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Using synthetic images to train neural 
networks for tramline detection 
Silko Schulpius, Jan Schattenberg, Ludger Frerichs

In recent years, the ability to generate synthetic image data and the quality of such data have 
significantly improved. This advancement facilitates the training of neural networks, which 
require large amounts of training data. The ability to train neural networks more quickly and 
easily provides significant benefits for precision farming applications, particularly in auto-steer-
ing situations where Global Navigation Satellite System (GNSS) cannot be utilized. In these 
non-GNSS scenarios, a neural network combined with a single camera can act as an effective 
alternative to GNSS. This is especially useful in situations where GNSS signals are unavailable, 
e. g., because the initial seeding was performed without GNSS-based equipment, resulting 
in missing positional data, or due to signal obstruction caused by environmental factors, like 
overhead agrivoltaics systems. This paper explores the process of generating synthetic images 
using a game engine and a diffusion model. These synthetic images will be utilized to train 
a neural network for tramline detection. The neural network, when trained with real images, 
achieved a mean Intersection over Union (mIoU) of 81.7 %. Incorporating synthetic images into 
the training process increased the mIoU to 83.3 %, resulting in improved tramline detection.

Keywords
Synthetic images, game engines, machine learning, autonomous driving

In the realm of precision farming, innovative guidance systems are essential for enhancing efficiency 
and accuracy. An alternative to the widely used Global Navigation Satellite System (GNSS) are non-
GNSS guidance systems. This option is particularly useful in situations where there is a loss of GNSS 
(Vélez et al. 2024), when GNSS is not available, or when the tramline coordinates in a field are un-
known. This occurs when the initial seeding was performed wit hout GNSS-based equipment, result-
ing in missing positional data, or when GNSS signals are obstructed by environmental factors such as 
overhead agrivoltaics systems. In such cases, a non-GNSS system can serve as a reliable alternative. 

For the tramline guidance, the combination of a mono camera and a neural network (NN) is a 
very useful tool to achieve a non-GNSS guidance system. To train such a network effectively, a large 
dataset of diverse images is necessary. Thus, a major challenge is to ensure that enough images con-
taining corner cases are included in the training data. Moreover, it is important to incorporate various 
environmental factors, such as plant vegetation or weather conditions, to represent all scenarios in 
the field. Depicting all use cases with real images, as well as the mandatory subsequent image an-
notation, would be labor-intensive, as it requires substantial manual effort and human involvement, 
and time-consuming, due to the extensive duration needed to collect, process, and annotate the data. 
Referring to the Cityscape dataset, annotating and verifying a single image with 30 classes takes 
1.5 hours on average, highlighting the complexity of the task (Cordts et al. 2016). Hence, to achieve 
the required objectives in a cost-effective and timely manner, using synthetic images is a more feasi-
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ble option for two main reasons. Firstly, synthetic images are suitable to represent different scenarios 
and various environmental conditions with little effort. Secondly, generating synthetic images auto-
matically creates corresponding annotation masks, crucial for training neural networks.

In the present study, synthetic images are created using the game engine Unity (Unity Technol-
ogies, USA, https://unity.com/de). The engine generates images covering various scenarios and en-
vironmental conditions to create a diverse dataset for training purposes. Generating highly realistic 
plant and soil types, weather conditions, and other elements in a game engine usually requires a 
significant amount of time. To enhance the fidelity of synthetic images in a more time-saving way, 
neural networks, such as diffusion models, are used, resulting in modified synthetic images.

Considering real, synthetic, and modified synthetic images, the aim of the presented study is 
twofold: The first goal is to create and analyze different datasets, each for training a neural network 
that can detect tramlines on a field for localization purposes. Specifically, the type of images is var-
ied between the training datasets. Thus, either real, synthetic, modified synthetic, or a combination 
of two types of images are used to train a neural network. To evaluate the similarity between each 
training dataset, the Fréchet Inception Distance (FID) score (Heusel et al. 2017) is determined. The 
second goal is to analyze the performance of the neural networks. For this purpose, the mean Inter-
section over Union (mIoU) (Rezatofighi et al. 2019) is calculated for each one of the neural networks 
and compared between them. Within the scope of this study, the mIoU measures the ability of every 
network to detect real tramlines in a field. The FID and the mIoU will be explained in more detail in a 
later section. Based on the results, best practices for training a neural network for tramline detection 
in an autonomous driving tractor are derived.

Overview of the state of the art
The generation of synthetic images has become increasingly important in various sectors in recent 
years. Especially in the automotive industry and in agriculture, artificial images are gaining in im-
portance. In the automotive industry, synthetic images are mainly used to depict scenarios on the 
road in various ways to enable robust, automated, and safe driving. Agricultural applications of syn-
thetic data are very diverse. However, they are used particularly frequently for the detection of plant 
diseases. In principle, synthetic data can be generated in two different ways. On the one hand, the 
data can be generated using game engines and on the other hand, using artificial intelligence (AI). 
Both approaches will be presented in more detail later. A short overview of the pros and cons of both 
alternatives is shown in Table 1.

Table 1: Comparison of the synthetic image generation with game engines vs. machine learning algorithms

Game engines Artificial Intelligence

+ High control over details and interactivity + Fast generation of large datasets
+ Realistic physics and lighting models + Automated customization and variation
+ Established tools and a large community support + Ability to create creative and unexpected designs
− High effort and time required for creation in contrast to AI − Dependence on large datasets for training
− Requires specialized knowledge and skills − Potential quality and consistency issues
− High costs for licenses and hardware − Limited control over specific details
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Frequently used 3D modeling software for creating synthetic data includes Unity (Unity Techno
logies, USA, https://unity.com), Unreal Engine (Epic Games, Inc., USA, https://www.unrealengine.
com), or Blender (Blender Foundation, Netherlands, https://www.blender.org). Unity was used, for 
example, to create the virtual KITTI dataset (Gaidon et al. 2016) and the Synthia dataset (Ros et al. 
2016) for representing real automotive scenarios. Based on Unreal Engine, for instance, CARLA was 
developed, which is a simulator for urban driving environments and is used for training and test-
ing algorithms for autonomous driving (Dosovitskiy et al. 2017). CARLA has been extended to also 
simulate off-road driving (Matt Rowe 2023). Another simulation developed using Unreal Engine is 
AURELION (dSPACE Group SE & Co. KG, Paderborn, https://www.dspace.com). AURELION provides 
high-quality visualization and realistic sensor data for testing and validating driving functions in both 
urban and off-road environments. However, games such as GTA V are also utilized to create artificial 
datasets (Richter et al. 2016).

In the agricultural context, for example, Cieslak et al. (2024) used Blender to simulate different 
growth stages of plants, random field arrangements, and different soil conditions under different 
lighting conditions. Jung et al. (2024) implemented the combination of Blender and Unreal Engine to 
generate synthetic data for the detection of pine wilt disease.

The most common artificial intelligence methods for generating synthetic models are Generative 
Adversarial Networks (GAN) algorithms or diffusion models. Huang et al. (2018) used Multimodal 
Unsupervised Image-to-image Translation (MUNIT), which is based on GAN algorithms, to generate 
multiple environmental conditions in road traffic based on a single image. Zhao et al. (2024) utilized 
both GAN algorithms and diffusion models to generate images of road traffic. The results have shown 
that the diffusion models can achieve higher mIoU scores.

Singh et al. (2024) and Zhang et al. (2024) implemented different GAN algorithms to artificially pro-
ject a disease onto images of healthy leaves to enlarge the data set. Li et al. (2024) used GAN algorithms 
to generate images of weeds to improve the identification of real weeds.

A common problem in generating synthetic images is the domain gap between synthetic and real 
images. This means that synthetic images do not share the same characteristics as real images, for 
example, in terms of environmental appearance. To reduce the domain gap, two methods of synthetic 
image generation are combined in this paper.

Theoretical background
In this study, the Unity game engine and the machine learning technique ControlNet (Zhang et al. 
2023) were utilized to generate synthetic images. Unity is a widely used development platform for 
creating 2D and 3D games as well as interactive content. It supports multiple platforms, enabling 
developers to create applications for PCs, consoles, mobile devices, and even Virtual Reality (VR) and 
Augmented Reality (AR). In game engines like Unity, 3D objects are utilized to generate new environ-
ments. These 3D objects consist of multiple connected polygons, commonly referred to as a mesh. A 
polygon is a flat, two-dimensional shape consisting of multiple vertices, typically in the form of a tri-
angle or a quadrilateral. The level of detail and smoothness of a 3D object increases with the number 
of polygons used per area. However, this also increases the computational load. To get fine details of 
an object, a texture is applied to the mesh. A texture is a bitmap image that is applied onto the surface 
of the 3D model. To apply textures to the 3D models, materials are utilized. Materials utilize special-
ized graphics programs to render a texture on the mesh surface. Those graphic programs are called 
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shaders. Shaders can create lighting and coloring effects to simulate various surface properties, such 
as shininess or bumpiness. Additionally, shaders can use multiple textures simultaneously, combin-
ing them to achieve greater flexibility and more complex visual effects. (Unity 2025b, Koulaxidis and 
Xinogalos 2022)

To generate images or frames from the 3D environment that can be displayed on a screen, render-
ing is essential. There are multiple types of rendering techniques, i.e., rasterization and raytracing. 
For this paper, only rasterization was used, because raytracing is a more time-consuming rendering 
method. Therefore, in the following, only rasterization will be explained.

At the rasterization for each vertex of a 3D model, which is visible by the camera, a pixel color is 
calculated using a model of shading (lighting). The whole rendering pipeline using rasterization is 
shown in Figure 1.

In the first step, the vertex shader receives the 3D model that is to be rendered and transforms it 
into a position relative to the camera. The next two steps, called tessellation and geometry shaders, 
are optional. To generate more polygons by vertex combinations, the tessellation shader can be used. 
The geometry shader, on the other hand, can manipulate the primitives (polygons, lines and vertices) 
in different ways, i. e., stretching or introducing holes, to create more complex models. During the 
rasterization process, polygons are converted into pixel fragments by projecting them onto the image 
using the camera model. This step also enables the interpolation of any output variable from the vertex 
shader, such as color and position. In the final step, the color of the pixels according to the lighting, 
textures, and materials is calculated by the fragment shader (Halmaoui and Haqiq 2022). In Unity, dif-
ferent render pipelines are available, such as the Universal Render Pipeline (URP), the High Definition 
Render Pipeline (HDRP) or the Built-In Render Pipeline (Unity 2025a). 

The ControlNet is a neural network architecture that adds spatial conditioning controls to large, 
pretrained text-to-image diffusion models. These diffusion models normally generate images from 
text, but ControlNet allows guiding the generation using additional information, such as edges, depth 
maps, or segmentation, so the output matches specific spatial conditions. Instead of retraining the 
whole model, ControlNet reuses the strong feature extraction layers of existing models (trained on 
billions of images) and adds new control branches for these extra inputs. A key technique is zero 
convolution. This means the added layers start with all weights set to zero and gradually learn during 
training. Starting from zero prevents the new layers from introducing noise or damaging the original 
model.

Experiments show that ControlNet can be trained effectively with both small datasets (< 50,000 im-
ages) and large ones (> 1 million images), making it flexible for many applications. Figure 2 illus-
trates the comparison between a standard network and one augmented with ControlNet. Typically, a 
neural network block takes a feature map x as input and produces another feature map y as output 
(Figure 2a). When integrating ControlNet, the original block is frozen, and a trainable copy is created. 
Both are linked through zero-convolutional layers (Zhang et al. 2023).

Figure 1: Rendering pipeline using rasterization
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For training neural networks, different parameters need to be set. These parameters include, 
among others, the batch size and the learning rate. In neural network training, multiple images are 
often used simultaneously as input. This collection of images is referred to as a batch. Therefore, the 
batch size indicates the number of images in that batch. A larger batch size can help achieve high 
algorithm accuracy in a shorter amount of time, but also increases computational effort (Smith et al. 
2017). The learning rate, on the other hand, controls how much the parameters change in a single 
update (Fan et al. 2019).

After training a neural network, the learned knowledge must be saved. This saved state of the 
model, including its weights and optimizer settings, is called a checkpoint. The checkpoint enables 
resuming training and restoring the best-performing version without restarting from scratch (Py-
Torch 2025). While training a neural network, overfitting can occur when the model learns both the 
underlying patterns and the noise in the training data, leading to high accuracy on the training set 
but poor generalization to unseen data (Montesinos López et al. 2022).

The mIoU score is a metric used to evaluate the accuracy of semantic segmentation models. It 
measures how well the predicted segmentation masks align with the ground truth masks. The mIoU 
score is calculated by taking the average Intersection over Union (IoU) across all classes in the da-
taset. The IoU for a single class is defined as the area of overlap between the predicted and ground 
truth masks divided by the area of their union. The formula is shown in equation 1. A represents the 
prediction and B the ground truth (Zhang et al. 2022). 
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True positives (TP) are pixels correctly predicted as belonging to the target class. False positives 
(FP) are pixels incorrectly predicted as belonging to the target class, although they belong to a differ-
ent class. Lastly, false negatives (FN) are pixels that belong to the target class but were misclassified 
as another class.

Figure 2: Network without (a) and with (b) ControlNet (Zhang et al. 2023)
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The mIoU score is the mean of these IoU values for all classes. A higher mIoU score indicates bet-
ter performance, with a maximum value of 1 representing perfect segmentation.

The Fréchet Inception Distance (FID) score is useful for capturing the similarity of generated imag-
es to real images. To compute the FID score, the generated images and real images are passed through 
a pretrained Inception v3 network (Szegedy et al. 2016) to extract feature representations. The mean 
and covariance of these features are then calculated for both sets of images. The FID score is derived 
from the Fréchet distance between these two multivariate Gaussian distributions, considering both 
the difference in means and the trace of the covariance matrices. A lower FID score indicates that the 
generated images are closer in quality and diversity to the real images. This makes the FID score a 
valuable tool for researchers and developers working on improving generative models, as it provides 
a quantitative measure of progress (Heusel et al. 2017).

Method
At the beginning of the study, a dataset of 1,000 real-world images was collected. After removing 
the corrupted images, 978 images remained. These images were used to compare synthetic images 
against real-world images to evaluate the results, but also to train the ControlNet network. 

To generate synthetic images, the game engine Unity was utilized to construct a 3D representation 
of an agricultural field. The base scene was designed to achieve a high degree of visual realism, in-
corporating typical elements found in agricultural settings. These include crops, trees, a tractor, soil 
textures, and tramlines across the field. The required components were sourced as virtual 3D models 
and subsequently imported into Unity for scene composition. An overview of the development envi-
ronment in Unity is shown in Figure 3. In the development environment, the 3D environment with 
tramlines, plants, and trees is displayed in the center. The red dots symbolize the path along which 
the tractor is supposed to move. The path can be generated in two different ways. On the one hand, 
a “standard field” with typical AB lines can be created in the simulation. On the other hand, Bézier 
curves can be used to create randomized paths. On the right side of Figure 3, the settings options are 
displayed, allowing the user to choose between the two path types, select plant species, and adjust 
other parameters. In this environment, it is also possible to adjust the lightning conditions. 
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Changing all those parameters, a dataset with a high variety was generated. Figure 4 to Figure 7 
show different variations of the environment. Figures 4 and 5 show that the soil in the field can be 
altered, resulting in a different appearance of the tramline. The image in Figure 6 shows the effect 
when the sun is rising or setting. And lastly, it is also possible to put plants on the tramlines, shown 
in Figure 7, which is also a use case that has to be considered. During the extraction of the images, 
additional annotation masks are generated automatically for subsequent semantic segmentation. Af-
ter creating the images using Unity and reviewing the dataset, redundant and corrupted images were 
removed. Since image generation in Unity is automated and requires less effort compared to collec-
tion real world images, a larger dataset was produced, resulting in a training dataset of 4,531 images. 
An example of an image with the corresponding annotation mask generated is shown in Figures 8 
and 9. Figure 8 shows the Red-Green-Blue (RGB) image, while Figure 9 shows the annotation mask.

Figure 3: Development environment in Unity with the visual representation of the environment on the left side and 
the parameters to adjust the environment (e.g., change path or plant types) on the right side
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Figure 4: Synthetic image with tire tracks on dark soil Figure 5: Synthetic image with tire tracks on dry soil

Figure 6: Synthetic image with sunset or sunrise Figure 7: Synthetic image with plants on tramline

Figure 8: Synthetic RGB image generated with Unity Figure 9: Synthetic annotation mask automatically 
generated with Unity

Table 2 provides an overview of the number of images for each condition. For every condition, the 
lightning was varied from bright daylight to sunset, as shown in Figure 4 and Figure 6.
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Table 2: Variety of the Unity dataset; in batches 13 to 17, motion blur, depth of field, and exposure were additionally 
randomized, and the plants were consistently placed tightly along the tramlines, leaving no gaps

Batch of the dataset Crop Tramline texture Number of images

1 Wheat (BBCH: 21–34) Loam soil 810
2 Wheat (BBCH: 21–34) Dry sandy loam 251
3 Wheat (BBCH: 21–34) Loam soil with wheat on the tramlines 251
4 Wheat (BBCH: 21–34) Partially compacted sandy loam 251

5
Wheat (BBCH: 21–34)  

but with a higher crop–density 
than batch 4

Partially compacted sandy loam 251

6 Dry Grass Partially compacted sandy loam 251
7 Barley (BBCH: 21–34) Partially compacted sandy loam 251
8 Barley (BBCH: 37–39) Partially compacted sandy loam 251
9 Barley (BBCH: 72–75) Partially compacted sandy loam 251
10 Barley (BBCH: 72–75) Partially compacted sandy loam 251
11 Barley (BBCH: 55–83) Loam Soil 251
12 Barley (BBCH: 55–83) Dry sandy loam 251
13 Barley (BBCH: 55–83) Loam soil 160
14 Wheat (BBCH: 21–34) Dry sandy loam 160
15 Wheat (BBCH: 21–34) Partially compacted sandy loam 320
16 Dry Grass Loam Soil 160
17 Wheat (BBCH: 35–19) Dry sandy loam 160

In the next step, the domain gap between real and synthetic images was reduced using a diffusion 
model. For this purpose, the ControlNet was used. The workflow for the usage of the ControlNet is 
shown in Figure 10. In the first step, the ControlNet was trained using 978 real images, the corre-
sponding annotation masks, and a text prompt. In this case, the same text prompt was used for each 
image. The text prompt was: “A tractor is driving through a field of grass with light brown tracks”. In 
the second step, the synthetic images are finally generated using the ControlNet. Therefore, the an-
notation masks generated in Unity are used. Additionally, a text prompt must be included, describing 
what should be visible on the output image. For simplicity, the text prompt was not changed and is 
the same used for training: “A tractor is driving through a field of grass with light brown tracks”. An 
example of an output is shown in Figure 10 on the right side. The process generated 4,531 images 
with the ControlNet.
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The parameters for training and using the ControlNet are shown in Table 3. Because of the high 
memory requirements for the training, a batch size of 1 was used. Furthermore, the standard learn-
ing rate of 0.00005 was used. During the training of the model, sample images were saved for each 
epoch, which were created with the respective checkpoints of each epoch. In total, the network was 
trained for 1,000 epochs. The base model used was StableDiffusion (SD) version 1.5. For the genera-
tion process, an unconditional guidance scale of 9 and a Denoising Diffusion Implicit Model (DDIM) 
of 50 were used.

Table 3: Parameters for the training of the ControlNet and generation of new images

Parameter Wert

Batch-Size 1
Learning Rate 0.00005
Epochs 365
SD locked True
Only mid control False
SD version 1.5
Unconditional guidance scale 9.0
DDIM steps 50

Afterward, all datasets were used to train a neural network for the semantic segmentation of real 
tramlines. The segmentation network, which was created with the output images of ControlNet, was 
also fine-tuned with the real images after training. This process involved taking the best saved check-
point obtained during the training on the ControlNet dataset and then continuing to train the network 
with real images. In addition, the 978 real images used to train ControlNet were also utilized to train 
a model for semantic segmentation, which serves as a reference. For validation, 300 real images were 
used, and the metric mIoU was calculated. Furthermore, the FID score was determined to measure 
the similarity of the synthetic images to the real images. 

Figure 10: Pipeline to train a ControlNet and generate new images with the ControlNet based on annotation masks 
of the synthetic images
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Results
In this section, the test results are presented and validated. During the training of the ControlNet 
model, the loss function is the only metric reported. As shown in Figure 11, the loss decreases up to 
epoch 1000, indicating steady optimization progress.

However, the loss function alone does not provide a meaningful measure of perceptual image 
quality or semantic fidelity. This limitation becomes evident in Figure 12, which presents an exam-
ple output image generated at epoch 1000. Despite the low loss value, the resulting image displays 
noticeably unrealistic color distributions, illustrating that convergence in the loss space does not 
necessarily correspond to improved visual realism.

Figure 11: Loss over epoch while training the ControlNet

Figure 12: Output of the ControlNet after 1000 Epochs
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To qualitatively assess the progress of model performance throughout training, a representative 
image was generated after each epoch. This procedure enabled a direct visual comparison across 
checkpoints. Among the inspected epochs, epoch 365 produced outputs that appeared more realistic 
than those generated at later stages. Consequently, the checkpoint corresponding to epoch 365 was 
selected for subsequent experiments. In future work, it would be desirable to generate a dedicated 
evaluation dataset at every epoch checkpoint and to subject these datasets to a systematic quantita-
tive analysis. Metrics such as the Fréchet Inception Distance (FID) could be employed to objectively 
assess image realism and distributional similarity across the entire training trajectory. This would al-
low a more reproducible comparison between checkpoints and reduce the subjective bias introduced 
by visual inspection alone. However, such a comprehensive quantitative evaluation was beyond the 
scope of the present study and was therefore not conducted here.

Figure 13 displays the mIoU scores achieved by the segmentation networks. Based on the real 
data, an mIoU of 81.7 % was achieved. 

Using the unmodified Unity dataset resulted in an mIoU of 64.5 %. It can be concluded from the 
results that the recognition of real tramlines based on synthetic data does not work as well as based 
on real data yet. In Figure 13, it is also shown that an mIoU of 78.6 % was achieved through the Con-
trolNet output. This means that the mIoU is increased by 14.1 % when incorporating the ControlNet 
compared to the simple output from Unity. As mentioned before, the segmentation network based on 
the ControlNet images was finally fine-tuned with the real images. Thereby, an optimized mIoU of 
83.3 % was achieved. This means that the mIoU was increased by 1.6 % when using synthetic data. 
It should be mentioned that all results are validated solely on the same set of 300 validation images. 
Changing these images or varying the number of validation images could yield different outcomes. 
The results derived from the ControlNet images demonstrate that synthetic images can yield good 

Figure 13: mIoU – mean Intersection over Union scores in % of the semantic segmentation networks based on the 
real data (81,7 % ), the Unity data (64.5 % ), the ControlNet output (78.6 % ), and the ControlNet output and afterwards 
finetuned with real data (83,3 % )
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outcomes on their own, with only a 3.1 % difference. The current goal is to achieve a mean Intersec-
tion over Union (mIoU) with solely synthetic images that matches the performance of real images. 
Furthermore, the outcomes from the fine-tuned neural network demonstrate an even higher detection 
accuracy, indicating that synthetic images have great potential. Normally, a crossvalidation procedure 
would be applied to assess the robustness and statistical significance of model performance. However, 
in this study, it is not feasible because cross-validation would require mixing synthetic and real data 
across training and validation folds. This would undermine the primary goal of our study, which is 
to evaluate models solely on real data to ensure comparability between networks trained on real data 
and those trained on synthetic data.

To visually represent the results, an example image was annotated using the trained segmentation 
networks visible in Figure 14 to Figure 17.

Figure 14: Annotated image based on the real images Figure 15: Annotated image based on the synthetic 
images (Unity)

Figure 16: Annotated image based on the modified  
synthetic images (ControlNet)

Figure 17: Annotated image based on the modified  
synthetic images (ControlNet) finetuned with real 
images

In Figure 14, the semantic segmentation network, which is based on real data, effectively identi-
fies the tramlines. However, a significant portion of the tractor is also being identified as a tramline. 
This explains why the mean Intersection over Union (mIoU) is only 81.7 %, rather than a higher value. 
Figure 15 shows the output based on the NN with synthetic data. Near the tractor, it is particularly no-
ticeable that the tramlines are not well recognized. Additionally, the tractor is partially misclassified 
as a tramline. Those misclassifications explain the lower mIoU based on synthetic images. Figure 16 
visualizes the output of the NN based on ControlNet images. It is visible that tramlines are better 
recognized compared to Figure 15. Furthermore, the false positive (FP) values decrease as the tractor 
is less frequently misclassified as a tramline. Finally, Figure 17 displays the output of the finetuned 
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ControlNet network. There are fewer misclassifications of the tractor compared to Figure 14. Addi-
tionally, the tramlines are fully recognized, resulting in a high mIoU. In the post-processing used for 
calculating the trajectories, a mask will be laid over the region of the tractor in the image. Therefore, 
the misclassification of the tractor doesn’t need to be considered. Only if the mask of a tractor is not 
available or the position of the camera is changing, fewer misclassifications are of importance. To get 
a further understanding of why the segmentation results are as different as they are, the FID scores 
are presented in Table 4. The score between two different real datasets is 29.3, while the FID score 
between the synthetic dataset and the real dataset is 170.5. This is due to the domain gap between the 
real and synthetic data, which is the result of, for example, the different plant and tramline textures. 
Comparing the ControlNet output with real images results in an FID score of 47.4. Thus, the FID de-
creased by 123.1, showing that the ControlNet effectively reduces the domain gap. 

Table 4: List of the FID (Fréchet Inception Distance) scores for the different datasets compared to a real dataset

Dataset comparison Fréchet Inception Distance 

Real to Real 29.3
Unity to Real 170.5
ControlNet to Real 47.4

Conclusions
The experiments conducted in this study have demonstrated the effectiveness of using synthetic im-
ages for tramline detection in precision farming. By employing a combination of real, synthetic, and 
modified synthetic images, the neural network achieved a mean Intersection over Union (mIoU) of 
83.3 % after fine-tuning with real data. This result surpasses the mIoU of 81.7 % obtained using only 
real images, highlighting the potential of synthetic data to enhance neural network performance.

The use of synthetic images offers significant advantages, particularly in terms of cost and time 
efficiency. Generating synthetic images allows the creation of diverse datasets that include various 
environmental conditions and corner cases, which would otherwise be labor-intensive and time-con-
suming to collect and annotate manually. This approach ensures that the neural network is trained on 
a comprehensive dataset, improving its robustness and accuracy in real-world applications.

Moreover, the integration of ControlNet to reduce the domain gap between synthetic and real 
images has proven to be effective. The Fréchet Inception Distance (FID) score of 47.35 indicates a 
substantial improvement in the similarity between synthetic and real images, further validating the 
use of synthetic data in training neural networks.

The experiments demonstrate that synthetic data is effective for tramline detection. However, this 
study focuses solely on detection accuracy (mIoU) and image domain adaptation. Other important 
metrics, such as cross-track error, overall guidance accuracy, and reliability compared to GNSS-based 
systems, have not yet been assessed. Evaluating these factors will require dedicated field tests in real 
operating conditions. Consequently, the current findings should be viewed as an initial step towards 
developing a non-GNSS guidance system. Future work will aim to determine whether the proposed 
approach meets industry standards for accuracy and reliability.
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In conclusion, this study has made a significant contribution to the field of precision farming by 
demonstrating the viability of using synthetic images for tramline detection. The findings suggest 
that synthetic data can not only complement but also enhance the performance of neural networks 
trained on real data. Future research should focus on further improving the accuracy of tramline 
detection by increasing the variation in synthetic images and exploring advanced techniques for do-
main adaptation. Additionally, using image-specific text prompts when training ControlNet could fur-
ther reduce the domain gap and improve detection accuracy. By continuing to refine these methods, 
the agricultural industry can benefit from more reliable and efficient non-GNSS guidance systems, 
ultimately contributing to the advancement of precision farming technologies.
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