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Abstract

Training supervised deep neural networks that per-
form defect detection and segmentation requires large-scale
fully-annotated datasets, which can be hard or even impos-
sible to obtain in industrial environments. Generative AI
offers opportunities to enlarge small industrial datasets ar-
tificially, thus enabling the usage of state-of-the-art super-
vised approaches in the industry. Unfortunately, also good
generative models need a lot of data to train, while indus-
trial datasets are often tiny. Here, we propose a new ap-
proach for reusing general-purpose pre-trained generative
models on industrial data, ultimately allowing the genera-
tion of self-labelled defective images. First, we let the model
learn the new concept, entailing the novel data distribution.
Then, we force it to learn to condition the generative pro-
cess, producing industrial images that satisfy well-defined
topological characteristics and show defects with a given
geometry and location. To highlight the advantage of our
approach, we use the synthetic dataset to optimise a crack
segmentor for a real industrial use case. When the avail-
able data is small, we observe considerable performance
increase under several metrics, showing the method’s po-
tential in production environments.

1. Introduction

Over the past decades, artificial intelligence has made
significant advancements, leading to several revolutionising
industrial applications [29, 37, 42]. Due to its simplicity,
supervised training is one of the most popular approaches
to developing vision models for industrial object detection
and segmentation. Unfortunately, supervised training of vi-
sion models requires large-scale fully-annotated datasets,
which can be hard to obtain. For instance, in medical imag-
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Figure 1. Method overview. Our approach involves two main
steps: i) learn the concept and ii) learn the condition. For the first
step, we utilise a high-capacity model that has previously learned
a general-purpose image prior. For simplicity, we use Stable Dif-
fusion, which we inject with the knowledge of a new, previously
unseen concept. In the second phase, we enforce label-driven con-
straints to ensure the generation process adherence to specific cri-
teria. Finally, with the resulting conditional generator, we can pro-
duce self-annotated data that we can leverage to optimise other
models to perform supervised downstream tasks, such as crack de-
tection and segmentation.

ing, it is often challenging to create datasets containing rare
pathologies. Similarly, in production pipelines, collecting
datasets containing defective images can be problematic be-
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cause engineers strive to optimise real-world industrial pro-
cedures and minimise the number of defective products as
much as possible. Lastly, producing high quality annota-
tions is costly and often requires experts. To make progress
in democratising and incorporating AI into industrial appli-
cations, it is essential to minimise the data and annotation
requirements needed for training supervised models.

While detecting defects with zero-shot and few-shot
learning techniques is an active field of study [18, 35],
these techniques still do not adequately address the prob-
lem of data scarcity in real-world scenarios. In fact, they
train models using only small amounts of annotated sam-
ples while leaving them ignorant about the entire data dis-
tribution, which can be complex and have many unseen
modes. On the other hand, approaches aiming to reduce
the amount of supervision while exploiting larger datasets
constitute an exciting perspective [5, 6]. In fact, a relatively
small amount of unlabelled data is usually much easier to
obtain. For example, collecting defect-free images is less
complicated than collecting defective ones in industrial pro-
cedures, where defects are rare.

Along with this line of thought, we propose using gen-
erative models to augment the dataset size artificially. In
particular: i) we exploit a generic image prior learned by
a pre-trained high-capacity model, Stable Diffusion [29];
ii) then, we inject new knowledge about the concept of in-
terest; and finally, iii) we force the generation process to
adhere to specific label-driven constraints. We provide a
graphical overview of the approach in Figure 1. Once the
generative model is ready, it is possible to use it to generate
self-annotated data that we can use to optimise an instance
segmentation model and perform crack detection and seg-
mentation. To summarise, our contributions are:

• We design a data generation pipeline for industrial use
cases, where images fall out of the distribution used to
train general-purpose generative models. The pipeline
consists in two main steps: i) learn the concept, and ii)
learn the condition.

• We introduce a novel conditioning mechanism provid-
ing coarse, unsupervised geometrical cues. With this
condition, we drive the generative process to produce
data with a given geometry and showing defects in the
required position. The crucial advantage of these gen-
erated data is having annotation masks that are known
by construction.

• We show the advantage of our approach in a real indus-
trial use case. First, we generate new self-annotated
data. Then, we use these data to optimise a down-
stream supervised model and perform instance seg-
mentation. To the best of our knowledge, this is the
first work demonstrating the advantage of synthetic
data in instance segmentation of industrial combustors.

The remainder of the paper is organised as follows. Sec-
tion 2 briefly summarises related literature, while Section 3
introduces the technical background needed for the subse-
quent sections. Section 4 provides technical details, design
choices and methods used by our approach, while Section 5
reports experimental results and discussions. Finally, Sec-
tion 6 concludes the manuscript.

2. Related Work
Learning with Limited Data Having access to large-
scale annotated datasets is crucial for training accurate and
robust computer vision models. However, collecting and
annotating large amounts of data is not always possible, es-
pecially for tasks that require fine-grained annotations or
experts. In the literature, several techniques aim to re-
duce data requirements. Data augmentation involves ap-
plying various transformations to existing data to increase
its diversity and quantity, which are needed to train better
models. In this context, generative models offer opportu-
nities to surpass simple data augmentation techniques, syn-
thesising non-trivial but still realistic data variations con-
ditioned on input classes, text, or given geometrical con-
straints [2, 4, 29, 34, 38, 40, 41]. Yet, training good con-
ditional generative models from scratch may also require
large-scale annotated datasets [20,27,38],1 leaving their ap-
plicability in industrial environments confined to limited
settings. On the other hand, recent years witnessed the
open-sourcing of powerful generative models pre-trained on
large-scale datasets [29,33] and able to provide high-quality
results, impossible to distinguish from the real data. The
image prior learned by these models serves as a powerful
knowledge base that can be exploited in a wide range of
downstream tasks, from editing [23] to inpainting [3,19,21],
keypoint correspondence [24, 28, 36], and few-shot learn-
ing [12, 17, 30, 31]. Along with the existing perspectives of
foundation models, we propose to address the problem of
limited data sources by adapting a large pre-trained model
in two main steps: i) learning new concepts and ii) learning
to condition concept-based generation.

Diffusion Models for Conditional Image Synthesis De-
noising Diffusion Models (DDMs) are generative models
trained to learn the underlying data distribution by gradually
transforming a noise-corrupted version of the input data to-
wards the original noise-free data [7,16,25,39]. DDMs use
an autoregressive approach consisting in a sequence of de-
noising steps modelling conditional distributions given pre-

1Note that annotations needed by generative models are often easier to
obtain w.r.t. what is usually required by other computer vision tasks, such
as instance segmentation. Moreover, some conditional generative models
do not need training annotations at all. In this work, we focus on mask-
guided image synthesis that is useful for downstream object detection and
instance segmentation tasks.
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vious denoised samples. This is made possible by sampling
from a defined reverse (denoising) diffusion process that re-
duces the noise level over time. DDMs have demonstrated
impressive results in tasks like image generation [8,29] and
image-to-image translation [22, 32, 38, 41], capturing com-
plex data distributions and generating high-quality samples.
We provide mathematical details about this class of genera-
tive models in Section 3.

Image Inpainting Image inpainting aims at filling in
missing or corrupted regions of an image with plausible
content, often by using surrounding information as a ref-
erence [3, 10, 32]. Although we could frame our goal as
an inpainting task where we generate synthetic defects on
top of defect-free images, our method is more general. In-
deed, we generate entire defective images, using only weak
topological conditioning rather than providing an actual im-
age as input context. Thus, the variety of synthetic data our
method can produce is much larger than what is attainable
by simple inpainting. Despite comparing with inpainting
methods is not our scope, we conducted a simple experi-
ment measuring data variety obtained by inpainting vs our
approach. Our method achieves better mode coverage and
data generation quality, as illustrated in Section 5.3.

3. Technical Background
Diffusion Models. As briefly introduced in Section 2,
DDMs [7, 16, 25, 26, 39] are probabilistic models that learn
to generate data by denoising normally distributed vari-
ables. To carry out DDMs training, a forward diffusion
process adds Gaussian noise on an image x0 over time, re-
sulting in a fixed Markov Chain of length T . During this
process, we optimise the model to invert the diffusion pro-
cess and reconstruct uncorrupted samples starting from pure
noise (a.k.a. reverse diffusion process).

Given a sample x0 ∼ q(x) (where q(x) is the real data
distribution), the forward diffusion process adds a small
amount of Gaussian noise to x0, at each step, according to
a variance schedule {βt ∈ (0, 1)}Tt=1. We can formalise it
as:

q(xt∣xt−1) = N (xt;
√
1 − βtxt−1, βtI) (1)

q(x1∶T ∣x0) =
T

∏
t=1

q(xt∣xt−1) (2)

Note that if T is large enough, xT is equivalent to an
isotropic Gaussian distribution.

During the reverse diffusion process, the model attempts
to revert the forward noising process, mapping input noise
samples onto realistic noise-free images. Formally:

pθ(x0∶T ) = p(xT )
T

∏
t=1

pθ(xt−1∣xt) (3)

pθ(xt−1∣xt) = N (xt−1;µθ(xt, t),Σθ(xt, t)) (4)

For simplicity, people often assume Σθ(xt, t) = σ
2
t I.

Moreover, practitioners structure the output of the genera-
tive model in a residual form. Hence, the model does not
directly generate an image: it predicts the noise ϵt added to
the image at each time step. Then, it is possible to recon-
struct the image x0 by subtracting ϵt to the input xt. In this
setup, the training objective becomes the following:

Lt = Et,x0,ϵt[∥ϵt − ϵθ(
√
ᾱtx0 +

√
1 − ᾱtϵt, t)∥2] (5)

where Lt is the loss function evaluated at time step t. We
leave interested readers refer to [16, 26] for the mathemati-
cal derivation and additional details.

Stable Diffusion. A widely adopted variant of DDMs is
Latent Diffusion Models (LDMs). LDMs perform the dif-
fusion process in the latent dimension rather than pixel
space, saving training costs and ensuring faster inference.
In LDMs, an encoder E(⋅) compresses an input image to a
lower dimensional space z, where the diffusion and denois-
ing processes happen. Finally, we provide the generated
sample as input to a decoder D(⋅), trained to reconstruct
images from the latent, x̃ = D(z).

Stable Diffusion [29] is a popular LDM employing
cross-attention layers to allow generic conditioning inputs
such as text. It is possible to train the model using two
regularisation terms: i) KL-reg, which moves the learned
latent toward a Standard Normal distribution, and ii) VQ-
reg, which uses a vector quantisation layer within the de-
coder (similar to VQGAN [11], but with the quantisation
layer included in the decoder). Stable Diffusion was trained
on a large-scale dataset of natural images, showing impres-
sive results in many applications. The model’s pre-trained
weights are available online,2 which makes it possible to
use it as a foundation model for downstream tasks.

Learning New Concepts with Stable Diffusion. Train-
ing high-capacity generative models from scratch is chal-
lenging and requires high computational power and re-
sources. For this reason, in the recent literature, several
approaches attempt to reuse large text-to-image diffusion
models in different tasks, letting them learn new concepts
using just a few examples and little computational power.

Low-Rank Adaptation of Large Language Models
(LoRA) [17] is a training method that accelerates the train-
ing of large models while reducing memory usage. It
freezes a pre-trained Stable Diffusion and injects trainable
rank decomposition matrices into the model’s transformer

2https://huggingface.co/spaces/stabilityai/stable-diffusion
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Figure 2. Generic prior vs real industrial images. The image
prior learned by pre-trained foundation models, such as Stable
Diffusion, do not match actual industrial data. On the left, we
show four images generated by Stable Diffusion with the in-
put prompt: "A borescope image of the inside of
a combustor chamber". On the right, we report four real
industrial images, for comparison. We suggest to overcome this
change in distribution as described in Section 4.1.

layers. These matrices are the only parameters trained
during fine-tuning, reducing the number of trainable pa-
rameters for downstream tasks. After tuning the trainable
weights on a dataset of new images, the model has learned
the new concepts with little computational requirements.
Since the pre-trained Stable Diffusion already learned a
powerful image prior, Textual Inversion [12] proposes to
learn new concepts by optimising the text embedding used
as a text conditioning rather than the diffusion model itself.
In particular, Textual Inversion captures a novel concept op-
timising the text embedding of a pseudo word while keep-
ing the text-to-image model frozen. The optimisation pro-
ceeds until we find an optimal embedding vector that, used
as a conditioning, lets the model generate samples of the
new concept. DreamBooth [30] is a technique that, given a
small subset of images depicting a specific subject, synthe-
sizes that subject in diverse scenes, poses, views, and light-
ing conditions that do not appear in the reference images.
This technique expands the language-vision dictionary of a
pre-trained text-to-image model, fine-tuning it and binding
a new unique identifier with what the user wants to generate.

For its popularity and ability to generate high-quality im-
ages, we use DreamBooth to make our model capable of
learning new concepts. Nevertheless, the model could learn
new concepts using LoRA, Textual Inversion, or other ap-
proaches. We leave their investigation as future work.

4. Method
Assumptions About the Data. Acquiring large-scale an-
notated datasets can be challenging, as industrial defects are
rare and annotations are expensive. On the contrary, unla-
belled images are usually easier to collect, e.g., as part of
standard process monitoring activities. In the rest of the

Figure 3. Conditioning pre-trained unconditional diffusion mod-
els with HyperNetworks. The HyperNetwork (yellow box) influ-
ences the image generator (cyan box) to output an image satis-
fying the input conditioning factors. As conditioning mechanism
we use coarse geometrical drivers and a defect mask. Further-
more, we condition the diffusion model by slightly altering the
input prompt from "an image of a [V]" to "an image
of a [V] with a [class] crack". For each condition,
we replace [class] with the name of the category shown inside
the defect mask, further highlighting crack-related information.

paper, we assume the availability of a small amount of la-
belled data. The data cardinality can be small (in some
of our experiments, we used just 120 annotated images).
Furthermore, we suppose the availability of another sub-
set of unlabelled images. More in detail, labelled data are
images showing production defects manually annotated by
an expert; unlabelled data are defect-free images acquired
by standard monitoring activities. To prevent any possible
bias due to data leakage, we train our model using only the
labelled data; we use the unlabelled images solely for the
downstream data generation process.

Method Overview. Our approach exploits the image-
prior learned by a foundation generative model. In partic-
ular, we use Stable Diffusion, whose weights come from
training on a large-scale dataset of natural images.

With the right strategy, we can exploit Stable Diffusion’s
knowledge about images and their structure to learn to gen-
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erate pictures of new concepts. For us, the new concepts are
industrial components whose pictures fall out of the training
distribution seen by the model in precedence. After inject-
ing the knowledge of the new concept, we force the gener-
ative process to adhere to geometrical constraints and pro-
duce images satisfying well-defined labels and conditions.

We thus summarise the whole system as consisting of
two main steps: i) learn the concept and ii) learn the con-
dition. For both phases we use the small subset of labelled
data, containing images and segmentation masks of the de-
fects. We provide a graphical overview of the two phases in
Figure 1, and detail them below.

4.1. Phase 1: Learn the concept

In general, natural images used to train foundation mod-
els are not representative of data distributions encountered
in industrial environments. For example, Figure 2 compares
the “idea” that Stable Diffusion has about the concept “the
inside of a gas combustor” vs real images. It is evident that
directly using pre-trained image priors for generating indus-
trial data is not feasible. Thus, we must consider a prelimi-
nary step, where we adapt the foundation model to learn the
new concept represented by the data of interest.

To inject the new concept into the model, we adopt
DreamBooth [30], described in Section 3. With Dream-
Booth, we tune Stable Diffusion to produce realistic im-
ages while preserving prior knowledge about generic im-
age appearance, such as lighting conditions, structural
consistency, etc. To avoid catastrophic forgetting of the
knowledge acquired by the pre-trained model, we regu-
larise training on the new concepts with the Class-specific
Prior Preservation Loss, which supervises the model with
its own previously generated images. Specifically, we
use the ancestral sampler of the pre-trained DDM to
generate data xpr = x̂(zt1 , cpr) from random initial
noise zt1 ∼ N (0, I) and conditioning vector cpr ∶=
Γ(f("a [class noun]")). Then, we minimise:

Ex,c,ϵ,ϵ′,t[ωt∥x̂θ(αtx + σtϵ, c) − x∥2
2 + λLpr] (6)

Lpr = ωt′∥x̂θ(αt′xpr + σt′ϵ
′
, cpr) − xpr∥2

2 (7)

where αt, σt, and ωt are terms controlling the noise dif-
fusion schedule and sample quality at time t ∼ U([0, 1]),
αtx+ σtϵ is the combination of a real image with the noise
according to the diffusion schedule, c the text conditioning,
Lpr the prior-preservation term, and λ a scalar weight.

To learn the new concept, we tune Stable Diffusion by
assigning a new meaning to a rare token identifier [V]. To
do so, we train the model on our data while providing the
input prompt: "an image of a [V]". As discussed
in the next paragraphs, the second phase of our approach
will slightly modify this textual prompt to include addi-
tional knowledge on the desired image characteristics.

4.2. Phase 2: Learn the condition

To make it possible to generate samples according to
pixel-level requirements, we altered the behaviour of a pre-
trained Stable Diffusion to make it accept additional inputs.
Similar to Zhang et al. [41], we control the synthesis pro-
cess via HyperNetworks, which showed success in many
image generation tasks [1, 9, 13, 31]. As schematically rep-
resented in Figure 3, HyperNetworks [13] are small neural
networks trained to influence the weights of a larger one
based on input conditions. In our case, the network we want
to influence is Stable Diffusion after learning the new con-
cepts according to Section 4.1. For the whole process, we
keep this model frozen so that training preserves the starting
weights of the model. On the contrary, we tune a trainable
copy of Stable Diffusion that we use as a HyperNetwork
to condition the frozen copy. Lastly, our input condition
is a topological driver showing the coarse geometry of the
image content and the defect class and shape. During this
phase, the training objective becomes:

Ex,c,c+,ϵ,t[∥x̂θ(zt, c, c+) − x∥2
2] (8)

where zt = αtx+ σtϵ, while c is the text prompt condition,
and c

+ is the task-specific condition. We describe the de-
sign of the topological drivers c+ below. For this phase, we
use c = "an image of a [V] with a [class]
crack", where [class] is the category name of the
crack we want the generated image to show.

Building the Conditioning Image. While the designed
topological driver well suits our use case, different datasets
may need slightly different driver extraction procedures.
Nevertheless, every driver extraction process should ad-
here to the same spirit: obtained drivers must provide i)
coarse global constraints about the image appearance; and
ii) strong constraints about the defect location and appear-
ance. The first requirement ensures that the driver is flex-
ible enough to let the model generate realistic alternative
images sharing the same global aspect (e.g. with different
colours or having some geometrical changes). The second
constraint ensures we have the exact knowledge about the
defect shape, class, and location, which is fundamental to
having reliable annotations for the synthesised images.

To learn to generate defective images with conditioning
constraints, we extract topological drivers from a small sub-
set of defective images for which we have the segmentation
masks of the defects. Then, we train the HyperNetwork
to make the model reconstruct the defective image starting
from the topological driver. The most important thing to no-
tice is that we design topological drivers s.t. it is impossible
to say if they come from defective or defect-free images.
Such a design ensures we can use images with no defects
to drive generation at test time (see example in Figure 5),
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Figure 4. Model Overview. Top: after learning the new concept
(Section 4.2) a HyperNetwork (yellow box) uses an input topo-
logical driver to condition the image generation of a pre-trained
diffusion model (cyan box). With the given condition, the model
produces an image matching the topological driver and showing
a defect corresponding to the defect mask inside the driver. Bot-
tom: extracting the topological driver from an input image. In the
first part of the process, we do a lossy compression of the image
colours. Then, we add the defect mask on the resulting image, en-
suring that the driver carries out accurate pixel-level information
of the defect topology and class. The resulting image shows coarse
information about the image topology and a segmentation mask of
the defect that the generative model must reproduce.

thus making it possible to generate a wide variety of defec-
tive samples showing a topology that can be quite different
from what was encountered during training. As a result, we
can obtain synthetic images with larger mode coverage than
what would be attainable using only the annotated samples.

As depicted in Figure 4, the topological driver is an RGB
image containing: coarse topological information about the
image we want to generate and a defect mask painted on
top of it. To extract the topological information, we first
downscale the image to a lower resolution, then convert it
to grayscale colours and apply adaptive thresholding. The
resulting image is a binarised map showing the coarse topol-
ogy of the input image at low resolution. After that, we re-
size the image back to the original size. We note that the
pixels associated with a defect usually are only a tiny frac-
tion of the whole image. As a result, the training process

Figure 5. Topological drivers. Top row: at training, we extract the
driver from defective images and add a real defect segmentation
mask on top of it. Bottom row: at inference, we extract the driver
from defect-free images and add an arbitrary segmentation mask
on the image. Notice that simply looking at the final result, it
is impossible to say if the topological map with the defect mask
comes from a defective or a defect-free image. Hence, a model
trained using only defective data will be biased to synthesise a
defective image also for the input conditioning in the bottom row.

could encourage image reconstruction and ignore the defect
completely, as they do not give a large contribution to the
image reconstruction loss we are trying to minimise. To en-
sure the HyperNetwork forces the diffusion model to also
focus on the defective pixels, we alter the binarised map to
obtain an effect similar to an attention mechanism. First,
we scale pixel values from the 0 ÷ 255 range to the 0 ÷ 50
range. Then, we inpaint an RGB-coloured defect mask on
top of the image. Rescaling the binarised image to the 0÷50
range ensures the defect mask is well visible and visually
“pops up” from the background. Lastly, we rescale the ob-
tained images in the 0 ÷ 1 range. We show examples of
the obtained topological drivers in Figure 5. Notice that the
defect is well visible compared to the background.

4.3. Synthesis of Self-annotated Data

Once learned the new concept and tuned the model to
generate samples according to specific constraints, we can
generate self-annotated data useful for downstream tasks.
In particular, we extract the topological drivers from a sep-
arate subset of defect-free images and pair them with arbi-
trary defect masks. The defect-free images come from stan-
dard monitoring activities and do not need annotations. The
defect masks can be either i) randomly sampled from the
masks available in the annotated dataset; ii) manually drawn
by an expert, based on previous experience; or iii) could
be generated by another neural network. To ensure good
image-mask pairs, in our experiments, we build a small
dataset using strategy (i) with small random shape pertur-
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bations and then (ii) to fix and improve the obtained masks.
We leave exploring strategy (iii) as future work.

For a fixed topological driver and textual prompt, the dif-
fusion model can generate an arbitrary number of synthetic
images using different noisy inputs. For simplicity, we sam-
ple a maximum of 15 images per driver, which we deemed
sufficient for our scope. We use the source defect masks as
accurate segmentations of the synthetic images.

5. Experiments

5.1. Data

We conduct experiments on an in-house dataset named
Turbine Boroscope Inspection (TBI). Thedataset contains
RGB borescope pictures of gas turbines, compressors, and
combustion chambers. Several images show cracks (i.e. de-
fects) deriving from collisions or wearing processes, while
others are defect-free. We show a few examples on the right
column in Figure 2. For the defective images, the dataset
contains instance-level segmentation masks of each crack.
Annotations are stored in the popular COCO format, that
we handle using the COCOHelper library.3 The number
of images in the dataset is 1470, out of which around 1300
have defects. The total number of annotated cracks is 2044,
and their label is one of five classes, depending on their po-
sition and topology. For training, we only used 1170 anno-
tated images. We left the remaining data for validating the
experiments of instance segmentation models (we equally
split the remaining data to build a validation and a test set,
used to measure the performance of crack segmentors).

For both “learn the concept” and “learn the condition”,
we use only a fraction of the defective images, which we
specify when describing the experiments. For both phases,
we intentionally hold out defect-free samples, which we
use only during inference, limiting the possibility of data
leakage problems. On the contrary, we always use all the
defect-free images during synthesis. In particular, we first
apply offline data augmentation, generating 10 alternative
versions of the source image. Augmentations include geo-
metrical and colour-wise transformations, such as cropping,
zooming, roto-translation, noise addition, random contrast
perturbations, etc. Then, we build a new dataset pairing
each augmented sample with arbitrary defect masks, ac-
cording to the strategies explained in Section 4.3. We name
the resulting dataset SADF-TBI, where the prefix “SADF”
stands for “Shuffled Annotations, Defect-Free”.

We pre-process images by resizing them to the resolu-
tion of 512×512 pixels. Then, we rescale pixel values in
the 0÷1 range according to Stable Diffusion expected input
dynamics. We also use standard data augmentation.

3https://github.com/AILAB-bh/cocohelper

Figure 6. Example of synthetic data. These samples have been
generated according to the proposed approach using the input
prompt: "A borescope image of the inside of a
combustor chamber with a [class(es)] crack".
As you can see by comparing the synthetic images with those
generated in Figure 2, using our approach, Stable Diffusion learns
to generate realistic data that were previously out of training
distribution. Moreover, the generated pictures show cracks
having geometry and position coherent with the input masks.
Lastly, observe that the generated image colours may differ from
the starting image, as this is not an inpainting process: on the
contrary, the model generates the entire image conditioned only
on the topological driver (see discussion in Section 5.3).

5.2. Main Results

The primary objective of our study is to generate high-
quality synthetic images for industrial use cases. As anno-
tating data is expensive, the generated images should also
contain defects in the exact locations indicated in the input
topological driver. As depicted in Figure 6, our method suc-
cessfully synthesises realistic images. Notably, the global
topology of the generated images follows the geometries in
the input driver. Furthermore, they show defects whose ap-
pearance is coherent with the given defect masks.

We quantitatively evaluate the diversity and realism of
the generated data using the Frechet Inception Distance
(FID) [15]. By comparing the distribution of synthetic im-
ages with that of the TBI data, we obtain a FID of 96.57.

Additionally, we investigate if we can use the self-
annotated synthetic data on a real-industrial use case, con-
sisting of training a model to perform instance segmentation
of cracks. Specifically, we optimised Mask RCNN [14] in
three different settings: i) train on real data only; ii) train on
synthetic data only; and iii) pre-train on synthetic, tune on
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Segm mAP (↑) BBox mAP (↑) IoU (↑) HD (↓)

Synthetic Only 0.06 0.12 80.6 0.29
Real Only 0.12 0.27 80.7 0.19
Synthetic + Real 0.15 0.32 80.9 0.18

Table 1. Instance Segmentation with synthetic data. As can be
seen, synthetic data allow to increase model performances accord-
ing to all the considered metrics. We also provide results obtained
by training our method only on synthetic data, showing that syn-
thetic images well represent the data distribution and allow to train
a good detector with no real data at all. Best results in bold.

Segm mAP (↑) BBox mAP (↑) IoU (↑) HD (↓)

Synthetic Only 0.02 0.04 75.85 0.42
Real Only 0.00 0.00 0.00 1.00
Synthetic + Real 0.07 0.16 79.70 0.22

Table 2. Instance Segmentation with synthetic data. Results refer
to training using only 10% of the annotated data. As can be
seen, training high-capacity instance segmentation models, such
as Mask RCNN, with such a small dataset is not feasible, and the
model collapses. On the other hand, including a large amount of
synthetic data stabilises training. Best results in bold.

real. Then, we measure performance on a held-out dataset
and report results in Section 5.2. As can be seen, using
synthetic data for training consistently improves crack de-
tection and segmentation for all the considered metrics.

We also experimented with a more challenging set-up,
using only 10% of the dataset images (Section 5.2. Interest-
ingly, we were not able to directly optimise Mask R-CNN
on such a small dataset, as training quickly collapsed.4 In-
stead, enlarging the dataset with our approach and then us-
ing both synthetic and real data led to good performance,
close to using the entire dataset (IoU of 79.9% vs 80.9%).

5.3. Why not Inpainting?

As mentioned in Section 2, inpainting methods may not
fit our use case since the generated images would not cover
the diversity of industrial data. To highlight this further,
we conducted a simple experiment, adapting the model to
do inpainting. After the “learn the concept” phase, we
trained the model to generate data directly conditioned on
the source RGB image with its defect masks overlaid. By
pasting the defect mask into the image, we removed local
information about the crack’s appearance, leaving only ge-
ometrical attributes. Notice that such a conditioning keeps
the background information while the coarse topological
driver in Section 4.2 loses most of it. To output realistic
pictures, the model must learn to inpaint defects in the mask
location and harmonise it with the surrounding pixels.

We trained the model on the TBI dataset and generated

4We experimented with several values of learning rate and batch size.
In all the cases, the model collapsed to detect nothing or training diverged.

L2 Distance (↑) Mutual Information (↓) FID (↓)

Inpainting 64.17 1.36 203.83
Ours 91.36 0.70 181.15

Table 3. Comparison with inpainting. We measure the generated
data variety by keeping the same input conditions and sampling
multiple times from a Normal distribution. As can be seen, our
method achieves better mode coverage compared to simple in-
painting. Best results in bold.

Learn the Learn the Training data FID (↓)Concept Condition

#1 ✓ 10% 106.17
#2 ✓ ✓ 10% 102.79

#3 ✓ ✓ 100% 96.57

Table 4. Ablation study. Learning the new concept before learning
to condition improves performance (#1 vs #2). For comparison,
we also report our method when training on the whole training set,
as a lower-bound for the FID (#3).

synthetic images using SADF-TBI (i.e. defect-free images
paired with defect masks). To measure generated data vari-
ety, we kept the conditioning image fixed and sampled mul-
tiple times from Gaussian noise. Then, we sampled k differ-
ent samples for m conditioning images, where m = k = 10,
for a total of 100 synthetic images. We would expect high
variety of the generated data if: i) the average L2 Distance
between generated samples is high; ii) the Mutual Informa-
tion is low; and iii) the FID between the generated images
and the real dataset is low. As shown in Table 3, the inpaint-
ing method is inferior to our approach.

5.4. Ablation Study

We investigate learning the concept before learning to
condition. We expect that learning the new concept first
is especially useful with small datasets. Thus, we analyse
the FID obtained by the model using only 10% of the TBI
dataset. As shown in Table 4, introducing the new concept
in a preliminary phase helps to better understand the data
distribution, useful for the subsequent generation step.

6. Conclusion
We introduce an approach for enlarging small indus-

trial datasets through general-purpose foundation genera-
tive models. In particular, we use a pre-trained text-to-
image diffusion model, Stable Diffusion, that we adapt to
generate images that contain novel concepts and are self-
annotated for downstream tasks. We base our approach on
two distinct steps: i) learn the concept and ii) learn the
condition. Our experiments show that the generated self-
annotated data have high quality and can be used to train
instance segmentation models for industrial applications.
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