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Abstract

Reliable perception of roadway environments is essential
for intelligent transportation systems (ITS) and their digital
twin frameworks, where object detectors provide a key in-
terface between the physical world and its digital represen-
tation. However, existing driving datasets are dominated by
common traffic participants, leaving rare but safety-critical
objects underrepresented and limiting robustness to uncom-
mon roadway events. We propose RareCrafter, a training-
free generative augmentation framework that synthesizes
rare objects directly into real driving scenes using control-
lable generative models. The framework combines struc-
tured prompt diversification, depth-conditioned empirical
size priors, and region-conditioned verification to ensure
that inserted objects remain semantically consistent and
maintain realistic, depth-dependent object scales. The gen-
erated images are then used to augment training data for
object detection. Experiments on the CODA2022 corner-
case dataset show that RareCrafter improves rare-object
detection by 2.82 mAP on average over real-only training
and consistently outperforms a CopyPaste augmentation
baseline. These results demonstrate that controllable gen-
erative augmentation can effectively mitigate data scarcity
for long-tail objects in driving scenes, reducing the need for
additional real-world data collection.

1. Introduction

Reliable roadway perception underpins modern transporta-
tion systems including intelligent infrastructure, traffic
monitoring, and autonomous driving. Increasingly, these
systems are integrated into digital representations of the
transportation network, often referred to as digital twins,
where real-world traffic states are mirrored to support mon-
itoring, planning, and automated decision-making. [11]
refers to the perception layer as the “eye” of a digital twin.

Thus, in these environments, perception models form one of
the important interfaces between the physical roadway and
its digital representation.

The fidelity of digital twin representations depends heav-
ily on the reliability of perception systems that provide ob-
servations of the physical environment. Object detection
models identify roadway actors and conditions that form
the basis for higher-level monitoring and decision-support
processes. These downstream components, often described
as the ”brain” of a digital twin [11], extract patterns, model
system dynamics, and support operational decisions based
on the perceived state of the roadway. When perception
models fail to detect rare or unexpected objects, the result-
ing digital representation may omit critical elements of the
environment, leading to incomplete situational awareness
and potentially reducing the reliability of monitoring, pre-
diction, and decision-support functions built upon that rep-
resentation.

Contemporary object detection models for street-level
scenes are commonly trained and benchmarked on large-
scale datasets such as NuScenes [7] and UA-DETRAC [41].
While these datasets have significantly advanced driving-
scene research, they primarily represent frequent traffic par-
ticipants and common roadway conditions, offering lim-
ited coverage of rare object categories. As a result, models
trained on such datasets often struggle with long-tail events
such as wildlife entering the roadway, stalled vehicles, tem-
porary work-zone artifacts, or unexpected obstacles.

Existing approaches to mitigating long-tail imbalance
generally fall into three categories: selective data curation,
conventional data augmentation, and simulation. Manual
curation of rare instances from existing datasets is inher-
ently limited by their sparse occurrence. Traditional aug-
mentation techniques such as copy-paste insertion can in-
crease class frequency but remain constrained to the limited
pool of available object instances and may introduce light-
ing and shadow mismatches or truncated instances inherited



from occlusions in the source images. Collecting additional
real-world data from sources such as dashcam footage or
staged deployments incurs significant logistical and anno-
tation costs while still failing to guarantee coverage of rare
events. Simulation platforms such as CARLA provide con-
trolled environments for generating annotated data, but the
diversity of scenes and objects depends on available assets
and modeling effort, and models trained heavily on simu-
lated imagery often require additional adaptation due to the
sim-to-real gap.

Recently, diffusion-based generative models have
emerged as powerful tools for producing diverse and high-
fidelity images. These models have been successfully ap-
plied to tasks such as image editing [5, 14] and inpaint-
ing [34, 40], and are increasingly explored for synthetic
data generation and augmentation [10]. Unlike traditional
augmentation methods that rely on simple transformations
such as rotation, flipping, or brightness adjustments, dif-
fusion models can generate entirely new visual instances
that extend beyond the configurations present in the original
dataset. By learning a generative representation of the data
distribution, they can synthesize realistic samples that pop-
ulate underrepresented regions while maintaining seman-
tic coherence. Furthermore, modern diffusion frameworks
support fine-grained control over content and style, allow-
ing augmentation strategies to be tailored to specific fail-
ure modes (e.g., rare-object insertion, lighting variations,
or domain-shift simulation). These properties collectively
make diffusion-based augmentation more expressive, flexi-
ble, and aligned with the needs of modern deep vision mod-
els than conventional transformation-based techniques.

Despite this potential, the use of diffusion models for
safety-critical roadway perception remains limited. Prior
work has largely focused on scene stylization or weather
adaptation [22], or limited forms of object insertion with-
out fine-grained control over the generated instances [47].
Modern diffusion frameworks support conditioning mecha-
nisms such as text prompts and spatial masks, which enable
detailed control over object category, pose, viewpoint, and
spatial placement. Such controllability enables the system-
atic generation of rare traffic objects under diverse contex-
tual configurations, providing a promising mechanism for
enriching long-tail object distributions.

To address this gap, we investigate whether controllable
generative models can be leveraged to enrich rare-object
distributions in driving scenes. Our framework introduces
rare traffic objects into real roadway imagery through con-
trolled generative augmentation, enabling the creation of re-
alistic corner cases without costly real-world data collection
or manual staging. The proposed approach integrates gener-
ative synthesis with verification and filtering mechanisms to
ensure that inserted objects remain semantically consistent
and spatially plausible for detector training.

Specifically, we propose RareCrafter, a training-free
generative augmentation framework that synthesizes rare
objects directly into real driving scenes using conditional
generative models and structured guidance. By enriching
training data with rare corner cases, the framework aims to
improve the robustness of perception systems when encoun-
tering uncommon but foreseeable roadway objects.

The main question explored in this work is: Can genera-
tive models mitigate the costly process of collecting rare-
object data in driving scenes? We empirically evaluate
whether generative augmentation can improve object detec-
tion performance while reducing reliance on extensive data
collection and manual annotation. Our main contributions
are:

* RareCrafter, a controllable generative augmentation
framework for synthesizing rare objects in real driving
scene images.

* A structured synthesis pipeline with depth-aware place-
ment, structured prompt diversification, and region-
conditioned verification for consistent object insertion.

* Augmenting training data with RareCrafter, which im-
proves rare-object detection on a real-world corner-case
dataset while preserving performance on common cate-
gories.

2. Related Works

Conditional image generation. Diffusion models have
emerged as a powerful class of generative models, achiev-
ing state-of-the-art results in high-fidelity image synthe-
sis [15, 28]. They work by training a model to reverse a
fixed, gradual process of adding noise; allowing them to
start from pure Gaussian noise and iteratively denoise it
to a coherent, high-quality image. Unlike unconditional
generative models, conditional diffusion models provide a
fine-grained control over visual content. Specifically, Con-
trolNet [48] enhances controllability by injecting spatial
conditions, such as edge maps or poses, into the diffusion
backbone. In addition to diffusion-based architectures, re-
cent hybrid transformer—flow models such as FLUX [19]
have demonstrated impressive capabilities in aligning text
prompts with high-fidelity visual outputs by integrating
large-scale attention modules with rectified flow refinement
steps. This design enables Flux to produce photorealistic
images with strong semantic consistency and robust con-
trollability. Object-oriented editing leverages conditional
generative models to remove [16, 21, 36, 45] an object spec-
ified by a mask or synthesize [9, 35, 37, 45] a new object
with control over object attributes and appearances through
text prompts or reference images. In this work, we take
advantage of FLUX-ControlNet-Inpainting [36] to generate
rare objects conditioned on a driving background scene and
structured prompts.

Corner case and anomaly driving datasets. Captur-



Table 1. Comparison of methods.

Method Training Free Rare Object Insertion Fine-Grained Control
RareDiffusion [47] X v X
LTDA-Drive [46] v X v
RareCrafter (ours) v v v

ing rare and unexpected events in driving scenes remains
challenging due to their infrequent occurrence in real-world
data. To facilitate their study, several datasets have been
introduced that focus on anomalous objects, unusual traffic
situations, and other corner cases in driving scenes.

One line of research mines or re-annotates existing
datasets to highlight anomalous events and corner-case ob-
jects [13, 20, 42]. While this improves visibility of rare
instances, it remains inherently constrained by the original
data distribution. Another direction focuses on curated real-
world collections or staged scenarios [25, 27, 30], where
unusual objects are deliberately placed in traffic scenes.
Although these efforts provide valuable benchmarks, they
require substantial manual effort and offer limited diver-
sity of naturally occurring rare-event combinations. Some
anomaly-centric datasets [8] further rely on binary anomaly
labels without detailed semantic categorization, limiting
their usefulness for object-level perception tasks. Alterna-
tive approaches attempt to increase rare-event coverage syn-
thetically. Image-level blending methods overlay anoma-
lous objects onto real scenes [3], but are restricted by the
available object pool of the source dataset from which the
pasted instances are drawn, and often introduce geometric
inconsistencies. Simulation-based datasets [4, 6, 13, 17, 25]
enable scalable scenario generation under controlled condi-
tions; however, their diversity depends on predefined assets
and scene configurations, and models trained primarily on
simulated data may struggle to generalize to real-world im-
agery.

Diffusion models for image data augmentation. Dif-
fusion models have emerged as powerful generative tools
for producing diverse, high-quality, and semantically coher-
ent augmented data. Traditional augmentation methods ex-
pand datasets through simple image transformations such as
translation, flipping, cropping, or color jittering, which pre-
serve semantic content while modifying appearance [44].
However, these operations provide limited diversity and are
often insufficient for modern vision tasks [1]. Generative
augmentation with diffusion models instead samples from
an approximate data distribution, enabling the creation of
entirely new images or controlled modifications of existing
ones. Through conditioning signals such as text prompts,
depth maps, bounding boxes, or segmentation masks, these
models can generate synthetic object-detection training im-
ages [10], generate counterfactual examples for bias miti-

gation [29], or improve robustness under out-of-distribution
shifts [39].

Recent generative models such as FLUX [19] adopt
flow-matching as an alternative training paradigm. By
learning probability paths grounded in optimal transport,
flow-based models enable faster sampling than diffusion
models [23], though often at the cost of reduced sample di-
versity [33]. While typically viewed as a limitation, prior
work [2] shows that lower diversity can benefit training-
free image editing. Building on this insight, we exploit the
structure-preserving behavior of flow-matching models to
insert rare objects into driving scenes while minimizing un-
intended background modifications, enabling targeted aug-
mentation for long-tail object detection.

Existing diffusion-based augmentation methods remain
limited for rare-object learning (Table 1). RareDiffu-
sion [47] trains a dedicated diffusion model for a prede-
fined set of categories, restricting scalability to arbitrary
classes and offering limited control over viewpoint or struc-
tural variations, thereby reducing its effectiveness for tar-
geted augmentation. LTDA-Drive [46] adopts a training-
free, text-conditioned inpainting framework; however, it
focuses on object categories with abundant training sam-
ples, making it less transferable to rare objects with limited
representation in existing datasets. Additionally, neither
method has publicly released code. In contrast, RareCrafter
is training-free, extensible to arbitrary rare categories via
pretrained generative models, and enables fine-grained con-
trol over object attributes, making it suitable for targeted
long-tail data augmentation.

3. Methodology
3.1. Rare Object Generation

We synthesize rare-object instances using FLUX-
ControlNet-Inpainting [36] applied to background images
taken from the ONCE dataset [26]. The inpainter receives:
(i) the background frame; (ii) a mask defining the insertion
region; and, (iii) a text prompt describing the target class.
Objects are inserted within predefined bounding boxes to
preserve geometric consistency with the scene.

Structured Prompt Diversification. A central compo-
nent of our synthesis pipeline is controlled prompt diversifi-
cation. Rather than using a single generic description (e.g.,
“a stroller” or “a motorcycle”), we leverage a large language






	Introduction
	Related Works
	Methodology
	Rare Object Generation
	Region-Conditioned Object Verification
	Driving Scene Object Detection

	Experiments
	Datasets and Implementation Details
	Evaluation on Object Detection
	Ablation Study

	Conclusion
	Supplementary

