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ABSTRACT

Simulation-based training is increasingly used in automated
industrial inspection, where collecting and annotating real-
world inspection data is costly and often impractical. While
synthetic data generated from digital twins enables scalable
training, models trained solely in simulation suffer from a sig-
nificant sim-to-real gap under real inspection conditions such
as varying lighting, surface properties, and sensor noise. In
this work, we propose a data-efficient sim-to-real adaptation
framework that combines representative sample selection via
k-determinantal point processes (k-DPP) with embedding-level
alignment using Kullback—Leibler (KL) divergence. The key
idea is to actively identify a small set of representative syn-
thetic samples, acquire the corresponding real images, and
align their latent feature representations while retaining the
coverage provided by the larger synthetic dataset. We first
train an RF-DETR(Detection Transformer) detector on 550
synthetic inspection images, achieving near-perfect perfor-
mance in simulation but only 0.2516 mean Average Preci-
sion (mAP) on real-world images. Using only 50 paired real
images (approximately 10% of the synthetic training set) to-

gether with 500 unpaired synthetic images, the proposed method

increases real-world mAP from 0.2516 to 0.8853. The k-
DPP sampling strategy maximizes the diversity of selected
samples, reducing the risk of bias introduced by limited real-
world data, while KL.-based embedding alignment further re-
duces domain discrepancy between synthetic and real images.
The proposed framework provides a lightweight and practi-
cal approach for reducing sim-to-real gaps in a representative
industrial inspection setting where real data collection is lim-
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ited.

1. INTRODUCTION

Object detection systems have achieved significant progress
with the development of deep learning models and large-scale
annotated datasets. Modern architectures such as transformer-
based detectors have demonstrated strong performance across
many visual recognition tasks (Carion et al., 2020). How-
ever, collecting and labeling real-world training data remains
expensive and time-consuming, particularly in industrial en-
vironments where data acquisition may require specialized
equipment or controlled conditions. As a result, synthetic
data generated from simulation environments or digital twins
has become an attractive alternative for training vision mod-
els.

Synthetic datasets allow scalable data generation, precise an-
notations, and flexible control over environmental conditions
such as lighting, camera viewpoints, and object placement.
Despite these advantages, models trained exclusively on syn-
thetic data often fail to generalize well to real-world scenar-
ios. This challenge, commonly referred to as the sim-to-real
gap, arises from discrepancies between synthetic and real im-
ages, including differences in texture, lighting, noise, and ma-
terial reflectance. Even when the geometric structure of ob-
jects is accurately modeled, subtle appearance variations can
significantly affect model performance.

Several approaches have been proposed to address the sim-to-
real gap. One widely used strategy is domain randomization,
which introduces extensive variations in the synthetic envi-
ronment to encourage the model to learn robust features that
transfer to real-world data (Tobin et al., 2017). Another class
of methods focuses on domain adaptation by aligning feature
distributions between synthetic and real domains through ad-
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versarial learning or feature-level constraints (Ganin & Lem-
pitsky, 2016; Tzeng, Hoffman, Saenko, & Darrell, 2017).
While these methods can improve generalization, they often
require large synthetic datasets or substantial amounts of real-
world data.

In automated industrial inspection scenarios, such as surface
defect detection, assembly verification, and quality control on
production lines, data acquisition is challenging. It may re-
quire halting production, setting up specialized imaging sys-
tems, or capturing rare defect cases that occur infrequently.
Moreover, defects are typically imbalanced and diverse, mak-
ing it difficult to obtain sufficient labeled samples that cover
all failure modes. Variations in materials, illumination con-
ditions (e.g., reflections from metallic surfaces), and sensor
configurations further increase the complexity of real-world
data collection. As a result, building large-scale, fully an-
notated datasets for industrial inspection is both costly and
operationally disruptive. Therefore, developing data-efficient
sim-to-real adaptation methods remains an important research
challenge. Instead of relying on large real datasets, it is de-
sirable to identify a small number of representative real sam-
ples that provide maximum coverage of the synthetic feature
space.

In this work, we propose a lightweight sim-to-real adapta-
tion framework that combines representative sample selection
and embedding-level alignment. First, we train an RF-DETR
(Roboflow Detection Transformer) (Robinson, Robicheaux,
Popov, Ramanan, & Peri, 2025) object detector using a syn-
thetic dataset generated from a simulated environment. Al-
though experimental results show that a model trained on syn-
thetic data achieves near-perfect accuracy on the synthetic test
set, its performance drops significantly when evaluated on
real-world images, demonstrating a substantial domain gap.

To efficiently bridge this gap, we apply k-determinantal point
process (k-DPP) sampling to select a small subset of diverse
synthetic images based on their feature embeddings (Kulesza
& Taskar, 2012). Corresponding real-world images are then
collected for these selected samples, minimizing the amount
of real data required for adaptation. To further reduce do-
main discrepancy, we introduce a feature-level embedding
alignment strategy using Kullback—Leibler (KL) divergence.
Specifically, the embeddings produced by the final decoder
layer of the detector are aligned between paired synthetic and
real images. This alignment encourages the model to pro-
duce similar high-level representations between real and syn-
thetic domains, improving its ability to recognize real-world
objects.

Experimental results demonstrate that the proposed approach
significantly improves real-world detection performance us-
ing only a small number of real images. The combination
of representative sample selection and feature-space align-
ment provides a practical and scalable solution for sim-to-real

transfer in real-world deployment scenarios.

The main contributions of this work are summarized as fol-
lows:

*  We propose a data-efficient sim-to-real adaptation frame-
work for automated industrial inspection using synthetic
data from a digital twin and a small set of paired real
images, where the paired images are not necessarily vi-
sually identical.

¢ We introduce an active sample acquisition strategy based
on k-DPP to select representative synthetic samples for
real-world data collection.

*  We propose a KL-divergence-based embedding alignment
method that reduces the feature-space discrepancy be-
tween paired synthetic and real images.

*  We demonstrate through ablation studies that the com-
bination of k-DPP sample selection and KL alignment
achieves the best real-world detection performance while
requiring limited paired real images.

2. RELATED WORK
2.1. Object Detection

Object detection has evolved rapidly with the development
of deep convolutional neural networks and large annotated
datasets. Modern detectors can generally be categorized into
single-stage and two-stage architectures.

Single-stage detectors prioritize efficiency and real-time per-
formance. The YOLO (You Only Look Once) family of de-
tectors formulates object detection as a single regression prob-
lem that directly predicts bounding boxes and class probabili-
ties from full images (Redmon, Divvala, Girshick, & Farhadi,
2016). With the rapid evolution of Ultralytics releases, the
latest YOLO26 (Jocher & Qiu, 2026) significantly improves
both detection accuracy and computational efficiency. Owing
to their speed and simplicity, YOLO-based models have been
widely adopted in industrial and real-time applications, in-
cluding manufacturing inspection(Chou, Wang, & Mao, 2025;
Zuo, Dong, Gao, & Wu, 2024) and robotics(Zhao et al., 2026;
Wau, Chen, Yu, & Li, 2026).

Transformer-based detectors represent another major line of
development. DETR (DEtection TRansformer) (Carion et al.,
2020) introduces an end-to-end object detection framework
that formulates detection as a set prediction problem using a
transformer encoder-decoder architecture. Unlike traditional
detectors, DETR eliminates the need for hand-designed com-
ponents such as anchor boxes and non-maximum suppres-
sion. Subsequent works such as Deformable DETR address
the slow convergence and multi-scale limitations of the orig-
inal model by introducing deformable attention mechanisms
(Zhu et al., 2021; Robinson et al., 2025). Transformer-based
detectors provide a flexible architecture for feature learning
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and have become increasingly popular in research and indus-
trial applications.

2.2. Sim-to-Real Transfer

One common approach to address sim-to-real gap is domain
randomization, which introduces significant variability in syn-
thetic environments to encourage models to learn domain-

invariant representations (Tobin et al., 2017). Synthetic datasets

have also been explored in industrial inspection and aerial de-
tection applications where collecting real data is expensive
(Wu, Guo, Tan, et al., 2024). Despite these efforts, the per-
formance gap between synthetic and real domains remains a
major challenge (Ruter, Durak, & Dauer, 2024).

2.3. Domain Adaptation and Feature Alignment

Domain adaptation techniques aim to reduce distribution dif-
ferences between training and deployment environments by
aligning feature representations across domains. Adversarial
domain adaptation methods encourage the learning of domain-
invariant features through adversarial training (Ganin & Lem-
pitsky, 2016; Tzeng et al., 2017). More recent work explores
feature-level alignment strategies that progressively reduce
domain discrepancies between synthetic and real data (Gao,
Wang, Yang, & Wu, 2025).

2.4. Representative Sample Selection

Selecting informative and diverse samples is a key strategy
for improving data efficiency in both active learning and do-
main adaptation settings. Active learning methods aim to re-
duce annotation cost by identifying the most informative sam-
ples for labeling, with representative approaches including
core-set selection (Sener & Savarese, 2018), BADGE (Ash,
Zhang, Krishnamurthy, Langford, & Agarwal, 2020), and ac-
tive learning literature (Settles, 2009). These methods typ-
ically rely on uncertainty estimation, gradient information,
or feature diversity to construct compact training subsets that
preserve performance under limited labeling budgets.

In contrast to uncertainty-based sampling, Determinantal Point
Processes (DPPs) provide a probabilistic framework for di-
rectly modeling diversity in a dataset by selecting subsets that
maximize coverage of the underlying feature space (Kulesza
& Taskar, 2012). The k-DPP variant further enables selec-
tion of a fixed-size subset, making it particularly suitable for
dataset summarization and budget-constrained selection.

3. METHODOLOGY

3.1. Digital Twin and Synthetic Data Generation

We first construct a simulated experimental setup to gener-
ate synthetic training data with NVIDIA Isaac Sim, shown in
Figure 1. The scene replicates a typical room in an indus-
trial setting. On one side of the wall, a pressure gauge and an

electric box are mounted. Dome lighting in the simulation,
which is a type of environment light that emits uniform illu-
mination, is used to mimic the ceiling light in the real room.
It helps produce realistic lighting and soft shadows in the syn-
thetic images. A camera is initialized within the virtual envi-
ronment, and its position, orientation (yaw, pitch, roll), and
zoom scale are randomized via script. Each captured image
is saved along with its camera parameters and corresponding
object annotations.

Using this setup, a total of 1100 synthetic images were gener-
ated. Among them, we use 550 synthetic images for training
the RF-DETR detector. A separate set of 550 synthetic im-
ages is used for validation and synthetic-domain evaluation,
ensuring that model selection is performed without exposure
to real-world data. A relatively large synthetic validation set
was used because synthetic data can be generated at negli-
gible cost, allowing a stricter evaluation of detector perfor-
mance during model selection. All images may or may not
contain the target pressure gauge, under varying viewpoints
and imaging conditions.

Figure 1. Digital twin setup for synthetic image generation.

To evaluate sim-to-real transfer, we then construct a corre-
sponding real-world demonstration room, as shown in Fig-
ure 2. The room contains the same printed wall patterns as
the synthetic environment. However, several unintentional
discrepancies exist between the simulated and real settings.
Unlike the synthetic scene, which contains a red floor and
ceiling, the real environment uses a grey carpeted floor and
a white ceiling partially covered by a net structure. Further-
more, the pressure gauge used in the real environment differs
slightly in appearance from the synthetic model. These dif-
ferences introduce realistic domain discrepancies in lighting,
texture, color, and object appearance, creating a representa-
tive sim-to-real adaptation challenge.

For sim-to-real training, we collect 50 paired real-world im-
ages corresponding to synthetic samples selected by the k-
DPP procedure described in Section 3.3. Although the syn-
thetic and real images are not pixel-aligned and contain ap-
pearance differences, each pair is captured using approxi-
mately the same camera pose and viewing geometry. There-
fore, the paired images share similar scene layout and object
location, allowing feature alignment to focus on appearance-






