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ABSTRACT This paper introduces an automated pipeline for generating high-quality 3D bas-relief models directly from single
2D images. Our method replaces laborious manual height-map editing with ZoeDepth, a state-of-the-art neural network that
outputs dense depth maps without camera calibration or manual annotations. Input photographs, whether of architectural
facades, artwork reproductions, or industrial scenes, are first contrast-normalized and preprocessed prior to depth
estimation. The raw depth output then undergoes metric-attractor correction, which refines depth-bin centers using multiple
predicted attractor points per pixel to improve continuity and reduce quantization artifacts. A custom depth-aware
triangulation algorithm subsequently converts the refined depth field into a surface mesh, with user-controlled parameters
for real-world scale, spatial resolution, and triangulation density. The final mesh is exported as an STL file, enabling immediate
compatibility with CAD software and 3D printers. The performance, robustness and fidelity of the elaborated pipeline were
evaluated on a quad-core Intel i5 CPU and a variety of image domains. It turned out that depth inference for an 800 x 800 pixel
image took around 120 seconds, while mesh generation and STL export took approximately 110 seconds. These times scale
linearly with image resolution. Quantitative assessment yields a mean relative error below 7.7 % and threshold accuracy
above 95.3 %, indicating that over 95 % of pixel depth estimates fall within 25 % of true values. A qualitative inspection has
confirmed that the obtained reliefs preserve critical geometric details and maintain surface smoothness, even on previously
unnoticeable inputs. Comparative analysis highlights significant reductions in manual effort and total modeling time versus

traditional Blender-based sculpting workflows, without sacrificing mesh quality.
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I. INTRODUCTION

hree-dimensional modeling has become increasingly
T important in domains such as digital heritage

preservation, 3D printing, and architectural design.
A particularly challenging task within this subject area is
the creation of bas-relief sculptures directly from flat 2D
images, i. e. representations where objects subtly protrude
from a background surface.

Accurate object recognition is a core challenge in
computer vision, often tackled by modeling biological
visual systems of humans and animals. Human vision
processes vastly more information than other senses [1-8].
Perceptual processing unfolds in stages from initial
detection to coarse and detailed analysis allowing trained
observers to recognize familiar objects in as little as 0.06
seconds [7, 8]. Two leading cortical models — a detector
approach extracting basic primitives and a spatial-
frequency analysis that wuses localized Fourier
transformations — inspire modern computer-vision
architectures aiming for human-level performance.

Over the past decades, 3D reconstruction from 2D
imagery has followed distinct paradigms. Classical
geometric pipelines-notably Structure-from-Motion [9]
reconstruct camera positions and generate dense point
clouds from multiple overlapping photographs, with open-
source tools such as COLMAP [10], OpenMVG [11] and
OpenMVS [12]. Silhouette-based visual-hull
techniques [13] project object outlines across views to
carve a maximal 3D volume commonly prototyped in

OpenCV [14] and expanded by point-cloud libraries.
However, the mentioned approaches often produce convex
approximations and require multiple calibrated images.
Shape-from-shading methods infer local relief from pixel-
intensity gradients under known lighting, yet they are
noise-sensitive and necessitate careful photometric
calibration. The Deep learning based monocular depth-
estimation models such as MiDaS [15] and ZoeDepth [16]
predict dense depth maps from single RGB images,
offering full automation without multi-view data.

The creation of a high-quality bas-relief in Blender [17]
requires advanced 3D modelling skills, encompassing the
crafting and editing of height maps, mastering sculpting
brushes, modifier stacks, and mesh topology. Furthermore,
this procedure involves multiple iterative steps that must
be finely tuned by a skilled user, making the process both
time-consuming and inaccessible to non-experts.

To overcome these limitations, our research proposes a
fully automated pipeline for generating 3D bas-reliefs from
2D images using deep learning-based depth estimation.
The proposed solution is based on the ZoeDepth
architecture [16], which is a neural network capable of
using relative and metric depth. This enables the accurate
reconstruction of scene geometry.

The objective of this paper is to create a fully automated
Python-based [18] pipeline that transforms a single 2D
image into a printable STL file of its 3D bas-relief. This
will be achieved by integrating ZoeDepth [16] for high-
fidelity depth estimation, applying metric-attractor
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smoothing to eliminate artifacts, and implementing a
triangulation algorithm with real-world scaling in
centimeters. The pipeline offers configurable spatial
resolution, and multiple processing modes. To ensure
reproducibility, all functionality will be exposed via a
command-line interface. The generated model must match
specified size, exhibit no visible surface artifacts and be
immediately loadable and 3D-printable in standard CAD
environments without manual adjustment. The system’s
performance and geometric fidelity will be benchmarked
against traditional manual modeling workflows in modern
Blender, with positive results defined by low processing
times, high-quality STL outputs, and integration into STL-
based 3D printing workflows.

Il. PREREQUISITES AND RELATED TOOLS

A depth map [19] is an image in which each pixel
encodes the distance from a virtual camera to the scene’s
surface. It’s usually represented as a grayscale image
where lighter pixels indicate nearer points and darker
pixels indicate farther ones. By extracting this per-pixel
depth information, we gain a height field that can be
directly translated into geometric displacement.

The traditional pipeline for generating a bas-relief from
a single 2D image includes image preprocessing to produce
a grayscale height map, mesh generation through
triangulation and displacement modifiers, and final STL
export for printing. In Blender, users can generate depth
maps natively by enabling the Z pass under Render Layers
and normalizing raw depth values in the compositor. The
one-sample-per-pixel Z pass often exhibits aliasing and
lacks anti-aliasing in motion-blur or depth-of-field scenes.
Converting to 8-bit can white-out distant geometry if near
and far clip planes are not carefully set. Wrong camera
settings produce noise and depth inaccuracies in the final
relief.

Online lithophane converters such as 3DP-Rocks
Lithophane [20] allow users to upload a photo and
download a light-transmissive relief optimized for backlit
display. A lithophane is a thin, translucent 3D print. Its
varying thickness modulates the amount of light that passes
through it, revealing an image when it is illuminated from
behind. Unlike models intended for architectural or artistic
bas-reliefs, which require opaque geometry and robust
thickness, these models prioritise precise light
transmission. As a result, lithophanes lack the solid form,
material compatibility, and dimensional accuracy needed
for traditional relief generation.

1ll. PROPOSED METHOD

Depth estimation is handled by ZoeDepth [16], a two-
stage neural model combining Relative Depth Estimation
(RDE) and Metric Depth Estimation (MDE). In stage one,
a MiDaS-based [15] encoder extracts multi-level scene
features and predicts a scale-invariant relative depth map.
In stage two, a domain classifier directs those features to
one of two lightweight metric heads, namely indoor or
outdoor, each trained on metric datasets (NYU Depth v2,
KITTI). These heads use Metric Bins, which predict a fixed
set of depth — bin centers and then refine them via attractor
offsets at each decoder level (Fig. 1).
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FIG. 1. ZoeDepth’s Metric Bin Module Architecture [16].

The lowest level forms the metric bin centers, and the
remaining levels create attractors that shift the bin centers
according to the decoder level.

Final per-pixel depth d(i) is computed by a weighted
sum over Ny bins:

d@D) = T2 pi(ke, (k) (1)
where Now is the total number of discrete depth intervals
(e.g., 0-1 m, 1-2.5 m, etc.), pi(k) is the probability that
pixel i’s true depth falls into interval k, ci(k) is the depth
value predicted for bin k (the bin center), and d(i) is the
final metric depth (in meters) assigned to pixel i.

At the I decoder level, the Multi-Layer Perceptron
(MLP) takes the pixel’s feature vector and predicts n,
attractor points {ar : k=1, ..., n, } for that pixel. The
corrected bin center is then given by:

¢ = ¢; + Ac, )
where the correction is computed as:
Ac; = Yo, — 3)

€1 Tl
o and y are hyperparameters that control the strength of
each attractor.

For final depth estimation, the ZoeDepth [16] uses a
binomial distribution, determining which bin center best
matches the attractor outputs. The probability of selecting
the k-th bin is given by:

p(k;N,q) = (1,\{’) q“(1— ", “)

where ¢ is the most likely attractor — predicted probability,
N = Nt 1s the total number of depth bins (see Eq. 1), and
k is the bin index.

Triangle Soup is a collection of triangles used for
storing the geometric structure of a 3D model in a simple,
unstructured format.

Although each triangle is defined by three points, the
triangles themselves are not strictly connected to one
another. This structure has two key advantages: it is simple
to implement, and it works with many graphics editors,
including Blender.

Before constructing the 3D model of a bar-relief, the
depth values must be normalized to account for the image
dimensions and the scene’s maximum depth. It helps to
correctly represent height differences on the 3D model,

matching height values with real-world measurements:
sar

h= 79 (5)
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where / is the normalized vertex height (z coordinate), s is
the model’s width, a is the user-specified scale factor, r is
the red-channel intensity of the pixel, and m is the
maximum brightness value in the image.

Once the metric depth map is obtained and normalized,
we construct a surface mesh by treating each adjacent 2 x 2
pixel block as two triangles. For pixels at (i,j), (i+1,)),
(1,j+1) and (i+1,j+1), the first triangle connects vertices at
(i+1,)), (1,j+1), (i,j), and the second at (i+1,j+1), (ij+1),
(i+1,)) (Fig. 2).

X,y x+1,y

X, y+1 x+1,y+1

FIG. 2. Pixel block as two triangles.

Each vertex’s X,Y coordinates are scaled to
centimeters by the real width/image width and
real height/image height ratios, and Z is taken from the
normalized depth map. The full mesh, a “Triangle Soup”
of independent faces, is then written to an STL file.

Our solution implements a fully automated Python
pipeline (Fig. 3) that converts a single 2D image into a
printable 3D bas-relief. The process doesn’t require
manual preparation of the image. Users can import an
image and specify the model’s parameters by selecting the
relevant options: a path to an input image; a path for saving
the depth map; a path for saving the output STL file; a ratio
of thickness to width in cm for the STL; a real-world width
of the model in cm; a real-world height of the model in cm,
by using only the width option the height is automatically
calculated based on the real-world width. However, it is
important to ensure that the imported image is of good
quality and not overly smooth, as this could result in
artifacts in the obtained bas-relief. The pipeline begins by
generating a depth map using the ZoeDepth [16] neural
network model. Based on the depth map, vertexes are
created, and a 3D bas-relief model is generated, which is
then exported as an STL file. The program also offers
features such as exporting depth maps for analysis or
visualization, exporting STL 3D models with defined
dimensions in centimeters, and supporting different image
processing modes, including performance, balance, and
quality. This comprehensive process transforms a flat
image into a detailed 3D representation, suitable for
printing and artistic applications.

The codebase is organized into three core Python [18]
modules (Fig.4). The main script parses arguments,
ensures the ZoeDepth [16] model is cloned or cached, and
orchestrates processing. The DepthProcessor module
wraps the ZoeDepth inference API and handles depth-map
normalization. The StlGenerator module reads the 16-bit
depth image, applies real-world scaling, executes
triangulation and writes the STL. This separation of
concerns simplifies maintenance, testing and future
extension (e.g., replacing ZoeDepth or output formats).

Vol 3, No 2, Paper 02011, pp. 1-6 (2025)

Start

Import image with
model's params

R’

Generating 3D bas-
relief model

Generating a depth

map Exporting STL file

End

Creating vertexes

[—

FIG. 3. Pipeline of formation of a three-dimensional relief model.
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FIG. 4. Class diagram of the developed Python solution.

IV. RESULTS AND DISCUSSION

Testing of the program solution was conducted
manually using different types of images. Each 3D bas-
relief model was verified in Blender to ensure that its size
equals the specified values in centimeters.

Fig. 6 shows the 700 x 700-px crop of a decorative tile
from the Chernivtsi University facade (Fig.5). The
ZoeDepth [8] generated the 16-bit depth map in 120 s on
the Intel i5 CPU (Fig. 7). Building and exporting the STL
using the mesh module took 110 seconds (Fig. 8).
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FIG. 7. The processed depth map of the tile.

FIG. 8. The processed STL mesh of the tile.

The resulting model contains 1 027 114 triangles. The
output file size is 48.9 MB. When opened in Blender the
dimensions of the obtained image were exactly as
specified: 15 cm X 14 cm x 1.5 cm. Using the Blender to
manually create a three-dimensional bas-relief model with
the same depth map will result in the same number of
triangles and a file of the same size.

Another image used to verify the effectiveness of the
developed approach was the photo of Vincent van Gogh’s
painting “Starry Night”. The resolution of the image was
960 x 760 px (Fig. 9). The pipeline produced a 71.4 MB
STL file with about 1.1 million triangles (Fig. 11).
Although the runtime increased to around 160 s, the
resulting bar-relief accurately reproduces the details of the
painting.
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FIG. 9. The input “Starry Night” picture.

FIG. 10. The processed depth map of the “Starry Night” picture.

FIG. 11. The processed STL mesh of the image in Fig. 9.

On a quad-core Intel i5 CPU, it takes ZoeDepth about
120 seconds to perform depth inference on an
800 x 800 pixel image, and about 110 seconds to perform
mesh construction and STL export. Processing time grows
linearly with pixel count, so higher-resolution inputs require
proportionally more time. To achieve the best results, the
source images should be high-contrast with clearly defined
features, as blurred or low-detail photos result in depth-map
artefacts and corresponding mesh defects.

V. CONCLUSION
This paper presents an end-to-end pipeline for the
automated generation of 3D bas-reliefs from 2D images,
using a deep learning—based depth estimation model and a
custom STL export mechanism. By integrating the
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ZoeDepth [16] architecture, the system achieves strong
generalization and accuracy across diverse scenes without
requiring manual intervention or camera calibration.
Importantly, the quality of bas-reliefs produced with the
use of our method is comparable to those sculpted
manually in Blender. The authors of ZoeDepth assert that
predictions exhibit a mean relative error of less than 7.7 %
and a threshold accuracy of 95.3 %. This means that over
95 % of pixel depth estimates fall within 25 % of the true
value [16].

The proposed Python-based solution addresses key
limitations in traditional 3D modeling workflows, such as
time-consuming mesh sculpting and limited scalability.
The use of command line parameters enables flexible
model customization, including the consistency with real-
world parameters and resolution control. Experimental
validation confirms the system’s usability, STL
compatibility, and applicability  across artistic,
architectural, and heritage restoration tasks.

Combining metric-attractor depth correction with
depth-aware triangulation allows one to produce high-
resolution, printable bas-reliefs. The practical value of the
research consists in the pipeline’s ability to streamline
digital modeling workflows for educational, design, and
industrial use.
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dopmyBaHHA TPUBUMIPHOI moaeni 6apenbeda
Ha ocHOBi 2D-306paXkeHHA

Bitaniit Apiiiuyk”, Onia TaHaclok

Kadenpa Komn'toTepHUX cUCTEM Ta MepelK, YepHiBeLbKUI HauioHanbHWUI yHiBepcuTeT iMmeHi HOpis PeabkoBuya, YepHisui, YkpaiHa
* ABTOp-KopecnoHaeHT (EnekTpoHHa agpeca: ariichuk.vitalii@chnu.edu.ua)

AHOTALLIAl Y cTaTTi 3anponoHoBaHO NOBHICTIO aBTOMAaTU30BaHy METOAMKY CTBOPEHHA TPUBUMIPHUX moaenel bapenbedis Ha
OCHOBI 3BMYalHKX ABOBUMIPHUX 306parkeHb. Po3pobneHuii niaxia nepegbavae BUKOPUCTaHHA IMBUHHOT HEMPOHHOT Mepexi
ZoeDepth ana aBTomatMyHoro GopmMyBaHHA TOYHUX KapT MNMB6UHU 6e3 HeobXiAHOCTI py4YHOro peaaryBaHHA abo KanibpyBaHHA
Kamepu. OTpUMaHi KapTu rMMbUHU NpPoxoaaTb NOCNiA0BHY 06pobKy B Python: 3HaueHHs rAMOUMHM HOPMAni3yrTbCA Ta
MacLTabyoTbCA BiANOBIAHO 4,0 peanbHUX Gi3MYHMX PO3MipiB 306parXKeHHsA, NiCAA YOro 3a METOAOM TpiaHTryAALITl GopMyeTbCS
noiroHanbHa ciTka. Y pesyabTaTi 3reHepoBaHa mogesnb y popmati STL npuaatHa gaa wenagroro 3D-apyKy abo noganblwioro
peparyBaHHA. KnoyoBi nepesary 3anpomnoHOBAHOI CUCTEMM — Lie FHYYKICTb HanalTyBaHHA PO3MipiB yepe3 iHTepdeic
KOMaHAHOro pAgKa, BiACYTHICTb NOTPEOGM PYyYHOro BTPyYaHHA B Npouec nobygosBu KapTu FMOMHM Ta YHIBEPCANbHICTb
33CTOCYBaHHA Mepexi 417 HaWPI3HOMAHITHILNX CUEH, AK-OT apXiTeKTYPHI AeTani, XyA0KHi TBOpu abo Npomucnosi 06’ekTu.
MpoBefeHi EKCnepuMeHTU AEMOHCTPYHOTb, WO Yac GOpMyBaHHA KapTW MMOBMHM HA LEHTpanbHOMY npouecopi Ans
306paykeHHa po3mipom 800 x 800 nikceniB cTaHOBUTb 6/1M3bKO 120 ceKkyHA, a TpiaHrynaLia Ta 36epexkeHHa mogeni y dain —
6m3bKo 110 cekyHA. Mpw 36inblueHHI Po34inbHOI 34aTHOCTI BXiAHOrO 306paKeHHA BiAMOBIAHO 3pPOCTAE M 3arasbHUIA Yac
06pO6KU. INA [OCATHEHHA HAWBULLOI AKOCTI KapTU IMNBUHU PEKOMEHA0BaHO 3aCTOCOBYBATU METO/, 4,0 KOHTPACTHUX CLLEH i3
BMPa3HUMM OEeTaNAMM, OCKINIbKM HEYiTKi Ta po3mMUTI 306parkeHHA MOPOAXKYIOTb apTedakTu B KapTi MnUBUHU Ta diHaNbHIN
mogeni. Y nopisHsAHHI 3 Blender Hale pilleHHA TaKOX AOCATAE AKICHOTO pe3y/bTaTy Y CTBOPeHHi 6apenbedy. CKOPOUEHHSA
obcAry py4HMX HafalWTyBaHb Ta aBTOMaTM3aLif npouecis dopmyBaHHA Bapenbedy Aat0Tb 3MOTy LBUAKO Ta AKICHO OTPUMATH
MoZenb i3 NoTpibHMMM nNapameTpamu. KinbKicHa OLiHKa BUABMAA, LWLO cepeaHs BiHOCHA NOXMOKA CTAHOBUTb MEHLUE HiX
7.7 %, a noporoBa TOYHiCTb — NoHag, 95.3 %, W0 BKa3ye Ha Te, WO NoHaZA 95 % oujiHOBaHb IMMBUHU MiKCeNiB eXKaTb Y MeXax
25 % Bipg, CNpaBXHiX 3HayeHb. flKicHa nepesipKka NiATBEpAWAa, WO OTPUMaHI penbedu 36epiraloTb BaXK/IMUBI reOMETPUYHI
LeTaNi Ta BUPIBHIOBaHHA MOBEPXHi HaBiTb Ha paHille HEMOMITHUX BXiAHUX AaHUX. [NOPIBHANBHUI aHani3 NOKA3ye 3HAYHe
3MeHLWeHHA obcAary pydHoro obpobneHHsA Ta 3aranbHOro 4Yacy MOALENIOBAHHA MOPIBHAHO 3 TPagMuiiHUMKU pobourmu
npoLecamu CKy/abNTyBaHHA Ha OocHOBI Blender 6e3 BTpaTh AKOCTi OTPMMAHOI TPiaHTYAALIMHOT CITKK.

K/NKOYOBI C/IOBA 6apenbed, TpMBUMipHE MOAENIOBAHHSA, OLLiHKA INMBUHU, HeMPOHHI Mepexi, dopmart STL.
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