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Abstract

To train neural networks, sufficiently large
and diverse datasets are needed. To ad-
dress this, the use of synthetic data has be-
come popular because it is inherently scal-
able and can be automatically annotated.
A brief overview of recent work on us-
ing synthetic and real images as training
data for object detection is presented in
this paper, with a focus on mixing real and
synthetic training data. The trend is that
having real data and adding some amount
of synthetic data helps the performance in
many studies. It was concluded that there
appears to be no consensus on the ratio of
real and synthetic image data.

1 Introduction

Presented here is a brief overview of selected arti-
cles on using both real and synthetic data for ob-
ject detection, the papers reviewed here cited the
article by Ljungqvist et al. (2023). The overview
focused on mixing real and synthetic training data.

Synthetic data here refer to images produced
entirely in a computer, while real data here refer
to images capturing a natural scene by a camera.
Data augmentation can be applied to both syn-
thetic and real data.

Since synthetic images and real images come
from different distributions due to sensor noise,
texture and many other factors, there is a domain
gap and the results of training on only synthetic
data and testing on only real data can produce
much lower results than if training on real data
(Ljungqvist et al., 2023). However, real and an-
notated data might not always be available in large
volumes and therefore mixing real and synthetic
data can gain performance.

These are the papers covered:
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* Searching for the Ideal Recipe for Preparing
Synthetic Data in the Multi-Object Detection
Problem (Staniszewski et al., 2025)

* In the Search for the Balance Between Real
and Synthetic Images in Multi-Class Detec-
tion Systems (Cecchetti et al., 2024)

* Ai-generated images as data source: The

dawn of synthetic era (Yang et al., 2023)

* Bridging the gap: Active learning for effi-
cient domain adaptation in object detection
(Menke et al., 2024)

2 Mixing real and synthetic data

2.1 Searching for the Ideal Recipe for
Preparing Synthetic Data in the
Multi-Object Detection Problem

In Staniszewski et al. (2025) the authors gener-
ated images of 3D synthetic objects in 6 categories
aimed at public transport scenarios: bicycles, trol-
leys, wheelchairs, boxes, suitcases, and bags.

The synthetic objects were positioned on a
background collage of randomized real images
from news, sports, etc.

For real data a mix of COCO and other im-
ages was used; 3 of the classes were in the COCO
dataset - the data were henceforth complemented
with images from a dataset for public transporta-
tion and the Internet.

The synthetic images were only added to the
training set. Data augmentations were used.

They used a YOLOv7 object detector pre-
trained on COCO and trained it with the back-
bone frozen. Freezing the backbone while train-
ing on synthetic data is motivated by the study
of Hinterstoisser et al. (2018). However, Trem-
blay et al. (2018) showed promising results for
unfrozen backbone using domain randomized syn-
thetic data. Ljungqvist et al. (2023) reported that
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no particular difference could be seen in perfor-
mance for frozen or unfrozen backbone. It seems
that there is not a consensus whether freezing the
backbone or not is preferred for training on syn-
thetic data.

It should be noted that this study claimed that
synthetic training data “significantly improves re-
sults”, however there was no mention of multiple
trainings, t-test, or p-values which are needed to
test statistically significant differences. However,
they used cross-validation for model selection.

They trained the detector on a mix of real and
synthetic data using different ratios between real
and synthetic training data.

Using only synthetic and no real data gives very
low performance. Adding only 5% real data gives
a tremendous boost.

The results showed a trend that adding synthetic
data clearly improved the results. They observed a
boost in performance when adding 25% or more
synthetic data in relation to the amount of real
data. Soon after 25% added synthetic data the per-
formance flattened out.

Having real data and adding any amount of syn-
thetic data increased the performance of all met-
rics in this study. Adding synthetic data did not
decrease the performance except for some cases
of the objectness metric. The objectness and clas-
sification metrics had more variance compared to
the other metrics.

The best results without transfer learning were
when having slightly more synthetic than real data,
the best mean average precision at 0.50 intersec-
tion of union (mAP50) was for 1 real and 1.75
synthetic data, but it varied for different metrics
between 1:1 and 1:2.

With transfer learning, the best mAP50 was for
the ratio of 1 real and 0.75 synthetic data, but it
varied for different metrics between 1:0.25 and
1:1.25.

In this study, the influence of the amount of syn-
thetic data relative to real data was concluded to
be minimal. However, it is worth noting that syn-
thetic data can be a good replacement and comple-
ment to real data when real data is scarce and there
is a need to balance data from multiple classes.

This study reported interesting results on the
topic of mixing real and synthetic image data.
However, the study had limitations such that only
one synthetic dataset was used, and there was no
statistical evaluation of differences in the results,
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such as error bars or t-test. Furthermore, balancing
multiple classes may not always be strictly needed.

2.2 In the Search for the Balance Between
Real and Synthetic Images in Multi-Class
Detection Systems

A literature review on mixing real and synthetic
images in 27 articles from the past 5 years was
performed in Cecchetti et al. (2024).

Only three of the articles in the review presented
a specific ratio; however, they did not present a
comparison between the different ratios and their
impact on object detection performance.

This literature review observed that most of the
articles did not establish a relationship between
the use of real and synthetic images. They con-
clude that there is a lack of in-depth analysis of
the ratio relationship of mixing real and synthetic
data for multi-class detection tasks. Hence, there
is currently a scientific gap in terms of the number
of synthetic images used to train object detection
models.

It should be noted that the Staniszewski et al.
(2025) study was published after this literature re-
view was performed.

2.3 Al-generated images as data source: The
dawn of synthetic era

In the review paper Yang et al. (2023) results
were included for object detection results from Ge
et al. (2022), and extended in Ge et al. (2023),
for Pascal VOC and COCO detection reporting
mAP50 and mAP. They used Faster RCNN with
ResNet-50 backbone. Combining real and syn-
thetic images (copy paste and foreground) resulted
in higher mAP50 and mAP for both Pascal VOC
and COCO.

They combine real and synthetic data in various
ways using either synthetic foreground or back-
ground, so there is no specified ratio of distinct
real and synthetic images.

On Pascal VOC, a model trained solely on
synthetic data in the absence of any real im-
ages achieves comparable performance to a model
trained on 1,464 real images. Furthermore, adding
synthetic backgrounds when blending both real
and synthetic led to the best performance.

For the COCO dataset, mixing both synthetic
and real gave the greatest performance boost.

Hence, the conclusion is that mixing real and
synthetic data gives a boost.



2.4 Bridging the gap: Active learning for
efficient domain adaptation in object
detection

Menke et al. (2024) combined real and synthetic
data for training using active learning for do-
main adaptation. They used the synthetic sim10k
dataset as the source domain and the natural im-
ages in the Cityscapes dataset as the target domain,
in a synthetic-to-real domain adaptation setting.
The aim was to adapt the object detection models
trained on sim10k to perform well on Cityscapes.
The objective was to select a portion of the tar-
get domain for labeling (aiming to outperform un-
supervised domain adaptation methods that rely
solely on unlabeled target data).

Sim10k contains 10,000 images from the com-
puter game Grand Theft Auto 5, the paper did
not specify a split for these data, so it is assumed
that they used all for training. Cityscapes contains
2975 labeled images in the training set, and they
used up to 25% of this for training, which results
in approximately 743 images, which is about 7%
of 10,000.

The mix of synthetic and real training data is
performed using an active learning approach; real
images from Cityscapes are selected for training
with the aim of complementing the source domain
(sim10k). This was performed by scoring the im-
ages using a scoring function to decide if the im-
age should be used for training. In this study,
three different scoring functions were proposed
and evaluated. They used 25% of the target do-
main training images.

They show mAP performance on the percent-
age of labeled images (from 5% to 25%) and the
number of sampled boxes (from about 1,000 to
12,000). The absolute mAP increased with in-
creasing number of labeled target images and with
the number of labeled boxes. This is interpreted in
such a way that they used a fixed amount of syn-
thetic training data, and for an increasing amount
of real images the performance increased. The
amount of real data was in all ratios smaller than
the synthetic amount. Using 25% of the target
data, the real data consists of about 7% of the
amount of synthetic data.

Using 25% labeled target domain images, there
was a 2.43 mAP improvement in object detection
performance over the random baseline.
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3 Discussion and Conclusion

From this brief literature review, it was concluded
that there seems to be no consensus on the ratio of
real and synthetic image data.

None of the studies had a statistical evaluation
of differences in the results, such as standard devi-
ation, error bars, or t-test.

The trend is that having real data and adding
some amount of synthetic data helps the perfor-
mance in many studies.

There is probably no ratio that works for every-
thing; it could depend on factors such as:

 Data quality

* The class types

* Variations within the classes

* Domain gap factors

* Amount of real data available

* How the synthetic data is generated

And other factors may likely come into account
here. There is no one-size-fits-all for mixing syn-
thetic and real images as training data.
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