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Abstract—In the autonomous vehicle industry, deep learning
models are critically dependent on the balance and variety
of training data. Achieving this balance is particularly chal-
lenging due to the scarcity of data in rare scenarios, such as
unique weather conditions or specific traffic configurations. Deep
learning-based methods, particularly those within the emerging
field of generative artificial intelligence (AI), hold potential for
advanced solutions. A key development in this domain is the
diffusion-based approach, capable of generating images from a
random noise distribution. Predominantly, these models utilize
a ’text2image’ methodology, enabling the generation of images
with text prompts. However, despite their advanced capabilities,
these models do not yet provide complete explicit control over the
generated content, particularly in terms of the relative positioning
of objects within images.

This research explores the use of a semantic segmentation-
based control mechanism within a generative diffusion model,
focusing on its application to the automotive domain. With the
integration of this mechanism, the model facilitates the creation
of diverse and contextually relevant self-driving scene setups,
thus enriching the datasets used for comprehensive training
in autonomous vehicles. In addition to assessing the quality
of generation, the impact of these enriched datasets was also
evaluated using a semantic segmentation network, which is
essential for advanced driver-assistance systems (ADAS). The
study compares the network’s performance when trained on the
original dataset versus an augmented one that includes model-
generated images. The evaluation highlights the practical benefits
of applying semantic segmentation guidance in this specific
domain.

Index Terms—diffusion models, guidance, semantic segmenta-
tion, generative Al, data enrichment, ADAS

I. INTRODUCTION

Deep neural networks have revolutionized image generation,
finding widespread application in fields such as arts [1]],
entertainment, medical science [2], and the development of
autonomous driving systems [3]] [4]. A particularly captivating
branch of generative Al is the emergent diffusion-based [3]]
approach. This method hinges on training a model adept
at noise prediction, capable of iteratively crafting images
from a standard noise distribution during inference. As many
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advancements have aimed to enhance the controllability of
image generation, cutting-edge solutions now mostly employ
a ’text2image’ approach, enabling systems to generate images
guided by textual prompts [6]. However, they face challenges
in accessibility due to their complexity and limitations in
precise content control, especially in object positioning within
images. This limitation is particularly relevant in autonomous
driving, where specific and diverse training data is crucial, yet
challenging to acquire.

In response to these challenges, this research introduces a
semantic segmentation mask-guided diffusion model tailored
for enriching datasets in self-driving environments. By lever-
aging semantic segmentation maps, this model offers pixel-
level control over image content, enabling the generation
of complex scene setups that text-based descriptions alone
cannot adequately capture. This approach not only facilitates
the use of existing semantic segmentation masks for data
enrichment, but also allows for easy modification of these
masks to generate varied scenarios, enhancing the realism
and applicability of training datasets. Utilizing the Berkeley
Deep Drive dataseﬂ this study demonstrates the model’s
effectiveness in scene control and its potential for scalability
and user-friendly application in generative image modeling.

II. RELATED WORK
A. Semantic Segmentation-guided Diffusion Models

In the landscape of semantic segmentation-guided diffusion
models, several notable methods have already been developed.
SDEdit [7] offers a novel approach by using stochastic differ-
ential equations (SDEs) for image synthesis and editing. This
framework iteratively adds and then removes noise to balance
between user input faithfulness and image realism, without
requiring task-specific training or inversions. ControlNet [8]
presents another unique neural network structure that controls
large diffusion models to support additional input conditions.
It uses a ’trainable copy’ and a ’locked copy’ of the model,
connected with a special type of convolution layer, to learn
task-specific conditions robustly, even with small datasets.
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Fig. 2: The utilized U-Net-like architecture

approach ensures that the pipeline is both flexible and user-
oriented, enabling the creation of images that precisely meet
the specific needs and criteria established by the user.

IV. EXPERIMENTS

This section delves into the evaluation of our method,
conducted through a multi-faceted approach. Initially, a quanti-
tative assessment was undertaken to investigate the generative
quality of the results and to gauge their impact on advanced
driver-assistance systems. Complementing this, visual exper-
iments were designed to encompass a variety of use-cases,
offering a broader perspective on the method’s applicability
and effectiveness. This dual approach, combining quantitative
and qualitative analyses, provides a holistic understanding of
the method’s performance and its potential implications in
real-world scenarios.

A. Quantitative Evaluation - Generation Quality

Using a set of 1000 test images, an equivalent number
of novel images were synthesized. To evaluate the quality
of these generated images, a pretrained Mask2Former [12]
semantic segmentation network was employed. Semantic seg-
mentations were predicted for both the original test images
and their corresponding synthesized counterparts. This allowed
for the comparison of segmentation consistency, resulting in
a notable Intersection over Union (IoU) average of 35.7%
and a pixel accuracy of 81.7%. Furthermore, quantitative
assessments were conducted using Structural Similarity Index
Measure (SSIM), Fréchet Inception Distance (FID) and Kernel
Inception Distance (KID), yielding the following results:

TABLE I: Quantitative metrics comparing original and
generated images

SSIM FID KID
0.6588 1.0636 0.0105

ToU-PixelAcc
81.7%

IoU-avg
35.7%

B. Quantitative Evaluation - Impact on ADAS

To evaluate the impact of our generative method on ADAS,
we trained a DeepLabv3 [13] semantic segmentation network
on the original dataset of 7000 images (training split), fol-
lowed by retraining with an augmented set that included 1200
additional synthesized images. These new images were created
by sampling 1200 masks from the original dataset, thereby
enriching the diversity and complexity of the training data.
The key focus of this evaluation was to quantify improvements
in the semantic segmentation network’s performance. Post
augmentation, the validation mean IoU of the network im-
proved from 40.0% to 40.3%, demonstrating the effectiveness
of using synthesized imagery in enhancing the robustness and
adaptability of ADAS systems. We believe that there is an
avenue for larger improvements in the future, by generating
an order of magnitude more synthetic images for augmenting
the training dataset.

C. Qualitative Evaluation

As described in the previous subsection [[V-Al masks were
sampled from the test set and novel images were generated
using these masks as guidance. (See Figure 3] @ and for
further examples, see Appendix [I0). The visual results were
in alignment with the structural prerequisites defined by the
masks, yielding faithful traffic data samples.
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Fig. 9: Class distribution analysis in training data

Furthermore, for industrial application, upscaling the current
method is inevitable. Besides modifying the compression rates,
developing a dedicated upscaler diffusion model tailored to
the applied dataset for this specific goal could substantially
enhance the quality, yielding more captivating and visually
appealing outcomes. Finally, utilizing textual prompts as an
additional control mechanism would be beneficial, allowing
for precise control not only over structure, but over the color
attributes of the images as well.

VI. SUMMARY AND CONCLUSION

Throughout this work, we have integrated semantic seg-
mentation mask guidance by modifying a standard U-Net-
like architecture. Utilizing a DDPM-based [5]] diffusion model,
we successfully trained a semantic mask-guided model at
a 128x128 resolution. We demonstrated that semantic seg-
mentation masks provide clear control over scene genera-
tion. This versatility was showcased through various applica-
tions: mask-guided, modified mask-guided, and hand-painted
drawing-guided generation. In addition to visual evidence,
we conducted multiple metric-based evaluations, affirming
the method’s stability. While the resolution of the generated
images may not rival that of larger, cutting-edge models,
the degree of control surpasses what is typically achieved
with mere text prompting. This finding encourages further
enhancements of the model, especially in upscaling, which
would make the method industrially applicable for data en-
richment in the near future. The PyTorch Lightning [16]
implementation of the training procedure is made publicly
available for reproducibility and further research at https:
//github.com/kajc10/semseg-guided-diffusion.
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