, as
listed below:

1. “Patchify” stem: which is an initial convolutional layer with a kernel size and stride of
4.

2. ConvNeXt modules: consisting of an inverted bottleneck design, a large kernel size for
the depthwise convolutions, to improve spatial awareness, and fewer activation and
normalization layers, which slightly reduces computational complexity. In addition, the
depth-wise convolution is brought to the front, and the expansion rate is reduced to 4,
which further reduces parameters and FLOPs. The ConvNeXt module is shown in Fig.
la.

3. An adjustable learning rate scheduler with a linear warmup followed by cosine decay.
Adjusted stage ratio: with four ConvNeXt modules in the first and third stages, and
twelve in the second stage.Other ConvNeXt elements, such as GELU activation (Hen-
drycks & Gimpel, 2016), Layer Normalization (Ba et al., 2016), and Layer Scale (Tou-
vron et al., 2021) were not included in our design, because they were found to produce
consistently worse results during preliminary testing. The stage ratio, which include a
larger number of modules at the 16 x downsampling level, is a feature of the ConvNext
model (Liu et al., 2022), and allows for a larger number of filters, while reducing the
overall FLOPs of the network.

The use of the patchify stem also reduces the computational complexity of the model, by
greatly reducing the resolution of the feature maps quickly, and allowing for a larger number
of filters. For this reason, we also elected to maintain Zhang’s downsampling technique,
which is applied to the first module of each stage. Another result of the patchify stem was
that the final output of our encoder was at a resolution downsampled by a factor of 32x as
opposed to the factor of 16 x for Zhang’s model. The number of filters used in the patchify
stem, and stages one to three were 64, 64, 128 and 128 respectively. The number of filters in
the decoder for both the spray point and plant segmentation task were 64. Our network used
only a single 32x downsampled side output for the spraypoint task, and two side outputs
at 32x and 8x downsampling for the plant segmentation task. The final result was a model
which had far more parameters than either Lottes’ or Zhang’s model, but which had a com-
parable inference time, and could be trained roughly three times faster. The macrostructure
of our model is show in Fig. 1b.

Dataset
The images used in this study were collected at Yelangello, NSW (lat. —34.863, long.
149.169) on three separate occasions spaced over 9 months (Oct-21, Apr-22, Jul-22). The

growing conditions were diverse, both in terms of drought stress, as well as the length of the
background pasture elements, as can be seen in the example images given in Fig. 3. Images
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Fig. 1 Our model. (a) A ConvNeXt block, with a modified bottleneck design and fewer activation and
normalization layers (which are explicitly shown here). (b) Macro structure showing the input image
(green), patchify stem (orange), backbone (blue), decoders (red) and the output feature maps (purple).
Loss layers are shown in yellow, and include losses for deep supervision (small rectangles), as well as
for the final outputs of the model (large rectangles). Arrows display the flow of information through the
model. In particular, the cross-task feature fusion is given with a dashed line, and the bidirectional feature
map exchanges are given with a dotted line

were annotated using the VGG image annotator (Dutta & Zisserman, 2019), which allowed
for a compromise between annotation accuracy and effort required per image. Three classes
were used, being the negative, positive, and hard class, with the latter being for regions of
the image where it was not clear whether or not tussock was present. The left section of Fig.
2 gives a breakdown of the number of images coming from the separate collection time for
each of the various train, validation and test sets used in this study, while the right section
shows the sets that were used in each of the experiments in this study.

Images were resized to 768 x 576 pixels for all models, which corresponded to a ground
sampling distance of ~ Imm/pixel. Data augmentation, consisting of random rotations,
zooms, vertical and horizontal flips, and contrast and brightness shifts were used for all
experiments. However, because Tensorflow utilizes the CPU for all dataset manipulations
(including augmentations, in our case), it was found that this became a significant computa-
tional bottleneck for training. For this reason, a bank of augmented images were produced
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Fig. 2 The datasets used in this study. On the left is a breakdown of the number of images coming from
each of the three collection dates. On the right is a table showing which datasets were used for training,
validation and testing in each of the experiments

prior to training to be used by all models, which increased the size of the training set from
774 to 92,880 images.

Implementation details

All coding was carried out in Python with Keras/Tensorflow version 2.13.1. For Lottes’
model, no source code could be found online, so it was recreated from scratch, based on
the original paper (Lottes et al., 2018). The code for Zhang’s model, downloaded using the
link provided in their paper (Zhang et al., 2020), was in Tensorflow. For the sake of consis-
tency, this code was converted into Keras, and modified so it could work with a multiclass
problem.

All models were trained for a total of 350 epochs. The batch size was set to 16 for Lottes’
and Zhang’s model, as this was the maximum size possible without running into memory
errors. For our model, batch sizes between 16 and 128 were tested, and a size of 64 was
selected, as this performed slightly better during validation.

All models were trained using AdamW?, with an optimal learning rate and weight decay
calculated greedily via line search. The learning rate was decayed by a factor of 10 at epoch
150 for Zhang’s model, and at epochs 50 and 250 for Lottes’ model. For our model, a linear
warmup of 100 epochs, followed by cosine decay was used. Training was carried out on
an HPC cluster with 16 1-core 2.79 GHz Intel Xeon (Icelake) processors, 256 GB RAM,
and a 40 GB NVIDIA A100-PCIE GPU. Inference time was calculated using an XPS 8950
Desktop running Linux, with a 10 GB NVIDIA GeForce RTX 3080 GPU.

Weights were initialized using the default Glorot uniform (Glorot & Bengio, 2010) ini-
tializer for Zhang’s and our models. For Lottes’ model, according to the instructions pro-
vided in the original paper (Lottes et al., 2018) He initialization (He et al., 2015) was used.
Keras provides both He normal and He uniform weight initializers, the latter of which was
selected, because it performed slightly better during validation.

3 Adam and AdamW are identical in Keras, save for the default value for weight decay.
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Stem-localization is a task that results in highly imbalanced classes, due to the fact that
only a tiny proportion of the image pixels will correspond to a plant stem. For this reason,
both Lottes’ and Zhang’s models employ an IOU loss for this task, which is designed to
be more stable in problems with high class imbalance. For the task of plant segmentation,
a more conventional cross-entropy loss is used. Although the original IOU loss paper by
Rahman and Wang (Rahman & Wang, 2016) only considers the binary classification task,
the problem generalizes to the multiclass problem by calculating the average loss across all
classes. The formula for the IOU loss, L;ou, is given in Eq. 1, where V is the set of pixels
in the training batch, () is the ground truth label for class c, §(° is the predicted label for
class ¢, and £ is the number of classes.

1O = 3 404

veV
Ul — y(C) + gj(c) _ 10
2 0
1o Jles)
Liov =1~- T Z i)

Cross entropy loss was used for the plant segmentation task, while IOU loss averaged over
the positive and negative classes was used for the stem task. Each task was assigned equal
weight. Loss was calculated at the end of each epoch, and the weights that produced the best
validation loss were restored at the end of training.

In order to remove noise, and small spurious detections from the spraypoint segmenter,
postprocessing, including Gaussian smoothing and removal of small connected components
was applied, with the optimal parameters of Gaussian sigma, and minimum component size
determined during validation using grid search.

Training time was measured as the average of five runs. The inference time, which is
the time taken to pass a single image through the network, was measured as the average for
1000 separate passes through the model. This is reported as the step time when calling the
Keras Model.evaluate method with a batch size of 1.

Normalization techniques

Several different data preprocessing (or normalization) techniques were used. In every case
each channel was normalized separately, across either a single image (per-image), or an
entire batch of images (per-batch). In the first method, the data was rescaled to the interval
[—0.5,0.5]. We called this method “default” normalization, as it was the technique used in
Lottes’ and Zhang’s papers. The formula for default normalization is presented in Eq. 2,
where I,,,4, and I,,;, are the maximum and miminum pixel values, and A is a small con-
stant to prevent division by zero:
I-— Imin

ie -o0.
max(Imaz — Imin, A) 0o (2)
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In the second method, which we called “standard normal” or “naive” normalization, the data
was centered around 0, by subtracting the mean, and dividing by the standard deviation.
This method will transform the data into a standard normal distribution (), but only if the
data were normally distributed to start with. This method is presented in Eq. 3, where p(1)
and o (I) are the mean and standard deviations of the image pixel values:

I —p(I)

I= max (o (1), \)

3)

For the third method, which we called HistMatch normalization, we need first to intro-
duce the technique of image histogram matching. This is the process whereby the image
histogram* of one image is transformed to the histogram of another image. An example of
histogram matching is provided on the right of Fig. 4. Using this concept, we “histogram
match” the image data to V.

This histogram matching is shown pictorially for a single channel in Fig. 4. The preprocess-
ing function, g : [0, 1] — [—o0, o]’ can be found by comparing the cumulative distribution
functions for the image histogram (denoted F7), and N (denoted ®). Starting on the x-axis
for a given x € [0, 1], we draw a vertical line to F7, then a horizontal line to @, and finally
a vertical line back to the x-axis to find g(x). The normalization step is then performed by
broadcasting g across all pixels in the image. As can be seen in Fig. 4, the naive approach
(dotted cyan) does not match N very closely, while the HistMatch approach (dotted green)
does, except where (in this case) overexposure causes a loss of intensity information.

The algorithm for HistMatch normalization is presented in Algorithm 1. ® refers to the
cumulative distribution function of a standard normal distribution, and count is a function
that returns the count of pixels for which a condition is true. P is the set of all possible
pixel values, 7 and § are hyperparameters which determine those values, Y C [—4, 9], of
cardinality 7 + 1, for which we calculate @, and I is the input image of size h x w. Where
applicable, functions are broadcast over a vector or matrix. On line 1, we calculate the
cumulative histogram, 4 for the input image I, and on line 2, we calculate the midpoints
between adjacent entries of £, in order to account for the discrete distribution of pixel val-
ues. In lines 3 and 4, we define the function g, which maps every pixel value p € P to the
point y € Y, which minimizes the absolute difference between A(p) and ®(y). Finally, in
line 5, this function, g is broadcast over the input image. A Python implementation of Hist-
Match normalization is presented at the end of the supplementary material.

4The image histogram is a histogram of the proportion of image pixels corresponding to each intensity level

5For the purpose of the figure, we have pre-normalized the image pixels to the range [0, 1], however in prac-
tice this step would be unnecessary, and g would be defined over {0, 1, ...,255}
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Algorithm 1 HistMatch normalization

Require: P ={0,1,...,255}

Require: € N

Require: § ¢ Rt

Require: Y = {—-§+ 2%m €{0,1,...,7}}
Require: I € Phx®

1: h« [ﬁcount([ < P)lpe{-13uP
2 h« [%(hp +hy1)]pep
3 A:P xY = RE, A(p,y) = |hy, — (y)|
4: g: P > Y,g(p) = argmin A(p, y)
Yy

o

return g(I)

Algorithm 1 HistMatch normalization

Experiments

Initially, three experiments were conducted. In the first experiment, datasets A and C were
combined (hereafter dataset A + C) and used in a 80%/20% train/validation split, in order
to calculate suitable hyperparameters for the models, and provide baseline metrics against
which to measure the other experiments. In the second experiment, dataset A + C was again
used for training and validation, and half of dataset B (hereafter dataset B2) was used for cal-
culating test statistics. This experiment was conducted in order to see how well the models
generalized to images taken with growing conditions that they had not seen during training.
In the third experiment, images in dataset A + C were randomly selected and replaced with
the other half of dataset B (hereafter called B1), yielding dataset A + C + B1. This dataset
was used for training and validation, while B2 was again used for testing. This experiment
was conducted to produce a baseline result for the B2 dataset in which the models had been
partially trained with images taken at the same time, and for comparison with experiment
two. A summary of the datasets used for each experiment is provided in the right section of
Fig. 2. For experiments 1, 2 and 3, “default” per-batch normalization was used.

Experiments 1a and 2a were also conducted as repetitions of experiments 1 and 2 respec-
tively, in which all six normalization techniques (i.e. default, naive or HistMatch applied
either per-image or per-batch) were compared.

Finally, the models were evaluated using the publicly available Cauliflower dataset from
the study by Zhang et al. (Zhang et al., 2020). Two different versions of our model were used
for this dataset, with the first being identical to the version used in the previous experiments,
and the second, which we call ours-4s having an additional lateral decoder arm for each
task. The structure of the ours-4s model is given in the supplementary material (figure S3).

The version of the dataset we downloaded did not include stem annotations. To address
this, we created our own stem annotations by first marking the stem location as a point using
the VGG image annotator (Dutta & Zisserman, 2019), and then applying a Gaussian filter
at that location with ¢ = 7 for Lottes’ and Zhang’s models, and o = 15 for our model. In
both cases, the brightness of the generated annotations was adjusted so that the center pixel,
corresponding to the stem location, had a value of 255. We opted for a higher o value for our
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model to provide a larger target, accommodating the fact that our model produces an output
downsampled by a factor of 32 (or 8 for ours-4s model) for the stem task.

For Lottes’ and Zhang’s models, we used the same learning rate and augmentation
strategy as in the original study (Zhang et al., 2020). Specifically, the training dataset was
increased by a factor of four using horizontal and/or vertical flips. For our model, the opti-
mal learning rate of 0.001 was found using a line search, and the augmentation strategy
was expanded by incorporating zooms and rotations in addition to flips. Default, per image
normalization was used. For the stem task, the IOU-loss (positive class only) was used for
Lottes’ and Zhang’s model, and the IOU-loss (positive and negative classes) used for our
model. For the plant segmentation task, crossentropy loss was used for all models.

For experiments using our dataset, the plant segmentation task was evaluated using the
per-pixel mean intersection over union (IoU) across positive and negative classes. For the
spraypoint task, per-object precision, recall, and F1 score were employed. A spraypoint
detection was considered positive if its centroid was within a radius of 50 pixels (equivalent
to 50 mm) from the nearest unassigned ground truth centroid. All metrics presented include
the mean and standard deviation across five separate runs.

For experiments using Zhang’s dataset, we followed the same metrics as those used in
the original study by Zhang et al. (Zhang et al., 2020). Specifically, the F1 score was used
for the plant segmentation task. For the stem task, since each image in this dataset contained
exactly one stem, the geometric mean of the average activation was used to determine the
predicted stem location. The successful detection rate (SDR), defined as the ratio of success-
ful detections to the total number of test images, and the average Euclidean distance (ED)
between the predicted and ground truth stem locations (in pixels) for successful detections
were reported. A detection was considered successful if it was within 17.5 pixels of the
ground truth location.

Results

Table 1 shows the optimal hyperparameter as well as the number of parameters, FLOPs,
training time and inference time of each of the three models, as determined in experiment 1,
according to the methodology presented in Sect. 2.

Tables 2 and 3 provide the results for experiments 1, 2 and 3, for the plant and spraypoint
tasks respectively, showing the mean and standard deviation of the metrics used for five

Table 1 List of hyperparameters  Hyperparameter/ Specification  Lottes Zhang Our

for training aqd post-process’mg, Batch Size 6 6 o4

and specifications for Lottes’,

Zhang’s and our models for Weight Decay 0.01 0.01 0.1

experiments on our dataset EMA Yes No No
Learning Rate 0.003 0.003 0.001
Minimum Size (CC) 2000 2000 4000
Gaussian Sigma 10 10 0
Parameters 59,045 153,263 2,643,779
GFLOPs 10.0 11.3 49
Training Time (s) 14,475 15,809 5,064
Inference Time (ms) 14.8 21.5 15.7
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Table 2 Results of experiments 1, 2 and 3 for the plant task

Experiment Model ToU(-) IoU(+) mloU

One Lottes 0.871 £0.013 0.606 £ 0.043 0.739 £ 0.027
Zhang 0.953 £ 0.000 0.865 £ 0.001 0.909 £ 0.001
Our 0.957 £0.001 0.874 +£0.003 0.915 + 0.002

Two Lottes 0.089 £ 0.096 0.451 £ 0.025 0.270 £ 0.055
Zhang 0.332 £0.225 0.576 £ 0.083 0.454 £0.154
Our 0.829 +£0.016 0.785 + 0.029 0.807 + 0.022

Three Lottes 0.646 £ 0.039 0.559 £ 0.028 0.602 £ 0.026
Zhang 0.879 £0.011 0.870 £ 0.010 0.875 £ 0.011
Our 0.885 + 0.004 0.873 +0.003 0.879 + 0.003

Results are given as mean + standard deviation of five runs, and the best result for each experiment is

given in bold

Table 3 Results of experiments 1, 2 and 3 for the stem task

Experiment Model Precision Recall F1-Score

One Lottes 0.467 £ 0.069 0.358 £0.011 0.404 £ 0.031
Zhang 0.858 £ 0.023 0.900 + 0.030 0.878 £ 0.005
Our 0.875+0.014 0.900 £ 0.022 0.887 £0.015

Two Lottes 0.049 £ 0.017 0.143 £ 0.062 0.073 £ 0.026
Zhang 0.482 £ 0.267 0.620 £ 0.092 0.496 £ 0.141
Our 0.941 + 0.020 0.693 £ 0.061 0.796 + 0.041

Three Lottes 0.518 £ 0.149 0.195 £ 0.101 0.266 £ 0.097
Zhang 0.834 £ 0.042 0.676 £ 0.065 0.745 £ 0.041
Our 0.931 £+ 0.016 0.698 + 0.012 0.797 £ 0.011

Results are given as mean + standard deviation of five runs, and the best result for each experiment is
given in bold

Table 4 Results with HistMatch (image) normalization for experiment 2a, in which models were tested on
growing conditions not seen during training, given as mean + standard deviation of five runs

Model Plant Spraypoint

mloU Precision Recall F1
Lottes 0.703 + 0.052 0.634 + 0.052 0.572+0.040 0.599 £+ 0.019
Zhang 0.821 + 0.054 0.735 + 0.043 0.732+0.039  0.733 £ 0.037
Our 0.854 + 0.006 0.843 +£0.023 0.772+0.034 0.806 + 0.028

Best results for each metric in bold

iterations of each model. In addition, supplementary figure S4 shows the confusion matrices
for all models for experiments 1, 2 and 3, for the plant segmentation task.

Figure 5 shows the results for experiments la and 2a, in which different normalization
methods were tested. The results for HistMatch (image) normalization for each model for
experiment 2a is provided in Table 4. A table of all results for experiments la and 2a is pro-
vided in the supplementary material (tables S1 and S2).

Table 5 presents the results from experiments conducted using Zhang’s dataset. These
results include the findings reported by Zhang et al. (Zhang et al., 2020) for both Lottes’ and
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Table 5 Results for experimentation on Zhang’s dataset, both as reported by Zhang et al. (Zhang et al., 2020),
and as carried out in this study.

Study Model Plant Stem
F1 SDR ED (pixels)
(Zhang et al., 2020) Lottes 0.975 0.912 2.62
Zhang 0.974 0.978 2.56
This study Lottes 0.956 +0.002 0.931 +0.010 3.85 +0.09
Zhang 0.974 +0.001 0.995 +0.004 2.21 +0.07
Ours 0.968 +0.0002 0.997 +0.000 2.45 +0.04

Ours-4s 0.975 +0.0002 0.996 +0.001 2.38 +0.02

For our study, the results are given as the mean + standard deviation of five runs. Best results for each
metric is in bold

Zhang’s models, as well as the outcomes for the four models considered in our study, which
include Lottes’ and Zhang’s models, in addition to our two models.

Discussion

This paper presented a study on a joint plant and spraypoint detector which was tested on
images of tussock taken in south-east Australia. Lottes’ and Zhang’s model were used as is,
and an alternative model was proposed for testing, which utilised several elements of Con-
vNeXt, including a patchify stem, ConvNeXt modules, and a learning rate schedule with
linear warmup followed by Cosine decay. Our model performed best in all of the metrics
tested, as show in in Tables 2 and 3, although it was only slightly better than Zhang’s model
in the first experiment, in which dataset A + C was used for both training and validation.
When tested on growing condition which were not included in the training set (experiment
2/2a), our model was able to achieve metrics of 0.8 — 0.85 in both tasks, as show in Table 4.

For the plant segmentation task, it was difficult to separate each tussock plant from its
neighbours, due to poorly defined boundaries. Moreover, the tussock plants were often large,
and not centered, with only part of the plant appearing in an image. This made it impracti-
cal to use an object-based approach in the interpretation of results. The mloU metric gives
a balanced, single score, which takes into account how well both the positive and negative
classes were detected. False negative regions may lead to inadequate, or missing treatment
of a target plant, whereas false positive regions may lead to herbicide overuse, and damage
to the background pasture.

By comparison, for the spraypoint task, each spraypoint formed a clearly defined unit,
and for this reason per-object metrics were used. The recall is the proportion of target plants
that were detected by the model, whereas the precision is the proportion of the model’s
detections which corresponded to actual (ground truth) target plants. The F1 score combines
both these metrics into a single score, allowing for easier comparison of models.

For the stem detection task, the IOU loss averaged over the positive and negative classes
proved to be a better choice than the alternative approach, in which only the positive class
is considered when calculating the loss. This latter approach is faithful to the original work
of Rahman and Wang (Rahman & Wang, 2016). However, in our case, we found that this
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occasionally led to instability in training, during which the model would learn to predict
almost all of the pixels as positive®.

Lottes’ model performed significantly worse than the other two models as show in Tables
2 and 3, even in experiment one, in which the training and validation sets were drawn
from the same dataset. One possible reason for this may be due to the fact that it had fewer
downsampling steps, and hence a lower effective receptive field size’, coupled with the fact
that many tussock plants were large, with some covering most of an image. Another possible
reason is that the number of parameters was insufficient to capture the more complex nature
of a pasture, as compared to the comparatively simpler environment in an early stage crop
field, with small (mostly) non-overlapping green plants against a soil background, as was
the case in the original study by Lottes et al. (Lottes et al., 2018).

Zhang’s model performed well on the first experiment, but did not generalize well to
field conditions not seen in training. This was largely due to these models predicting most
pixels as positive, as seen in supplementary figure S4. Again, this may be because the model
has relatively few parameters, which cannot learn sufficiently robust features to be useful in
the general case. This result highlights the need to test models on a dataset which is wholly
separate from the training dataset, as without this, our conclusion would likely have been
that the performance of Zhang’s model was almost as good as our new model.

In the original paper by Zhang et al. (2020), the authors tested their model on images
containing a single plant, and used the spacial average of the activation map as the stem
location, suggesting that connected component analysis be used if multiple plants were
present in a frame. However, in our study, multiple fragmented detections were produced
by Zhang’s model which required post-processing, in order to achieve acceptable results.
The postprocessing for each model included applying a Gaussian blur to the image in order
to join close, disjoint regions, followed by the removal of small detections. In this case,
while Lottes” and Zhang’s model required both of these steps, our model only required the
removal of small detections, as shown in Table 1.

Experiment 3 incorporated half of dataset B (B1) into the training set, which allowed us
to gain an understanding of whether dataset B2 was inherently easier or harder than dataset
A+ C. The results of our and Zhang’s models demonstrated that for the plant segmentation
task, dataset B2 was not significantly harder, but for the spraypoint detection task it was,
especially with respect to the number of false negatives (and hence a significantly lower
recall). Closer examination of dataset B2 revealed that a lot of the missed spraypoints were
on the edge of the image (for example, see rows (c) and (d) in Fig. 3), and in fact, in this
location, it was often difficult for the annotator to decide whether to include it as a ground-
truth annotation, or place it in the “hard” class. Interestingly, there was no significant dif-
ference between experiments two and three for our model in the spraypoint task, indicating
that the model was already robust in detecting spraypoints, even when tested on images with
growing conditions it had not been trained on.

When comparing the results of experiments two and three, it is evident that our model
was the only one able to generalize effectively. The reduction in performance metrics for the

®Due to the way that Rahman and Wang’s loss is implemented, a model which classifies all pixels as positive
has a loss of 1 — p, where p is the proportion of pixels that are in the positive class. By contrast, a model
which classifies all pixels as negative has a loss of 1. This means that when the model is struggling to distin-
guish the two classes, it is likely to err on the side of classifying most or all of the pixels as positive.

"For a study on effective receptive field, the reader is referred to (Luo et al., 2016)

@ Springer



Precision Agriculture (2025) 26:24 Page 150f22 24

Input Ground Truth Lottes Zhang Ours

(@)

(b)

Experiment 2

Experiment 3

Fig. 3 Example images and segmentation results for Lottes’, Zhang’s and our models, for experiments
1 to 3. Images are from the Oct-21 (a), Jul-22 (b) and Apr-22 (¢, d) sets. Images in row (c¢) show an
example where models were tested on field conditions not seen during training. In this situation Lottes’
and Zhang’s models often classified most or all pixels as positive. Green positive (plant), yellow positive
(spraypoint centroid). Row (d) shows the same image as in row (c), but where images from the Apr-22
dataset were included during training. In this case, there was typically little difference in performance
between Zhang’s and our model, whereas Lottes’ model often continued to struggle

plant and spraypoint tasks was just 0.072 and 0.001, respectively, when the test set included
growing conditions not seen during training. In contrast, Zhang’s model showed a decline
of 0.421 and 0.249 for the same tasks, while Lottes’ model exhibited reductions of 0.332
and 0.193.

Our model contained a patchify stem, which resulted in a rapid reduction in the spatial
resolution of the feature map in the early stages of our model. Taken in conjunction with a
reduction in the expansion rate and fewer activation and normalization layers in our Con-
vNeXt modules, this allowed us to use more filter banks, while having fewer FLOPs than
both Lottes’” and Zhang’s model. The result was a model with 17 times as many parameters
as Zhang’s model, but which was faster at both inference and training (1.4 x and 3 X respec-
tively). Also of interest is the fact that Lottes’ model was marginally faster than our model at
inference (1.1 %), in spite of the fact that it required 2x as many FLOPs. This demonstrated
that neither parameters nor FLOPs are necessarily useful indicators for predicting model
speed.

During the interpretation of results for experiment two as shown in Tables 2 and 3, in
which the models’ ability to generalize was tested, it was found that Lottes’ and Zhang’s
models sometimes performed poorly, predicting most pixels as positive for the plant seg-
mentation task. To investigate why this was the case, we experimented with histogram
matching techniques, in which the histogram of one image is transformed to match the his-
togram of a second image. In this way, we could transform the histogram of an image in the
test set to match the histogram of an image in the training set, in order to make the test image
more closely resemble the kinds of image seen during training. With this technique, we got
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ambiguous results, with models sometimes performing better and sometimes performing
worse than without histogram matching.

One possible way to overcome differences in image histogram distributions between
separate datasets could be to adopt an additional step during data augmentation, in which
images are transformed to a randomly generated image histogram. However, to adopt this,
one would need to find a probability distribution for the image histograms, which closely
matched the kinds of images likely to be encountered by the model, and find suitable bounds
for the parameters of this distribution. Instead, we realised that it would be easier to include
a preprocessing step (applied to an image immediately prior to input into the model), which
transformed the image histogram of the input image to a pre-chosen probability distribution,
the most obvious choice being A/, and this was the technique which we used in this study.
As discussed in Sect. 2.5, the naive approach to this problem does not produce a distribution
that closely matched A/, which lead us to develop our own HistMatch normalization.

Experiments la and 2a, were conducted to determine whether the choice of normaliza-
tion method was important, with the results given in Fig. 5. Paying particular attention to
experiment 2a, in which models were tested on growing conditions not seen during training,
it was found that HistMatch normalization applied to each image separately was the best
choice by a considerable margin for Lottes’ model for all metrics tested. For Zhang’s and our
models, the differences in normalization methods were not so pronounced, with HistMatch
normalization providing the best results in three out of four metrics for Zhang’s model
(compared to one for naive), and two out of four metrics for our model (compared to one
each for default and naive). HistMatch normalization simplifies the input data distribution
by transforming it into a standard normal distribution, as illustrated in Fig. 4. This approach
may offer the greatest benefit to simpler models with fewer parameters, which may struggle
to manage the underlying complexities in the original data distribution (Fig. 5).

Finally, experiments were conducted on Zhang’s dataset to evaluate how well our model
generalized to the tasks of plant segmentation and stem detection in crop fields. In addi-
tion to the original model used in previous experiments, an adjusted model, referred to as
Ours-4s, was also tested. This modified version included an additional decoder for each
task, resulting in smaller upsampling steps of 4 x for segmentation and 8x for stem detec-
tion, compared to 8x and 32X, respectively, in the original model. These adjustments

1
0.8
w 06
8
0.4 Image Histogram
- = N(0,1)
02} A 4 Hi§tMatch
o Naive
0 e e vt 1 L .
3 =2 -1 g(x)0 x 1 2

Pixel Value

Fig. 4 Demonstration of HistMatch normalization, in which the image pixels are transformed to A. To
account for the discrete distribution of pixel intensities, the midpoint between adjacent points on F; (dark
crosses) is used when calculating g. On right of figure, is an example of histogram matching to a refer-
ence image. From top to bottom, original image, reference image, original image histogram matched to
reference image
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Lottes

(1a)

I default_image
[Elstd_norm_image
. hist_match_image
[ default_batch
-sw_norm_batch
[ Thist_match_batch

(2a)

-default_image
[Elstd_norm_image
[hist_match_image
Il default_batch
-std_nonn_batch
[ Thist_match_batch

Fig. 5 Experiment la (top) and 2a (bottom): plant mloU, and spraypoint precision, recall and F1-score
for different normalization methods. In experiment la, the same dataset was divided into a training and a
validation set. In experiment 2a, the test images were drawn from a different dataset to the training images
(different growing conditions)

were expected to enhance the segmentation of fine plant edges and improve the accuracy
of detecting small features such as the plant stem. The Ours-4s model was designed as an
intermediate between the large upsampling stages of our original model and Zhang’s model,
which does not require final upsampling, as its classification layer operates at the full image
resolution.

As shown in Table 5, Ours-4s model performed best for the plant segmentation task,
achieving an F1 score of 0.975, which was equivalent to the results reported for Lottes’
model by Zhang et al. (Zhang et al., 2020). For the stem detection task, our model achieved
the highest SDR 0f 0.997, followed closely by Ours-4s at 0.996 and Zhang’s model at 0.995.
In terms of ED, which is the distance between the predicted stem and the ground truth stem,
Zhang’s model performed best with an ED of 2.21 pixels, compared to 2.38 for Ours-4s and
2.45 for our model.
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The stem detection metrics for Zhang’s and Lottes’ models in our study were signifi-
cantly better than those reported by Zhang et al. (2020), except for the ED for Lottes’ model.
This is likely due to the fact that we produced our own annotations for the stem task. In con-
trast, for the segmentation task, Lottes’ model performed worse in our study compared to
Zhang et al.’s reported results, suggesting there may have been implementation differences
between the two studies. Unfortunately, we were unable to find an online version of Lottes’
model for direct comparison with our implementation. Although we made every effort to
follow the original paper (Lottes et al., 2018) as closely as possible, it is likely that some
discrepancies between the two implementations contributed to the performance differences.

Our models demonstrated performance comparable to or slightly better than Zhang’s
model on the plant F1 and stem SDR metrics, though they performed somewhat worse
on the ED metric. Notably, this was achieved despite our models employing final bilinear
upsampling steps of 8x for the plant task and 32x for the stem task (or 4x and 8x for
Ours-4s model). In contrast, Zhang’s model generates output masks at full resolution, elimi-
nating the need for upsampling. Despite these large upsampling steps, our models were able
to locate the stem with an average error of 2.45 pixels (or 2.38 pixels for Ours-4s model).
While Zhang’s model slightly outperformed ours in terms of the ED metric, it came at a
significantly higher computational cost. The two full-resolution decoder arms in Zhang’s
model, one for each task, account for 6.1 GFLOPs, which is more than half of the total
computational cost of 11.3 GFLOPs. This highlights the importance of carefully consider-
ing model design, particularly as to whether the task at hand requires the additional output
resolution and whether the corresponding computational overhead is justified. Minimizing
computation at full resolution can help optimize efficiency with minimal or no performance
loss.

Conclusion and future directions

This carefully controlled study has demonstrated the feasibility of a joint plant and spray-
point detector for use in pastures, paving the way for further research into multi-task models
in pastoral environments. It was observed that dual-task models designed for early-stage
crop fields struggled to perform well in pastures, especially when tested on growing condi-
tions not represented in the training set. In contrast, our model significantly outperformed
other models in this setting on both the segmentation and spraypoint tasks, achieving at least
30% better metrics. The challenges faced by other models were mitigated through the use
of HistMatch normalization, suggesting that this technique may be particularly effective in
enhancing model generalization in environments where robust performance is difficult to
achieve.

To advance the development of multi-task networks in pasture environments, further data
collection is required. Specifically, creating a dataset that includes multiple long-blade grass
species, in addition to tussock, such as African lovegrass (Eragrostis curvula) and Chilean
needle grass (Nassella neesiana), both of which are significant weeds in Australia, would be
instrumental in demonstrating the effectiveness of such networks in distinguishing between
different target species. Unfortunately, to our knowledge, no such multi-task dataset cur-
rently exists.
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Furthermore, the integration of additional tasks, such as biomass or nutrient content esti-
mation, which are typically handled by separate networks from the segmentation network
(Skovsen et al., 2019; Mortensen et al., 2019) could further expand the potential of multi-
task networks in pastures. However, this would necessitate additional network design, as
these tasks involve regression rather than classification.

Supplementary Information The online version contains supplementary material available at https://doi.org
/10.1007/s11119-024-10208-y.
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