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Accurate weed localization in pasture environments is essential for effective site-specific weed management
(SSWM). This study evaluates two dual-task convolutional neural networks (CNNs) - a truncated ConvNeXt (tCN)
and a truncated UniStemNet (tUSN) - for simultaneous plant segmentation and spraypoint detection across four
weed species in south-east Australian pastures. To assess model performance, two testing regimes were used: a
pooled test, where all images were randomly split for training and validation, and condition-invariance tests,
in which models were trained and evaluated on entirely separate groups of images collected under different
environmental conditions. Four data augmentation strategies were compared, including advanced image blending
techniques CutMix and MixUp, which had not previously been explored in this domain. In the pooled test, the
tUSN model achieved a mean Intersection over Union (mIU) of up to 0.897 for plant segmentation, while the
tCN model reached an Fl-score of 0.880 for spraypoint detection. Under condition-invariance testing, CutMix
augmentation provided the most consistent generalization, with mIU values up to 0.897 for plant segmentation,
and F1-scores up to 0.954 for spraypoint detection. HistMatch normalization assisted with model generalization
in weaker augmentation setups. These findings demonstrate that advanced augmentation and normalization
strategies are critical for achieving robust CNN-based weed detection across diverse real-world field conditions.

1. Introduction

Efficient and accurate weed management is a critical challenge in
modern agriculture, particularly in extensive pasture systems where
manual weed control is impractical. Site specific weed management
(SSWM) aims to target undesirable pasture species while leaving other
sections of the pasture untreated, thereby reducing chemical use and
limiting damage to surrounding vegetation [12]. However, the success
of such systems relies on the ability to detect, localize, and discriminate
between weed species under diverse environmental conditions [8].

Convolutional neural networks (CNNs) are commonly used in weed
localization studies [14,3,18,5], but their large number of parameters
makes them prone to overfitting, leading to reduced performance when
tested on unseen samples. Although data augmentation techniques can
be used to mitigate this issue [14], to date, most augmentation strategies
employed in weed localization studies have been limited to combina-
tions of spatial transformations [21,6,1], pixel intensity shifts [16] and

the addition of random noise or blurring [7]. By comparison, sample
mixing techniques, where two or more samples are combined to create
a new one, have not yet been investigated. Such techniques, including
CutMix [19] and MixUp [20] may offer promising avenues for develop-
ing more robust and diverse augmentation strategies.

Previous work has explored dual-task computer vision models for
weed management, particularly where varied treatment methods, such
as herbicide application or mechanical removal are required [10,11,21,
6]. These models typically use convolutional neural networks (CNNs),
and take an input image of pasture or crop field and output multiple
heatmaps, one showing weed (or crop) locations, and another indicat-
ing the centre of each plant. While foliar herbicides or fertilizers are
generally applied across the entire plant, treatments like root-absorbed
herbicides or mechanical removal target the plant’s centre, which may
be referred to as the spraypoint or stem [10,6].

Ford et al. [6] demonstrated the feasibility of real-time, pixel-level
weed detection and spraypoint localization in complex pasture environ-
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ments, using a dual-task CNN. Their model was a ConvNeXt-inspired
architecture with separate decoders for each task, which outperformed
prior approaches, including models by Lottes et al. [10] and Zhang et al.
[21], across multiple experimental conditions. To improve generaliza-
tion under variable imaging conditions, a histogram-based normaliza-
tion method (HistMatch) was introduced, which significantly enhanced
performance, particularly for models with lower representational capac-
ity.

However, the above research was limited to a dataset containing a
single weed species, serrated tussock (Nassella trichotoma, hereafter tus-
sock). This left untested whether the models were sufficiently robust
to handle the situation where multiple weed species were present, as is
commonly the case in pastures. For this reason, this study was conducted
to further test the abilities and limitations of the models in a more com-
plex pastoral setting. Specifically, the following research questions were
addressed:

» How well do the CNN models handle multispecies detection in pas-
tures, including underrepresented weeds?

» How robust are the models to unseen growing conditions during
testing?

» Can the spraypoint detector maintain accuracy with additional
species present?

» Do advanced augmentation techniques improve segmentation per-
formance in pasture settings?

2. Related work
2.1. Dual-task CNN models

Two key studies have proposed architectures for the dual task of
plant segmentation and stem detection. Lottes et al. [10] designed a
model with a shared encoder and two separate decoders. The encoder is
built using dense blocks composed of multiple densely connected 3 x 3
convolutional layers, with each layer outputting a fixed number of fea-
ture maps (the growth rate). Bottleneck layers using 1 x 1 convolutions
help reduce computational load, and downsampling is achieved via 5 X 5
convolutions with stride 2. The decoder arms use transpose convolutions
(2x 2, stride 2) for upsampling, and skip connections are implemented
via filter-axis concatenation.

In contrast, Zhang et al. [21] constructed a model based on Mo-
bileNetV2’s inverted residual modules (IRMs), which combine depth-
wise and point-wise convolutions to improve efficiency while preserving
accuracy. The encoder contains multiple stages of IRMs, with downsam-
pling achieved by stride-2 depth-wise convolutions. The architecture
features task-specific decoder branches that split off from different en-
coder resolutions. These decoder arms include intra-task connections to
enhance feature flow and a cross-task fusion link from the segmentation
decoder to the stem decoder, ensuring that stem localization is guided
by plant structure. Each decoder arm produces an independent output,
and deep supervision is applied at all outputs to strengthen training.

The model described in the preceding paragraph was further refined
by Ford et al. [6] through simplification of the decoder arms, an increase
in parameter count, and the incorporation of ConvNeXt-style architec-
tural elements [9], including a “patchify” stem, ConvNeXt modules, and
adjusted stage ratios. This updated model was evaluated on a joint plant
segmentation and spraypoint localization task using a dataset contain-
ing serrated tussock, with ground-level images collected from south-east
Australian pastures.

2.2. Data augmentation in weed localization studies

Data augmentation strategies artificially expand the size of a training
dataset by generating new images from existing ones through a variety
of random image transformations. This is particularly important when
training CNNs with a large number of parameters, which are prone to
overfitting [14]. In the field of weed classification, augmentation tech-
niques are typically limited, and include spatial transformations such
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as random horizontal and vertical flips [21,13], zooms, rotations, and
shears [7,6,1,14,18]. Other common approaches include adjusting pixel
intensity and/or contrast [6,1,14], and adding random noise or blurring
[7,16]. More specialized techniques have also been explored, such as
dividing images into n X n patches and augmenting each patch indepen-
dently [2], or applying style-transfer methods to simulate environmental
effects like dew on plants [17].

3. Methods
3.1. Dataset

The dataset consisted of images containing four weed species: ser-
rated tussock, horehound, nettle, and variegated thistle. The tussock
images were the same as those used in [6]. The images were captured
at three distinct locations — Jugiong (lat. -34.862, long. 148.319), Wal-
lacetown (-34.947, 147.488), and Yelangello (-34.860, 149.168) — over
a 20-month period from October 2021 to May 2023, spanning multiple
collection dates. All images were resized to 768 X 576 pixels, and the
corresponding segmentation maps were downsampled by a factor of 16,
resulting in a final output size of 48 x 36 pixels. The downsampled out-
put greatly decreases the computational complexity of the models, while
maintaining sufficient resolution to allow for effective activation of her-
bicide spray nozzles.

Not all weed species were present at every location or collection
date. The proportion of image patches covered by each species (and the
negative class), as well as the number of images across the different
locations and collection dates is presented in Fig. 1.

Two output segmentation maps were generated: one for plant seg-
mentation and another for spraypoint segmentation. The spraypoint
represents the centre of the plant, where root-absorbed herbicides are
applied to maximize uptake and effectiveness. Spraypoints were labelled
only for serrated tussock, as the other weed species are typically man-
aged using foliar herbicides that are applied to the entire plant.

3.2. CNN models

Two models were evaluated, based on those referred to as Zhang’s
model and our model in [6]. Zhang’s model is the UniStemNet model
by Zhang et al. [21], which was adapted for the spraypoint detection
task. To align with the downsampled output segmentation maps, both
models were truncated by removing the decoder arms responsible for
processing higher-resolution features.

For Zhang’s models, this means that there is a single decoder arm for
each task, at a downsampling factor of 16. This has removed the bidirec-
tional feature map exchanges that operated between adjacent intra-task
decoder arms. However, the cross-task feature fusion that operates from
the plant segmentation decoder to the spraypoint decoder has been re-
tained.

For our model, both tasks have a single decoder arm, at the 32x
downsampled scale for the spraypoint task, and at the 16X downsam-
pled scale for the plant task. For the plant task, a U-Net style connection
is used to concatenate upsampled feature maps from the 32X down-
sampled scale to the 16x downsampled feature maps from the encoder
arm. This is in contrast to the bidirectional feature map exchanges that
were present in the original model. As is the case for Zhang’s model,
the cross-task feature fusion has been retained. The number of layers in
the encoder has also been halved, so that there are 2, 6 and 2 layers at
downsampling scales of 8, 16 and 32 respectively. These models will be
called the truncated UniStemNet (tUSN) and truncated ConvNeXt (tCN)
models in the remainder of the paper. An overview of the structure of
both models used in this paper is presented in Fig. 2.

3.3. Augmentation strategies

In order to evaluate the effectiveness of different augmentation
strategies, including sample-mixing techniques, four different augmen-
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Fig. 1. The proportion of image patches covered by each species (and the negative class) and the number of images across different locations and collection dates.

The images have been separated into groups A (blue), and B (red).

tation schemes were tested in this study, being Zoom/Rotate, CutMix
[19], MixUp [20] and both CutMix and MixUp. For Zoom/Rotate aug-
mentation, images were randomly zoomed with limits of —20% to 10%
and rotated with limits of +=.

CutMix blends two images by replacing specific regions of one image
with patches from another, effectively combining their content. This en-
hances regularization and encourages the model to learn to identify ob-
jects even when key discriminative features are partially missing. While
vanilla CutMix randomly selects a rectangular region for replacement,
in this study, a free-form mask was generated by applying a Gaussian
filter, with ¢ = 2, to a randomly generated mask, followed by binariza-
tion. The threshold for binarization was set to the median pixel value of
the mask prior to binarization, ensuring that each image contributed an
equal area to the augmented image. The mask was chosen to have di-
mension 48 X 36, matching the size of the output masks. The process of
mask generation is shown on the right side of Fig. 3.

By contrast, MixUp generates new samples by blending two images at
the pixel level, which is achieved using a weighted average of their pixel
values. This technique encourages smoother decision boundaries and
reduces overfitting. In this study, the coefficient for the weight factor
was drawn from a beta distribution with « = # = 2, as this worked well in
preliminary tests. In all forms of augmentation, random horizontal and
vertical flips were also applied. Examples of the different augmentation
strategies are provided in Fig. 3.

3.4. Testing

An initial pooled test was conducted in which all images were com-
bined into a single dataset, from which an 80%,/20% training/validation
split was generated. This setup was used to optimize the learning rate
and to evaluate the different augmentation strategies under conditions
where the training and validation data shared the same growing condi-
tions.

To evaluate how well the models generalized to previously unseen
conditions, two condition-invariance tests were conducted. The train-
ing data were first divided into two groups, A and B, as indicated by
text colour in Fig. 1, where blue and red represent groups A and B, re-
spectively. In Invariance Test 1, models were trained and validated on
Group A (using an 80%,/20% split), and tested on Group B. In Invari-
ance Test 2, the setup was reversed, with Group B used for training and
validation, and Group A for testing.

3.5. Training parameters

Training was carried out in Keras/TensorFlow as per [6]. Learn-
ing rates from 0.0001 to 0.01 were tested in the pooled test. For the
condition-invariance tests, a fixed learning rate of 0.001 was used, as
this was found to be the most consistent in the pooled test. For the
pooled test, 300 epochs of training were used, whereas for the condition-
invariance tests, 700 epochs were used to ensure that the training con-
verged to a maximum. For the spraypoint task, due to extreme class
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Fig. 2. The truncated ConvNeXt (a) and truncated UniStemNet (b) models used
in this paper. Colours represent different network components: green for the
input layer, orange for the patchify stem, blue for the encoder, red for the de-
coder, grey for upsampling, yellow for the loss layer, and purple for the output
layer. Arrows indicate the flow of information, while dashed arrows represent
cross-task feature fusion.

imbalance, IOU loss was used [15]. For the segmentation task, cross
entropy loss was used. Other hyperparameters were set to the values
used in [6], without additional optimization. In all cases, the model
weights corresponding to the best performance on the validation data
were restored at the end of training. Normalization was carried out on
a per-image basis. For the pooled test, standard normal normalization
was used. For the condition-invariance tests, default, standard normal,
and HistMatch normalization techniques were compared. Further infor-
mation about these normalization techniques can be found in [6].

3.6. Post-processing and metrics

To convert the model-generated heatmaps for the spraypoint task
into individual predictions, the following steps were applied. First, a
threshold value of 0.5 was used to binarize the heatmap. The resulting
binary mask was then processed to identify connected components, cor-
responding to potential detections. To reduce noise and eliminate small,
spurious detections, a minimum size threshold was applied to each com-
ponent, with values of 2, 4, 6, 8, and 10 pixels tested.

The centroid of each connected component was used to determine
the positions of both true and predicted spraypoints. These spraypoints
were then matched based on proximity, with a distance threshold of
3.125 (equivalent to 50 pixels in the input image, which is the same
threshold used in [6]) used to classify a predicted spraypoint as a true
positive. Although this value was not rigorously selected, it is based on
an estimation of the precision of the herbicide spray nozzles, and the
spread of the central root system of the tussock plants. Each true spray-
point was paired with at most one predicted spraypoint, and vice versa.
True spraypoints that were not matched within the required distance
were counted as false negatives, while unmatched predicted spraypoints
were counted as false positives.

For the plant segmentation task, the mean Intersection over Union
(mIU) was computed on a per-patch basis. For the spraypoint task, eval-
uation was performed using the per-object F1 score.
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4. Results

The mlIU for the plant segmentation task, and the Fl-score for the
spraypoint task for the pooled test are presented in Fig. 4. For the tCN
model, connected components with a size of at least 4 output pixels were
counted as valid detections, whereas for the tUSN model, the threshold
was set to 10 pixels, as these were the values that led to the best re-
sults (in the pooled test). The average improvement in F1 score (across
all augmentation techniques) when small connected components were
ignored was 0.001 for the tCN model, compared to 0.049 for the tUSN
model.

The results for the condition-invariance tests are presented in Fig. 5
for test one, and Fig. 6 for test two. Each figure presents four heatmaps:
the top row corresponds to the tCN model, and the bottom row to the
tUSN model. The left column displays results for the plant segmentation
task using the mIU metric, while the right column shows results for the
spraypoint task using the F1 score. Within each heatmap, rows represent
the four different augmentation strategies, and columns represent the
three different normalization techniques. The colour scale is non-linear
and was chosen to accentuate differences between closely ranked metric
scores, particularly at the higher end of the scale. The same colour scale
is used for both figures, as well as for Fig. 4, to ensure consistency and
comparability.

In test one, CutMix augmentation with default preprocessing per-
formed best for both models and tasks (Fig. 5, second row, left column
of each heatmap). The tCN model performed better than the tUSN model
for both tasks, with an improvement in metrics of 0.012 and 0.047 for
the plant and spraypoint tasks respectively. In test two, CutMix aug-
mentation with default preprocessing achieved the best performance
for both models for the plant task (Fig. 6, left-hand heatmaps). For the
spraypoint detection task, Both augmentation with HistMatch prepro-
cessing performed best for the tCN model, while Both augmentation
with default preprocessing was the top performer for the tUSN model
(Fig. 6, right-hand heatmaps). In terms of model comparison, the tUSN
model slightly outperformed the tCN model in plant segmentation, with
a marginal improvement of 0.001. For the spraypoint detection task, the
tCN model performed better, showing a more substantial improvement
of 0.015.

Fig. 7 presents the normalized confusion matrix for the plant seg-
mentation task, comparing both models on the combined test using
CutMix augmentation. In both cases, confusion between weed species
was minimal, with the majority of the mIU error caused by weeds being
misclassified as negative.

Fig. 8 presents example outputs from condition invariance test
one, using default normalization. The outputs are shown for both the
Zoom/Rotate and CutMix augmentation strategies, selected to highlight
differences between the two models as well as the effects of each aug-
mentation approach. As observed (columns 3 and 5), models trained
with Zoom/Rotate augmentation often produced large regions with in-
correct class labels in the plant segmentation task and frequently failed
to detect spraypoints.

5. Discussion and conclusion

This study aimed to evaluate the effectiveness of CNN models for
the detection and segmentation of multiple weed species in South-East
Australian pastures, with four species represented in the dataset. The
selected CNNs were dual-task models capable of simultaneously gener-
ating a segmentation mask of the target weed and identifying the plant
centre, which corresponds to the root zone and is therefore the optimal
spraypoint for root-absorbed herbicides, such as Flupropanate. Spray-
point annotations were provided only for serrated tussock, however,
which is commonly treated with Flupropanate. The study also placed
particular emphasis on augmentation strategies, especially advanced im-
age blending techniques, which have not previously been explored in the
context of weed localization.
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Fig. 3. Examples of the augmentation methods used. The top row shows original samples from the dataset, while the bottom row shows corresponding augmented
samples. The masks are shown below the image with the spraypoint mask on the left, and the segmentation mask on the right. The method of mask generation for

CutMix is visualized on the right side of the figure.

ZR

CutMix

MixUp

Augmentation Strategies

Both
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Fig. 4. Results are presented for the pooled test, where all images were com-
bined into a single dataset from which training and testing sets were sampled.
Reported values represent the mean + standard deviation across seven test
iterations. Metrics include the mean Intersection over Union (IoU) for the seg-
mentation task and the F1 score for the spraypoint detection task, evaluated for
both the truncated ConvNeXt (tCN) and truncated UniStemNet (tUSN) models.

When images from all collection locations and dates were pooled
(Fig. 4), both models performed well on the multispecies plant segmen-
tation task, achieving mIU scores between 0.851 and 0.897. On average,
the tUSN model outperformed the tCN model by 0.018 across different
augmentation strategies. For the spraypoint detection task, F1-scores
ranged from 0.784 to 0.880, with the tCN model performing 0.064 better
than the tUSN model on average. These results indicate that both models
were effective in a multispecies context and that the spraypoint detec-
tor remained robust even with an increased number of plant species
present.

The dataset used in this study was highly imbalanced, with the neg-
ative class covering 69% of the total image area, while individual weed

species accounted for between 2% (nettle) and 15% (tussock), as illus-
trated in Fig. 1. As shown in the example confusion matrices for both
models (Fig. 7), weed species with lower representation (horehound and
nettle) tended to exhibit reduced classification accuracy. Nevertheless,
overall accuracy remained relatively high, with all species achieving
scores of at least 0.90. These results highlight the robustness of the se-
lected CNN models, even when faced with significant class imbalance
in the dataset.

When the dataset was split based on collection locations and dates,
robust model performance could still be achieved, with mIU scores of
up to 0.897 for the plant segmentation task, and Fl-scores as high as
0.962 for the spraypoint detection task (Figs. 5 and 6). These results
demonstrate that the models could generalize well to unseen growing
conditions, even in a multispecies context.

However, in this case, the choice of augmentation strategies, and
normalization techniques became critically important, with model per-
formance being significantly impacted in the worst cases. In most cases,
Zoom/Rotate augmentation performed poorly in the condition invari-
ance tests, with mIU scores dropping as low as 0.468 for plant seg-
mentation and F1-scores as low as 0.160 for spraypoint detection. This
poor performance is highlighted in Fig. 8. While these results could be
improved somewhat using HistMatch normalization, they were still sig-
nificantly worse than those using other augmentation techniques.

Overall, CutMix proved to be the most consistent augmentation strat-
egy for condition invariance, irrespective of model, test, task or normal-
ization technique. While CutMix is generally considered to be better
adapted to localization tasks, as compared to classification tasks, in
which MixUp is superior [4], it is notable that this distinction only be-
came apparent in the condition invariance experiments conducted in
this study. The strength of this augmentation strategy, compared to oth-
ers, may stem from both the approach itself and the specific method of
mask generation, which was tailored to reflect the common scenario in
pastures where plant overlap leads to partial occlusion of target species.

With respect to normalization strategies, it was found that HistMatch
normalization greatly improved results in cases where the models were
not robust enough to adapt to changes in growing conditions, as was the
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Fig. 5. Results are presented for invariance tests 1, in which group A was used for training and validation, and group B used for testing. Reported values are the
same as those presented in Fig. 4, evaluated for default, standard norm and HistMatch normalization, as discussed in [6].
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Fig. 6. Results are presented for invariance test 2, in which group B was used for training and validation, and group A used for testing. Reported values are the same

as those presented in Fig. 5.

case when Zoom/Rotate augmentation was used. In the case of CutMix,
where models already performed strongly with default normalization,
applying HistMatch led to reduced performance, which may be due to
a loss of image descriptiveness or due to confusion introduced during
training by enforcing a standard pixel intensity distribution. Finally,
where model performance was strongest, the choice of normalization
strategy appeared to have no discernible effect. This is exemplified in
the right-hand column of Fig. 6, showing the spraypoint results for in-
variance test two.

In the pooled test, the parameter-rich ConvNeXt-style tCN model out-
performed the tUSN model on the spraypoint task, achieving F1-score
improvements ranging from 0.039 to 0.081 depending on the augmenta-
tion strategy. Conversely, the tUSN model delivered superior results on
the segmentation task, with mIU gains between 0.015 and 0.023. In the
condition invariance tests—particularly focusing on the top-performing
CutMix augmentation, the tCN model outperformed the tUSN model by
an average of 0.008 in mIU for segmentation and 0.033 in F1-score for
spraypoint detection.
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Fig. 7. Normalized confusion matrices for the plant segmentation task using the truncated ConvNeXt and truncated UniStemNet models. Results are shown for the

pooled test with CutMix augmentation.
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Fig. 8. Example outputs from condition invariance test one using default normalization. Left to right: input image, ground truth masks, and predicted masks under
different model and augmentation settings. For each output, the spraypoint mask is shown above the plant segmentation mask. Colour legend—Black: Negative, Red:
Tussock, Blue: Horehound, Yellow: Variegated Thistle, Green: Nettle, White: Difficult.

The choice of normalization technique has a significant impact on
model performance, especially when evaluating condition invariance.

However, the optimal normalization method appears to depend on the
specific training regimen, highlighting the need for further research
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to better understand the factors that influence normalization effective-
ness.

In the context of weed detection in Australian pastures, this study
has demonstrated the potential of CNN models. However, further re-
search is necessary to assess their effectiveness across a wider range of
weed species that better represent the diversity of these environments.
In particular, future work is needed to evaluate the models’ ability to
distinguish between morphologically similar long-bladed grass species,
which may be either invasive weeds or beneficial native grasses.

This study further highlights the effectiveness of joint plant and
spraypoint CNN detectors in multi-species environments. However,
achieving robust performance under varying growing conditions re-
quires careful consideration of normalization methods and data aug-
mentation strategies. In this context, CutMix augmentation proved par-
ticularly useful, outperforming simpler approaches such as zooms and
rotations. As a result, future weed segmentation studies, and in partic-
ular those involving test images from diverse locations or time points,
should consider using CutMix augmentation during training. Moreover,
while this study focused on joint plant segmentation and spraypoint de-
tection, the augmentation strategies developed are equally applicable to
single-task problems, which are more commonly addressed in the liter-
ature.
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