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Figure 1. We leverage generative image diffusion to synthesize novel training data instances (x′,y′) ∼ p(x,y) for a given labeled earth
observation dataset [60, 61, 64]. In our experiments, we demonstrate that integrating such synthetic pairs as training data for downstream
semantic segmentation yields significant quantitative improvements.

Abstract

In recent years, semantic segmentation has become a
pivotal tool in processing and interpreting satellite imagery.
Yet, a prevalent limitation of supervised learning techniques
remains the need for extensive manual annotations by ex-
perts. In this work, we explore the potential of generative
image diffusion to address the scarcity of annotated data in
earth observation tasks. The main idea is to learn the joint
data manifold of images and labels, leveraging recent ad-
vancements in denoising diffusion probabilistic models. To
the best of our knowledge, we are the first to generate both
images and corresponding masks for satellite segmentation.
We find that the obtained pairs not only display high qual-
ity in fine-scale features but also ensure a wide sampling
diversity. Both aspects are crucial for earth observation
data, where semantic classes can vary severely in scale and
occurrence frequency. We employ the novel data instances
for downstream segmentation, as a form of data augmenta-
tion. In our experiments, we provide comparisons to prior
works based on discriminative diffusion models or GANs.
We demonstrate that integrating generated samples yields
significant quantitative improvements for satellite semantic
segmentation – both compared to baselines and when train-
ing only on the original data.

1. Introduction

Satellite imagery is a powerful tool to monitor the earth’s
surface, both in terms of specific events and global trends
in land use. This has direct implications for humanitar-
ian challenges such as disaster response, food security, and
quantifying the impact of climate change. The United Na-
tions summarizes a number of landmark objectives in its
Sustainable Development Goals (SDGs)1, in which they in-
clude general long-term goals such as the accessibility of
clean water (SDG-6), reducing carbon emissions (SDG-13),
or maintaining forests and combating desertification (SDG-
15). In this context, satellite data can help provide crucial
insights for monitoring progress, facilitating more targeted
interventions. At the beginning of August 2023, the ex-
tent of Antarctic sea ice was observed to be 2.4 million km2

less than the mean value from previous records (1979 to
2022), an area larger than Greenland. Monitoring this
alarming trend, now commonly referred to as a five-sigma
event among experts, was largely made possible through the
wide-spread use of satellite observations.

While raw satellite data is readily available from various
sources, obtaining corresponding semantic labels is chal-
lenging and costly due to the need for extensive manual

1https://www.un.org/sustainabledevelopment/sustainable-
development-goals/
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annotation. Such labels are imperative for numerous ap-
plications, since they enable us to reason about the seman-
tic content of satellite scenes, particularly through super-
vised learning. For instance, the relative extent of Antarctic
sea ice is directly reflected in respective land-cover annota-
tions. A common solution is to leverage data augmentation
to increase the sample diversity and make optimal use of ex-
isting labels. However, conventional image augmentation
techniques designed for object-centric data – such as flip-
ping, rotating, and rescaling – are often insufficient to emu-
late the large sample diversity of satellite imagery. Individ-
ual scenes typically contain a multitude of different object
instances and land-cover categories. Semantic correlations
within these images are mostly local. This vast diversity
implies that most existing datasets are sparse, covering only
a fraction of potential earth observation scenes.

In this work, we advocate for enhancing semantic seg-
mentation of satellite data by harnessing recent advances
in generative diffusion models [27]. Such models approxi-
mate the distribution of an existing dataset, to produce novel
samples. We demonstrate that this can be leveraged to train
a model that imitates the joint distribution of images and se-
mantic segmentation labels in a given satellite dataset. Sam-
pling from this distribution effectively enables us to gen-
erate additional training data as a form of data augmenta-
tion, see Fig. 1 for several such sample pairs. The enhanced
training set can then be utilized for downstream semantic
segmentation. In a broader context, our work serves as a
study of the potential of image diffusion for data synthesis
when annotations are scarce and costly.

Contributions.
1. For a given earth observation dataset, we propose to

learn the joint data distribution p(x,y) of images x and
labels in bit space y via a diffusion model G.

2. We employ G to generate novel training data instances
as a form of data augmentation to enhance downstream
semantic segmentation.

3. We demonstrate that integrating the synthesized pairs
yields significant quantitative improvements on three
satellite benchmarks [60, 61, 64].

2. Related work

Denoising diffusion models. In recent times, diffusion
models have emerged as a central technique for image gen-
eration. Their main advantage is the ability to synthesize
high-quality samples, on par with GANs, while being less
prone to suffer from mode collapse [19, 27, 55, 56]. Besides
unconditional generation of novel data instances, common
applications of image diffusion models include inpaint-
ing [39, 45], super-resolution [29], style transfer [70], depth
prediction [54], and general x-to-image tasks [47, 49, 52].

In the literature, there is a specific interest in generating im-
ages conditioned on textual input. Some well-known ap-
proaches include: Stable diffusion [49], DALLE-2 [47], Im-
agen [52], Imagen Video [28], and GLIDE [45].

Semantic segmentation. Segmenting images, i.e., as-
signing semantic labels to each pixel in 2D space, is a
key challenge in computer vision. Supervised learning has
emerged as the central paradigm for this task, as evidenced
by numerous approaches [4, 8, 10–12, 35, 50, 57, 71] and
benchmark datasets [16, 36, 42, 74]. For a comprehensive
review, we refer the reader to a recent survey [17].

Compared to mainstream computer vision datasets,
satellite imagery is subject to unique challenges. Due to
the limited resolution of individual objects, distinct classes
often exhibit a high visual similarity [67, 73]. Moreover,
scale variations between different object categories can re-
sult in class imbalances. The relevant foreground classes
are often dominated by a much larger background class.
For instance, the ratio of foreground pixels is 29.75% in
VOC2012 [20], whereas it is only 2.85% in the iSAID
satellite dataset [61, 73]. Common solutions to these chal-
lenges involve specific architectures that emphasize salient
foreground object features and increase robustness to back-
ground noise [34, 67, 73].

Despite the significant progress, supervised learning ap-
proaches still require dense ground-truth labels, which are
both costly and difficult to obtain. To decrease the demand
for annotated data, several works [2, 40, 41] explore self-
supervised learning. Most such approaches harness some
of the unique characteristics inherent to satellite imagery,
such as time-series observations [59] or geolocation meta-
data [2]. Similarly, SatMAE [15] proposes large-scale pre-
training for spectral and temporal satellite images using
masked autoencoders [24]. Rather than leveraging self-
supervision for representation learning and fine-tuning for
segmentation, we instead propose to synthesize labeled data
points directly via a generative image diffusion model.

Synthesizing training data. Building on the success of
text-to-image diffusion models, a number of works employ
them to enhance discriminative tasks. For instance, [25] ex-
plores whether such models are suitable for image recog-
nition in the data-scarce regime. Specifically, they con-
duct zero-shot and transfer learning experiments, formulat-
ing text prompts derived from class label names. In a similar
vein, [3, 6] generate text-image pairs, which are then used
as additional training data for image classification.

Beyond diffusion models, generating synthetic datasets
is a well-established technique to produce vast amounts of
labeled data with minimal human input. Several works [21,
46, 48, 51, 72] use 3D graphic engines to emulate real-world
scenes.
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Other approaches [33, 69] utilize generative adversarial
networks (GANs) [23] to synthesize high-quality datasets.
Similar to ours, SemGAN [32] fits the training distribution
for both images and masks. They then apply test-time op-
timization for a given query image and extract semantic la-
bels by aligning the learned feature embeddings. In con-
trast, we propose to directly extract joint pairs of data in-
stances and employ them as training data for downstream
semantic segmentation.

Image diffusion for segmentation. There are several
ways in which diffusion models can improve segmentation
tasks. A common strategy is to obtain masks conditioned
on input images, adopting the standard image-to-image
translation paradigm [1]. This approach was subsequently
extended to synthesize videos and panoptic masks [13]
for the discrete data representation introduced in Analog-
Bits [14]. Another related line of works leverage pre-trained
text-to-image models, such as stable diffusion, with tai-
lored text prompts to address open vocabulary segmenta-
tion [30, 62, 66] and object-centric segmentation [44, 58].
Alternatively, some methods leverage diffusion models for
self-supervised pre-training. The resulting feature embed-
dings are subsequently fine-tuned for downstream applica-
tions, such as image segmentation [7, 9] or binary change
detection [5]. To the best of our knowledge, ours is the first
approach that employs diffusion models to jointly generate
satellite scenes and the corresponding labels to augment a
given training dataset for semantic segmentation.

3. Preliminaries
We provide a brief overview of denoising diffusion prob-
abilistic models (DDPM) as presented in [27]. The main
idea is to devise a generative model capable of synthesizing
images by reversing a stochastic Gaussian noising process

xt :=
√
1− βtxt−1 +

√
βtϵ, where ϵ ∼ N (0, I). (1)

Here, the hyperparameter βt > 0 specifies the noise vari-
ance at each timestep. The model’s forward process fol-
lows a predefined schedule of progressive noising steps
x0 → x1 → · · · → xT . For sufficiently large T , we ef-
fectively obtain a Gaussian random sample limT→∞ xT ∼
N
(
0, I

)
. This noising process is subsequently reversed

xT → · · · → x0 by utilizing a U-Net backbone [50] to pre-
dict the noise vectors from the noisy samples xt. Through
appropriate reparameterization, it effectively learns a map-
ping xt 7→ xt−1. Starting from a random sample xT , this
results in an iterative inverse process

G : RL → RH×W×C . (2)

This stochastic generative model G maps from a predefined
noise distribution z ∼ µ := N (0, IL) to synthesized images

x := G(z) that follow the input training distribution. In
the most general setting, we typically have L = THWC.
For further technical details and in-depth explanations of
DDPM, we refer the reader to the original publication [27].

4. Method
4.1. Problem statement

In this work, we address the task of semantic segmenta-
tion for earth observation data. Specifically, we consider
a dataset

D :=
{
(xi,yi)

∣∣xi ∈ RH×W×3,

yi ∈ {0, . . . ,K − 1}H×W , 1 ≤ i ≤ N}, (3)

of N satellite images xi and corresponding semantic maps
yi with a spatial size of H × W , and K distinct semantic
classes.

We further assume that D is sampled from an underlying
latent data manifold M, which we can only access indi-
rectly through the given instances (xi,yi) ∼ M. The goal
of semantic segmentation approaches is to devise a discrim-
inative model for the inference task specified by p(y|x).
Standard supervised learning approaches estimate this con-
ditional probability by training a model on the discrete set
of samples D ⊂ M. This approach, however, requires that
D yields an adequate coverage, i.e., is sufficiently large and
diverse. This poses a significant challenge for earth obser-
vation, where labeled data is often limited.

Motivation. In our approach, we circumvent this classi-
cal data bottleneck by leveraging recent advances in gen-
erative modeling. Instead of predicting p(y|x) directly,
we first approximate the joint distribution p(x,y) with an
unconditional image diffusion model. The resulting net-
work G subsequently enables us to generate novel sam-
ples (x′

i,y
′
i) ∼ M. We then train a segmentation model

on the joint dataset D ∪ D′ comprising both synthetic
D′ :=

{
(x′

1,y
′
1), . . . , (x

′
N ′ ,y′

N ′)
}

and real D samples. For
a graphical representation of our approach, refer to Fig. 2.

4.2. Discrete labels in bit-space

Most conventional generative models for image data focus
on synthesizing instances from the source image distribu-
tion p(x). Instead, we propose to generate new training
instances according to the joint probability p(x,y) of im-
ages x and corresponding labels y. Extending standard
generative models from x to (x,y) is not straightforward,
since each pixel in y is associated with a discrete label
{0, . . . ,K − 1}, as opposed to continuous values in R. We
circumvent this issue by modeling the discrete values y in
terms of their binary code, specified as

bin : {0, . . . ,K − 1} → {0, 1}⌈log2 K⌉. (4)
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Figure 2. Approach overview. (a) We train a generative image
diffusion model G on the joint data instances (xi,yi) ∈ D of
images xi and corresponding labels yi. We then employ G to gen-
erate a dataset D′ of novel training samples (x′

i,y
′
i). (b) Both the

real D and generated D′ pairs are integrated and leveraged for the
downstream semantic segmentation task. (c) Moreover, we com-
pare the resulting distributions of foreground classes, highlighting
that the set of generated labels in D′ closely matches the original
distribution D. For a legend of label acronyms, refer to Fig. 1 (a).

Compared to a standard one-hot encoding, this was shown
to yield an improved stability for generative models in prior
work [14]. It also leads to only a small (logarithmic) in-
crease in dimensionality when considering a high number of
classes K, see Tab. 3 for a comparison. In practice, we nor-
malize the RGB values of the input images xi to the same
range [0, 1] for compatibility with the binary values bin(yi).
This facilitates synthesizing both quantities jointly, which
we describe in the next section.

4.3. Synthesizing satellite segmentation data

The transformation in Eq. (4) maps the discrete labels to the
domain of binary values bin(yi) ∈ {0, 1}H×W×⌈log2 K⌉.
This allows us to simply concatenate them with the (nor-
malized) RGB values as additional input channels. In order
to synthesize pairs of novel data points x′

i and y′
i, we follow

a simple strategy:

1. Train a generative model G on all joint data instances(
xi,bin(yi)

)
∈ [0, 1]H×W×(3+⌈log2 K⌉) in D.

2. Generate novel, synthetic samples
(
x̂i, ŷi

)
∼ G.

3. Threshold and transform (x′
i,y

′
i) := (x̂i,bin

−1(ŷi)).
4. Employ D′ :=

{
(x′

i,y
′
i)|1 ≤ i ≤ N ′}

}
for downstream

tasks, e.g., train a segmentation model.

While other choices are possible, in this work we lever-
age recent advances in state-of-the-art diffusion models G.
The exact architecture and training schedule is based on
DDPM [27], see Sec. 3 for a brief overview.

4.4. Image super-resolution

In the context of diffusion models, many architectures that
operate in image-space focus on relatively coarse resolu-
tions H = W ≤ 128. However, for many earth observation
tasks, a sufficient level of detail is crucial. Although in the-
ory, existing models can be trained for higher resolutions,
there are significant practical limitations [49]. For once, the
training cost of such models, which are already computa-
tionally intensive, increases further. Additionally, it often
leads to unstable training behaviour and inferior samples,
see Fig. 10 in the appendix for a comparative analysis.

Instead of training our model for higher resolutions
directly, we leverage recent advances in image super-
resolution [29]. Rather than introducing a new architec-
ture, we simply employ a conditional variant of the archi-
tecture detailed in Sec. 4.2. Specifically, we train a DDPM
image-to-image translation model that jointly generates im-
ages and labels in bit space, while being conditioned on the
corresponding low-resolution samples:

GSR : RL × RH×W×C → R2H×2W×C . (5)

The first input is a random noise vector z ∈ RL anal-
ogous to Eq. (2), whereas the second input is the condi-
tional low-resolution image-mask pair with a channel size
of C = 3 + ⌈log2 K⌉. At each timestep, the current pre-
diction of the denoising U-Net is concatenated with the
low-resolution pair. During test time, we generate higher-
resolution samples in two consecutive steps: (x̂i, ŷi) :=
GSR(z1,G(z0)). We provide visualizations of several ob-
tained super-resolution pairs in Fig. 6.

4.5. Implementation details

Diffusion. As described above, we employ DDPM [27]
to learn the joint training distribution D. Specifically, we
apply T = 1000 consecutive denoising steps with a linear
noise schedule βt ∈ {1e− 4, . . . , 2e− 2}. We consistently
generate images with a spatial size of 128×128 and option-
ally upsample them to 256× 256 as specified in Sec. 4.4.

In Sec. 4.3, we denote the inverse binary transforma-
tion with a slight abuse of notation as bin−1. In practice,
this involves a combination of thresholding the continuous
values ŷi, as well as mapping the resulting binary values
to the original index domain {0, . . . ,K − 1}. Since K
is not necessarily a power of 2, we use a simple nearest-
neighbor assignment of ŷi to

{
bin(0), . . . ,bin(K − 1)

}
⊂

{0, 1}⌈log2 K⌉ to ensure bijectivity.
Prior to querying the denoising U-Net backbone, an ad-

ditional linear transformation z 7→ 2z − 1 is applied to the
input pairs for an improved numerical stability. At test time,
the generated samples are clipped to the range [−1, 1], be-
fore the inverse transformation z 7→ 0.5(z + 1) maps the
values back to the original interval [0, 1].
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iSAID LoveDA OpenEarthMap
FID (↓) sFID (↓) IS (↑) FID (↓) sFID (↓) IS (↑) FID (↓) sFID (↓) IS (↑)

SemGAN [32] 10.21 3.63 1.11 37.47 7.16 3.29 16.20 4.89 3.13
DDPM [27] 17.50 7.07 1.03 22.70 2.10 3.44 15.35 4.87 3.31
Ours 8.66 3.10 1.17 13.87 1.87 3.88 12.09 2.76 3.16

(a) Visual sample quality.

iSAID LoveDA OpenEarthMap
IoU (↑) F1 (↑) IoU (↑) F1 (↑) IoU (↑) F1 (↑)

SemGAN [32] 13.01 18.08 31.75 42.74 40.43 54.75
SegDiff [1] 41.25 54.77 36.60 49.93 51.23 65.70
Ours 52.13 66.13 48.97 64.83 62.24 76.10

(b) Semantic segmentation.

Table 1. Comparative analysis of generative models. We present quantitative comparisons on three distinct satellite benchmarks [60, 61,
64]. (a) For once, we assess the visual quality of the synthetic satellite images x′

i ∈ R128×128×3 obtained with our approach, compared
to images generated by SemGAN [32] and DDPM [27]. (b) We further quantify the segmentation accuracy of our approach with the FPN
segmentation backbone, comparing it to the generative semantic segmentation approaches SemGAN [32] and SegDiff [1]. In both tables,
(↓) indicates lower metric values are better, whereas (↑) denotes higher values are better.

Figure 3. Generated samples, iSAID [61]. We visualize several pairs (x′
i,y

′
i) sampled from the diffusion model G detailed in Sec. 4.3.

Color coding for the semantic masks y′
i is indicated by the corresponding palette legend (top right). The generated scenes are of high

quality and the semantic layout is coherent – for instance, soccer ball fields are frequently surrounded by ground track fields (bottom, 4th).

Segmentation. By default, we utilize a standard feature
pyramid network (FPN) [31, 37] with a ResNet50 backbone
to perform multi-class semantic segmentation. The hierar-
chical design of FPN has proven to be particularly effective
in state-of-the-art earth observation approaches [34, 73]. It
allows for predicting accurate masks in the presence of large
scale variations and detailed fine-scale structures. For a
more complete picture, we additionally include a recent vi-
sion transformer segmentation model SegFormer [65] and
the state-of-the-art satellite segmentation models PFSeg-
Net [34] and FarSeg [73] for specific settings.

5. Experiments
We evaluate the impact of synthesized training samples D′

on the task of semantic segmentation for earth observation
data. We provide direct comparisons to prior techniques on
generative models, thorough analyses of our generated data,
and segmentation results for diverse settings.

5.1. Datasets

We consider three popular earth observation benchmarks
that address object-centric segmentation [61] and land-
cover classes [60, 64], respectively.
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Figure 4. Generated samples, LoveDA [60]. We display pairs (x′
i,y

′
i) generated by G on LoveDA [60]. The obtained satellite scenes

consist of visually plausible images x′
i and corresponding semantic masks y′

i for general land-cover classes.

iSAID. The iSAID [61] dataset focuses on semantic seg-
mentation of individual object categories such as cars,
bridges, or tennis courts. Overall, it contains 2,806 high-
resolution satellite images with 655,451 object instances
from 15 classes. The original source of the data is the
DOTA dataset [63], while the semantic labels were anno-
tated specifically for iSAID. Since the main goal of the
dataset is to segment individual objects, it is prone to large
scale variation and class imbalances. Certain object cate-
gories occupy only a small number of pixels (≈ 0.3% pixels
for ‘small vehicles’) compared to the dominant background
class (> 97% pixels).

LoveDA. LoveDA [60] consists of 5,987 high resolution
images of both rural and urban scenes, along with 166,768
individual land-cover annotations. A notable challenge are
similarities in appearance of distinct categories across dif-
ferent geographical contexts. To increase the number of in-
put images, we extract non-overlapping 256 × 256 patches
from each image, resulting in a total of 40,352 training and
26,704 validation images.

OpenEarthMap. The OpenEarthMap [64] dataset inte-
grates high-resolution satellite imagery from several differ-
ent sources to create a unified benchmark for land-use and
land-cover mapping. In particular, they assemble 5,000 im-
ages spanning 97 regions across 44 countries from 6 conti-
nents. Individual images have a resolution of 1024 × 1024
with a pixel granularity ≤ 0.5m. Similar to LoveDA, we ex-
tract 256×256 non-overlapping patches as a pre-processing
step. The pixel-wise annotations encompass 8 distinct land-
cover categories, namely: bareland, rangeland, developed
space, road, tree, water, agriculture land, and buildings.

5.2. Comparisons to generative approaches

We evaluate our method in two distinct settings. First, we
compare our synthesized images {x′

1, . . . ,x
′
N ′} to alterna-

tive generative approaches in terms of visual sample qual-
ity. Second, we assess the impact of our synthesized image-
mask pairs on semantic segmentation, contrasting our ap-
proach with methods employing generative models for seg-
mentation.

Visual sample quality. We compare the sample quality of
generated satellite images x′

i ∈ R128×128×3 to two baseline
approaches [27, 32] in Tab. 1a. The first baseline, Sem-
GAN [32], synthesizes image-mask pairs through adversar-
ial training. Additionally, we consider vanilla DDPM [27],
trained solely on the input images {x1, . . . ,xN}. In each
case, we report the Fréchet inception distance (FID) [26],
spatial FID (sFID) [43], and the inception score (IS) [53],
confirming the superior visual quality of our synthesized
images. Specifically, we compute the IS in terms of the
segmentation logits of a pretrained ResNet-50 U-Net seg-
mentation model [50]. For the FID and sFID scores, we
compare the generated feature distribution of the encoder
to the distribution of real images {x1, . . . ,xN}. We fur-
ther provide qualitative samples of generated training pairs
on iSAID and LoveDA in Fig. 3 and Fig. 4, and on Open-
EarthMap in Fig. 9 in the appendix.

Generative segmentation. Our proposed approach is
based on synthesizing novel training data instances D′. Fur-
ther, we integrate the augmented training set D ∪ D′ for
downstream segmentation. While this approach is straight-
forward, there exist other potential strategies for employing
generative models to predict segmentation masks directly.
To provide context, we consider two baseline approaches.
SemGAN [32] trains a joint generator and a separate en-
coder, applying test-time optimization to extract semantic
labels conditioned on the latent embedding of a given query
image. Conversely, SegDiff [1] directly models binary seg-
mentation as an image-to-image regression task utilizing
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Figure 5. Analysis of synthetic data. We assess the impact of generated samples D∪D′ on the mIoU segmentation score for iSAID [61],
LoveDA [60], and OpenEarthMap [64], with a spatial size of 128 × 128. Different resampling ratios are applied, defined as sampling
R ∈ {0, . . . , 5} synthetic pairs per original instance, i.e., |D′| = R · |D| pairs in total. In each case, error bars are provided which denote
the standard error (SE). We separately plot the accuracies without synthetic samples R = 0 (gray dashed lines) for ease of comparison.

Train on PFSegNet [34] FarSeg [73] SegFormer [65] FPN [31] PSPNet [71]
256× 256 IoU (↑) F1 (↑) IoU (↑) F1 (↑) IoU (↑) F1 (↑) IoU (↑) F1 (↑) IoU (↑) F1 (↑)

D 60.93±0.62 74.10±0.55 62.28±0.27 75.16±0.22 60.95±0.61 74.18±0.55 59.52± 0.19 72.82±0.15 48.95±2.91 63.13±2.83
D ∪D′ 63.71±0.21 76.37±0.17 62.95±0.25 75.72±0.28 62.13±0.25 75.10±0.21 60.65±0.38 73.69±0.33 56.54±1.32 70.16±1.17

Table 2. Object-centric segmentation. We demonstrate that integrating our generated training pairs D ∪ D′ improves the performance
over the original data D on the iSAID [61] benchmark. To this end, we consider the recent state-of-the-art approaches PFSegNet [34] and
FarSeg [73] that specialize on satellite segmentation, as well as three generic segmentation models [31, 65, 71]. In each setting, we utilize
super-resolution pairs with a spatial size of 256× 256 as defined in Sec. 4.4.

DDPM. Although it is not primarily designed for multi-
class scenarios, we can extend it in a straightforward man-
ner by predicting labels in bit space, as detailed in Eq. (4).

We report the resulting accuracies in Tab. 1b. For our
approach, we train a standard FPN backbone on the aug-
mented training set D ∪ D′. Compared to SemGAN [32]
and SegDiff [1], our approach yields significantly more ac-
curate predictions, both in terms of the mIoU and F1 score.
A visualization of the predicted semantic maps is provided
in Fig. 11 in the appendix.

5.3. Analysis of synthetic training data

We assess the impact of additional synthetic samples D′

on satellite semantic segmentation with an FPN backbone.
To this end, we experiment with various resampling ratios
|D′| = R·|D|, where R ∈ N. In principle, we can sample an
arbitrary number of pairs (x′

i,y
′
i) from the diffusion model

G specified in Sec. 4.3. However, as we generate more sam-
ples, they become increasingly correlated and redundant –
yielding diminishing returns.

We report the resulting mIoU scores on different bench-
marks [60, 61, 64] for values of R ∈ {0, . . . , 5} in Fig. 5.
In each scenario, we quantify how training on the joint
dataset D ∪ D′ compares to the original samples D. We
apply oversampling to ensure a balanced ratio between
real and synthetic samples. In each setting, we observe

that adding synthetic pairs consistently enhances the perfor-
mance. This confirms our assertion that integrating gener-
ated pairs serves as a form of data augmentation. Moreover,
the optimal performance varies on specific benchmarks, for
instance, a resampling ratio of R = 3 is ideal for iSAID.

5.4. Object-centric segmentation

We evaluate our approach in terms of object-centric satel-
lite segmentation, see Tab. 2 for a summary of the result-
ing accuracies. Specifically, we report the mIoU and F1
scores on the iSAID [61] benchmark for several state-of-
the-art satellite [34, 73] and general [31, 65, 71] segmenta-
tion approaches. These results demonstrate that training on
the augmented dataset D∪D′ consistently improves the per-
formance over D. For instance, the mIoU score increases by
7.59% for PSPNet [71]. Since most considered segmenta-
tion methods expect high input resolutions, we leverage our
super-resolution model GSR specified in Sec. 4.4 to gen-
erate pairs with a spatial size of 256 × 256. While many
satellite baselines consider even higher resolutions > 256
in their original publications [34, 73], we found this to be
a reasonable trade-off due to the substantial computational
demand of high-resolution diffusion models. For qualita-
tive visualizations of different super-resolution image-mask
pairs, see Fig. 6.
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Figure 6. Super-resolution, qualitative. We provide four super-resolution samples obtained on the iSAID dataset. These generated pairs
are obtained in two steps, querying G to produce low-resolution images with a spatial size of 128× 128 (left), before upsampling them via
GSR to 256× 256 (right) as defined in Eq. (5).

5.5. Ablation study

In Sec. 4.3, we propose to jointly generate images and labels
(x,y) for earth observation data via a denoising diffusion
model G. We now assess the impact of specific assump-
tions on the quality of the generated samples, see Tab. 3 for
a summary. Specifically, we compare the binary encoding
bin(y) defined in Eq. (4) to conventional one-hot encod-
ing OH(y)k := I[y = k]. The findings in Tab. 3 indicate
that the binary coding yields superior samples. We attribute
this to the more compact encoding of ⌈log2 K⌉ channels, as
opposed to K for one-hot. For instance, for the K = 16
classes in iSAID, the binary codes require only 4 channels,
resulting in well-balanced joint samples (x,y) with a total
of C = 7 channels.

We further investigate the prediction type targeted by
the diffusion U-Net backbone. There exist two prevalent
choices, where in each denoising step xt the network ei-
ther predicts the total noise vector ϵ, or the original sam-
ple x0. From both quantities, the noise vector between two
timesteps xt−1 → xt can be derived. On the other hand,
we find that, for our purposes, predicting ϵ leads to a supe-
rior segmentation performance – especially for the higher
resampling ratio R = 3.

6. Conclusion
Our work serves as a showcase for the potential of im-
age diffusion models for data generation in domains where
ground truth labels are scarce and costly. For satellite im-
agery, specifically, obtaining such labels requires extensive
manual annotation by human experts. In a broader context,

Label encoding Predict R = 1 R = 3
bin(y) I[y = k] ϵ x0 IoU (↑) F1 (↑) IoU (↑) F1 (↑)

✓ ✓ 47.98 62.08 49.38 63.71
✓ ✓ 51.00 65.05 51.45 65.54
✓ ✓ 51.11 65.13 52.13 66.13

Table 3. Ablation study. We investigate how two central design
choices for the joint data generation, outlined in Sec. 4.3, relate
to the downstream segmentation performance on iSAID. Specif-
ically, we compare two variants of the network G, predicting the
noise component ϵ or the initial sample x0, and we contrast the
binary label embedding with standard one-hot encoding. These re-
sults confirm that both components are crucial (lower row, bin+ϵ)
for obtaining optimal results.

we anticipate that approaches similar to ours will become
increasingly ubiquitous for data synthesis and augmenta-
tion tasks in different areas. For instance, an average of 1.5
hours was spent to annotate a single image from Cityscapes,
according to the original publication [16].

Given the high visual fidelity of the obtained instances,
we plan to explore extensions to other related earth obser-
vation tasks in future work. Potential applications include
sample data fusion of different observations, image inpaint-
ing for cloud removal, or change detection.
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