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Abstract. We present a novel approach for capturing gigapixel-resolution micron-scale three-dimensional (3D)
images of large complex macroscopic objects using a 9 x 6 multi-camera array paired with a custom 3D
reconstruction algorithm. Our system overcomes inherent trade-offs among resolution, field of view (FOV),
and depth of field (DOF) by capturing stereoscopic focal stacks across multiple perspectives, enabling an
effective FOV of approximately 135 x 128 degrees and capturing surface depth maps at lateral resolutions
less than 40 um and depth resolutions of about 0.5 mm. To achieve all-in-focus RGB (red, green, and
blue) composites with precise depth, we employ a novel self-supervised neural network that integrates
focus and stereo cues, resulting in highly accurate 3D reconstructions robust to variations in lighting and
surface reflectance. We validate the proposed approach by scanning 3D objects, including those with
known 3D geometries, and demonstrate sub-millimeter depth accuracy across a variety of scanned
objects. This represents a powerful tool for digitizing large complex forms, allowing for near-microscopic
details in both depth mapping and high-resolution image reconstruction.
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1. Introduction (AR/VR), and cultural heritage digitization. However, two core
obstacles prevent high-resolution imaging of large-scale objects:
1) as the magnification and resolution of imaging lenses in-
crease, the FOV is reduced significantly, limiting coverage
for larger objects, and 2) the DOF decreases quadratically as
resolution improves, making it difficult to capture curved sur-
faces with sharp detail. As outlined by Lohmann'"!, these scaling
constraints make it particularly challenging to image large non-
planar objects with the high spatial resolution required for rep-
resentation in microscopic detail.

Several advanced imaging techniques have been developed
over the years to address these limitations of traditional meth-
ods. Structured illumination approaches, for example, project
encoded patterns onto the object to estimate the depth at each
pixel, achieving precise depth information. However, these
methods are limited by the resolution constraints of both the
sensor and projection system, restricting lateral resolution.
Additionally, they cannot typically capture registered RGB (red,
*Address all correspondence to Roarke Horstmeyer, rwh4 @ duke.edu green, and blue) images due to their reliance on monochromatic

Capturing three-dimensional (3D) images of large complex ob-
jects with microscopic resolution is a challenging task due to
inherent limitations in traditional imaging systems. Specifically,
increasing a camera’s resolution generally reduces its field of
view (FOV) and depth of field (DOF), while expanding the FOV
and DOF compromises resolution. While high-resolution micro-
scopes are effective for small flat objects—such as biological
specimens, silicon wafers, and electronic circuit boards—
imaging large-scale objects at this level of detail remains chal-
lenging. Techniques like LiDAR, time-of-flight (ToF), and
multi-view stereo imaging work well for capturing larger objects
but lack the spatial resolution required for fine detailed 3D rep-
resentation. Achieving microscopic resolution for macroscopic
objects (on the order of ~10 cm) could transform fields like
photorealistic rendering, augmented reality and virtual reality
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light®, Multi-view stereo™ and structure-from-motion (SfM)"!
use multiple camera perspectives to infer depth, offering in-
creased FOV. However, they rely on a long DOF to keep the
entire scene in focus, which can compromise either resolution
or depth range. Recently, multi-camera arrays® have been pro-
posed in microscopy for increasing effective FOV while main-
taining high resolution. Yet, these systems are typically limited
to small, flat objects with depths of only a few millimeters'®”.
While each of these methods excels in specific applications,
none have fully overcome the dual challenge of achieving
high-resolution 3D imaging across large non-planar surfaces.
This leaves a significant gap in the ability to capture macro-
scopic objects with the fine microscopic precision required
for detailed 3D representation.

In this work, we introduce a multi-camera array system
designed to overcome traditional limitations in FOV and DOF
for capturing large 3D objects with microscopic resolution;
see Fig. 1.

Each camera in the 9 x 6 multi-camera array captures a
high-resolution image of a small portion of the object, with
overlapping FOVs between adjacent camera views, to produce
a seamless imaging area covering about 135 cm?. This overlap-
ping FOV also ensures that each point on the object is observed
by at least four cameras (except at the boundary), enabling com-
prehensive multi-view data capture. To address the inherent
DOF limitations of high-resolution imaging, we scan the object
axially while capturing synchronized images from the entire
camera array, creating a focal stack of up to 80 depth layers
per camera, thereby capturing a total of 80 x 9 x 6 images.
This approach guarantees that every surface point on the object
is sharply focused in at least one of the captured depth planes.
Using knowledge of object depth at each point, we create an all-
in-focus (AiF) composite image where all surface details are in
the sharpest focus. Depth information is then extracted using a
combination of multi-view stereo (leveraging the multiple

camera perspectives) and depth-from-focus methods to refine
accuracy, resulting in a detailed depth map. Finally, we stitch
together the RGB and depth data from all cameras, producing
a high-resolution, wide-field RGBD (RGB-depth) representa-
tion of the object under 40 pm resolution.

Our contributions in this work can be summarized as:

* We introduce a rapid 3D scanning approach using a com-
pact array of high-resolution synchronized cameras to capture
detailed images of macroscopically curved objects across a large
3D FOV.

e We develop a self-supervised iterative algorithm that
leverages stereoscopic and focus cues to jointly produce
high-resolution (<40 pm lateral resolution and 0.5 mm depth
resolution) AiF RGB images along with precise depth maps
of macroscopic objects extending up to 10 cm in depth.

* We qualitatively and quantitatively validate our approach
on objects with known depth profiles. We further demonstrate
the versatility of our method by digitizing a range of large
(~10 cm) complex curved objects of diverse material
types, underscoring the method’s generalization and broad
applicability.

2. Related Work

3D imaging is a broad and dynamic field of research, with di-
verse techniques for meeting different needs, depending on the
specific application requirements”™. Most RGBD imaging tech-
niques can be categorized into active and passive depth estima-
tion techniques. With the emergence of deep learning, several
neural network-based methods for monocular and multi-view
depth estimation have also emerged. In this section, we provide
an overview of the most widely used methods, highlighting
the unique challenges involved in capturing large objects
(>100 cm?) with significant 3D depth profiles (~10 cm).

Large, curved object and our 3D
rendering

Multi Camera
Array Imager

High-resolution RGBD
reconstruction

Fig. 1 We present a multi-camera array system that rapidly captures large focal stacks of
macroscopically curved objects at microscopic resolutions over a wide FOV. A novel
reconstruction algorithm then fuses the acquired imagery into large-area all-in-focus composites
and recovers the associated depth maps to provide RGBD scans with uniquely high resolution.
We demonstrate our method by obtaining high-resolution RGBD images of curved objects up to

10 cm in size.
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Active depth estimation techniques use controlled illumina-
tion to recover depth information from objects. Techniques such
as structured light and ToF are commonly employed for active
depth reconstruction. In structured light, patterns of light are
projected onto the scene, and depth is inferred from distortions
in these patterns caused by the object’s geometry. This approach
has been used for precise depth mapping and inferring object
geometry™'” and to enhance stereo vision!'". In ToF sensing,
light is emitted onto the scene, and the time taken for the light to
return after reflecting off objects is measured"*'*. While these
techniques offer high accuracy, they generally lack RGB imag-
ing capability, are limited in resolution, and can be affected by
factors like ambient light and surface reflectance. Profilometry
techniques, such as microscopic fringe projection profilometry
(MFPP)®>181 " can provide high-resolution 3D images but are
constrained by shallow DoF and have an FoV at least an order
of magnitude smaller than our proposed system.

Passive depth estimation methods, on the other hand, use
only the information in incoming light to estimate depth, relying
on visual and geometric cues from the captured images. These
techniques are typically based on stereo or multi-view stereo
approaches™'"™'", where depth is inferred by analyzing perspec-
tive differences in multi-view images captured from slightly dif-
ferent viewpoints. SfM techniques™**~* reconstruct 3D scenes
from image sequences captured by a single moving camera by
leveraging the relationship between camera motion and object
features. However, these methods typically assume an extended
DOF, which can limit achievable resolution. Depth-from-
focus™*" offers an alternative by analyzing a focal stack of im-
ages to determine the point of sharpest focus for each pixel,
thereby estimating depth based on focal depth. While classical
approaches typically formulate depth estimation as an explicit
photometric cost optimization problem, more recent neural net-
work approaches learn visual features™ ™" that incorporate non-
local information and are more robust to variations in lighting
and noise that distort classical depth estimation. Monocular
depth estimation techniques have also gained recent attention by
leveraging neural networks to learn complex relationships be-
tween visual features and depth values”' . Here, we introduce
a multi-camera array system and a tailored 3D reconstruction
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3. Multi-Camera Array Imager

Our multi-camera array imager is illustrated in Fig. 2. In the
following, we describe our hardware prototype that overcomes
the inherent limitations of traditional imaging systems and the
associated gigapixel data acquisition process that we later use
for high-quality 3D reconstruction.

Imaging Hardware. Our multi-camera array employs a par-
allelized imaging system comprising 54 compact microcamera
modules arranged in a 9 x 6 grid with 13.5 mm spacing. Each
microcamera module uses an Onsemi AR1335 CMOS sensor
with a 3120 pixel x 4208 pixel resolution and 1.1 pm pixel
pitch. However, we use a 3072 pixel x 3072 pixel crop per mi-
crocamera, each of which is paired with an f = 26.23 mm focal
length lens from Supply Chain Optics. The lenses are axially ar-
ranged in a finite-conjugate configuration, achieving a magnifi-
cation of M =~ 0.11. All hardware parameter values are provided
in the Supplement 1, Table S1. This setup provides ~63% FOV
overlap between neighboring cameras (see Fig. 2), enabling
multi-view 1imaging where every point in the system’s
~125 mm x 108 mm effective FOV can be viewed by at least
four cameras. Our multi-camera array system captures around
700 MP of data per snapshot, and these data are transferred via
a field programmable gate array (FPGA) for fast data throughput.

Data Acquisition. Our imaging system features a Zaber X-
LSM-E sample stage that moves along the z axis, equipped with
a custom object mount to hold objects of interest and four LED
panels with diffusers for illumination; see Fig. 2(c). Before data
capture, the z position is manually set to focus on the object’s
top and then is incrementally shifted by 1 mm. At each step, all
54 cameras capture synchronized images until the entire object
is out of focus. The largest scanned object on the system, for
instance, required 80 z steps, producing an 80 X 9 x 6 x 3072 x
3072 data hypervolume, yielding 4320 unique 9.4 MP images
and about 40 GB of raw data. Typically, it takes approximately
30 s to acquire this z stack.

Impact of the Hardware Configuration. The lateral
resolution of an imaging system is constrained either by the

(c) Multi Camera Array

4 Z-stack

Fig. 2 Overview of the data acquisition process using the multi-camera array imager.
(a) Hardware schematic of the multi-camera array, and more than 50% overlap in the FOVs of
individual cameras allows imaging over a large continuous area. (b) The multi-camera array scans
objects axially to create a focal stack for each camera with a total of 6 x 9 = 54 camera images per
z slice. (c) Actual setup: The sample is mounted on a stage and illuminated using 4 LED panels

placed symmetrically around the sample stage.
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sensor pixel size or the diffraction limit and is, respectively,
given as

2 u A
TFpixel = ™ or  rgiff = M-NA' (1)
where y is the sensor pixel size, M is the system magnification,
and NA is the numerical aperture of the lens. Changing the mag-
nification is feasible in our design, and increasing it improves
resolution proportionally. However, this improvement comes at
the cost of a reduced DOF, given by

VTR
DOF_7(1+M) , ©)

where f is the focal length of the lens and D is the lens aperture
diameter. See the Supplement 1, Sec. S2 for derivations.
Achieving micrometer-scale lateral resolution requires high
magnifications, which in turn reduce the DOF to just a few milli-
meters or less. Consequently, imaging macroscopic objects with
surface variations up to 10 cm demands capturing focal stacks to
span the full depth range. While increased magnification im-
proves lateral resolution, it also drastically limits the DOF, lead-
ing to a substantial rise in data capture requirements. Thus,
selecting an optimal magnification involves the balance of
the lateral resolution with storage and processing demands.

To leverage stereo depth, our system requires at least 50%
overlap in the FOV of adjacent microcameras. This overlap re-
quirement imposes an upper limit on system magnification,
given by M < s/(2p), where s is the sensor width and p is the
inter-camera spacing. For our configuration, this results in a
maximum theoretical magnification of M = 0.17, correspond-
ing to a minimum lateral resolution of 13 pm and a DOF of
0.55 mm. However, to account for any potential lens distortions
and camera positioning errors, we opted for a slightly lower
magnification of M = 0.11, which increased the overlap in
the FOV of adjacent cameras. This adjustment yields a minimum
lateral resolution of 20 pm while significantly extending the
DOF to 1.22 mm. We selected an axial step size of 1 mm based
on this DOF to balance resolution and depth coverage.

The minimum error in stereo height estimation is closely re-
lated to the system hardware configuration, given by

 2uf(M + 1) )

M(pM + 2p)

This expression is derived in the Supplement 1, Sec. S2. In

our current setup, the minimum height estimation error is

0.392 mm. However, using feature-based methods could enable

further refinement of depth estimations, potentially improving
accuracy beyond this theoretical limit.

4. RGBD Reconstruction Method

4.1. Geometric and Photometric Calibration

Before data collection, we calibrate both the geometric and pho-
tometric properties of the camera array. Geometric calibration
includes determining each camera’s 6D pose (3D position and
3D orientation) and a radial distortion parameter shared
across all cameras. Photometric calibration addresses intensity
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variations within each camera caused by vignetting and pixel
response differences, as well as inter-camera variations. To per-
form the calibration, we capture a focal stack of a patterned, flat
target following the procedure outlined in this section. Although
the calibration target is flat, a focal stack is necessary in practice
to compensate for slight focal plane differences across cameras.
For each camera, we select the sharpest plane from the stack by
maximizing mean sharpness at each pixel. We then register
these images by enforcing geometric and photometric consis-
tency across overlapping areas. Using initial estimates of geo-
metric and photometric properties, we dewarp and backproject
the 54 target images onto a common object plane, reproject them
into camera space, and apply gradient descent to minimize
pixel-wise photometric error, refining both geometric and pho-
tometric parameters. A detailed description of the warping and
dewarping as well the calibration process is given in the
Supplement 1, Sec. S4.

4.2. 3D Reconstruction and Stitching Algorithm

Fusing Stereo View and Depth-from-Focus. Depth-from-
focus methods determine depth by locating areas of maximum
sharpness within a focal stack. This approach is typically ap-
plied with telecentric optics, which maintain a constant,
depth-independent magnification to ensure that features remain
at the same xy pixel location throughout focal stack acquisition.
This consistency allows for direct per-pixel focus or sharpness
comparison throughout the stack. However, in our non-telecen-
tric configuration, depth-from-focus imaging methods cannot be
directly applied.

Fortunately, even in a non-telecentric configuration, individ-
ual features will still be sharpest in the focal stack image where
they align with the focal plane, sharing a common magnification
at that depth. Thus, in principle, the maximum sharpness
method can still provide effective depth estimation for non-tele-
centric setups. The key difference in non-telecentric systems is
that the sharpness of features must be detected among blurred
features originating from different spatial locations. Therefore,
we use an intensity-normalized sharpness metric (detailed in the
Supplement 1, Sec. S3) that is robust to variations in sample
appearance, different illumination conditions, and textures.
The resulting image stack, processed using this metric on the
acquired focal stack, is henceforth denoted as P(x,y, z).

Training Procedure. In each training iteration, we randomly
select a 576 x 576 focal stack patch from one of the 54 cameras.
We then identify all other cameras (typically four) that view the
same area and extract the corresponding focal stack patches
from them. These sets of focal stacks form a minibatch, which
we feed into a convolutional neural network (CNN). By encod-
ing the relationship between the object’s photometric properties
and depth, using a CNN allows us to defer generating a full
depth map and RGB composite (with millions of pixels) until
inference, resulting in a rapid, scalable algorithm adaptable to
varying object sizes. Specifically, we use a U-Net"™" to predict
the depth map for the ith camera as

dpred.i = CNNy[s;(2)], €]

where deq; is the predicted depth map, s;(z) is the captured
focal stack, and 0 represents the CNN parameters. We optimize
the CNN with a set of loss functions that incorporate both
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Fig. 3 Joint 3D reconstruction and stitching algorithm. There are two sets of losses to optimize the
CNN. (a) Multi-view consistency losses. We use a CNN to convert captured focal stacks into
camera-centric depth maps. These depth maps are used to create an AiF RGB image. Both
the camera-centric depth map and RGB image are dewarped using calibrated camera parameters
to create RGB and depth composites. The composites are rewarped to create forward predictions
of camera-centric depth maps and AiF RGB images. The mean square error (MSE) between cam-
era-centric and forward predictions is used to train the CNN. (b) Sharpness losses. The MSE be-
tween the depth map produced by the CNN and the depth from sharpest focus, and the negative
sharpness of the composite created using the CNN-predicted depth map are also used to optimize

the CNN.

sharpness and stereo cues, which we describe next and are de-
picted in Fig. 3.

Stereo Loss. After generating CNN-predicted depth maps
from multiple camera views of the same area, we use the cali-
brated camera parameters to dewarp depth maps for the individ-
ual views and create a depth map composite. We then reproject
this composite depth map to each camera view by rewarping it,
generating a forward prediction of the camera-centric depth
maps, denoted as dq ;. To ensure geometric consistency across
neighboring camera views, we minimize the difference between
CNN-predicted depths dpeq; and dyreq ;- The stereo consistency
loss is then given by

Photometric Loss. To ensure photometric consistency, we
minimize the difference between predicted AiF photometric
images. Using the CNN predicted depth map dpeq; for each
camera i, we sample from its focal stack s;(z) (via linear inter-
polation) to generate a predicted photometric AiF image:

Cairi = 8il%, ¥, 2 = dppeq i (x, Y)]- (6)

We dewarp each Cyjf ; using the calibrated parameters to cre-
ate a photometric composite of all cameras viewing the same
area. With the composite depth map and camera parameters,
we then reproject this photometric composite to obtain a for-

r = (dypes — a ) ”2 (5) ward prediction of the camera-centric AiF image for each view,
stereo pred.i = Cpred.i71l2- denoted as Cyjr;. We then define the photometric loss as
Advanced Imaging 041002-5 2025 e Vol. 2(4)



Chaware et al.: Micron scale 3D imaging.with.a multi-camera array

Lopowo = I(Cairi — Cair) I3 7

Sharpness Loss. For each view focal stack s;(z), we com-
pute a sharpness stack P;(x, y, z) using an intensity-normalized
sharpness metric (see the Supplement 1, Sec. S3). Using this
sharpness stack and the CNN-predicted depth map d,q, We cre-
ate an AiF sharpness composite Pir;:

PAiF,i(x’ y) = Pi[-x’ .z = dpred(x» y)] 3)

If the depth estimate d,q(x,y) is accurate, we assume that
P Air; 1s the maximum sharpness composite. To enforce this, we
sum a weighted version of Pa;g; across the xy plane and maxi-
mize it, defining the sharpness loss as

Lparp = _ZPAiF.iQ max(Pir,; — 6.0), ©))

x,y

where © denotes the Hadamard product, max(-,-) denotes the
element-wise maximum operator, and 6 is a scalar constant
number. This weighting excludes the areas of low-contrast re-
gions from contributing to the loss, helping avoid reconstruction
artifacts. Empirically, 6 = 1 was found to be a good value.

Focus Loss. As mentioned earlier, similar to depth-from-fo-
cus methods, our approach estimates depth by applying an arg-
max operation over the sharpness volume. The resulting depth
estimate, denoted dygmax, 1S then compared to the CNN-
predicted depth dq using an MSE loss:

Lfocus = ”dpred - dargmax”%‘ (10)

While dygmax is not a perfect depth estimate, this loss serves
as long-range guidance for the CNN, especially when the
predictions differ significantly from the ground truth (GT)
depth. This is particularly helpful in reconstructing objects with
large height variations. Thus, our final loss function is

L = alereo + ﬂﬁshat‘p + ¥ Ltocus T j"ﬁphoto’ (11)

where a, ,y, and A are the hyperparameters. The importance
and contribution of each term in this composite loss function
were validated through an ablation study, demonstrating that
the full model achieves superior performance (see the
Supplement 1, Sec. S6 for details).

Inference. After training, we feed captured focal stacks into
the trained CNN to generate depth map patches. The depth maps
are then used to index the focal stacks, creating AiF photometric
images. Once this process is completed for all cameras, we ap-
ply the calibrated camera parameters to dewarp both the photo-
metric images and depth maps into object space, resulting in the
final stitched RGBD composite.

5. Assessment

Here, we describe our experimental evaluation of the prototype
multi-camera imaging system and the gigapixel-scale micron-
resolution 3D reconstruction algorithm. Specifically, we first
quantitatively characterize our method by imaging objects with
known depth profiles, and then we demonstrate the system’s
applicability by creating 3D renders of diverse historical arti-
facts from a museum.
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Implementation Details. The reconstruction algorithm was
implemented in TensorFlow v2.10% and run on an NVidia RTX
A5000 GPU for optimization and inference. A cosine decay
learning schedule was used for all experiments, with an initial
learning rate of 10~*, running for a maximum of 160,000 iter-
ations. On our hardware, each iteration took approximately 0.2 s
on average. After the training process, generating a full, 150 MP
stitched RBGD reconstruction took approximately 4.5 min. The
hyperparameters were fine-tuned individually for every object
and are provided in the Supplement 1, Sec. S5. The focal stack
data from cameras capturing only the background was excluded,
and the reconstructed depth maps were smoothed using a
weighted median filter.

System Characterization. To characterize and assess the
depth prediction accuracy and lateral resolution of our system,
we imaged two test objects (including one custom 3D printed)
with known depth profiles. The depth estimates obtained from
our reconstruction method were compared to the GT by analyz-
ing the line profile of the predicted depth against the actual sam-
ple depth. Our method demonstrated submillimeter accuracy for
depth predictions. The 3D rendering, recovered depth estimates
and high-resolution AiF images of objects from this characteri-
zation experiment are shown in Fig. 4.

We used Fourier ring correlation (FRC) to evaluate the lat-
eral resolution of our AiF images, a method proven effective for
unbiased estimation of image quality and resolution in several
applications including microscopy”’ ", image reconstruction
and restoration™*", and X-ray imaging™”. Given two image
views of a scene, FRC calculates the correlation between the
two views in the frequency domain, along concentric “rings” of
increasing spatial Fourier frequencies. For ith frequency bin r;,

2rernF1(r) - Fa(r)”
\/ZreriF%(r) ’ ZreriF%(r)

FRC(r}) = (12)

where F| and F, are the Fourier transforms of the two views.
The spatial frequency where the FRC value drops below a fixed
threshold, typically 1/7, is interpreted as the resolution of the
full image™”. Across our object reconstructions, we achieved
FRC resolution values consistently below 40 pm. FRC values
across different objects are available in the Supplement 1,
Table S4. Next, we discuss the results from two characterization
objects.

3D Printed Pyramid. We used a FormLabs 3+ resin printer to
3D print a pyramid with an 86.5 mm wide square base and a
height of 24.97 mm, with surface features added via spray paint.
The tolerance of this printer is reported to be 20 pm by the
manufacturer. Figures 4(a)—4(e) illustrate the reconstruction re-
sults, resolution characterization, and line profile. FRC analysis
showed a lateral resolution of 34 pm, and the line profile of the
predicted sub-millimeter depth map showed a mean absolute
error (MAE) of 0.536 mm and a root mean square error
(RMSE) of 0.669 mm against the GT, with a standard deviation
(STD) of 0.531 mm.

Packaging Foam Piece. We also imagined a cuboidal piece
of packaging foam, a challenging object with rough material and
naturally small features. The manufacturer-specified height of
the piece is 24.60 mm, which we verified using precision cal-
ipers. FRC analysis indicated a lateral resolution of 27 pm,
and the reconstruction and analysis results are presented in
Figs. 4(f)—4(j). The line profile of the predicted depth map
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Fig. 4 Characterization of the imaging system. (a) 3D-printed pyramid rendering. (b) All-in-focus
composite image and predicted depth map. (c) Line profile of the sample along the green line
in (b). (d) Packaging foam piece rendering. (e) All-in-focus composite image and predicted depth
map. (f) Line profile of the sample along the green line in (e).

(C) Clay Cup (D) Whale Tooth Carving

Fig. 5 High-resolution RGBD reconstructions of large objects. For each object, (a) shows the all-
in-focus composite image, and (b) shows the depth map. Insets (c) and (e) are enlarged images of
the all-in-focus composites, and insets (d) and (f) are enlarged images of the depth maps. Our
method can identify small surface features like holes (A) and divots (C), effectively reconstruct
objects with height variations much larger than the DOF (B), and is robust to variation in object
material (D).
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Fig. 6 3D rendering using reconstructed RGBD data. (a)-(c) show 3D renders of an object imaged
by our system in different lighting conditions. (d)—(f) show enlarged renders of the marked region
under the same lighting conditions. Due to the high spatial and depth resolution afforded by our
method, small surface variations can be seen easily.

confirms sub-millimeter depth resolution, with an MAE of
0.919 mm and RMSE of 2.473 mm compared to the GT, with
an STD of 2.456 mm. The lower accuracy stems from the dis-
continuous nature of the object, especially at the edges, where
the algorithm’s continuous approximation caused boundary
erTors.

Digitization and Rendering of Historical Objects. To
showcase our method’s ability to image and digitize complex,
large-scale objects, we collaborated with a local museum to cap-
ture cultural heritage artifacts. These objects varied in size (ex-
tending several centimeters) and shape (often with significant
3D depth and curvature), and included diverse material types
such as stone, clay, terracotta, whale tusk, and fabric. Several
3D reconstruction results are shown in Fig. 5. Please also refer
to the Visualization 1 for 3D renderings of these reconstructed
objects. Our method accurately captured the 3D structure across
both reflective and diffuse surfaces, offering valuable insights
into fine details like pores and cracks. For example, in Fig. 5(A),
insets (c) and (d) display a horizontal ridge near the top of the
image, while insets (e) and (f) reveal a small pore in the object’s
surface. Similarly, Fig. 5(C) showcases the uneven base [insets
(c) and (d)] of a clay cup as well as small divots [insets (e) and
(f)] in the surface. Figure 5(B) highlights our method’s ability to
effectively image highly curved objects, with the photometric
reconstruction in insets (c) and (e) remaining sharp despite sub-
stantial depth variations, far exceeding the system DOF.
Figure 5(D) demonstrates our system’s versatility with different
materials and textures. Here, the object—a smooth reflective
whale tooth—is imaged accurately alongside a cloth back-
ground, with insets showing accurate depth reconstructions
for both materials.

Our experimental results in 3D digitization of historical ar-
tifacts highlight the capabilities of our imaging prototype and
reconstruction method to capture complex objects accurately,
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with potential applications across fields requiring high-detail
rendering.

For instance, Fig. 6 demonstrates small surface variations in
3D renderings, as revealed by shadows under varied lighting
conditions. The renderings are derived from the reconstructed
RGBD image of the object shown in Fig. 5(A). This high-
resolution capture of surface details—such as fine textures
and depth changes under different lighting conditions—
supports applications in medical imaging, where precise surface
topography aids diagnostics, and in AR, where realistic object
rendering enhances immersion. Specific to artifact digitization,
our method also contributes to preservation, conservation, and
informed storage strategies, reducing risks from handling and
transport. By capturing fine features like pores in sculpted ma-
terials or highlighting intricate surface textures, our setup not
only enriches cultural heritage documentation but also supports
their long-term digital preservation.

Overall, these experiments demonstrate that our imaging sys-
tem and software offer a versatile solution for capturing com-
plex, large-scale objects with sub-millimeter depth accuracy
and micron-scale lateral resolution, effectively handling diverse
materials and challenging surface geometries. Please see the
Supplement 1 for additional results.

6. Conclusion and Future Work

We developed a multi-camera array imaging system and a novel
reconstruction algorithm for micron-scale RGBD imaging at
gigapixel resolution. Our system achieves detailed 3D scans
across a 135 cm? FOV, capturing complex objects with up to
8 cm height variations and spatial resolutions below 40 pum.
Without modifying the optics in our current system, attaining
higher resolutions is possible with additional scan steps, though
this increases scanning and processing time. Additionally, the
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system is scalable to larger FOVs, either through lateral scan-
ning or by expanding the micro-camera array, allowing adapt-
ability for larger-scale objects.

Our current system captures and renders detailed views of the
top surface of the objects from a single macro-perspective. In
future iterations, we aim to incorporate a rotational kinematic
mount for multi-perspective scans at resolutions of tens of mi-
crons or finer, enabling comprehensive 3D modeling with neural
rendering techniques like NeRF™! or Gaussian splatting™"..
Additionally, our system demonstrated accurate height mapping
across various shapes and materials, although highly reflective
or transparent surfaces present challenges. Integrating structured
illumination could effectively address these issues, improving
depth accuracy for such complex surfaces. Overall, the proposed
system serves as a powerful tool for precision capture of high-
resolution intricate surface detail, making it invaluable for ap-
plications such as digital archiving and immersive AR/VR.
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