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Abstract

In recent years, deep learning (DL) has shown great
potential in the field of dermatological image analysis.
However, existing datasets in this domain have signifi-
cant limitations, including a small number of image sam-
ples, limited disease conditions, insufficient annotations,
and non-standardized image acquisitions. To address
these shortcomings, we propose a novel framework called
DermSynth3D. DermSynth3D blends skin disease patterns
onto 3D textured meshes of human subjects using a differen-
tiable renderer and generates 2D images from various cam-
era viewpoints under chosen lighting conditions in diverse
background scenes. Our method adheres to top-down rules
that constrain the blending and rendering process to cre-
ate 2D images with skin conditions that mimic in-the-wild
acquisitions, ensuring more meaningful results. The frame-
work generates photo-realistic 2D dermoscopy images and
the corresponding dense annotations for semantic segmen-
tation of the skin, skin conditions, body parts, bounding
boxes around lesions, depth maps, and other 3D scene pa-
rameters, such as camera position and lighting conditions.
DermSynth3D allows for the creation of custom datasets
for various dermatology tasks. We demonstrate the effec-
tiveness of data generated using DermSynth3D by training
DL models on synthetic data and evaluating them on var-
ious dermatology tasks using real 2D dermatological im-
ages. We make our code publicly available at https:
//github.com/sfu-mial/DermSynth3D.

1. Introduction
The diagnosis and analysis of skin conditions are an

enormous burden on the healthcare system, with at least
3000 distinct skin diseases identified [10] so far. Both
human dermatologists and sophisticated computerized ap-
proaches struggle to address this complex task of analyzing
skin conditions. Computerized analysis of skin diseases of-
ten rely on 2D colored images, with significant research ef-
forts devoted to analysis of conditions within clinical [52]
and dermoscopy images [15]. While clinical images can
capture a variety of skin conditions using a common digi-
tal camera, dermoscopy images offer a more standardized
acquisition using a dermatoscope, which captures a highly
magnified image of the lesion with details imperceptible to
the naked eye.

Dermoscopy images generally focus on the analysis of
a single lesion, with large scale annotated dermoscopy
datasets now available for public use [20, 70, 83]. While
dermoscopy has been shown to improve the diagnostic abil-
ity of trained specialists, the field-of-view of a dermoscopy
image is generally limited to a localized patch of skin on the
body (e.g., a mole). In contrast, clinical images vary consid-
erably in their acquisition protocols, ranging from a closeup
view focused on a single lesion, to a view that captures a sig-
nificant portion of the body (Figure 1). The contextual in-
formation in large-scale clinical images of skin lesions may
provide valuable cues regarding the underlying disease that
may not be present in dermoscopic images alone [11, 70].

Clinical images exhibit considerable variability across
datasets. For example, the public DermoFit Image Library
dataset [7,81] contains 1300 clinical images and manual le-
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Figure 1. Standardized vs in-the-wild skin lesion images (∗: dermoscopy, all others: clinical).

sion segmentations from 10 types of skin conditions. These
are high-quality images acquired under standardized con-
ditions. In contrast, other clinical datasets, such as SD-
198 [78], SD-260 [92], or Fitzpatrick17K [38], contain hun-
dreds of types of skin disorders and are much less standard-
ized, exhibiting a high variability in camera position relative
to the lesion, resulting in dramatic changes in the field-of-
view. We use the term “in-the-wild clinical dataset” to de-
scribe these types of image collections, where the camera
position, field-of-view, and background, are inconsistent.

In-the-wild clinical images are often used to train a clas-
sification model [25, 38, 43, 78, 91], where the entire image
is taken as input, and the model is trained to produce a la-
bel (e.g., class of skin disorder). However, there are several
important dermatological tasks apart from classification of
skin disorders, such as lesion segmentation [39, 59], lesion
tracking [33, 77, 97], lesion management [3], and skin tone
prediction [47]. As an example, [84] motivated their re-
lease of a public wound segmentation dataset of 2D clinical
images by noting that wound segmentation may help auto-
mate the process of measuring the wound area to monitor
healing and determine therapies. In addition, [36] showed
that chronic wound bioprinting based on image segmen-
tation can help facilitate wound treatments. [38] created a
public dataset of 2D clinical images with skin disorder and
Fitzpatrick skin tone labels [31, 32] and noted the need to
segment pixels containing healthy skin when applying au-
tomated methods to estimate the skin tones of the imaged
subjects. Other works [51,60,66,99] have motivated the im-
portance of considering multiple lesions over a widely im-
aged area, as opposed to focusing on a single lesion, noting
that the presence of multiple nevi (moles) is an important
indicator for melanoma [35].

One approach to curate the necessary data is to synthe-
size images with their corresponding annotations, which has
shown success in other domains, both medical and non-
medical. For example, for non-medical applications, im-
age synthesis with annotations has been used in face anal-
ysis [90] and indoor scene segmentation [57]. For a more
comprehensive review of image synthesis, particularly us-
ing generative adversarial network (GAN) models [37, 88],
we direct the interested readers to the survey by [73]. Since
medical image datasets tend to be small [6, 23, 48], syn-
thesis for medical image analysis applications has also

gained popularity in recent years to generate ground truth-
annotated images, including but not limited to MRI [16,26],
CT [19,61], PET [9,87], and ultrasound [54,82]. For a more
in-depth review of the use of GANs and image synthesis in
medical imaging, we refer the interested readers to compre-
hensive surveys by [94], [44], [85], [76], and [93].

Similarly, for skin image analysis, there have been sev-
eral works towards the synthesis of skin lesion images. The
first two works to explore skin lesion image synthesis used a
variety of noise-based GANs [8] and conditioned the output
on the diagnostic category [12]. [1] then proposed a GAN-
based framework to generate skin lesion images constrained
to binary lesion segmentation masks, while [64] used GANs
to generate both skin lesion images as well as the corre-
sponding binary segmentation masks. For a more detailed
review of the literature on deep learning-based synthetic
data generation for skin lesion images, we refer interested
readers to the comprehensive survey by [59].

While there are numerous publicly available 2D derma-
tological image datasets [59], existing “in-the-wild” clini-
cal datasets have limitations in creating semantically rich
ground truth (GT) labels that can be used for the diverse
range of dermatological tasks discussed earlier. Conse-
quently, compared to dermoscopic images’ synthesis, there
is considerably less research in the synthetic data generation
of clinical images. [53] proposed to synthesize 2D data by
blending small lesions onto a larger 2D image of the torso,
which allowed them to create training data for a neural net-
work that detects lesions’ masks across a large region of
the body. [24] proposed to generate burn images with au-
tomatic annotations. They used a Style-GAN [42] to syn-
thesize burn wounds, blended the generated burns with tex-
tures from a 3D human avatar, and generated a 2D training
dataset through sampling from different 2D views of the 3D
avatar with the synthetic burns. Both approaches motivated
their use of synthetic data by noting the difficulties in col-
lecting appropriate real labeled training data that is specific
to their dermatological task.

Our proposed work is similar to that of [24] in that we
follow a similar pipeline where 2D images of the skin dis-
order are blended onto the 3D textured meshes and used to
create a large-scale 2D dataset with corresponding annota-
tions. However, we extend this framework by incorporating
a deep blending approach to blend lesions across seams in
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2D rendered views. Additionally, we broaden the scope of
this work by including a diverse range of skin tones and
background scenes, enabling us to generate semantically
rich and meaningful labels for 2D in-the-wild clinical im-
ages that can be used for a variety of dermatological tasks,
as opposed to just one.

Table 1. Summary of Notations

Notation Description
x 2D image
W Image width
H Image height
W̃ 2D view width
H̃ 2D view height
WT Texture image width
HT Texture image height
V Set of mesh vertices
F Set of mesh faces
f A mesh face
T 2D texture image
Tb 2D texture image w/ blended skin conditions
Tm 2D texture mask of blended skin conditions
Tnonskin 2D texture mask of non-skin regions
U Set of UV texture coordinates
s 2D binary segmentation mask
ã 2D view of a 3D mesh
z̃ 2D view w/ depth values
ãT 2D view w/ original textures
ãTp 2D view w/ pasted skin condition
ãTd

2D view w/ dilated pasted skin condition
ãTb

2D view w/ blended skin condition
ãTm

2D mask of the skin condition
askin 2D mask of the skin
anonskin 2D mask of the non-skin regions
f̃ Indices of 3D mesh faces in a 2D view
w Scalar weight of the camera-to-mesh distance
M 3D mesh
κ Camera parameters for a 2D view
L Lighting parameters for rendering
M Material parameters for rendering

Furthermore, the annotated data generated by
DermSynth3D in the form of semantic segmentation
masks, depth maps, and 3D scene parameters, can be
used to train machine learning models for a variety of
medical tasks that may benefit clinical practice. For
instance, the scene parameters may be used to train models
for reconstruction and visualization of 3D anatomical
organs, longitudinal tracking of lesions, illumination, and
skin tone estimation for consistent imaging and tracking.
The surgeons can use these reconstructed 3D models for
pre-operative planning, allowing them to better visualize

the patient’s anatomy and anticipate potential challenges.
Longitudinal tracking of lesions can help the doctors
in measuring the progress of diseases, evaluating the
effectiveness of treatments and administer better-suited
treatments. The measurement bias introduced across time
due to change in background and lighting conditions can
be further corrected by training deep models to accurately
estimate the illumination, skin-tone and camera parameters.
To facilitate future extensions to our framework, we have

made our code base highly modular and publicly available.

1.1. Contributions

Despite the availability of numerous skin image datasets
(e.g., [7,25,38,43,83,84,89]), there is a lack of a large-scale
skin-image dataset that can be applied to a variety of skin
analysis tasks, especially in an in-the-wild clinical setting.
Moreover, existing datasets are limited in their scope and
are often task-specific, requiring extensive additional anno-
tation for generalizing them to other dermatological appli-
cations.

from dermsynth3d import (SelectAndPaste,
BlendLesions,
Generate2DViews)

# Load settings stored in YAML file, such as:
# file paths, number of lesions to blend,
# scene parameters for the renderer, etc.
config = (...)

select_locations = SelectAndPaste(config)
select_locations.paste_on_locations()

blender = BlendLesions(config)
blender.blend_lesions()

renderer = Generate2DViews(config)
renderer.synthesize_views()

Listing 1. A minimal example of the code showing the usage of
our proposed pipeline DermSynth3D, which illustrates the process
of selecting a location to place the lesion on the mesh, followed by
blending the lesion with the texture image, and finally rendering
2D synthetic views with corresponding labels. Infinite variations
such as lighting, viewpoints, lesions, etc. can be specified in the
configurations.

To address this gap, we present DermSynth3D, a compu-
tational pipeline along with an open-source software library,
for generating synthetic 2D skin image datasets using 3D
human body meshes blended with skin disorders from clin-
ical images. Our approach uses a differentiable renderer to
blend the skin lesions within the texture image of the 3D hu-
man body and generates 2D views along with correspond-
ing annotations, including semantic segmentation masks for
skin conditions, healthy skin, non-skin regions, and anatom-
ical regions. Furthermore, we demonstrate the utility of
the synthesized data by using it to train machine learning
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models and evaluating them on real-world dermatological
images, showcasing that the DermSynth3D-trained model
learns to generalize to a variety of dermatological tasks.
Additionally, the open-source and modular design of our
framework offers opportunities for researchers in the com-
munity to experiment and choose from a range of 2D skin
disorders, renderers, 3D scans, and various other scene pa-
rameters. We present a simplified code snippet in Listing
1 that exemplifies the modular implementation of our pro-
posed framework and emphasizes its user-friendliness and
ease of use.

2. Methods
Our proposed DermSynth3D framework automates the

process of blending skin disease regions from 2D images
onto 3D texture meshes, while allowing for control over
lighting and material parameters, from appropriate camera
viewpoints, and renders the resulting 2D image and the cor-
responding ground truth annotations. Figure 3 shows our
proposed framework. Here, we describe the rendering of a
single image of a single mesh augmented with a single le-
sion. However, as these steps are automated, large-scale,
multi-lesion datasets can be easily generated. We provide a
summary of the mathematical notations used in this paper
in Table 1 and Figure 2.

Figure 2. A figure depicting the essential notations illustrating the
conditions for camera positioning, which require that the camera
is positioned outside the mesh and that the mesh does not obstruct
the light rays.

We define a 2D clinical image x ∈ RW×H×3 as an
RGB image with width W and height H that shows a
skin condition, and a corresponding binary segmentation
mask s ∈ {0, 1}W×H where pixels with a non-zero value
indicate the diseased region (as shown in “2D Lesions” in
Figure 3). We define a 3D avatar of a human subject as a
mesh M composed of vertices V , faces F , and a UV map U ,
where the vertices and the faces determine the geometry of
the mesh and the UV map determines the mapping between

the geometry and a 2D texture image T ∈ RWT×HT×3 that
contains pixels representing the surface of the skin. Our
goal is to transfer the skin condition within x onto a location
on the texture image T of the 3D mesh M . We approach this
problem through an image-blending approach, where given
a 2D binary segmentation mask s indicating the skin con-
dition within x and a target location on the mesh, we blend
the diseased region within the mesh’s texture image T .

2.1. Image Synthesis via Differentiable Rendering

A straightforward approach to blend a 2D image with
a 3D model would be to blend x directly with T . How-
ever, as can be seen in the “texture image” in Figure 3,
this is challenging as the 2D texture image splits the hu-
man body based on seams and maps to 2D regions that are
not semantically localized in 3D, which can pose a chal-
lenge for larger skin conditions that may span across seams.
To address this, our proposed approach blends skin patterns
on a 2D view ã of a 3D mesh rendered using a differen-
tiable renderer, from various camera viewpoints under cho-
sen lighting conditions. We also impose constraints to avoid
blending skin patterns at unsuitable locations such as across
disjoint anatomy. We describe each component of our pro-
posed approach in detail in the following sections.

We employ PyTorch3D [65] as a differentiable renderer
R(·) in our pipeline to render 2D images from meshes, ow-
ing to the wide adoption of PyTorch3D in state-of-the-art
works employing differntiable rendering techniques. R(·)
is composed of two rendering components, a rasterizer and
a shader. The rasterizer identifies visible faces and com-
putes fragment data, i.e., face indices per pixel, barycentric
coordinates, and distances from the camera to the surface of
the 3D object. The shader module calculates the final pixel
values by incorporating various factors, including lighting
conditions, material properties, and the fragment data com-
puted during rasterization. In essence, the shader imparts
colors and shading to each pixel, culminating in a visually
coherent representation of the 3D scene on the 2D image.
R(·) unifies rasterization and shading into a single differen-
tiable renderer that takes 3D object and scene parameters as
input and outputs a 2D image and fragment data. More
formally, given the mesh M , texture image T , intrinsic and
extrinsic camera parameters κ, lighting parameters L, mate-
rial parameters M, and a rendered view width W̃ and height
H̃ , we render a 2D view ã of the 3D mesh:

ã, f̃ , z̃ = R(M,T ;κ, L,M, W̃ , H̃) (1)

where the rendered 2D view ã ∈ RW̃×H̃×3 has the given
width and height; f̃ ∈ ZW̃×H̃ indicates the indices of the
faces of the mesh that are visible within ã; z̃ ∈ ZW̃×H̃

indicates the depth of the mesh with respect to the camera
position for each pixel in ã; and, R(·) is the differentiable
rendering function. The camera parameters κ control where
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on the body the skin condition is to be blended and L and M
describe the lighting and material parameters respectively
which jointly control the visual appearance.

2.2. Determination of Skin Condition Location on
the Mesh

While skin conditions can manually be placed on dif-
ferent potential locations on the mesh, we enforce our au-
tomated approach to place skin conditions only at suitable
locations. We define the following criteria for a suitable
location: the region where a lesion can be placed on the
mesh, should; (1) not overlap with clothes or the hair on the
head, (2) not overlap with the background, (3) have mini-
mal depth changes, preventing blending lesions across dis-
joint anatomy. Specifically, as shown in Figure 2 (the 2D
view ã) for instance, we must avoid blending a lesion that
extends across and covers both the right arm and the torso
behind the right arm. Also, when blending multiple skin
conditions, we ensure that skin conditions do not overlap.
Accordingly, to ensure that the human anatomy remains in
the camera’s field of view, we constrain the camera’s view-
point to point to a specific coordinate κs on the surface of
the mesh, referred to as the surface coordinate. To deter-
mine the camera’s position in the world space, we compute
the weighted sum of the surface coordinate and its normal
vector, where the weight is controlled by the parameter w.
We express this operation as:

κp = κs + n(κs) ∗ w (2)

where κp ∈ R3 is the camera position; κs ∈ R3 is the
surface coordinate; and n(κs) is the normal at the surface
coordinate κs. The scalar weight w controls the distance
from the camera to the surface of the mesh, where a larger
weight places the camera further from the surface, i.e., cap-
tures a larger field of view. Sampling the weights w and
surface coordinates κs results in a range of views; however,
many views are unsuitable to place the skin condition.

Thus, first, we check the suitability of placing a scaled
clinical image x and lesion mask s (scaled as x and ã can
be different sizes) at the center of the rendered view, by
first composing an image ax ∈ RW̃×H̃×3 (showing the le-
sion on the rendered view) and a corresponding lesion mask
as ∈ RW̃×H̃ . We then check if the region as, where the skin
disorder was placed meets the aforementioned criteria. For
ensuring minimal depth changes and avoiding lesion over-
lap with the background, we rely on the depth z̃ from the
renderer (Eq. 1) to avoid local regions that have a high depth
change or are outside the mesh. Moreover, to avoid lesion
overlap with non-skin regions, we use manual annotations
(Section 3.1) of non-skin regions on the texture image to
distinguish skin from non-skin regions. Further details are
supplied in A.

2.3. Blending Skin Conditions into a Mesh’s Texture
Map

Skin conditions can appear in different locations on the
body and they can be captured in various views in real-
world clinical settings. Thus, in order to efficiently syn-
thesize realistic “in-the-wild” clinical images from differ-
ent 3D viewpoints, our approach blends the skin disorder
within the mesh’s texture image, which allows the frame-
work to render the blended skin disorder from a variety
of views. In order for the blending to be robust to differ-
ent viewpoints, we perturb the camera position during the
blending process using a pasted texture image Tp contain-
ing the original skin conditions “pasted” within the texture
image. Specifically, given the regions that capture a skin
condition within the view ax and the corresponding mask
as, we map the masked pixels containing the skin disorder
to the pixels within the texture image in order to “paste” the
original segmented skin condition onto the texture image T .
This mapping is achieved by determining the UV or texture
coordinates of a vertex on the surface of the mesh corre-
sponding to its Cartesian coordinate in the texture image.

Given a texture image (Figure 4-a), a skin mask (Fig-
ure 4-b), and an image of a skin condition and its mask
(Figure 3- 2D Lesion, lower-left), our goal is to update the
texture image to include a skin condition. We denote this
updated texture image with the pasted skin conditions as
Tp (Figure 4-c). Following the same procedure, we cre-
ate a texture image mask Tm (Figure 4-d) that localizes the
pasted skin condition, where instead of assigning the pixel
value, we assign a unique integer to identify each lesion. We
create an additional texture image Td (Figure 4-e), which is
based on dilating the masked lesion s to include the sur-
rounding skin. We define Tb (Figure 4-f) as the texture im-
age that will be optimized during blending and is initialized
with Tp. By replacing the input texture image T in Eq. 1
with Tp, Tm, Td, and Tb, we can render 2D views of the
original unmodified textures (ãT ), the pasted skin condition
(ãTp

), a mask of the pasted skin condition (ãTm
), a 2D view

of the dilated skin condition (ãTd
), and a 2D view of the

blended skin condition (ãTb
), while keeping the camera pa-

rameters unchanged.
To create a 2D blended image, we follow the deep image

blending approach by [98], where an iterative optimization,
minimizes a blending loss function between a foreground
object cropped from the source image and the target image
which the selected object would be blended onto. We use
this approach to create the 2D blended image b by combin-
ing the non-dilated masked pixels ãTm of the lesion in the
blended view ãTb

with the non-masked pixels containing
original textures ãT ,

b = ãTm
⊙ ãTb

+ (1− ãTm
)⊙ ãT , (3)

where ⊙ represents element-wise (Hadamard) multiplica-
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Figure 3. Overview of our proposed framework DermSynth3D. The pipeline takes 2D segmented skin conditions and texture image of a
3D mesh as input, and blends the skin condition onto it to produce a lesion blended texture map. After blending, 2D views of the mesh are
rendered from various camera viewpoints, under different lighting conditions, and combined with background images to create a synthetic
dermatology dataset.

Figure 4. The different variants of texture images produced by DermSynth3D with a corresponding close view of skin -conditions. Left to
right: Original texture image T , Binary mask indicating the non-skin regions Tnonskin, texture image with the “pasted” skin conditions Tp,
a mask of the texture image showing the localizations of the pasted skin -conditions Tm, a texture image Td created by dilating the masked
lesion s, a texture image Tb with the “blended” skin conditions.

tion. This masking causes only the pixels within the masked
region to be modified while preserving the original non-
masked regions.

However, in contrast to [98], instead of directly blending
a 2D image, we optimize the pixels within a texture image
Tb by minimizing the blending loss using the 2D view,

Tb
∗ = argmin

T b

L
(
b, ãTb

, ãT , ãTp
, ãTd

, ãTm

)
, (4)

where Tb
∗ is the resulting texture image with the blended

lesions after optimization; and, L(·) denotes the blending

loss.
We adopt the content Lc, style Ls, gradient L∇, and to-

tal variation LTV loss functions for image blending as de-
scribed by [98],

L = λcLc(b, ãTp
; ãTm

)

+ λsLs(b, ãT ; ãTm
)

+ λ∇L∇(b, ãT , ãTd
; ãTm

)

+ λTVLTV(b; ãTm
),

(5)

Similar to [98], we use the VGG-16 network pretrained on
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ImageNet [27] to extract features for computing style and
content losses, which are defined as,

Lc = ∥ F(b⊙ ãTm
)−F(ãTp

⊙ ãTm
) ∥2

Ls =
1

L

L∑
l=1

∥ Gl(b⊙ ãTm)− Gl(ãT ⊙ ãTm) ∥2
(6)

where L is the number of convolutional layers in the VGG-
16 network F(·), Gl(·) is the Gram matrix computed for the
features at the lth layer, and ∥ · ∥ denotes the L2-norm.
Lc encourages the spatial similarity between the image fea-
tures of blended and pasted views extracted from F , while
Ls encourages the similarity in style or texture between the
rendered views of blended and original texture maps. In
order to promote a seamless boundary around the blending
region, we employ the Laplacian filter as,

L∇ =
1

2H̃W̃

H̃∑
i=1

W̃∑
j=1

[
∇(b⊙ ãTm)−(

∇(ãTd
⊙ ãTm) +∇(ãT ⊙ ãTm)

)], (7)

where ∇ denotes the Laplacian gradient operator, and H̃
and W̃ are the height and width of the rendered view. L∇
encourages similarity in the gradients between the blended
and the dilated view combined with the gradients of the
original texture, promoting boundary consistency in the
blending region. In order to further stabilize the style
transformation of the blended region and encourage spatial
smoothness, we use the total variation loss LTV introduced
by [56]. The user can control the visual appearance of the
blended skin conditions by modifying the weights for each
related loss term, i.e., λc, λs, λ∇, and λTV . Since only the
areas within the masks are changed during the optimization,
we use ãTm

to compute a padded bounding box around the
skin condition and compute the loss only over this region.

Finally, we perform an iterative optimization to mini-
mize Eq. 4. At each step of the optimization, we add a
small random value to w in Eq. 2, perturbing the camera
viewpoint, which helps ensure that the blended image is ro-
bust to different camera viewpoints. We highlight that the
loss function L(·) measures the quality of the blending us-
ing the 2D views, while we optimize the underlying texture
image Tb. Using a differentiable renderer (Eq. 1), we can
calculate the gradients with respect to the pixel values of
the underlying texture image, which enables the backprop-
agation of the loss gradients to optimize for the pixel value
adjustments.

2.4. Creating the 2D Image Dataset

Creating the dataset of 2D rendered images and corre-
sponding dense annotations involves two steps. First, we

(a) Original (b) Ambient Light (d) Light Intensity(c) Light Location (e) Reflectivity (f) Shininess (g) Random

Figure 5. Rendered images from the same camera viewpoint (4
examples; one per row), showcasing blended lesions (b-g) on the
original texture map (a). Column (a) shows the rendered views
of the original texture map with a combination of Ambient, Dif-
fuse and Specular color values for Point Lights. The images in
columns b-d are rendered under different light source positions (b
and c) and intensities (c and d), while keeping the material proper-
ties constant. The images in columns e-g are rendered by changing
the material’s reflectivity (e), shininess (f), and a combination of
both (g), while keeping the lighting parameters same as d.

determine an appropriate location for blending (Section 2.2)
and blend the selected skin conditions (Section 2.3) onto
the texture image T of the 3D mesh M . We sample a 2D
image x with skin condition from a set of real dermatolog-
ical images (Section 3.1) along with an annotated mask s.
We apply the Shades of Gray algorithm [30] to improve the
color constancy within x. We repeat the process described
in Section 2.2 and Section 2.3 to blend k skin conditions at
different locations. The output of this first step produces a
blended texture image Tb ∈ RWT×HT×3 and a correspond-
ing texture mask Tm ∈ ZWT×HT indicating the locations
of the skin conditions, where WT and HT are the width
and the height of the original texture image T respectively.
Therefore, now we have a 3D mesh with a blended lesion.

Second, we use the blended texture image Tb and tex-
ture mask Tm to create a dataset of rendered 2D views and
corresponding target labels. To choose the camera position
and direction, we use the same procedure in Eq. 2 where we
randomly sample a surface coordinate κs on the mesh. We
use Eq. 1 with the blended texture image Tb to render a 2D
RGB view ãTb

∈ RW̃×H̃×3 and randomly sample from a
range of diffuse, ambient, and specular lighting parameters
and lighting positions to introduce variations in the rendered
2D views. Moreover, for more realistic views and improved
illumination, we enforce that the camera is placed outside of
the mesh and that the light source reaches the camera with-
out being blocked by the mesh. To create the final image,
we combine the foreground with a background image of 2D
indoor scene.
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Figure 6. Generated synthetic images of multiple subjects across a
range of skin tones in various skin conditions, backgrounds, light-
ing, and viewpoints.

Next, we describe each of our different target variables.
When rendering binary masks in Eq. 1, we only use am-
bient lighting, as ambient light provides a uniform level of
illumination to all parts of the object and preserves the un-
derlying pixel values in the texture masks. The skin condi-
tion mask ãTm

is computed by rendering with the texture
mask Tm. The skin mask askin is computed by exclud-
ing both the skin condition regions ãTm

and the regions of
the body labeled as non-skin (computed via the rendered
view using the non-skin texture mask Tnonskin as described
in Section 3.1). The non-skin mask anonskin is computed
from regions containing neither skin ãTm

nor skin condi-
tions askin (Figure 7, third row). Additionally, we obtained
bounding boxes around skin condition regions by comput-
ing the minimal enclosing box around each skin condition
mask (Figure 7, second row from the top).

In addition to the skin lesion segmentation masks, we
create other ground truth annotations, such as body part la-
bels and depth maps. For the body part labels, we include
dense anatomical labels for 16 regions of the body (e.g.,
head, torso) where we use the mesh’s faces f̃ (from Eq. 1)
visible in the rendered view ãTb

to determine an anatomy
label for each pixel in the rendered view (Section 3.2 de-
scribes how a mesh is assigned anatomical labels) and as-
sign a background label to pixels outside the mesh (Fig-
ure 7, fourth row from the top). For the depth maps, the
depth image z̃ is obtained from the fragments computed by
the renderer (Figure 7, bottom row).

Finally, we generate our dataset by rendering a set of 2D
images and the corresponding annotations for each mesh,
by sampling n times under different camera, lighting, and
material parameters, and background scenes. We show
some example images from the generated 2D dataset in Fig-
ure 5 and Figure 6.

The modular design of our DermSynth3D pipeline not
only allows us to easily modify the aforementioned settings,
but also allows us to achieve photo-realistic rendering by
replacing the differential renderer R(·) with any physically
based rendering (PBR) method such as Unity3D1 However,
for all the experiments reported in the paper, we use Py-
Torch3D [65] owing to its simplicity and wide adoption in
the research community. We show some qualitative samples
obtained using these two kinds of renderers in Figure 8. We
observe that regardless of the choice of the renderer used in
creating the 2D dataset of rendered images, the downstream
task of foot ulcer wound segmentation achieved almost sim-
ilar quantitative performance, as shown in Figure 17.

3. Materials: Datasets and Annotations
3.1. 3D Textured Human Meshes and Their Anno-

tation

We use the 3DBodyTex [71, 72] dataset, which provides
400 high-resolution textured meshes from 200 unique sub-
jects, each imaged in two different poses. Subjects wear
sports clothing, which results in a significant amount of skin
regions being exposed and captured. We manually annotate
non-skin regions within the 2D texture image to create a
non-skin texture mask Tnonskin, which we define as regions
containing clothing, hair, jewelry, etc. We select a subset
of 50 annotated meshes to perform blending, where meshes
are chosen to cover a wider range of skin tones available
within 3DBodyTex. We provide further details in B.1.

3.2. Anatomy Labels for 3DBodyTex

We segment the 3D body mesh M into different anatom-
ical parts by fitting the SCAPE body model [4] with 16
anatomical parts annotated per-vertex onto M using an au-
tomatic fitting method described by [72]. This yields a fit-
ted mesh with the same topology and geometry as the body
model, thus inheriting the body part annotations. As the fit-
ted mesh has the same shape and pose as M , we can transfer
the body part annotations using the nearest vertex assign-
ment between the fitted mesh and M .

In Figure 9, we show the process of labeling given an
input 3D body scan and a SCAPE [5] template body model.
Initially, the body model comes with 16 anatomical labels
consisting of: head, upper torso, lower torso, hips, upper
leg left, upper leg right, lower leg left, lower leg right, feet
left, feet right, upper arm left, upper arm right, lower arm
left, lower arm right, hand left, hand right. For simplicity
and a fair comparison with [18,28], only 7 anatomical labels
are kept namely: head, torso, hips, legs, feet, arms, and
hands (Figure 9-(g)).

1https://docs.unity3d.com/ScriptReference/Renderer.html
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Figure 7. A few examples of data synthesized using DermSynth3D. The rows from top to bottom show respectively: the rendered images
with blended skin conditions, bounding boxes around the lesions, GT semantic segmentation masks, grouped anatomical labels, and the
monocular depth maps produced by the renderer.

3.3. Segmentation of 2D Dermatological Images

We use the Fitzpatrick17K dataset [38], a clinical dataset
composed of 2D “in-the-wild” clinical images and corre-
sponding disease labels. We manually segment a total of
75 images into lesion, skin, and background segmentations,
where 50 images were used for blending and as a valida-
tion set during training, and 25 images were held out for
evaluation. We point the readers to B.2 for more details.

3.4. Backgrounds for Synthetic Images

In the final step of generating synthetic images, we com-
bine the foreground with a background image. Since real-
world clinical settings are usually indoor environments, for
generating 2D “in-the-wild” clinical images, we randomly
choose the background from publicly available 2D indoor
scene images [57, 68].

4. Implementation Details
4.1. Dataset Construction Details

4.1.1 Placing and Blending the Skin Condition into a
Mesh

For the rendering in Eq. 1, we set the rendered width W̃
and height H̃ to 512× 512, and set the lighting parameters
L to use only point lights, placed at the same position as the
camera, to avoid interference from shadows.

During the blending stage, the RGB components of am-
bient, specular, and diffused colors of the lighting param-
eters are set to 0.5, 0.025, and 0.5 each, respectively. We

also fix the specular color and shininess of the material to
be 0.025 and 50, respectively. These values determine the
intensity of luster and the color of the reflected light from
the material, i.e., the texture image. Additionally, we use
perspective projection-based cameras and set the field-of-
view (FOV) as 30°.

To determine the surface coordinate κs in Eq. 2, we
explored using the center of a sampled mesh face f and
sampling points on the surface of the face and found mini-
mal differences. However, this is likely dataset dependent,
where meshes with coarse non-uniform faces benefit more
from sampling surface points with a probability propor-
tional to the area of the face. We set w to a random value in
the range [0.4, 0.6], which is a dataset-dependent range we
empirically set that contributes to the scale of the blended
lesion. When placing multiple skin conditions into a sin-
gle texture image, we apply random horizontal and vertical
flips and rotations to the lesions to introduce variability in
the orientation of the lesion, where the texture mask keeps
track of where the skin condition is blended to prevent skin
conditions from overlapping.

To minimize Eq. 4, we use the Adam optimizer [46] with
a learning rate of 0.005 and optimize for 400 steps per lo-
cation. In Eq. 5, we set weights for each loss function as
λc = 2, λs = 106, λ∇ = 105, and λTV = 10−4, which are
set empirically to blend the lesions into the textures while
preserving many of the lesions’ visual characteristics.
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Figure 8. Some samples of the 2D images generated using Py-
Torch3D [65], and Unity3D renderer. We show the rendered
images from Unity3D in two lighting conditions, namely Point
Lights and a mix of Point and Direction Lights. For the experi-
ments reported in the paper, we use PyTorch3D with Point Lights
since it mimics the natural behavior of light in the real world.

4.1.2 Rendering 2D Views and Creating the Dataset

We fix all rendered blended views to a height H̃ and width
W̃ of 512× 512. We sample from a range of camera views
and lighting parameters, where the ranges are empirically
set to span across a variety of plausible “in-the-wild” acqui-
sition scenarios. We sample w between [0.1, 1.3] to give
a range of closeup and full body field-of-views. To intro-
duce a variety of lighting conditions while creating the 2D
dataset, we sample the RGB components of ambient and
diffused colors in lights from a range of [0.2, 0.99], whereas
the specular color is sampled between [0, 0.1]. Further-
more, the specular color and shininess of the material is
sampled between a range of [0, 0.05] and [30, 60], respec-
tively.

Figure 9. Proposed schema for anatomical part labeling show-
ing: (a) 3D SCAPE template body model with 16 anatomical part
labels, (b) Input 3DBodyTex scan, (c) Template model fitted to in-
put scan, (d) Anatomical body part labels (only 7 instead of 16,
as per [28]) assigned to fitted model, (e) Anatomical labels trans-
ferred to the input scan, (f) 2D views of annotated samples, (g)
More examples.

4.2. Experimental Details

4.2.1 Wound Bounding Box Detection and Semantic
Segmentation in Clinical Images

We use the FUSeg dataset from the The Foot Ulcer Segmen-
tation Challenge [84], which contains 2D clinical derma-
tological images of ulcers on the foot and the correspond-
ing wound masks. The FUSeg dataset contains the standard
training, validation, and testing partitions of 810, 200, and
200 images, respectively. As the ground truth annotations
for the official test set are not publicly released, we use the
official validation set for our evaluation and split the official
training set into 610 images for training and 200 images for
internal validation.

For the wound detection task, we convert the masks of
the wounds to bounding boxes by labeling the connected
regions of the masks and computing the minimal enclos-
ing bounding box, and train a Faster R-CNN [67] model
for bounding box detection. We use a mini-batch size of 8
images and train the model for a maximum of 50 epochs
using SGD [13, 45, 69] with a learning rate of 0.001. We
choose the model weights with the maximum intersection
over union (IoU) score over the internal validation set of
real images.

For the wound segmentation task, we train a
DeepLabV3 [17] network with a ResNet-50 [40] backbone
as our model. We use a mini-batch size of 8 images and
minimize the binary cross entropy loss for a maximum of
250 epochs using the Adam optimizer with a learning rate
of 0.00005 and a weight decay of 0.00005. We choose
the model weights with the maximum Dice score over the
internal validation set of real images.
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Figure 10. Wound bounding box detection performance across five folds (mean and standard deviation) on FUSeg dataset, where the
number of synthetic images added to a fixed number of real images in the training set gradually increases. Bounding box detection
performance is measured by (a) IoU and (b) APcentroid (note that the vertical scales of the two plots are different). The plotted results
extend up to the point of convergence. The horizontal red line indicates the results for the model that is trained on 610 real images, which
shows the bounded performance using all the real images.

4.2.2 Lesions, Skin, and Background Segmentation
Using In-the-wild Clinical Images

For this experiment, we train a DeepLabV3 ResNet50 [17]
CNN model for a maximum of 3,430 steps, using a batch
size of 8. We train on 13,720 synthetic images while val-
idating using 50 real 2D dermatological images, and use a
modified fuzzy Jaccard index [22] as the loss function. See
C.2 for more details on the loss and the training procedure.
We choose a model that produces the lowest Jaccard loss on
our validation set consisting of 50 real 2D dermatological
images that we manually segmented into regions for skin
conditions, healthy skin, and non-skin. The CNN training
process on this task took around one hour on an NVIDIA
GeForce RTX 2070 Super 8 GB GPU, while generating the
synthetic image dataset after blending took approximately
three hours. Creating the dataset with 50 meshes, each with
50 skin conditions blended onto them, took around 30 hours
on a Quadro-RTX-4000 8GB GPU. It is worth noting that
the majority of the computing time was spent on blending
the lesions to generate the dataset.

4.2.3 Lesion and Skin Segmentation on Dermoscopy,
Clinical, and Non-Medical Images

In Section 5.3, we describe experiments using the der-
moscopy dataset PH2 [29, 58]; the clinical dataset Der-
moFit [7]; and the non-medical skin dataset Pratheepan [79,
95]. We pre-process these images by applying the Shades
of Gray [30] color constancy algorithm followed by image
normalization (i.e., subtract image pixels by the pretrained
dataset channel mean and divide by the channel standard
deviation). Images are resized to maintain their aspect ratio
such that the smallest spatial dimension is equal to the spa-

tial dimension of the resized training images (320 pixels),
expect for the dermoscopy dataset PH2, which is resized
based on the longest spatial dimension (PH2 contains der-
moscopy images, which show dermoscopic structures not
visible to the naked eye and these types of images were not
part of the training data). We apply Gaussian smoothing to
the PH2 and DermoFit images as these images show a close-
up view of the lesion with details that may not be visible in
our training data.

5. Experiments and Results
We train deep learning models with pre-trained weights

for bounding box detection and semantic segmentation on
our synthetic data using common image augmentation and
normalization techniques (e.g., rotation, color shifts), and
evaluate on real 2D images including dermatological im-
ages with skin conditions. We perform these experiments
in order to evaluate how well a model trained on our gener-
ated synthetic data can generalize to unseen real data. We
emphasize that our goal in these experiments is not to com-
pete with state-of-the-art performance over these datasets,
but rather to show the utility of the generated dataset by
assessing the model’s ability to generalize to real 2D im-
ages when trained on this dataset. Ideally, we would evalu-
ate our approach over an existing “in-the-wild” clinical der-
matological dataset with skin conditions, skin, and back-
ground segmentation labels. However, to the best of our
knowledge, there exists no such dataset, as most skin im-
age datasets contain labels for binary segmentation tasks
(e.g., skin vs background or lesion vs background). Thus,
we evaluate using data we manually annotated over an “in-
the-wild” clinical dataset containing skin conditions, skin,
and background masks, as well as over different binary seg-

11



10 50 100 610
Number of Real Images Used for Fine-tuning

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Io
U

Pretrained on:
None
COCO
DermSynth3D 1.5k
DermSynth3D 10k

10 50 100 610
Number of Real Images Used for Fine-tuning

0.0

0.2

0.4

0.6

0.8

A
P c

en
tr

oi
d

Pretrained on:
None
COCO
DermSynth3D 1.5k
DermSynth3D 10k

(a) Foot Ulcer Detection

10 50 100 610
Number of Real Images Used for Fine-tuning

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Io
U

Pretrained on:
None
COCO
DermSynth3D 1.5k
DermSynth3D 10k

10 50 100 610
Number of Real Images Used for Fine-tuning

0.0

0.2

0.4

0.6

0.8

D
ic

e

Pretrained on:
None
COCO
DermSynth3D 1.5k
DermSynth3D 10k

(b) Foot Ulcer Segmentation

Figure 11. Comparative analysis on the effect of pre-training on COCO dataset and synthetic data generated by DermSynth3D, in the context
of two downstream tasks, namely lesion detection and segmentation. We compare the performance of the models that are: (i) trained from
scratch i.e., “None”, (ii) pretrained on COCO, (iii− iv) pretrained on 1, 500 and 10, 000 synthetic data produced by DermSynth3D. We
observe a substainal increase in performance during fine-tuning on real data when using models pretrained on DermSynth3D, as opposed to
COCO. We also notice the benefits of pretraining on large-scale data. These results highlight the practical advantage of using DermSynth3D
in enhancing the model’s generalization to real data.

mentation tasks on prior datasets.

5.1. Wound Bounding Box Detection and Semantic
Segmentation in Clinical Images

Detecting wounds in clinical images is an important
step to track and extract morphological features from the
wounds, which is crucial for diagnosis and treatment.
Bounding boxes can be used to localize the wounds in clin-
ical images and minimize unnecessary information within
the scene to improve downstream tasks [84].

For evaluating the bounding box detection performance,
we use two metrics: the intersection over union (IoU) score,
which measures the exact match between a detected and
ground truth bounding box, and the average precision of
overlapping centroids (APcentroid) [99], which determines
the bounding box localization performance, rather than its
precise boundaries and is more suitable for medical appli-
cations.

To assess the performance improvement from using syn-
thetic images in the training process, we gradually increase
the number of synthetic images added to the training sets of
limited real images. We can see in Figure 10 that augment-
ing the entire real training dataset with synthetic images sig-
nificantly improves the wound detection performance. This
observation highlights the capacity of synthetic images to
introduce meaningful information (beyond what is in the
real images) during training. Figure 10 demonstrates that
the addition of synthetic images consistently improves the
detection performance and reduces the standard deviation

error in the results, thus leading to more robust and reli-
able performance. We note that the performance of the
model converges after the addition of 400 synthetic train-
ing images and increasing them beyond 1000 did not sig-
nificantly increase the performance. However, this maybe
partly application-dependent.

Moreover, using only less than 1
6

th of the available real
images (100 annotated real images) alongside synthetic
ones, we can achieve comparable detection results to the
upper bound, which is less than a 2% drop in performance.
Note that for generating synthetic training images using
DermSynth3D, only 50 lesion annotations were used, which
is 8.2% of the cost of dense annotations compared with the
real dataset of wounds. Another notable observation in Fig-
ure 10 is that by adding 100 synthetic images to a very small
dataset of 10 real images, we can achieve a similar perfor-
mance as a dataset of 100 real images. This demonstrates
the usefulness of this approach in situations where real data
is extremely limited.

To further explore the usefulness of our synthetic images
in scenarios where there is no real training data available,
we conduct additional experiments. We create a synthetic
dataset of 610 images, which is the same size as the “real”
wound image training set of the FUSeg dataset. We then
evaluate the performance of a model in bounding box detec-
tion and segmentation when it is trained on this synthetic-
only dataset and tested on the real wound image testset.

The quantitative results are reported in Table 2 along-
side the model’s performance when trained on the FUSeg
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training set of real wound images, under the same training
settings.

Our experiments show that for wound detection, when
only synthetic DermSynth3D data is available, an aver-
age precision of 80% in wound localization can still be
achieved. Additionally, for the segmentation performance,
a model trained on only synthetic images still achieves a
Dice score of 0.49, which is more than 60% of the per-
formance on real data (0.81 Dice), despite the differences
in semantic content (skin conditions selected from Fitz-
patrick17K dataset versus foot ulcers) and source domains
(synthetic versus real). This demonstrates that even in the
absence of real images, training on synthetic DermSynth3D
data can provide more than 60% of the expected perfor-
mance when trained on real clinical images, despite the sig-
nificant domain gaps.

5.1.1 Pretraining with Synthetic Data

Since the introduction of AlexNet [50], utilizing models
pretrained on large amounts of data and finetuning them for
downstream tasks has been a popular practice in the com-
puter vision community [49, 74]. However, existing pre-
trained models are trained on natural images, which have
a considerable domain gap with medical images. One of
the main reasons that models pretrained on medical images
are not available, is the problem of annotation burden and
the cost of creating large-scale datasets that can be used for
pretraining models. However, our proposed data synthesis
framework, DermSynth3D, has the potential to create large-
scale data with a relatively much lower cost. Therefore, we
conduct additional experiments using synthetic data gener-
ated by DermSynth3D to pretrain a model before fine-tuning
it on real data. As a baseline experiment, we follow the
experimental settings described in Section 4.2.1 of using a
model pretrained on COCO dataset [55] and fine-tune it on
real images to segment and detect wounds, respectively. For
our second experiment, we initialize a model with random
weights (i.e., without COCO-pretrained weights), train the
model until convergence on (i) 1,500, and (ii) 10,000 syn-
thetic images generated by DermSynth3D to segment and
detect lesions, and then fine-tune the model on real images.
We also consider a naı̈ve approach where a model is ini-
tialized with random weights and trained on only the real
images. We evaluate performance on the FUSeg dataset of
real wound images, and report the performance when vary-
ing the number of real training images (10, 50, 100, and 610
real images). Our results (Figure 11) indicate that a model
pretrained on DermSynth3D’s synthetic data outperforms a
model pretrained on COCO for segmenting and detecting
real wound images. These results suggest that generated
synthetic data may have a role in pretraining models, which
may be especially beneficial when low numbers of real im-

ages are available.

Table 2. Foot ulcer bounding box detection and segmentation per-
formance on the test set of real images of wounds.

Detection (bounding box overlap) Segmentation (pixel-wise comparison)
Train dataset APcentroid IoU Dice IoU

Synthetic 0.80 ±0.018 0.42 ±0.011 0.49 ±0.007 0.37 ±0.008

FUSeg 0.88 ±0.012 0.61 ±0.008 0.81 ±0.003 0.71 ±0.004

5.2. Lesions, Skin, and Background Segmentation
Using in-the-wild Clinical Images

For our subsequent experiments, we modify the
DeepLabV3 ResNet50 [17] CNN model to perform two
semantic segmentation tasks: skin condition vs healthy
skin vs non-skin segmentation; and anatomical semantic
segmentation (Section 3.2). We add a total of 11 output
channels for semantic segmentation, where three channels
are used to predict the pixels containing skin conditions,
healthy skin, and non-skin regions, and the remaining eight
channels predict the anatomical labels. Rather than use
the full 16 anatomical labels provided as per SCAPE body
model [4], we follow the PASCAL-part convention [18]
similar to [28] and group the semantically similar anatom-
ical labels into a single label (e.g., “left upper arm” and
“right lower arm” are given the label “arm”) as shown in
Figure 9-(g).

We evaluate our approach on our manually annotated
images taken from Fitzpatrick17K, an “in-the-wild” clini-
cal 2D image dataset, where we use a subset of 25 images
that were neither used for blending nor during model valida-
tion. We use our CNN model trained on synthetic data and
evaluate the performance on these real images. We tested
on these 25 manually segmented images and calculated the
per-image Jaccard index for skin condition, skin, and non-
skin segmentation. The averaged results were 0.61 ± 0.23,
0.88 ± 0.10, and 0.60 ± 0.43, respectively. We show the
qualitative results in Figure 12. These results suggest that
the model is capable of generalizing from our synthetic data
to real images.

5.3. Lesion and Skin Segmentation on Dermoscopy,
Clinical, and Non-Medical Images

To further show the generalization capability of our ap-
proach, we use the same trained model described in Sec-
tion 5.2 and evaluate over PH2 [29, 58], a dermoscopy
dataset with 200 images; DermoFit [7], a clinical dataset of
1300 images; and the Pratheepan [79, 95] non-medical im-
age dataset that provides manually segmented skin masks.
Interestingly, we find that our model, trained on syn-
thetic data simulating “in-the-wild” clinical images, does
show the ability to generalize to these other types of
datasets. When segmenting lesions from the dermoscopy
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Figure 12. Qualitative results for (a) foot ulcer bounding box detection on FUSeg dataset, (b) multi-class segmentation (lesions, skin, and
background) and in-the-wild body part prediction, (c) skin segmentation and body part prediction on Pratheepan dataset, and (d) multi-class
segmentation (lesions, skin, and background) on dermoscopy images from PH2 dataset. The color legend is the same as Figure 7.

PH2 dataset, we achieve a Jaccard index of 0.62± 0.21 av-
eraged over each image. For context, previous work by [2]
noted that applying transfer learning from curated real clin-
ical images of close-up views achieves slightly better per-
formance (Jaccard index of 0.69). When segmenting le-
sions from the clinical DermoFit dataset, we achieve a Jac-
card index of 0.57 ± 0.21. On the non-medical Pratheepan
dataset, we use the 32 images in the “FacePhoto” parti-
tion, which shows a single closeup of a human subject, and
achieve a Jaccard index of 0.76 ± 0.14. For context, we
report an F1-score of 0.86 while prior work [14] reported
0.74. While these do not represent state-of-the-art results
on these datasets, we emphasize that the purpose of these
experiments is to show that our proposed approach to gener-
ate synthetic data results is of sufficient quality that a model
can learn to generalize to real images. We highlight that
this single model trained on the synthetic labels predicts
dense semantic segmentations for both the skin task and the
anatomy task, and show the qualitative results of our model
predicting other types of tasks in Figure 12 (b)-(d).

5.4. Predicting Body Parts from 2D Images

Understanding where the skin condition is on the body
may be an important factor in determining likely skin con-
ditions [21,63,96] (e.g., ruling out a diagnosis of a foot ulcer
if the condition appears on the torso). While semantic seg-
mentation of the human body, commonly referred to as hu-
man parsing, is a well-studied area, we are specifically inter-
ested in partial-body views. Existing approaches [28,62,86]
mainly consider constrained scenarios where the human
body is fully visible in the images, but performance drops
considerably for partial views. Extreme close-up views of
the anatomical body parts are challenging to discern, even to

Figure 13. Qualitative results obtained by applying an existing
human parsing method [28] on the proposed dataset. Top: RGB
images. Middle: ground-truth anatomical labels. Bottom: pre-
dicted anatomical labels.

a human observer. Conversely, distant views of the body ex-
pose a significant portion of the anatomy, making it easier to
identify the body parts. Therefore, we expect a higher level
of accuracy in predicting the body locations on closer views
of human body. This hypothesis is confirmed by evaluat-
ing the performance of a recent human parsing method [28]
on the partial human body views from DermSynth3D. Fur-
thermore, the potential ambiguity in labeling the anatomical
structure from close-up views, as observed by [75], may be
mitigated by our method which can create anatomical labels
by mapping the anatomy visible in the view to 3D avatars
that are registered on a standard template model [4] consist-
ing of 16 annotated body parts. Therefore, while rendering,
a precise determination of the depicted body part is facili-
tated by the established semantic correspondence between
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Figure 14. Ablation study on the effect of number of lesions and number of meshes on the downstream tasks of binary segmentation and
bounding-box detection is visualized as a heatmap. The darker the shade, the lower is the value of the performance metric. We observe that
the performance generally improves with an increase in the number of lesions and meshes, i.e., subjects, owing to the increase in diversity
of the synthetic images.

the avatar and the template model. This synthetic data is
composed of a wide variety of views, going from close-up
to distant views. Our experiments show that the method
proposed by [28] achieved a mean IoU of only 0.29± 0.20
when tested on 100 randomly selected close-up human body
views from DermSynth3D, as compared to an IoU of 0.63
on the Pascal-person-part dataset [18]. These quantitative
results align with the qualitative results presented in Fig-
ure 13. Moreover, the drastic drop in performance, both
qualitatively and quantitatively, when testing on close-up
partial body views highlights the importance of develop-
ing human parsing approaches that can handle partial and
extreme close-up views.

6. Ablation Study
To investigate the effect of parameter choices of image

synthesis on the end results, we performed an ablation study
on one of the potential use cases of the proposed framework:
foot ulcer image analysis. As manual segmentation and the
acquisition of skin lesions and textured meshes are arguably
the most cost-intensive variable options in DermSynth3D
image generation, we focus on assessing the effect of dif-
ferent numbers of lesions and meshes on the performance
of foot ulcer bounding box detection and segmentation. We
gradually vary the number of lesions and blend them on
different numbers of meshes. Subsequently, we generate a
training set of 1500 images by capturing randomly rendered
views of the 3D meshes employing a similar approach as de-
scribed in Section 4.1. Following the experimental settings
outlined in Section 4.2.1, we evaluate the method using the
real evaluation set of the FUSeg dataset, and report the re-
sults in Figure 14 using a heatmap.

Figure 14 shows the performance detecting (Figure 14 a)
and segmenting (Figure 14 b) wounds when changing the
number of lesions and meshes used to generate the synthetic
data. Increasing the number of lesions and meshes used
to generate synthetic images shows a general trend of im-

proved performance. We attribute the variability within this
trend to be partly due to the random sampling of meshes,
lesions, and rendering parameters used to create the train-
ing datasets. We also observe that wound detection (using
bounding boxes) exhibits more consistent improvements
than wound segmentation (using dense pixel-wise predic-
tions). This difference is likely because detecting lesion
bounding boxes is more similar to detecting wound bound-
ary boxes, than segmenting lesions is to segmenting wounds
(where the precise pixel-wise boundary annotations of the
wounds and lesions can differ).

We believe the overall segmentation performance can
be further improved by either utilizing algorithms that at-
tempt to reduce the domain gap between the synthetic and
real data distributions or defining a training distribution that
closely aligns with the test set.

7. Conclusions
We introduce DermSynth3D, a novel framework for syn-

thesizing densely annotated in-the-wild dermatological im-
ages by blending 2D skin conditions onto textured 3D
meshes of human subjects using a differentiable renderer
and generating a custom dataset of 2D views with corre-
sponding labels that span across several downstream tasks,
such as segmentation and detection. Our results show the
effectiveness of the generated synthetic data for selected
dermatological applications, as demonstrated by the gener-
alization achieved after training on synthetic data and test-
ing on real data. However, there are some limitations of
our approach, including the design choices in the different
steps, such as the sub-optimal selection of lighting param-
eters and camera positions, and a blending loss that may
not preserve the diagnostic quality or accurately match the
scale and the skin tone of the lesions. Additionally, we only
blended skin conditions that could be confidently manually
segmented, and hence, did not include diffused skin dis-
ease patterns such as acne. Despite these limitations, our
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results suggest that DermSynth3D has the potential to gen-
erate meaningful dermatological data for computerized skin
image analysis, especially in resource-constrained or eth-
ically challenging real-world scenarios. By open-sourcing
our framework, we enable the research community to inves-
tigate various rendering settings such as different textured
meshes, lighting and material properties, and blended skin
conditions. Furthermore, researchers can utilize our frame-
work to extend the proposed methodologies and tackle other
downstream tasks. For instance, domain adaptation meth-
ods can be utilized to improve the segmentation and detec-
tion performance on real data (Figure 10) by leveraging the
generated synthetic data. Exploring the performance of [75]
on data produced by DermSynth3D and analyzing the trade-
off between data collection, annotation burden and perfor-
mance accuracy across varying proportions of real and syn-
thetic data would be an intriguing avenue for investigation.
Moreover, diffusion-based modelling [41] may be a promis-
ing alternative to the current blending approach to achieve
photorealism and generate diverse images while adhering to
the same disease-class [34].
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André R. S. Marcal, and Jorge Rozeira. PH2 - A dermo-
scopic image database for research and benchmarking. In
IEEE Engineering in Medicine and Biology Society, pages
5437–5440, 2013. 11, 13

[59] Zahra Mirikharaji, Catarina Barata, Kumar Abhishek, Alceu
Bissoto, Sandra Avila, Eduardo Valle, M Emre Celebi, and
Ghassan Hamarneh. A survey on deep learning for skin le-
sion segmentation. arXiv preprint arXiv:2206.00356, 2022.
2

[60] Hengameh Mirzaalian, Tim K. Lee, and Ghassan Hamarneh.
Skin lesion tracking using structured graphical models. Med-
ical Image Analysis, 27:84–92, 2016. 2

[61] Dong Nie, Roger Trullo, Jun Lian, Caroline Petitjean, Su
Ruan, Qian Wang, and Dinggang Shen. Medical im-
age synthesis with context-aware generative adversarial net-
works. In Medical Image Computing and Computer Assisted
Intervention- MICCAI 2017: 20th International Conference,
Quebec City, QC, Canada, September 11-13, 2017, Proceed-
ings, Part III 20, pages 417–425. Springer, 2017. 2

[62] Xuecheng Nie, Jiashi Feng, and Shuicheng Yan. Mutual
learning to adapt for joint human parsing and pose estima-
tion. In Proceedings of the European Conference on Com-
puter Vision (ECCV), pages 502–517, 2018. 14

[63] Dennis K Pearl and Elizabeth L Scott. The anatomical dis-
tribution of skin cancers. International journal of epidemiol-
ogy, 15(4):502–506, 1986. 14

[64] Federico Pollastri, Federico Bolelli, Roberto Paredes, and
Costantino Grana. Augmenting data with gans to segment
melanoma skin lesions. Multimedia Tools and Applications,
79:15575–15592, 2020. 2

[65] Nikhila Ravi, Jeremy Reizenstein, David Novotny, Tay-
lor Gordon, Wan-Yen Lo, Justin Johnson, and Georgia
Gkioxari. Accelerating 3D deep learning with PyTorch3D.
arXiv:2007.08501, pages 1–18, 2020. 4, 8, 10

[66] Jenna E. Rayner, Antonia M. Laino, Kaitlin L. Nufer, Laura
Adams, Anthony P Raphael, Scott W Menzies, and H. Pe-
ter Soyer. Clinical perspective of 3d total body photography
for early detection and screening of melanoma. Frontiers in
Medicine, 5, 2018. 2

18



[67] Shaoqing Ren, Kaiming He, Ross Girshick, and Jian Sun.
Faster R-CNN: Towards Real-Time Object Detection with
Region Proposal Networks. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 39(6):1137–1149, 2016.
10

[68] Robin Reni. House rooms image dataset. https://
www.kaggle.com/datasets/robinreni/house-
rooms-image-dataset. Accessed: 2022-05-17. 9

[69] Herbert Robbins and Sutton Monro. A stochastic approx-
imation method. The Annals of Mathematical Statistics,
22(3):400–407, Sept. 1951. 10

[70] Veronica Rotemberg, Nicholas Kurtansky, Brigid Betz-
Stablein, Liam Caffery, Emmanouil Chousakos, Noel
Codella, Marc Combalia, Stephen Dusza, Pascale Guitera,
David Gutman, et al. A patient-centric dataset of images and
metadata for identifying melanomas using clinical context.
Scientific Data, 8(1):34, 2021. 1

[71] Alexandre Saint, Eman Ahmed, Abd El Rahman Shabayek,
Kseniya Cherenkova, Gleb Gusev, Djamila Aouada, and
Björn Ottersten. 3DBodyTex: Textured 3D body dataset.
In International Conference on 3D Vision, pages 495–504,
2018. 8, 21

[72] Alexandre Saint, Abd El Rahman Shabayek, Kseniya
Cherenkova, Gleb Gusev, Djamila Aouada, and Björn Ot-
tersten. BODYFITR: Robust automatic 3D human body fit-
ting. In IEEE International Conference on Image Process-
ing, pages 484–488, 2019. 8, 21

[73] Pourya Shamsolmoali, Masoumeh Zareapoor, Eric Granger,
Huiyu Zhou, Ruili Wang, M Emre Celebi, and Jie Yang. Im-
age synthesis with adversarial networks: A comprehensive
survey and case studies. Information Fusion, 72:126–146,
2021. 2

[74] Ali Sharif Razavian, Hossein Azizpour, Josephine Sullivan,
and Stefan Carlsson. Cnn features off-the-shelf: an astound-
ing baseline for recognition. In Proceedings of the IEEE con-
ference on computer vision and pattern recognition work-
shops, pages 806–813, 2014. 13

[75] Sebastian Sitaru, Talel Oueslati, Maximilian C Schielein,
Johanna Weis, Robert Kaczmarczyk, Daniel Rueckert, Tilo
Biedermann, and Alexander Zink. Automatic body part iden-
tification in real-world clinical dermatological images using
machine learning. JDDG: Journal der Deutschen Dermatol-
ogischen Gesellschaft, 2023. 14, 16

[76] Youssef Skandarani, Pierre-Marc Jodoin, and Alain Lalande.
GANs for medical image synthesis: An empirical study.
Journal of Imaging, 9(3):69, Mar. 2023. 2

[77] Wiebke Sondermann, Jochen Sven Utikal, Alexander H.
Enk, Dirk Schadendorf, Joachim Klode, Axel Hauschild,
Michael Weichenthal, Lars E. French, Carola Berking,
Bastian Schilling, Sebastian Haferkamp, Stefan Fröhling,
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A. Criteria for Skin Condition Location
We provide supplementary details related to Section 2.2,

which describe the criteria used to choose where on the
mesh to blend a skin condition. We dilate the segmented
skin condition s and apply the same procedure in Sec-
tion 2.2 to form an image of the dilated skin condition axd

and its corresponding dilated mask asd , which has an en-
larged boundary to include pixels on the outside of the orig-
inal mask boundaries. We check if the region within the
dilated mask is suitable for blending by following the crite-
ria outlined in Section 2.2, which we include here for clar-
ity: the region (1) should have minimal depth changes to
help prevent blending lesions across disjoint anatomy; (2)
should not overlap with the background; and, (3) should not
overlap with clothes or the hair on the head. When blending
multiple skin conditions, we also ensure that skin conditions
do not overlap.

For the first and the second criteria, we get the depth
z̃ from the renderer (Eq. 1), where positive values indi-
cate the distance from the mesh to the camera and negative
values indicate pixels outside the mesh. By setting posi-
tive values to 1 and negative values to 0, we determine a
mask for the body abody. The third criterion requires us to
distinguish between skin and non-skin regions (e.g., cloth-
ing). For a texture image, we manually annotate a non-
skin texture binary mask Tnonskin, the annotation process
for which is described in Section 3.1. We create a skin
mask for the view by using Tnonskin as the texture image
in Eq. 1 and rendering the view to create a binary mask of
the non-skin regions anonskin. We combine the non-skin
mask with the body mask abody to compute a skin mask,
askin = abody ⊙ (1 − anonskin). This skin mask is used to
mask out the depth regions that occur on non-skin regions,
zskin = askin ⊙ z̃+ (askin − 1). We compute the maximum
change of depth within the skin condition dilated mask axd

,

c = max(|zskin − w| ⊙ axd
) (8)

where we compute the absolute difference between the
depth of the skin pixels and the scalar weight w from Eq. 2,
which is the distance between the camera and the selected
face. The returned scalar c will be high when the skin con-
dition overlaps with the background, non-skin region, or is
spread across anatomy with a large change of depth, and
c will be low when the skin condition is on a skin region
that is relatively flat with respect to the camera position.
If c exceeds a user-supplied threshold (which is a dataset-
dependent value that we empirically set to 0.02), we reject
the view and sample a different face.

B. Materials: Datasets and Annotations
B.1. Annotating Non-skin Regions

We provide supplementary details related to Sec-
tion 3.1, which describe our approach to manually anno-
tate 3DBodyTex [71, 72] texture images. To annotate non-
skin regions within the texture images, we used a semi-
automated approach that selects contiguous regions based
on color and user-supplied seeds and color thresholds, fol-
lowed by manual free-hand correction where necessary. We
used the image editing software GIMP [80] to annotate a
total of 168 texture images, samples from which are shown
in Figure 15. We selected a subset of 50 meshes to perform
blending, where meshes were selected in order to sample
from a range of skin tones available within 3DBodyTex.
Following prior works [38], we estimate the range of skin
tones as shown in Figure 16 by computing the individual ty-
pology angle (ITA) over the skin regions and excluding the
non-skin regions Tnonskin.

As 3DBodyTex contains real human subjects, the texture
images can contain real lesions. We leverage the manual
bounding box annotations provided by [99] that localize ex-
isting pigmented skin lesions (e.g., a mole) on the 3DBody-
Tex texture images. We encode these bounding boxes as bi-
nary masks that correspond to the dimensions of the texture
images, which are then used during rendering and incorpo-
rated into our synthetic labels.

B.2. Manual Segmentation of Fitzpatrick17k Im-
ages

We provide supplementary details related to Section 3.3,
which describe our process to manually annotate skin con-
ditions within Fitzpatrick17K images [38]. When manu-
ally segmenting these 2D clinical images, we observed that
for many of the lesions, it is challenging to determine the
precise lesion boundaries. This is further complicated by
some lesions exhibiting diffuse patterns, where many small
lesions occupy a fraction of the image (e.g., acne), or the
diseased regions only differ from the surrounding healthy
skin based on the skin pigmentation (e.g., vitiligo). Thus,
to reduce ambiguities in our manual segmentations, we per-
form an initial step to manually select images with a lesion
that occupies a relatively large fraction of the image and ex-
hibits well-defined borders. This limits the types of lesions
we blend and qualitatively evaluate, and is a limitation of
our work.

Using this subset of Fitzpatrick17K images, we man-
ually segment lesions for blending into the texture image
(Section 2.3). When choosing lesions to segment for blend-
ing, we defined the following guidelines: (1) the lesion
should be entirely visible within the image to avoid blend-
ing a lesion with an abrupt boundary; (2) the lesion should
not be against the border of the image as we consider the
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Figure 15. Samples from 3DBodyTex showing annotations of non-skin regions. For each pair, the left image shows the texture image,
while the right image shows the corresponding non-skin region mask. The texture images are densely annotated to also exclude non-skin
regions such as nail polish (first image) and facial beard (third image).

Figure 16. Samples from 3DBodyTex showing a range of skin-tones. For each pair, the left image shows the texture image with the ITA
value on top left corner, while the right image shows a 2D view of mesh.

Figure 17. An ablation study on the choice of renderer for generat-
ing the 2D images, showing a performance comparison for wound
segmentation task, on the test set of FUSeg dataset. The Y-axis
represents the mean Dice score on the real “test set” over 3 folds,
and the X-axis represents the “training set” which is a mix of gen-
erated synthetic data and real samples from FUSeg dataset. Each
three-colored bar on the X-axis denotes the type of renderer used
for generating the synthetic DermSynth3D dataset, namely Py-
torch3D with PointLights, Unity3D (default lights), and Unity3D
with Point Lights.

Figure 18. Dense annotations of skin lesions from Fitzpatrick17k.
The annotation labels are: the selected lesion for blending
(red), other lesions (brown), healthy skin (green) and background
(black).

surrounding skin during the blending; and (3) the lesion
should be located on a relatively flat region of the body with
minimal changes to the underlying anatomy (e.g., avoid
choosing lesions in areas such as the armpit which contains

both geometry changes and changes to the underlying skin
texture that may not be specific to the lesion characteristics).
This will prevent distortions and blending of the features of
the underlying anatomy with the characteristics of the le-
sion.

We also perform a dense segmentation of the selected
subset of Fitzpatrick17K images in order to create valida-
tion and test data. For this task, we manually partition the
image into lesion and non-skin regions, where the skin re-
gion can be inferred by the absence of either of these two
regions. We define non-skin regions as those regions that do
not include skin (e.g., clothing, hair that occludes the skin,
background). We segment 50 and 25 lesion images for the
validation and the test data respectively, and the high-level
statistics for the metadata of these lesions are provided in
Table 3. It is worth noting that despite the relatively small
number of images, we capture a large diversity in terms of
Fitzpatrick skin tones (all 6 skin tones for validation and 5
skin tones for testing) and diagnoses (30 disease labels for
validation and 21 for testing).

To perform the segmentation, we use the same software
and process as described in B.1. For each image, the result-
ing manual segmentations (Figure 18) are represented by
the following binary masks: all lesions belonging to the cor-
responding disease type of the image mlesions, a selected le-
sion region for blending mblend, where mblend ∈ mlesions,
and non-skin regions mnonskin. We infer a skin mask that
excludes the lesion regions as mskin = (1−mlesions)⊙(1−
mnonskin), where ⊙ indicates an element-wise product.
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Table 3. Metadata statistics for the segmented lesions from Fitzpatrick17k [38].

Split # images
(# diagnosis labels)

Three-partition Label Fitzpatrick Skin Type
benign malignant non-neoplastic 1 2 3 4 5 6

Validation 50 (30) 11 17 22 5 17 15 6 6 1
Testing 25 (21) 6 9 10 6 6 6 5 2 0

C. Experiments and Results
C.1. Wound Detection in Clinical Images

We provide supplementary analysis related to the wound
bounding box detection results in Section 2.2. We can see
in Table 2 that the model trained on only synthetic im-
ages achieves an APcentroid of 0.80 and IoU of 0.42. The
significant gap between the IoU and APcentroid suggests
that the model localizes the wounds, but does not precisely
match the bounding boxes encapsulating them. By analyz-
ing the qualitative results of the model’s predictions (Figure
12 (a)), we observed two major trends in the model’s failure
cases. (1) There seems to be a semantic difference between
a skin condition and a wound. In our synthetic dataset, the
whole lesion area, including the surrounding affected skin,
is annotated as the lesion. However, in the FUSeg dataset,
only the open-wound area is covered by the segmentation
mask. This mismatch in labeling across these two image
domains causes the model to over-segment some images
(Figure 12(a) bottom three rows), resulting in a drop in the
IoU. (2) As the synthetic data contains a variety of skin con-
ditions across different parts of the body when trained on
synthetic images, the model learns to detect other skin con-
ditions within the image that are not of the wound. This can
cause the model to over-detect wounds in the images (Fig-
ure 12 (a) bottom row), resulting in a decrease in both IoU
and APcentroid.

C.2. Lesions, Skin, and Background Segmentation
Using in-the-wild Clinical Images

We provide further details on the model trained to predict
semantic segmentations related to the skin and the anatomy,
as described in Section 5.2. We apply a softmax func-
tion computed over each spatial location across the skin
condition, skin, and non-skin output channels, and a soft-
max function computed over each spatial location across
the anatomical output channels. We modify the fuzzy Jac-
card index to act as a loss and to ignore empty ground truth
channels when computing the loss. For the anatomy chan-
nels, the Jaccard loss is computed over an entire channel
within a batch, while for the other channels, the Jaccard
loss is computed separately for each channel and each im-
age. These modifications were made to address the different
types of class imbalances that occur within the two differ-
ent semantic segmentation tasks. In addition, when com-

puting the loss over the skin channel, we ignore locations
that contain the skin condition to reduce the impact of mis-
classifying healthy skin as the skin condition. For both the
skin condition and skin channel, when computing the loss
we ignore locations that overlapped with manually curated
bounding boxes that signify the location of an existing mole
on the original texture images (as determined by [99] and
described in B.1) as the regions within the bounding box
can contain both healthy skin and a lesion.
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Figure 19. Additional samples of generated synthetic images of multiple subjects across a range of skin tones in various skin conditions,
backgrounds, lighting, and viewpoints.
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