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Fig. 1: SAVMap generates per-aisle wireframe maps of warehouse lights and shelves from a panoramic video.

Abstract— Precise 3D representations of industrial environ-
ments enable tasks such as robot localization and digital twin
generation. We propose SAVMap, a method for generating a
semantic wireframe map of warehouse shelf and light structures
using only a panoramic video camera as the sensor input.
Sequences of rectified images with shelf and ceiling-facing views
are extracted from a panoramic video captured along the ware-
house aisles. Using a semantic segmentation network front end,
a set of sparse, semantic structure feature points (e.g., corners of
shelf structures, centers of lights) are extracted from each image
and tracked across the sequences. By accounting for real-world
geometric relationships among the points such as Manhattan
grids, a constrained structure-from-motion algorithm yields the
3D points that form a wireframe map. We demonstrate the
scalability and accuracy of our proposal in a warehouse with 46
shelving rows, each with faces spanning 55m by 7m. From an
hour of panoramic video content, we create wireframe maps for
over 5000 shelf elements across the rows, achieving an aggregate
mean absolute error of 4.8 cm with respect to ground-truth.

I. INTRODUCTION

Digital 3D representations of structured environments such
as warehouses and factories enable important foundational
technologies such as robot localization and digital twin
generation. These technologies can in turn be used for
higher-level applications such as collision avoidance, process
optimization, and inventory management.

Point clouds are often used as 3D map representations
because of their versatility and accuracy, and there is a rich
literature on their generation using various sensor modalities
(e.g., laser scanner, RGB, RGB-D cameras) and applying
both classical and learning-based strategies. While effec-
tive for general-purpose mapping, point clouds provide no
semantic information, and when derived from 2D images,
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visually repetitive environments can lead to drift, distortion,
or outright failure.

To address these challenges, we propose Structure-Aided
Visual Mapping (SAVMap), a pipeline that constructs a
sparse, semantically meaningful wireframe of feature points
based on structures in the environment. For example, the
warehouse shelving face in Figure 2 consists horizontal and
vertical elements, and the feature points are the edge vertices.
SAVMap estimates the coordinates of all edge vertices in
an aisle by imposing geometric constraints such as the
Manhattan grid. From the 3D coordinates and semantic labels
(e.g., “feature 15 is the upper-left corner of the top horizontal
element of Section 1) the spatial occupancy of the shelf face
can be characterized.

We note that, if necessary, the wireframe map could be
aligned with a point cloud created via another modality,
providing refinement and semantic context. While the shelf
face points lie on a 2D plane, they occupy a 3D space when
observed by a camera sensor. In this sense, the points are
”2.5D”, but in general we will refer to them as 3D.

The general goal of SAVMap is to accurately reconstruct
the labels and 3D coordinates of relevant information-bearing
structure points, using only panoramic video input. Our spe-
cific environment of interest is a warehouse with repetitive
and cluttered shelves. We aim to create a map of only the
static shelving and light infrastructure, because they can be
relied on for localization if the shelf contents change. We
illustrate the end-to-end SAVMap process in Figure 1:

o Panoramic video capture and view rendering. Us-
ing only a consumer-grade panoramic video camera,
SAVMap automatically generates rectified sequences of
views (e.g., shelf- or ceiling-facing). The process is sim-
pler than using multiple cameras because it eliminates
the need for manual orientation, manual calibration, and
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camera synchronization.

o Structure detection. A lightweight semantic segmenta-
tion network identifies structures of interest with binary
pixel masks. From the masks, we determine boundary
lines whose intersections yield a set of sparse structure-
based feature points. Unlike generic visual point detec-
tors (e.g., SIFT, ORB, SuperPoint), this step ensures that
points directly correspond to semantically meaningful
objects.

« Robust structure tracking. Correspondences for the
structure points need to be established across the image
sequences, and we introduce a tracking algorithm to
handle missed or spurious detections.

o Constrained Structure from Motion (SfM). To esti-
mate the 3D coordinates, we propose a modified STM
that incorporates real-world geometric constraints tied
to the Manhattan grid.

Using a panoramic video sensor, efficient front-end segmen-
tation targeted on only structures of interest, and light-weight
processing of sparse point sets, our proposal is a low cost,
low complexity pipeline that creates semantic and accurate
warehouse maps at scale that are robust against visual clutter.
Our main contributions are as follows:

1) New mapping paradigm. We introduce a framework
that leverages semantic understanding with real-world
geometric constraints for creating accurate, sparse 3D
representations of structured environments from 2D
images.

2) Robust implementation. We implement an end-to-end
pipeline for this framework, starting from panoramic
video. The pipeline extends known techniques and
adds handcrafted components to ensure robustness for
missing geometric structure.

3) Real-world demonstration. We test our proposal
in a real warchouse environment and demonstrate
centimeter-level accuracy at scale in comparison to a
ground truth map.

II. RELATED WORK
A. Direct scanning

Companies like Leica, Navvis, and Matterport employ
laser scanners augmented by RGB cameras to directly create
very accurate and dense color point clouds. Contemporary
models incorporate IMUs and VIO to enable mobile scan-
ning. While these devices can achieve sub-centimeter accu-
racy at distances of 10s of meters [1], they are very expensive
and create unordered point clouds with no semantic meaning.
(As an exception, Matterport is able to automatically create
floor plans [2].) In comparison, SAVMap creates minimally
sparse yet meaningful maps with much lower device cost.

B. General 3D reconstruction from 2D images

Using sets 2D image data, this class of techniques simi-
larly creates unstructured point clouds but with lower den-
sity. A baseline implementation of classical techniques like
structure from motion and multiview stereo are implemented
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Fig. 2: The SAVMap wireframe map consists of connected
feature points, each with a 3D coordinate and semantic
label. The numbers indicate point labels used in the StM
optimization, and sets Cy,7¢ and Rg,¢ contain points for
column/row ¢ of section s

in the COLMAP software library [3][4]. More recently,
DUSt3R [5] was introduced as a pioneering transformer-
based learning technique for 3D reconstruction. But its
performance has been surpassed by MASt3R [6] and then
VGGT [7].

The classical image-based techniques often struggle in
visually repetitive environments in attempting loop closure
and bundle adjustment. And as we will see in Section IV,
even VGGT is not robust in these cases either.

C. 3D wireframe reconstruction

The generation of 3D wireframes from 3D point clouds has
been addressed by a number of learning-based approaches
recently [8] [9][10] [11][12], but they require high-quality
point clouds and are therefore not relevant for comparison
with our approach.

Classical approaches for 3D line-based representation
include generalized SfM frameworks for line segments
[13][14], a technique for create 3D line clouds (Line3D++)
[15], and a generalized library for 3D line mapping [16]
Recent learning-based approaches include LC2WF [17],
SOLD? [18], the winner of a recent 3D reconstruction
competition [19], and Edge-NeRF [20]. As with the point-
based approaches, these techniques perform poorly in repet-
itive environments. SOLD? may be more robust, but their
model is more computationally complex than our lightweight
front-end segmentation model. And all other learning-based
approaches rely on information (e.g., line clouds, pose infor-
mation) derived from classical techniques.

III. METHODOLOGY

In this section we describe the detailed steps of our
proposal in Figure 1 for a warehouse environment.
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Fig. 3: Left: The video capture system (Step A) consists of
a panoramic camera mounted on a tripod and cart. Right:
Trajectory of cart weaving through the warehouse aisles.

A. Panoramic video capture

The panoramic camera is mounted on a tripod and placed
on a cart, with the camera height adjusted so it is roughly
centered on the scene of interest. The cart travels up and
down the aisles of the warehouse as shown in Figure 3,
possibly requiring two passes per aisle in order for the
camera to fully capture the shelf face. Compared with using
multiple synchronized conventional cameras, the panoramic
camera offers more flexibility, especially with the automated
rendering process described below.

B. Rendering views.

For a given aisle, rectilinear shelf-facing and ceiling-
facing views are rendered from the panoramic video. While
the field of view and camera orientation can be adjusted
manually, we develop an automated rendering process (using
the opensource py360convert library that supports conver-
sion between panoramic equirectangular and planar formats)
which iteratively adjusts the orientation and field of view
parameters based on the desired visibility of structures. For
the shelf view, the complete vertical extent should be visible
for the entire aisle video with minimal a field of view, and
for the ceiling view, at least two lights should be visible to
resolve yaw estimation ambiguity.

If the panoramic camera is properly calibrated [21], im-
ages rendered from given desired intrinsic parameters will
conform to a pinhole model.

C. Detect structures

The goal of this step is to detect the relevant structural
elements to be mapped. Often objects in built environments
can be characterized by planer surfaces and represented by a
sparse set of connected points. The output of this step is the
2D point coordinates and semantic label used for defining
connections. A block diagram of this process is shown in
Figure 4, with sample outputs for the shelf facing view.

1) Segment structures. Images are processed by an seman-
tic segmentation neural network pre-trained to identify
pixel regions associated with structures of interest:
horizontal shelves, vertical shelves (from shelf-facing
images) and lights (from ceiling-facing images). A
confidence threshold is fixed as a parameter to balance
false alarm and missed detections. Four types of errors
occur in this stage for the shelf-facing view. First, a
structure is not detected because its confidence value
is below the threshold. Second, the opposite happens
and multiple overlapping masks are given for the
same structure. Third, in the length dimension of the
shelf structures, the segmentation masks are sometimes
incomplete. Fourth, in the width dimension, the mask
sometimes exceeds the extent of the shelf face because
the network misinterprets the structure edge as being
part of the face. As we will discuss, each of these
impairments affect the downstream processing steps
and eventual performance.

2) Detect boundaries. Given the segmentation mask of
shelf structure, we identify boundary pixels for each
edge and compute best-matched line segments accord-
ing to an ordinary least-squares fit method, as shown
in Figure 5.

3) Remove outliers. Errors in the segmentation network
lead to different types of false detections. We introduce
heuristic checks for overlapping structures (keep only
the longest one), structures whose edges are askew
(remove those whose extended edge intersections lie
within the image plane extended by 20% in each
dimension), and vertical structures that are too short
(remove those that are shorter than 5/8 of the vertical
image dimension). At this point, the vertical elements
can be tracked over the image sequence to determine
the total number of sections.

4) Determine boundary intersections. Vertical boundary
pairs are extended to the image frame edges, and hori-
zontal boundary pairs are extended to the next detected
vertical pair. The coordinates of the intersection points
are calculated and given a label for the section and
”side” (e.g., left or right side of a section).

For the ceiling facing views, a similar process is used to
extract the center points for the detected lights. If strip
lighting is used, the endpoints would serve as the detected
features.

D. Track structures

At output of of the detection process (Step C), we have
the 2D structure points for each of the images in a view
sequence, including labels to indicate the section. The goal
of the tracking process (Step D) is to determine the number
of horizontal shelves per section, assign correspondences of
the intersection points across images, and complete the labels
for all points.

From the sequence of images, we determine those in which
a given section’s left and right vertical elements are visible.
We count the number of horizontal elements by clustering
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Fig. 5: Boundary detection (Step C2) for a horizon-
tal shelf structure. From the edge pixel coordinates
(u1,v1), ..., (Un,vy,), the boundary line segment derived
from an ordinary least squares fit is v; = mu; + b, where
m, b7 = (ATA) ' ATv.

the image coordinates of the left points and distinguishing
the groups with a kernel density estimation (KDE) algorithm.
For a set of 65 images for a given section, Figure 6 shows
the vertical image coordinates of detected horizontal element
points, corresponding to the left intersection points. There is
some minor variation in the coordinates due to the camera
drift as it moves down the aisle. There are some missing H
detections, missing V detection (indicated by blanking), and
a set of false H detections (which are rejected).

E. Constrained SfM

Given a set of feature points (S;) tracked across a se-
quence of N 2D images for a given aisle, the goal of SfM
is to estimate the 3D coordinates of the points and the 6DoF
camera pose (3D rotation R; and 3D translation ¢;) in the
world (aisle) frame. This is solved by minimizing the sum
error between the point observations z; ; and reprojected
points P(R;,t;,S;). We impose real-world geometric con-
straints on the coordinates to avoid convergence to a spatially
meaningless solution.

For the shelf face case shown in Figure 2, we can write
an SfM problem statement, constraining the points to lie on

Missed V
detection

. ZU—— .
—200 8280832822 3002288080000800000202088022200000222828888 Sannnnganenss

jsssssssantnnnnnnsninn "'"“"'D’ ﬂ!lﬂt:::::uuuuuu
l"lllﬂ!“ll"ll"l“lllllHHHHHDHHHHN"OU CCLTTTTTTTT I

-100 Missed H

detection

False H
detection

i -..."i.l.....i......-..h....Z:SHISHHHHHHHSH“H

HIH M TR T ..::ﬂ::u:umm sesnsssseeee

i .

0 10 2 0 a0 50 60

Y image index

Fig. 6: Vertical image coordinates of detected horizontal
element points for a section.

a 2D Manhattan grid:

min E W;, 4 ||xi,j — P(Ri,ti,Sj)HQ , subject to:
R;,t;,S; “—
1,

Siw=28;2,Yi,j€ Coeeei0,....N© —1}
Siy=5;y,Vi,j € Ryryr€{0,..., NI — 1} 3 Vs
Siy = Pret,s,% = Ro 0

Sj,z = O,Vj,

where, for each section s, the first condition constrains any
point belonging to the edge of a given vertical element should
be aligned with the same x coordinate value. Similarly,
the second condition constrains the y coordinate of points
belonging to the edge of a given horizontal element. The third
condition is a metric constraint for the height of the bottom
edge of the lowest horizontal element for each section. The
fourth constraint places all points in the zy plane of the world
frame.

As shown in Figure 8, the shelf point coordinates are
initialized to lie on a 2D Manhattan grid on the xy plane with
equal spacing. Assuming smooth motion of the camera along
the length of the aisle, the initial X coordinate of the camera
translation is set to nL/N, for image n = 0,...,N — 1,
where L is the approximate length of the aisle. The initial
Y and Z coordinates of the camera translations are fixed
and set respectively to the approximate camera height and
distance from the shelf face. Leveraging the Manhattan
grid assumption, the initial 3DoF camera orientation can be
computed for each image based on the vanishing points of
the largest rectangle formed by the detected horizontal and
vertical elements [22].

A conventional SfM optimization can be solved using a
factor graph framework [23], where variables are the un-
known 3D points and camera poses, and factors are statistical
characterizations of the variables based on prior information
or measurements. Each factor adds a term to the cost function
which the optimizer attempts to minimize. Once an SfM
problem has been cast as a factor graph, the optimization can
be efficiently solved using software libraries such as GTSAM
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Fig. 7: GTSAM code for implementing SfM constraints

[24].

To add the constraints, it is possible to generalize the
factor graph framework to incorporate Lagrangian constraints
[25] or to introduce custom factors for GTSAM. Instead
we simply work with existing GTSAM templated classes
BetweenFactor and PriorFactor, shown in Figure 7
The first is used to constrain the translation between two
points, and the second constraints a point to a given value.
Both constraints are up to a Gaussian noise model. For
example, to constrain the X coordinate of points in a column
for S; z, 5,2, we use the BetweenFactor class and set the
difference and noise variance for the X (first) dimension are
zero. The difference for the other dimensions are arbitrary
(indicated by a, but set in practice to zero), and the variance
is set to 1e9, indicating no constraint. The PriorFactor
is used in a similar fashion.

After the SfM process provides the shelf coordinates and
camera poses based on the shelf-facing view, we can turn our
attention to the ceiling view and solve a similar StM problem
to determine the light coordinates. Each ceiling view image
corresponds to a synchronzed shelf view image. Hence for
the ceiling view sequence, we create a new set of camera
variables which constrained to have the same position as
the corresponding shelf view cameras (which are known and
fixed). Geometric constraints can be applied to the lights,
such are requiring them to lie on a line parallel to the aisle
with a fixed Z if justified by visual observation, and the
GSTAM solver can determine the light positions and camera
orientations.

IV. EXPERIMENTS

The SAVMap system has been tested on data from a
commercial warehouse consisting of 46 shelving rack rows,
each about 55m long by 7m high. The width of the aisle
between rows is about 2m, and the total shelving footprint
is about 8000 m?. Each row consists of 15 sections, with
average width of about 3.7m. There is a bridge section in
the middle of each row, with 5 to 11 horizontal shelves per
section on either side of the bridge. The contents of the
shelves is heterogenous and includes boxes of different sizes,
wrapped pallets, and loose items.
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Fig. 8: Conventional SfM without structural constraints could
lead to a meaningless result. Constrained SfM results in an
accurate map.

A. Preliminaries

Panoramic video capture. We use a consumer Insta360
X4 panoramic camera mounted at a height of about 3m, less
than half the shelf height. Because of the narrowness of the
aisle, we required two passes per aisle for the video capture.
The cart was pushed at a casual walking speed of about
Im/s, so a single row can be captured in about a minute.
Considering the overhead for traveling between aisles, the
46 rows can be captured in an hour. The camera captures a
high-resolution (7680 x 3840) panoramic video at 30 frames
per second. The video content is compressed as an MP4 file
at roughly 1GB per minute for a total of about 60GB.

Rendering. Image sequences of the shelves and ceiling
were rendered at VGA resolution (640x480 pixels) at 15
frames per second. For shelf views, a wide angle field of
view of about 150° was set by the automated rendering
Step B, and the ceiling view field of view was set to 110
degrees. If the camera is 1.5m away from the shelf face,
each pixel in the vertical dimension corresponds to about
2.3cm = 1500 tan(150°/2)/(480/2). For the ceiling facing
images, the focal length was set to 110°.

Structure detection. For semantic segmentation, we use
the YOLOVS [26] computer vision model developed for high-
efficiency object detection tasks. To provide more robust
detection on the light and shelf elements, we fine-tune
the baseline model using only a few hundred hand-labeled
images drawn from shelf and ceiling-facing sequences.

Ground truth. For each shelving row in the warehouse,
a ground truth map from shelf parameters (Horizontal (H)
and Vertical (V) widths and gaps) was generated from
construction documents and data sheets and verified through
manual measurements. The minor expansion of the structure
(about 3mm/m in height and 25mm/m in width [27][28])
is not accounted for. The light position accuracy is not
characterized, so no ground truth is required.
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B. Baseline aisle performance

As a baseline, we focus on a single row with dense
shelving (up to 11 horizontal elements per section). The map
output for the shelves and lights is shown in Figure 9 with
shelf-facing and ground-facing views. (Note the different
scales for the axes.)

For the shelf view, the mapped shelving is shown as
dashed lines on top of the yellow solid ground truth. (High-
lighted in red are a minority of horizontal edges with absolute
error of more than 5cm.) As a result of the SfM constraints,
the shelf elements lie on a plane and conform to a Manhattan
grid. The ground view shows the vertical elements, lights,
and camera position (starting from about X=0m and moving
to the right) for 771 images.

For each parameter (H or V, element or gap width),
we calculate the error p — p, where p is the ground truth
parameter and p is the estimate. A box plot of the errors,
typically in the single-digit centimeter range, is shown in
Figure 10. The element widths tend to be overestimated (i.e.,
the mapped element is wider than ground truth) because the
computed boundaries at the output of Step C2 tend to lie just
outside the structure edges instead of on it. Conversely as a
result, the gaps tend to be underestimated.

For the vertical structures, the absolute gap error slightly
exceeds the element error, contributing to an accumulated
underestimation of the total aisle width. Hence as seen in
Figure 9, the rightmost vertical structure seen at the end
of the sequence is to the left of ground truth. For the
horizontal structures, the gap and element errors are balanced
in magnitude, so the mapped edge coordinates are more
accurate but less precise. By aggregating the absolute values
of the errors across the 4 classes we can compute the mean
absolute error to be 4.0 cm.

C. Scaling robustness

We apply the SAVMap process to 46 shelving rows in
the warehouse, consisting in total of 736 vertical elements
and 4920 horizontal elements and stretching over 2km of
horizontal distance. The maps of ten consecutive rows are
shown in Figure 12, starting from our baseline (A21b). As
we did with the baseline row, the error for each shelf map
parameter is computed with respect to ground truth. These
errors were aggregated over 46 rows, and the resulting box
plot is shown in Figure 11. The error distributions are wider
as result of more outliers across the larger dataset, however
the vast majority of errors remain below 10cm. The means
(red lines) of each error type remain about the same as the
baseline, indicating consistent performance across aisles. The
mean absolute error, calculated over the aggregate results is
4.8cm. In total, these results demonstrate that the SAVMap
process is robust at scale and has accuracy approaching that
of reality-capture devices.

D. Qualitative comparison

Using the baseline rendered shelf view image sequence,
we use a conventional COLMAP [3][4] process to generate
a dense point cloud. Due to the repetitive shelf structure, the
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Fig. 9: The map of shelves and lights generated by SAVMap
for the baseline aisle A21b, shelf-facing (top) and ground-
facing (bottom) views. For the shelf view, the mapped
shelving (dashed) is superimposed on ground truth.
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Fig. 10: Box plot of map parameter errors compared to
ground truth, for baseline aisle A21b in Figure 9. The mean
absolute error across the four variable types is 4.0 cm.

algorithm fails to initialize, even when running in the most
computationally intensive exhaustive matching mode.

We also process the baseline sequence using a state-
of-the-art VGGT [7] network for generalized 3D scene
understanding. Because of the large memory requirements,
the multiple sections were each rendered separately and
manually stitched to align the bottom shelves. As seen in
Figure 13, the reconstructed aisle is reasonable in some areas
but severely distorted in others. Compared to SAVMap, the
VGGT representations are not usable for localization and
lack semantic meaning.
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errors over all 46 shelving rows. The mean absolute error
over the measurements (2890 element width and 2547 gap
width) is 4.8 cm.

V. CONCLUSIONS

SAVMap is a low-cost technique for creating accurate,
semantic 3D maps of warehouse infrastructure at scale using
panoramic image input and leveraging real-world geometric
constraints on the structures. This approach was validated
in a operational warehouse containing over 2 kilometers
of shelving, where we generated detailed maps for every
aisle, using just one hour of panoramic video collection.
Collectively, the maps achieve a mean absolute error less
than 5cm versus ground truth, demonstrating the capability
to capture large-scale infrastructure efficiently.

Unlike general image-based reconstruction techniques, our
specialized mapping approach offers lower cost, reduced
computational complexity, and greater robustness in visually
repetitive or cluttered environments. The resulting sparse
maps can be used for localization, for example, using a
similar front end based on semantic segmentation [29].

While we demonstrated SAVMap on warehouse shelves
and lights, it could be extended to map other objects such
as signs, labels, boxes, pallets, and containers. The pipeline
would need to be augmented to segment and process the
new object classes. As we mentioned earlier, fine-tuning
the semantic segmentation network for new objects requires
training with only a few hundred labeled images, and the
remaining processing should be generalizable in a straight-
forward manner.

We have implicitly assumed that our proposal is designed
for offline generation an initial environment map. As such,
the complexity of the processing was not considered. How-
ever, the process is actually very lightweight as a result
of the YOLOVS8’s efficiency and processing of the sparse
point sets. We have implemented the model on a mobile
compute platform and have demonstrated real-time image
segmentation up to 5 frames per second. Hence SAVMap
could potentially be implemented for real-time, device-based
mapping of dynamic environments.
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Fig. 13: VGGT output from A21b baseline input images.
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