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Automatic weed identification is becoming increasingly important in the Precision Agriculture field as a 
fundamental capability for targeted spraying or mechanical weed destruction. Targeted weed elimination reduces 
herbicides’ use and thus lowers the environmental impact of treatments. Convolutional Neural Networks are one 
of the most successful techniques to automatically detect weeds on RGB images. Such models require a high 
amount of labeled data to obtain satisfying detection performance. The agricultural context presents a high 
degree of variability, and it is thus unfeasible to expect a representative dataset for each specific condition that 
can appear in the fields. Domain Adaptation techniques are exploited to maintain high detection performance in 
different field conditions, lowering the need for labeled data. This study presents a comparison of the two main 
style transfer techniques for performing domain adaptation, that is, the Fourier Transform and the CycleGAN 
architecture. We used these techniques to reduce the domain gap in two use cases: one with images collected 
by different robots with different cameras and another with images collected by the same platform in different 
years. We show how, in the first case, the CycleGAN architecture attains satisfying performance and beats the 
simpler Fourier Transform. Instead, in the second case, all the tested DA techniques struggle to reach baseline 
performance. We also show how introducing a loss based on phase discrepancy in the CycleGAN architecture 
stabilizes the training and improves the performance. Moreover, we release a new dataset of labeled agricultural 
images and the code of our experiments for the reproducibility of the results and comparison with future works.
1. Introduction

Precision Agriculture is a farming management concept based on 
observing, measuring, and responding to inter and intra-field variability 
in crops. PA research aims to define decision support systems for whole-

farm management, optimizing returns on inputs and thus preserving 
resources [1]. A typical agricultural task is weed destruction, which 
is usually tackled by spraying herbicides uniformly all over the field. 
The practice of uniform spraying poses environmental and economic 
concerns since part of the products are wasted because they are not 
targeted at weeds. The waste of herbicide products can contaminate the 
soil and decreases the crops’ profits.

To reduce such waste, we need systems capable of targeted destruc-

tion to adapt the traditional weed removal practices to the concept of 
PA [2]. One option to implement such a targeted weed removal is to use 
smart implements capable of precise herbicide spraying limited to the 
weeds’ area [3]. Alternatively, smart implements could perform me-

chanical destruction, thus eliminating the need for herbicides. Such 
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smart implements need identification and distinction capabilities of 
weeds and crop plants, and RGB cameras can be used to capture weeds 
and crop plants [4]. Machine Learning (ML) algorithms then analyze 
images to detect the different plants and categorize them into crop or 
weed classes. The most successful ML technique in recent years is the 
use of Convolutional Neural Networks (CNN) [5–7], which, thanks to 
their ability to extract features automatically, can classify images with-

out any domain knowledge of the task they are dealing with.

However, the performance of a classifier trained on a specific set 
of images (i.e., the source domain) decreases when deployed in new 
environments or under changing conditions (i.e., the target domain). 
Agricultural environments are intrinsically variable in time and spatial 
dimensions. Each plant is different from the others, and its appear-

ance changes over time. Thus, the domain difference in the agricultural 
context is due to different weed types, growth stages of plants, soil 
conditions, and illumination. Maintaining good performance in such a 
variable environment requires broad datasets containing examples of 
all the possible conditions encountered in the field. Since the labeling 
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process is costly both in terms of time and money, it is not feasible to 
expect enough labeled data for each new field condition that needs to 
be classified. Thus, Domain Adaptation (DA) techniques have been pro-

posed to reduce the need for labeled data.

DA is a concept under which we aim to learn a model on a source 
domain and attain good performance on a different (but related) target 
domain [8]. DA techniques are classified along different dimensions [9]. 
In this study, we address unsupervised DA, meaning that the target do-

main labels are not available. Indeed, to see weed segmentation models 
deployed in the real world, it is necessary to remove the dependence on 
labeled images for each new situation that can appear in the fields. The 
image labeling process takes too much time, while agricultural tasks 
must be performed in a timely manner. It is not feasible to postpone an 
agricultural task for weeks because the actual field conditions were not 
captured in the original labeled dataset. Beyond the unsupervised DA 
setting, our studied scenario is characterized by being a closed set task 
because all the possible classes (crop, weed, and background) appear 
both in the source and target domains. Finally, in our study, we address 
input-level DA [9] techniques to minimize the domain gap by aligning 
the visual appearance of source and target domain images. The down-

side of some of these input-level techniques is that they do not preserve 
semantic consistency when transferring the style. Indeed, pixels of a cer-

tain class can be mapped into a different class in the style-transformed 
images. This problem is typical of adversarial-based approaches, which 
require constraints to maintain semantic consistency.

Few pixel-level DA approaches for weed segmentation have been 
tested and presented in the literature. A method based on the CycleGAN 
architecture [10] has been proposed in [11]. The CycleGAN architec-

ture is built on a pair of generative adversarial models, concurrently 
performing image translation between domains in both the source-to-

target and target-to-source directions. The two adversarial modules are 
further tied by a cycle-consistency constraint, which is essential to pre-

serve the geometrical properties of the input scene but provides no guar-

antees about the semantic consistency of the translations. In [11], the 
authors forced cross-domain image translations to preserve the seman-

tic content by introducing a measure of semantic discrepancy between 
the original image and its translated counterpart. This measure is then 
minimized as an additional loss function in the learning process of the 
translation networks.

An alternative approach to perform style transfer and DA is via the 
use of the Fourier Transform [12]. When the Fourier transform is ap-

plied to an image, it is possible to extract its phase and amplitude 
components. The phase component carries the semantic information of 
the image, while the amplitude holds the style. Swapping the ampli-

tude of a source image with the amplitude of a target image results in 
an image with the source semantics and the target style. In the weed 
segmentation field, the Fourier Transform has been tested in [13]. The 
authors showed how performing the style transfer through the Fourier 
Transform leads to higher performance compared to the baseline in the 
crop-weed segmentation task. They also demonstrated that preprocess-

ing the images with the Contrast Limited Adaptive Histogram Equaliza-

tion (CLAHE) technique [14] further improves the performance.

To the best of our knowledge, no study compares the current litera-

ture DA techniques for weed segmentation. This study aims to test and 
compare the Fourier Transform and CycleGAN techniques on the same 
dataset. We tested the original CycleGAN architecture with two exten-

sions to force semantic consistency: the extension proposed by [11]

by introducing IoU losses, and that proposed by [15], in which they 
minimize the phase difference between real and transformed images. 
Finally, we release a new labeled dataset of crop-weed images collected 
in bean and maize fields with four species of weeds. The dataset com-

prises eight sets of images collected by four robots with different RGB 
cameras and field of views in two different years, 2019 and 2021. We 
also release the code of our experiments to reproduce our results and 
for comparison with future works. Download the dataset and code at 
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2. Domain adaptation techniques

In this study, we compare the main literature pixel-level unsuper-

vised DA techniques for weed segmentation by testing them on the same 
dataset of agricultural images. The analyzed techniques are the Fourier 
Transform and the CycleGAN architecture. We test two modifications 
of the original CycleGAN architecture by introducing loss components 
to maintain semantic consistency in the transformed images. The re-

sults obtained from these techniques are compared to a baseline and 
an upper bound. In the following, we explain how we implemented the 
different tested techniques.

2.1. Baseline and upper bound

To compare the DA techniques with lower (baseline) and upper 
bounds, we designed a model based on a U-net segmentation network 
[16]. We implemented the encoder part of the network with a VGG16 
[17] pre-trained on Imagenet [18] used as a backbone. In Fig. 1 we 
show a graphical representation of the segmentation network. We de-

signed the network’s output with a 1x1 convolutional softmax activa-

tion layer that predicts the probability of a pixel location to be of the 
class crop, weed, and background. We then produced the baseline re-

sults by training this model on the source domain and predicting on 
the target domain. Instead, we produced the upper bound results by di-

rectly training the model on the target domain to predict on the same 
domain.

We trained the baseline model using a loss function based on the 
softIoU computed as [19]:

softIoU = 1
|𝐶|

∑
𝑐

∑
𝑖 𝑝𝑖𝑐 ⋅ 𝑝

∗
𝑖𝑐∑

𝑖 𝑝𝑖𝑐 + 𝑝∗
𝑖𝑐
− 𝑝𝑖𝑐 ⋅ 𝑝

∗
𝑖𝑐

where C is the set of classes, 𝑝𝑖𝑐 is the prediction probability of a pixel 
𝑖 to be of class 𝑐, 𝑝∗

𝑖𝑐
is the ground truth distribution, 1 if the pixel 𝑖

belongs to class 𝑐, 0 otherwise.

Similarly to the learning scheduler used in [11], we set the initial 
learning rate of 0.0001 and we linearly decreased it towards zero, mul-

tiplying it by 0.1 every time the IoU loss did not improve after 4 epochs. 
We used the Adam optimizer [20] and 256x256 padded tiles (total 
padded size of 320x320) from the original images. We augmented the 
training set by performing horizontal and vertical flips with a probabil-

ity of 0.5 in both directions. During testing, we did not use any padding.

2.2. Fourier transform

Starting from the well-known concept that an image amplitude con-

tains information about its style while the phase carries its semantics, 
the authors of [12] proposed an unsupervised DA method based on am-

plitude swapping. Given an image in the source dataset and one in the 
target dataset, the authors propose to swap the low-frequency compo-

nent of the amplitudes of their Fourier Transforms.

More formally, given 𝛽 ∈ [0, 1] we define a mask 𝑀𝛽 where the co-

ordinate system origin (0,0) is in the center of the image as:

𝑀𝛽 (ℎ,𝑤) = 1(ℎ,𝑤)∈[−𝛽𝐻∶𝛽𝐻,−𝛽𝑊 ∶𝛽𝑊 ]

We use the 𝑀𝛽 mask to select the low-frequency part of the ampli-

tude. Then, called  the Fourier Transform of an image and −1 the 
inverse transform, sampled an image from the target domain 𝑥𝑠 ∈ 𝐷𝑠, 
and an image from the target domain 𝑥𝑡 ∈𝐷𝑡, we can perform the DA 
via amplitude swap by:

𝑥𝑠→𝑡 = 
−1 ([𝑀𝛽◦

𝐴
(
𝑥𝑡
)
+
(
1 −𝑀𝛽

)
◦𝐴 (𝑥𝑠) ,𝑃 (𝑥𝑠)

])

As noted by [12], setting 𝛽 is a trade-off between transformation and 
introducing noise. In our experiments, we reached a good compromise 
setting 𝛽 = 0.1.

To evaluate the Fourier Transform technique, we transformed the 
source images in the target style, and then we trained a U-Net model 
with the source labels. Then, we used this model to predict the unla-
beled target domain images. For each source image, we randomly chose 
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re f
Fig. 1. Our U-net architectu

a target image to perform the amplitude swap. By randomly choosing a 
different target image for each source image, we are sure to represent 
the distribution of target styles in the source-transformed images.

2.3. CycleGAN

As pointed out in [11], the original CycleGAN architecture [10]

cannot guarantee the preservation of the semantics in the transformed 
images. To enforce semantic consistency, the authors of [11] proposed 
constraining the labels of an image to be equal to the labels of its trans-

formation. Thus, in the original CycleGAN implementation, they added 
two additional semantic losses involving both the source domain and 
the target domain. These losses force the source Fully Convolutional 
Network (FCN) to predict labels to be as similar as possible to the 
ground truth. At the same time, they force the target FCN to predict 
segmentations to be as close as possible to the prediction made by the 
source FCN on the translated images. The complete CycleGAN architec-

ture is depicted in Fig. 2. In the figure, we highlighted in purple the 
components of the 𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 loss as proposed in [11] and composed as:

semantic =softIoU(𝑠̄𝐺(𝑥), 𝑠𝑋 ) +softIoU(𝑠̄𝐹 (𝐺(𝑥)), 𝑠𝑋 )

+softIoU(𝑠̄𝑌 , 𝑠̄𝐹 (𝑦)) +softIoU(𝑠̄𝐺(𝐹 (𝑦)), 𝑠̄𝐹 (𝑦))

where softIoU is a softIoU-based loss, 𝑠 identifies the ground truth la-

bels, and 𝑠̄ the predicted labels. Moreover, 𝑥 ∈𝑋 is an image from the 
source domain, and 𝑦 ∈ 𝑌 is an image from the target domain. Finally, 
𝐺 is the generator responsible for the source-to-target translation, and 
𝐹 is the generator for target-to-source translation.

We then added a constraint on the image phase to further improve 
semantic preservation. As explained earlier, an image’s phase compo-

nent contains information about its semantics, while the amplitude car-

ries information about its style. Consequently, we penalized the phase 
discrepancy between real and transformed images through a loss func-

tion proposed in [15]:

phase(𝑇 ,𝑥) = −
∑
𝑗

⟨
 (𝑥)𝑗 , (𝑇 (𝑥))𝑗

⟩
|| (𝑥)𝑗 ||2 ⋅ || (𝑇 (𝑥))𝑗 ||2

where ⟨, ⟩ is the dot-product, || ⋅ ||2 is the 𝐿2 norm,  the Fourier Trans-

form and 𝑇 the transformation function of the generator being trained. 
We implemented the Fourier Transform  via the Fast Fourier Trans-

form algorithm [21]. In Fig. 2 we depicted the new loss with orange 
rectangles and arrows. We applied this loss to both source-transformed 
and target-transformed images to enforce semantic consistency in both 
3

directions. At the implementation level, we summed the phase loss to 
or semantic segmentation.

the total loss of the CycleGAN architecture. Thus, the total loss adds up 
to:

total = GAN +cycle +semantic + (phase(𝐺(𝑥), 𝑥) +phase(𝐹 (𝑦), 𝑦))∕2

Where GAN is the adversarial loss as specified in [22], and 𝑐𝑦𝑐𝑙𝑒 is 
used to enforce cycle consistency as proposed in [10]. We divided the 
sum of the phase losses by 2 to uniform its magnitude to that of the 
other losses.

We built the CycleGAN architecture as proposed in [11] but with U-

net generators as represented in Fig. 1. The training has been performed 
with a learning rate of 0.0002 for the first 100 epochs, halving it after 
the 100th epoch and then halving it again every 20 epochs. To perform 
the predictions on the target domain, we then use the FCN 𝑓𝑦 network 
trained in the CycleGAN model.

3. Dataset and experiments

The images we used in our experiments come from the ROSE Chal-

lenge [23], a benchmarking competition of agricultural robots focused 
on autonomous weed destruction. The ROSE Challenge has been orga-

nized by the National Laboratory of Metrology and Testing (LNE) and 
the National Research Institute for Agriculture, Food, and the Environ-

ment (INRAE). Four teams participated in the ROSE field campaigns 
with different robots and camera systems. The teams’ names are BIPBIP, 
PEAD, ROSEAU, and WeedElec. The images used in our experiments 
were collected in the years 2019 and 2021 in an experimental field 
at the INRAE research center located in Montoldre, France. The teams 
scanned maize (Zea mays) and bean (Phaseolus vulgaris) plants with four 
kinds of weeds (Lolium perenne, Sinapis arvensis, Chenopodium album, 
Matricaria chamomilla) under natural daylight conditions. The dataset is 
composed of RGB images (with different resolutions) and semantic seg-

mentation masks to distinguish the crop, weed, and background classes. 
There are 1000 labeled images in total (125 per team and crop type) per 
year.

In our experiments, we performed two kinds of style transfer. In the 
first set of experiments, we used images collected by different robots 
with different cameras but of the same field and in the same period 
(May 2019). Specifically, we used the images of the teams BIPBIP and 
WeedElec, with both maize and bean crops, being the most similar in 
terms of shooting conditions. In the second set of experiments, we used 
images collected by the same robot and camera but in different years 
and periods (May 2019 and September 2021). The images were col-
lected by the BIPBIP team, and plants were at different growth stages 
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Fig. 2. The model proposed in [11] consists of two generators responsible for translate source-to-target (generator G) and from target-to-source (generator F). The 
model also includes two segmentation networks: 𝑓𝑋 to segment in the source domain, 𝑓𝑌 to segment in the target domain. The softIoU loss developed by [11] (purple 
arrows) enforces semantic consistency using the mask predicted by the segmentation modules and the ground truth. The other additional loss (orange arrows) 
consists of a phase loss phase that encourages the generators to minimize the phase discrepancy between original and translated images. In the image, 𝑠 identifies 
the ground truth labels, and 𝑠̄ the predicted labels.

Table 1

Mean IoU (crop, weed, and background classes) results for the four combinations of the BIPBIP and WeedElec teams’ images.

Crop Source 
Domain

Target 
Domain

Baseline Fourier 
Transform

CGAN 
L_semantic

CGAN 
L_phase

Upper 
Bound

Bean
BIPBIP WeedElec 0.741 0.787 0.827 0.808 0.870

WeedElec BIPBIP 0.726 0.835 0.827 0.844 0.847

Maize
BIPBIP WeedElec 0.843 0.838 0.587 0.645 0.893

WeedElec BIPBIP 0.614 0.799 0.770 0.841 0.883

Table 2

Mean IoU (crop, weed, and background classes) results for the four combinations of the 2019 and 2021 BIPBIP images.

Crop Source 
year

Target 
year

Baseline Fourier 
Transform

CGAN 
L_semantic

CGAN 
L_phase

Upper 
Bound

Bean
2019 2021 0.726 0.738 0.539 0.539 0.805

2021 2019 0.807 0.787 0.426 0.628 0.847

Maize
2019 2021 0.766 0.741 0.239 0.276 0.808

2021 2019 0.854 0.837 0.705 0.460 0.883
in the two years. Thus, we came up with four combinations of source 
and target domains and crops for each set of experiments. The dataset 
[24] and code of the experiments are available at this URL https://

doi .org /10 .17632 /x8brgg2j28 .2.

In both sets of experiments, we compared three unsupervised DA ap-

proaches against a baseline and an upper bound. We summarized the 
results in Tables 1 and 2. Table 1 shows the comparison results for the 
two image sets of BIPBIP and WeedElec teams collected in 2019, while 
Table 2 shows the comparison results for the image sets of the BIPBIP 
team collected in the years 2019 and 2021. For each combination of 
crop-source-target, we tested the Fourier Transform technique, the Cy-

cleGAN architecture as proposed in [11] (named “CGAN L_semantic”), 
and the same CycleGAN architecture but with the additional phase loss 
as proposed in [15] (named “CGAN L_phase”). We measured the algo-

rithms’ segmentation performance with the IoU over the classes crop, 
weed, and background.

The first set of experiments was characterized by a domain shift 
caused by different camera models and acquisition parameters. In 
this setting, the generative models outperformed the baseline and the 
Fourier Transform in three out of four comparisons. The baseline over-

performed all the other methods in the experiment with BIPBIP as the 
4

source domain, WeedElec as the target domain, and the maize crop. 
We hypothesize that a higher proportion of background pixels gave the 
FCN 𝑓𝑦 a poor crop-weed discrimination capability. Indeed, the Weed-

Elec maize images were taken at a larger distance from the ground than 
the BIPBIP images, which turned into a higher portion of the image be-

ing just soil (that is, background class). Also, since the CycleGAN models 
are trained with image tiles, a significant portion of them consisted of 
just soil. In Fig. 3 we show the transformation of the same source image 
into the target domain with the three tested methods. We can observe 
that in the case of the BIPBIP to WeedElec (bean crop) transformation, 
the target image consists of only ground. The CGAN L_semantic method 
completely removed the plant from the source image, while the CGAN 
L_phase retained the crop plant.

The Fourier Transform method achieved better results than the base-

line in three comparisons and comparable performance in one. Finally, 
the introduction of the phase loss in the CycleGAN architecture (CGAN 
L_phase) led to overperforming the CGAN L_semantic approach in three 
comparisons. In Fig. 4, for each of the four comparisons, we show 
the predictions of the three tested methods, plus the baseline and the 
ground truth. In general, we noticed that the CycleGAN models found 
more weeds than those in the ground truth. By inspecting the images 

closely, we verified that the CycleGAN models produced a better predic-

https://doi.org/10.17632/x8brgg2j28.2
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Fig. 3. Comparison of the results of the DA techniques used. In the first two columns, we display the source and target images taken by the two teams BIPBIP 
and WeedElec. We display the results of the transformation of the source images into the target style in the remaining three columns. The third column shows the 
transformation via the Fourier Transform technique, then the transformation via the CGAN L_semantic method, and finally, the CGAN L_phase method.

Fig. 4. Comparison of segmentation predictions performed with four models. In the first column is displayed the target image being segmented. The baseline column 
displays the segmentation performed by training the model with source labels. In the first column, we show the Fourier Transform predictions from a model trained 
on the translated dataset. The CGAN L_semantic and CGAN L_phase columns show the segmentation predictions produced with the CycleGAN models. In the last 

column, we show the ground truth.

tion than the ground truth in many cases. Indeed, we noticed that the 
human annotators had missed the smallest and merely visible weeds.

The second set of experiments was characterized by a domain shift 
due to a different growth stage of the plants. In this setting, the gen-

erative models presented performance under the baseline, as shown in 
Table 2. The style-transfer methods exploited in this study were thus 
helpful in the case of a domain gap caused by different camera mod-

els, but they struggled when the domain gap was because of plants with 
different shapes. In this setting, features-level DA methods could per-

form better than pixel-level ones. Also, the Fourier Transform did not 
improve the results compared to the baseline but in one case, although 
with a slight improvement.

In Fig. 5, we show the transformation of the same source image into 
5

the target domain with the three tested methods. We notice that the 
Fourier transform produced some visible artifacts. Moreover, even the 
CycleGAN transformed images present alterations which lead to low 
performance. Fig. 6 compares the mask predictions of the three tested 
DA methods. The CycleGAN architectures produced many wrongly pre-

dicted pixels.

In the Appendix, we reported tables with the experiment results 
specifying the IoU of the three classes (background, crop, weed) (Ta-

bles 3–7). Since the images are heavily unbalanced toward soil pixels, 
the background class showed higher performance, followed by the crop 
and weed classes.

Finally, in Fig. 7 and 8, we show the plots of the loss and mean 
IoU, respectively, for each of the four comparisons in the first set 

of experiments, that is, with the BIPBIP and WeedElec 2019 images
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Fig. 5. Comparison of the results of the DA techniques used. In the first two columns, we display the source and target images taken by the team BIPBIP in the years 
2019 and 2021. We display the results of the transformation of the source images into the target style in the remaining three columns. The third column shows the 
transformation via the Fourier Transform technique, then the transformation via the CGAN L_semantic method, and finally, the CGAN L_phase method.

Fig. 6. Comparison of segmentation predictions performed with four models. In the first column is displayed the target image being segmented. The baseline column 
displays the segmentation performed by training the model with source labels. In the first column, we show the Fourier Transform predictions from a model trained 
on the translated dataset. The CGAN L_semantic and CGAN L_phase columns show the segmentation predictions produced with the CycleGAN models. In the last 
column, we show the ground truth.
as domains. The plots show the validation mean IoU and 𝑠𝑜𝑓𝑡𝐼𝑜𝑈

loss obtained during the training of the CGAN L_semantic and CGAN 
L_phase models. We noticed that CGAN L_phase has a more stable 
loss (and even lower in some cases). With loss stability, we mean 
that the width of the loss curve oscillations is smaller compared to 
a more unstable loss curve. This is evident in the BIPBIP (source), 
WeedElec (target), and maize crop experiment. Moreover, we noticed 
a more stable loss between the 100th and 175th epochs of the BIP-

BIP, WeedElec, and bean experiment, and after the 125th epoch of 
WeedElec, BIPBIP, and maize experiment. Similarly, the mean IoU is 
higher and more stable with the CGAN L_phase model. The effective-

ness of the additional loss is particularly evident in the maize experi-
6

ments.
4. Conclusions

In this study, we compared two unsupervised DA techniques for 
weed segmentation. At the time of writing, few approaches have been 
proposed, namely, the Fourier Transform and the CycleGAN architec-

ture. We tested the original CycleGAN architecture with two modifi-

cations by adding losses based on the IoU and phase discrepancy. We 
tested the DA methods with two kinds of domain gaps. The first do-

main gap comes from images collected by different robots with different 
cameras and the other from images collected by the same platform in 
different years. Regarding the first domain gap, the Fourier Transform 
improved the baseline with a lower training procedure. The CycleGAN 
architecture, together with the IoU-based loss, showed a higher DA 

power at the cost of an intensive training process. We demonstrated 
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Fig. 7. Comparison plots of the losses for the training of the four experiments. CGAN L_semantic is the loss as proposed by [11], while CGAN L_phase is the loss that 
includes the additional phase discrepancy term.

Fig. 8. Comparison plots of meanIoU for the model proposed by [11] (CGAN L_semantic) and the same model with the addition of the phase loss (CGAN L_phase). 
The four plots represent the accuracy over the four experiments.
how using an additional loss function based on phase discrepancy fur-

ther improved the performance and stabilized the training. One of the 
four combinations of experiments presented DA results worse than the 
baseline. Indeed, different class proportions of the two domains lead to 
worse performance. In this case, we suggest using a weighted IoU loss 
to weigh more the minority classes. The second domain gap was more 
challenging, and none of the DA techniques could consistently beat the 
baseline. Both the Fourier Transform and CycleGAN models introduced 
artifacts in the transformed images. Other models (like features-level 
methods) should be tested to overcome this problem. Together with 
7

this study, we released the entire dataset and code for the reproduction 
of the results (including the implementation of literature techniques for 
which no code was available) and comparison with future works.

Data availability

The data and code used in the experiments can be downloaded here 
https://doi .org /10 .17632 /x8brgg2j28 .2.
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Appendix A

Table 3

IoU results of the baseline. The segmentation model is trained on the source domain and tested on the target without any form of DA.

Crop
Source 
Domain

Target 
Domain

Baseline

bgIoU cropIoU weedIoU meanIoU

Maize

BIPBIP 2019 WeedElec 2019 0.987 0.835 0.708 0.843

WeedElec 2019 BIPBIP 2019 0.861 0.425 0.557 0.614

BIPBIP 2019 BIPBIP 2021 0.912 0.836 0.549 0.766

BIPBIP 2021 BIPBIP 2019 0.976 0.845 0.741 0.854

Bean

BIPBIP 2019 WeedElec 2019 0.976 0.697 0.551 0.741

WeedElec 2019 BIPBIP 2019 0.944 0.724 0.511 0.726

BIPBIP 2019 BIPBIP 2021 0.939 0.781 0.456 0.726

BIPBIP 2021 BIPBIP 2019 0.980 0.802 0.640 0.807

Table 4

IoU results of the Fourier Transform DA. The segmentation model is trained on the source-transformed images and tested on the target domain.

Crop
Source 
Domain

Target 
Domain

Fourier Transform

bgIoU cropIoU weedIoU meanIoU

Maize

BIPBIP 2019 WeedElec 2019 0.986 0.839 0.690 0.838

WeedElec 2019 BIPBIP 2019 0.963 0.740 0.693 0.799

BIPBIP 2019 BIPBIP 2021 0.912 0.834 0.477 0.741

BIPBIP 2021 BIPBIP 2019 0.971 0.805 0.735 0.837

Bean

BIPBIP 2019 WeedElec 2019 0.974 0.792 0.597 0.787

WeedElec 2019 BIPBIP 2019 0.979 0.822 0.704 0.835

BIPBIP 2019 BIPBIP 2021 0.935 0.794 0.484 0.738

BIPBIP 2021 BIPBIP 2019 0.978 0.772 0.612 0.787

Table 5

IoU results of the CGAN L_semantic DA. The segmentation model is trained on the source-transformed images and tested on the target domain.

Crop
Source 
Domain

Target 
Domain

CGAN L_semantic

bgIoU cropIoU weedIoU meanIoU

Maize

BIPBIP 2019 WeedElec 2019 0.981 0.529 0.252 0.587

WeedElec 2019 BIPBIP 2019 0.960 0.732 0.619 0.770

BIPBIP 2019 BIPBIP 2021 0.672 0.032 0.011 0.239

BIPBIP 2021 BIPBIP 2019 0.966 0.665 0.484 0.705

Bean

BIPBIP 2019 WeedElec 2019 0.976 0.826 0.679 0.827

WeedElec 2019 BIPBIP 2019 0.980 0.822 0.679 0.827

BIPBIP 2019 BIPBIP 2021 0.829 0.443 0.347 0.540

BIPBIP 2021 BIPBIP 2019 0.877 0.353 0.048 0.426

Table 6

IoU results of the CGAN L_phase DA. The segmentation model is trained on the source-transformed images and tested on the target domain.

Crop
Source 
Domain

Target 
Domain

CGAN L_phase

bgIoU cropIoU weedIoU meanIoU

Maize

BIPBIP 2019 WeedElec 2019 0.946 0.487 0.502 0.645

WeedElec 2019 BIPBIP 2019 0.973 0.829 0.723 0.841

BIPBIP 2019 BIPBIP 2021 0.683 0.145 0.001 0.276

BIPBIP 2021 BIPBIP 2019 0.827 0.340 0.211 0.460

Bean

BIPBIP 2019 WeedElec 2019 0.975 0.811 0.637 0.808

WeedElec 2019 BIPBIP 2019 0.980 0.839 0.714 0.844

BIPBIP 2019 BIPBIP 2021 0.855 0.834 0.277 0.539

BIPBIP 2021 BIPBIP 2019 0.923 0.549 0.413 0.628

Table 7

IoU results of the upper bound. The segmentation model is trained and tested on the target domain.

Crop
Source 
Domain

Target 
Domain

Upper Bound

bgIoU cropIoU weedIoU meanIoU

Maize

BIPBIP 2019 WeedElec 2019 0.993 0.892 0.794 0.893

WeedElec 2019 BIPBIP 2019 0.979 0.880 0.789 0.883

BIPBIP 2019 BIPBIP 2021 0.920 0.864 0.641 0.809

BIPBIP 2021 BIPBIP 2019 0.979 0.880 0.789 0.883

Bean

BIPBIP 2019 WeedElec 2019 0.981 0.970 0.759 0.870

WeedElec 2019 BIPBIP 2019 0.984 0.862 0.697 0.847

BIPBIP 2019 BIPBIP 2021 0.955 0.869 0.592 0.805

BIPBIP 2021 BIPBIP 2019 0.984 0.862 0.697 0.847
8
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