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Abstract—Scene understanding at the instance level is an
essential task in computer vision to support modern Advanced
Driver Assistance Systems. Solutions have been proposed with
abundant annotated training data. However, the annotation at
the instance level is high-cost due to huge manual efforts. In
this work, we solve this problem by introducing InstSynth,
an advanced framework leveraging instance-wise annotations
as conditions to enrich the training data. Existing methods
focused on semantic segmentation via using prompts to syn-
thesize image-annotation pairs, facing an unrealistic manner.
Our proposals utilize the strength of such large generative
models to synthesize instance data with prompt-guided and mask-
based mechanisms to boost the performance of the instance-
level scene understanding models. We empirically improve the
performance of the latest instance segmentation architectures
of FastInst and OneFormer by 14.49% and 11.59% AP, re-
spectively, evaluated on the Cityscapes benchmark. Accordingly,
we construct an instance-level synthesized dataset, dubbed IS-
Cityscapes, with over a 4× larger number of instances in
comparison with the vanilla Cityscapes. Code can be found at
https://github.com/danhntd/InstSynth.

Index Terms—Scene Understanding, Instance Segmentation,
Conditional Image Generation, Prompt-based, Mask-based.

I. INTRODUCTION

In recent years, the Advanced Driver Assistance Systems
(ADAS) has gradually become a vital standard system for the
released automobiles in the market. ADAS is the combination
of a main computing unit taking inputs from various sensors,
cameras, and the vehicle driving system then outputs the
necessary actions to support the driver or intervene in the
driving process to prevent accidents. The computer vision
system also contributes to the ADAS as a scene-understanding
component. The scene understanding at the instance level is
such an intense task that the models should have the ability to
recognize each individual semantic instance. To perform such
a task, the deep learning model should be well-trained on fine-
grained annotated data of instance segmentation. However,
the issue turns out when the annotation process digests a
huge amount of manual effort, especially for the task needing
instance-wise pixel-level annotation. This challenge occurs
despite the ability to collect abundant data from dashcams,
only due to the lack of detailed annotation. This phenomenon
raises the requirement for proposing automatic methods that
can generate data or utilize the existing annotated data to fine-
tune the scene understanding models. Besides, such methods

like SoRA [1], DALL-E2 [2], Imagen [3], GLIGEN [4] or GPT
series [5] are popular in the computer science community in
the aspect of generating data at high quality. The question is
whether we can leverage those generative models to support
the paired image annotation in the instance segmentation task.

In this paper, we utilize existing annotated instance segmen-
tation training data to create more diverse data. The existing
method of Dataset Diffusion [6] solved semantic segmentation
by generating image-annotations pairs based on prompt condi-
tions. This approach faced the problem of unrealistic data due
to the complete generation image. Our goal is to boost the
accuracy performance of the instance-level scene understand-
ing models with the help of synthesized instances integrated
with real images. Indeed, we formulate the task as a prompt-
guided mask-based conditional image generation problem to
generate data for instance segmentation. Accordingly, a pair of
an image and an instance-level mask in collaboration with its
category-driven prompt are used to create more samples via an
image generation model. The synthesized image containing the
considerate instance corresponds to the masked shape of the
annotation, and thus, can leverage the same mask annotation
to serve the instance segmentation training pipeline. By this
means, we automatically increase the diversity of the training
data via the generative models. Furthermore, we reuse the
limited annotation masks to save the manual annotating efforts.

Our contributions in this work are three-fold:

• Firstly, we introduce InstSynth - an instance-wise prompt-
guided style masked conditional data synthesis approach
for instance scene understanding. The advanced frame-
work can make use of existing annotated data to boost
the performance of the instance segmentation models.

• Secondly, we construct an instance-level synthesized
dataset, dubbed IS-Cityscapes as a result of our condi-
tional image generation method. In detail, we increase
the number of instances in the training data four times
more than the original [7].

• Thirdly, we empirically demonstrate the performance of
our proposed method over the state-of-the-art baselines of
FastInst [8] and OneFormer [9] by 14.49% and 11.59%
AP, respectively, evaluated on the Cityscapes benchmark.

The rest of this paper is organized as follows. Section II

https://github.com/danhntd/InstSynth


reviews related work on scene understanding, and conditional
image synthesis approach. Section III presents our proposed
method - InstSynth with details on each proposed component.
In Section IV, we report extensive experiments and ablation
studies to prove the effectiveness of our proposal. Finally,
Section V concludes our work.

II. RELATED WORK

A. Urban Scene Understanding Research

The demand for applications like autonomous driving,
surveillance systems, and object tracking is escalating, espe-
cially in urban scenarios. To facilitate these applications, tech-
niques such as semantic segmentation and instance segmen-
tation are employed, offering valuable insights into complex
urban scenes.

Semantic Segmentation. Traditional methods primarily re-
lied on CNNs, treated as a pixel classification problem [10].
Recent works [11], [12] have demonstrated the success of
transformer-based methods in semantic segmentation, leverag-
ing achievements in vision and language domains [13], [14].
While semantic segmentation effectively classifies regions into
different classes, its application in urban scene tasks faces
limitations. These include difficulties in accurately identifying
individual objects within clusters of similar classes and the
absence of clear boundaries between distinct instances in
images. These challenges pose significant risks for real-world
urban applications.

Instance Segmentation. Unlike semantic segmentation, in-
stance segmentation provides more comprehensive information
by classifying each individual instance at the pixel level, with
clear boundaries between instances of the same and different
classes. This effectively addresses urban tasks that require
high-detail information. Therefore, in developing new datasets
for the urban scene domain, we prioritize instance segmenta-
tion. Such methods introduced for image understanding at the
instance level can be adapted to serve urban scene analysis,
i.e. two-stage approach [15]–[17], and one-stage approach [8],
[9], [18]–[20]. Recently, OneFormer [9] is introduced with an
all-in-one manner that solves the task of panoptic, semantic,
and even instance segmentation. FastInst [8] focuses on real-
time applications built on top of Mask2Former [19]. Its keys
include instance activation-guided queries, dual-path update
strategy, and ground truth mask-guided learning. In our work,
we choose FastInst [8] and OneFormer [9] as baselines to
evaluate the proposals.

B. Conditional Image Synthesis Approach

Recently, numerous innovative methods have emerged as
pivotal in producing high-quality and varied images followed
by conditions [2], [3], [21], [22]. One such breakthrough came
with the introduction of the Latent Diffusion Model [22] in
the research community. The technique facilitates the input
of uni- or multi-controls, such as text, masks, sketches, etc.,
for inpainting tasks. Therefore, there are numerous models
developed based on this model including DiffInpainting [22],

TABLE I
STATISTIC ON THE NUMBER OF INSTANCES: ORIGINAL CITYSCAPES [7]

VS. OUR AUGMENTED DATA - IS-CITYSCAPES.

Inst. ID Inst. Label #Original Inst. #Augmented Inst.

11 Person 17, 919 69, 932
12 Rider 1, 781 6, 950
13 Car 26, 963 118, 609
14 Truck 484 2, 210
15 Bus 379 1, 704
16 Train 168 789
17 Motorcycle 737 2, 945
18 Bicycle 3, 675 13, 896

Total 52, 106 217, 035

GLIGEN [4], BlendedDiff [23], or Inst-Inpainting [24]. DiffIn-
painting [22] offers precise control but struggles with complex
images, while GLIGEN [4] produces high-resolution outputs
without considering context, sometimes leading to unrealistic
results. BlendedDiff [23] optimizes Latent Diffusion Models
[22] for accurate image reconstruction, particularly for local
edits with thin masks, albeit with potential subtle changes.
Inst-Inpainting [24] focuses on object removal tasks during
training. We notice the strengths of these methods and utilize
them to support our instance synthesis process.

C. Data Enhancement in Image Understanding

Traditional image data enhancement techniques rely on low-
level feature augmentations, such as geometric transformations
and color space transformations. Such methods may fall short
in producing diverse samples that fully capture the spectrum
of variations in the original dataset. This limitation can narrow
the diverse range of instances in urban scenes when synthesiz-
ing new data. Recent research addresses these limitations by
exploring deep learning-based augmentation techniques. These
methods focus on preserving the semantic meaning of the
data while increasing the image diversity through sophisticated
transformations. Techniques such as data generation [22], and
data embedding [25], [26] have gained popularity for enriching
datasets with meaningful variations while maintaining seman-
tic integrity. Our InstSynth framework utilizes controllable
instance augmentation with diffusion-based models, leveraging
the power of recent data generation methods to control the
semantic factor of the generated instances.

D. Urban Scene Datasets

To evaluate the segmentation models in the urban do-
main, several benchmarks were proposed as standards for
the community. Cityscapes [7] consists of 5, 000 images of
urban scenes with high-resolution pixel-level annotations of
2, 048 × 1, 024, separated into 19 semantic categories and 8
instance categories. CamVid [27] serves the semantic segmen-
tation as a small urban dataset with around 700 images divided
into 32 classes. Apart from the aforementioned ones, Vistas
Mapillary [28] is a huge dataset introduced with up to 25K
images at high resolution and is annotated into 66 categories.
Notably, the task of instance segmentation faces a limited
number of supporting datasets. To demonstrate our proposed
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Fig. 1. Overview of our InstSynth framework. The pipeline allows a pair of image-annotation to be augmented into various variations with category-driven
text prompts in terms of boosting the data diversity to serve instance urban scene understanding.

idea on instance-wise data generation, we consider Cityscapes
[7] as a potential benchmark for this work due to the various
types of provided annotations.

III. PROPOSED METHOD

A. Overview our InstSynth framework

Our proposed InstSynth framework, as illustrated in Fig. 1,
is recognized with the instance-wise image synthesis process
to serve the scene understanding task. We design a data synthe-
sis mechanism to augment the input urban scene at the instance
level with mask conditions and prompt guidance. This stage
enhances the diversity of any specific instances to strengthen
the generalization of the segmentation model. Accordingly, an
image-instance annotation pair is taken into the process of data
synthesis along with the support of a category-driven prompt.
The results of this process are different variants of augmented
instances of the single input image. Altogether, the original
and its augmented versions are combined to train the instance
segmentation model. We discuss the details of the framework
in the following sections.

B. Prompt-guided Masked Conditional Instance Synthesis

This section outlines our innovative method for synthesizing
urban images from the Cityscape dataset [7], contributing to
the generation of realistic urban scenes while adhering strictly
to dataset regulations and reliability standards.

1) Phase 1 - Instance Preparation: In the initial phase of
our synthesis method, the first step is instance selection and
cropping from mask annotations in the Cityscapes training set.
This foundation step involves the identification of prominent
instances I within the dataset images, specifically within
the instance mask annotation, denoted as M . Employing an
algorithmic strategy, as described in Eqn. 1, we discern the
top K instances, where K is empirically predetermined (e.g.,
K = 3 in our implementation), based on their size quantified
by the pixel count within each mask. Subsequently, these se-
lected instances undergo a cropping process while concurrently
eliminating any subsidiary instances, thereby ensuring that the
generating process focuses solely on the selected instances.
These instances are cropped with a fixed ratio of 1 : 1.
Simultaneously, the corresponding natural images, denoted as
N , undergo identical cropping actions. These cropped natural

images and masks serve as essential inputs for the subsequent
image synthesizing process, aimed at seamlessly filling the
masked regions within the instance images.

IN (K) = max
K

v∈V

h∑
i=1

w∑
j=1

δ (M [i, j], v) , (1)

where:
• h and w are the height and width of mask M
• K is the number of selected instances
• M [i, j] is the pixel value at position [i, j] in M
• v is a component of the unique values list V of M
• δ(x, y) is the Kronecker delta function, defined as:

δ(x, y) =

{
1, if x = y

0, otherwise
2) Phase 2 - Instance Generation: In this stage, the

instance images derived from Phase 1 serve as the primary
input. The overarching objective of this phase is to effectively
complete the images by inferring and generating instance
content to fill the masked regions within the original images.
We aim to generate new instances from existing ones to enrich
our data while ensuring that the existing masks remain useful.
Utilizing state-of-the-art image-generation models of GLIGEN
[4], DiffInpainting [22], and BlendedDiff [23] with Stable
Diffusion XL (SDXL) [29], we create new instances from
instance images paired with corresponding masks and pre-
defined category-driven prompts.

More specifically, we define the category-driven prompt-
guided styling factors using two structures: “A photo of a
[color] [instance category]” for transports (e.g., “A photo of
a red car”), and “A photo of [a man/a woman]” for people
[6]. Despite its simplicity, this approach proves invaluable in
diversifying our generated instances, effectively advancing our
objectives. In our initial experiments with those models, we
observed promising results where generated instances nearly
substituted the input instances in their proper positions while
maintaining a realistic appearance and adhering to the prompt.
Fig. 2 illustrate exemplary results of our methods. GLIGEN
[4] demonstrates remarkable performance in terms of visually
coherent and semantically meaningful contents by accurately
filling in regions identified by masks with almost exact in-
stances and subsequently generating high-resolution outputs



TABLE II
COMPARISON ON FASTINST BASELINES [8] ON CITYSCAPES

VALIDATION SET [7].

Method Backbone Generation Base AP AP50

Mask2Former† [19] R50-FPN-D3† - 31.40 55.90

FastInst [8]
R50-FPN-D3† - 35.50 59.00
R50-FPN-D3* - 24.93 45.69
R50-FPN-D3** - 27.65 49.21

InstSynth (Ours) FastInst-
R50-FPN-D3**

GLIGEN [4] 34.88 59.20
DiffInpainting [22] 36.44 62.06
BlendedDiff [23] 36.52 62.21

† denotes the published results of [8]
∗ denotes our reproduced results of FastInst w/o CLIP
∗∗ denotes our reproduced results of FastInst w/o CLIP, and w/ customized image sizes
The first, second, and third best results are marked in red, blue, and green, respectively.

while DiffInpainting [22] could preserve the nearly original
resolution. Thanks to the blending mechanism of BlendedDiff
[23], it effectively fills in regions with the instances generated
by SDXL. Since all selected models produced satisfactory
results, we opted to utilize them under three different versions
to serve the instance segmentation models.

3) Phase 3 - Instance Integration and Focused Cropping:
The final phase of our synthesis pipeline encompasses the
integration of inpainted images back into the original nat-
ural images to create a new set of images with augmented
instances, denoted as N , guided by the corresponding masks
M derived in Phase 1. Additionally, to generate images that
emphasize the instances generated in Phase 2, we design a
focused cropping algorithm. This involves cropping the images
with a fixed 2 : 1 aspect ratio, aligned with the original
image ratio of the Cityscapes dataset [7] (i.e. 2048 × 1024
pixels), thereby preserving the proportions of the instances
in the images. The cropping ratio is meticulously determined
using a normal distribution, facilitating the judicious allocation
of space to accentuate the instances within the cropped images.
The instances may appear randomly in the images, thus
ensuring the diversity of the dataset. The formula for selecting
a random ratio from the normal distribution to calculate the
area of the new image region, denoted as SN , is described
in Eqn. 2. From this calculation, the height htarget and width
wtarget dimensions of the new image with the fixed 2 : 1
ratio are derived, and the new images are cropped based on
the computed coordinates Coord(SN ) (shown in Eqn. 3). The
outcome of this process is the generation of sets of images,
each focusing on a selected instance, while maintaining the
dataset regulations and standards.

SN = λSins, λ ∼ N (µ, σ) (2)

Coord(SN ) =


xtarget ∈ [max(0, xins min − (wtarget − wins)), xins min]

ytarget ∈ [max(0, yins min − (htarget − hins)), yins min]

htarget = wtarget/2 = SN/4

(3)
where:
• λ follows a normal distribution N with µ = 3, σ = 1
• Sins is the area of the instance region
By completing this step, we contribute an augmented dataset

version with synthesized images at the instance level, named
after IS-Cityscapes. Tab. I provides a statistical report to
compare the number of images among versions. Our proposed
methods successfully create a four times larger number of
instances per category compared to the vanilla dataset.
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Fig. 2. Exemplary instance image generation from different models of
GLIGEN [4], DiffInpainting [22], and BlendedDiff [23]. We present the
referenced images and their corresponding prompts to synthesize instances.

Fig. 3. Visualization results on Cityscapes val-set [7] with our FastInst R50-
FPN-D3 [8]. The confidence threshold is 0.8. Best viewed with zoomed-in.

C. Instance-wise Urban Segmenter

In our InstSynth, we employ FastInst [8] and OneFormer
[9] as baselines to perform instance-wise urban scene under-
standing tasks. FastInst [8] prioritize the real-time manner
with a light-weight pixel-decoder component. On the con-
trary, OneFormer [9] is an all-in-one model with the task-
conditioned joint training strategy that can train on ground
truths of a single domain (i.e. semantic, instance, or panoptic
segmentation) within a single multi-task training process. We
establish these two models as examples to demonstrate the
effectiveness of our proposed framework. To this end, the
instance urban segmenter digests annotated data from a real
image and its augmented versions to perform model training.

IV. EXPERIMENTS

A. Experimental Configurations

Dataset. Our experiments leverage the Cityscapes dataset
[7] with its instance-level annotation as the main training data.
We perform the evaluation process on the public validation set
of this benchmark which includes 500 images distributed into
all the instance classes.

Experimental Settings. In terms of instance segmentation,
we experimented on the two baselines of FastInst [8] and
OneFormer [9]. Adapting to the limitations of our hardware
computing units, we reduce the original configurations to a
smaller crop size of 360×720 instead of 512×1, 024 (FastInst
[8]) or 512 × 512 (OneFormer [9]). Notably, our models are



TABLE III
STATE-OF-THE-ART COMPARISON ON ONEFORMER [9] WITH ADAPTIVE CROP-SIZE EVALUATED ON CITYSCAPES VALIDATION SET [7].

Method Backbone Version Crop size PQ ↑ IoU ↑ AP ↑ AP50 ↑

CMT-DeepLab‡ [30] MaX-S† [30] - 1025× 2049 64.60 81.40 - -
Axial-DeepLab-L‡ [31] Axial ResNet-L† [31] - 1025× 2049 63.90 81.00 35.80 -
Axial-DeepLab-XL‡ [31] Axial ResNet-XL† [31] - 1025× 2049 64.40 80.60 36.70 -
Panoptic-DeepLab‡ [32] SWideRNet† [33] - 1025× 2049 66.40 82.20 40.10 -

OneFormer [9] Mapillary-ConvNext-L Original 360× 720 48.84 72.58 21.75 40.94
Swin-L 360× 720 51.52 74.53 25.68 45.90

InstSynth* (Ours)

Mapillary-ConvNext-L GLIGEN [4] 360× 720 62.90 80.55 38.46 64.73
Swin-L 360× 720 60.33 79.18 35.67 61.09

Mapillary-ConvNext-L DiffInpainting [22] 360× 720 62.90 80.96 38.66 64.69
Swin-L 360× 720 60.13 77.88 35.40 60.50

Mapillary-ConvNext-L BlendedDiff [23] 360× 720 63.33 80.88 38.93 64.91
Swin-L 360× 720 60.47 79.10 35.75 61.01

* denotes our methods based on OneFormer instance segmentation architecture
All of our reproduced results of OneFormer are w/o CLIP, and w/ smaller crop size
The first, second, and third best results are marked in red, blue, and green, respectively.

trained without a CLIP-based backbone, which is the main
factor raising the training memory. Our framework is built on
top of Detectron2 [34] and the configurations of other models
originated from their publications. In detail, we adopted four
GeForce RTX 2080Ti GPUs and trained with the AdamW
optimizer. Our training process occurred with 90K iterations
with a batch size of 4, and the base learning rate of 1e−4.
Besides, we follow the published settings of [4], [22], [23]
correspondingly during the generation processes.

Evaluation metrics. To report our instance segmentation
results, we use average precision (AP). In detail, we report AP
and AP@50. Please reach this site https://cocodataset.org/#detection-
eval for details on the evaluation metrics. In the case of
OneFormer [9], we also report Panoptic Quality (PQ) and
Intersection-over-Union (IoU) to evaluate panoptic and se-
mantic segmentation. To measure the quality of the generated
images, we choose the four common metrics of CLIPScore
[35], FID [36], SSIM [37], and PSNR [38]. Namely, PSNR
evaluates the fidelity of generated images compared to the
original images; SSIM assesses structural information and per-
ceived similarity between the original and generated images;
CLIP-Score evaluates how well-generated images align with
the original images, particularly regarding object labels; and
FID quantifies the realism and diversity of images.

B. State-of-the-art Image Understanding Comparison

We reported the established experiments on our InstSynth
framework in Tab. II and Tab. III. We also rely on the
published work of [19], [30]–[32] to compare our results on
adaptive configurations. For a fair comparison, we noticed the
same backbone architectures, i.e. R50-FPN-D3 for FastInst
[8], Mapillary-ConvNext-L and Swin-L for OneFormer [9]. To
this end, we improve a large margin compared to the chosen
baselines. In detail, our FastInst-based instance segmenter
achieves 34.88%, 36.44%, and 36.52%AP via GLIGEN [4],
DiffInpainting [22], and BlendedDiff [23], respectively. These
APs improve over 7.23%, 8.79%, and 8.87% compared to our
FastInst reproduced results without CLIP, and with customized
training image sizes. To this end, we observe the effectiveness

TABLE IV
QUANTITATIVE COMPARISON OF IMAGE GENERATOR INCLUDING

GLIGEN [4], BLENDEDDIFF [23], AND DIFFINPAINTING [22]

Method CLIPScore ↑ FID ↓ SSIM ↑ PSNR ↑

GLIGEN [4] 0.79 40.65 0.67 14.39
DiffInpainting [22] 0.81 31.03 0.72 15.95
BlendedDiff [23] 0.87 16.28 0.90 25.23
The best results are marked in bold.

of BlendedDiff [23] in generating conditional instance-level
data. Regarding the OneFormer-based model, we increase
a large margin of AP compared among the baselines, i.e.
from 21.75% to approx. 38.93% on ConvNext-L and from
25.68% to approx. 35.75% on Swin-L backbones. To adapt
the hardware availability, we reduced the crop size of the
input training image down to 360 × 720, which affected our
panoptic and semantic segmentation performance measured
on PQ and IoU. However, as focusing on the instance seg-
mentation task, we achieve comparable AP compared to other
methods. Meanwhile, we demonstrate our proposals work well
when compared with our baselines. Exemplary visualization is
provided in Fig. 3. We provide further direct investigation on
the impact of instance synthesis results in the next section.
C. Instance-wise Synthesis Ablation Evaluation

Besides the indirect evaluation based on the segmentation
methods, we report Tab. IV with the quantitative comparison
on common metrics [35]–[38] to analyze the impact of image
synthesizing methods. In our case, BlendedDiff [23] yields
the highest performance over the four mentioned metrics.
The results can be explained by two main reasons. Firstly,
BlendedDiff [23] minimally modifies the original images as to
the blending process. Secondly, prevailing evaluation metrics
within this domain predominantly qualify generated images
with their corresponding originals. While DiffInpainting [22]
and GLIGEN [4] demonstrate noteworthy outcomes, their
effectiveness is compromised due to their neglect of the con-
textual and resolution aspects surrounding the masked regions.

Discussion. In Fig. 4, we present several failure cases in our
instance image generation, where the instances are intense, i.e.
instances with small details, similar texture with background,



a photo of a 
black 

bicycle

a photo of a 
black train

a photo of a 
woman

Synthesized ImageReferenced ImagePrompt Mask

Fig. 4. Failure cases when generating intense instances, i.e. instances with
small or similar details, strange masked shapes, or high density.

strange masked shape, or high density. In those cases, we
observe the limitations of our conditional image generator
when the referenced masks are too complicated to guide the
model, or the category-driven prompts are too simple to depict
the instance image. Potential solutions can be proposed based
on these two aforementioned points.

V. CONCLUSION

In this paper, we propose InstSynth - an instance-wise
prompt-guided style masked conditional data synthesis ap-
proach for instance-wise scene understanding. The framework
utilizes existing annotated data to boost the performance of the
instance segmentation models. We address the annotation data
limitation at instance-wise pixel-level details of the instance
segmentation task. Furthermore, we contribute IS-Cityscapes
which is a synthesized urban instance segmentation dataset.
Via our instance generation approach, we increase four times
the number of instances in the original dataset, resulting
in over 200K urban instances serving the training process.
Finally, we conduct extensive experiments and ablation in-
vestigations to prove the effectiveness of our methods over
the latest architectures. In the future, we plan to improve the
ability of our instance generation method to deal with various
diversity to solve real-world intense situations while driving.
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