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Factor graphs for inventory label scanning in
warehouse

Darshan Kalyanasundaram (5351170)

Abstract—A key important part of a warehouse operation is
to keep track of the products in the warehouse. Traditionally,
handheld scanners are used to scan the products to perform
a stock count. The advancements in robotics have paved the
way for new technologies that can improve the scanning process.
This work shows how prior knowledge and warehouse structure
can be used to perform scanning operations. The method uses
a localized camera in the warehouse whose estimates drift over
time and the knowledge about the environment to estimate the
correct location of the product using factor graphs. The proposed
method shows by exploiting the structure of the warehouse the
drift in the VIO(Visual Inertial Odometry) can be reduced and
the position estimation of the location labels can be improved.

Index Terms—factor graphs, warehouse, inventory scanning

I. INTRODUCTION

Warehouses play a key part in storing and transporting mate-
rials from different locations to the customers. It is important
to keep track of all the materials that are currently present
in the warehouse. This is achieved by inventory counting, a
process to take account of all the stock currently present in the
warehouse. The most common method of inventory scanning
is using a handheld barcode scanner. While this method is
widely used, it leads to inventory counting errors. An error
can lead to a misplaced or a lost package which might be
extremely hard to find thus increasing the time of delivery of
the product. XOsight, a startup in Delft, aims to tackle the
errors caused by inventory counting by using computer vision
and machine learning methods.

The stocks in the warehouse are identified by a unique
barcode which we refer to as a location label (Fig. 1). During
inventory counting, the location label is scanned using the
handheld scanner to perform stock counting. An error occurs
when the label is scanned incorrectly due to a lapse in
the human operator’s attention. Handheld scanning for large
warehouses becomes time-consuming and requires a large
workforce. The handheld scanner has a limited range which
makes it difficult to deal with large packages or difficult-to-
reach areas.

In this work, we try to address the limitations caused by
a handheld scanner using a camera-based scanning approach
which can localize the location labels in the warehouse.
XOsight already uses a camera-based system to localize the
location labels in the warehouse. The localization of the
labels is achieved using a VIO (Visual Inertial Odometry)
[1] algorithm. When the drift in the VIO is significantly
high, the localized labels have incorrect positions. These
incorrect position estimates are undesirable as they can lead
to misplaced packages. In this work, we address this problem

by using factor graphs [2]. We use Gaussian priors and known
constraints by exploiting the warehouse structure to estimate

Fig. 1. A typical location label in the warehouse.

correct positions of the location labels. The developed method
is validated using a real-world dataset.

II. RELATED WORK

In recent times, the use of robots in stock counting has
increased due to advancements in robotics. [5] proposes a
LiDAR-based system to map and localize inside the ware-
house at high speeds using an aerial drone. The method uses
RFID tags and April Tags to perform stock counting. The
stock position is estimated based on the RFID, April tag
measurements and the drone position. A prior map of the
warehouse is obtained from manual flight which is then used
to localize the drone in the warehouse. The high speeds of
the drones are ensured by the A∗ algorithm which acts as a
local planner and reactive obstacle avoidance method to avoid
dynamic obstacles. In addition to this, a visibility constraint is
added such the path generated is always in the field of view
of the LiDAR.

A CNN-based barcode detection was proposed in [7] to
perform inventory counting. This work builds upon [6] which
proposes a heterogeneous approach to localize a UAV (Un-
manned Aerial Vehicle) in a warehouse-like environment using
a UGV(Unmanned Ground Vehicle). In [7], the barcodes are
detected using CNN which is used to optimize the trajectory
of the drone. The optimized trajectory is then used to scan the
barcodes using a laser scanner. Both the approaches [6] and
[7], rely on the UGV to get the global position of the UAV.

A sensor fusion technique based on multiple sensors using
cameras, a 2D laser scanner, a 1D range sensor and an IMU
was proposed in [8] to perform autonomous navigation using



UAVs in the warehouse. The proposed method also uses
April tags whose positions are stored in an XML map. The
measurements from the sensors are used to estimate relative
and absolute 6D pose and altitude. The April tags are detected
to estimate absolute 6D pose since their prior position is
known which can be used to counter the drift in the system.
The estimated quantities are then fused with an extended
Kalman filter (EKF) to get a better estimate of the position
of the UAV. The proposed method in [8] explains only the
navigation part and leaves out the inventory counting process.

[10] presented SPM-SLAM algorithm that can be used
to map large environments using markers. The system uses
two initialization techniques to initialize the system based on
marker observations. If the pose of the marker is detected
without ambiguity( where there are two possible rotations for
a single frame) then the system uses one frame initialization
method. If there is a marker detected with ambiguity then
it uses two two-frame initialization methods to initialize the
system. The system uses keyframes to create a map. The
markers are added to the keyframe only if they have the
pose detected without ambiguity. The growth of the map is
limited by removing keyframes that are redundant. When a
new keyframe is added to the map the system performs local
optimization where the new keyframe and the neighbouring
keyframes are optimized. When no markers are observed
the system enters relocalization mode until a new marker is
observed. The system performs loop closure when a previously
observed marker is observed again. All the keyframes are
stored in a graph structure where the edges represent the
constraints between the keyframes which here is the relative
transformation between the frames. Before adding a loop
closure, the drift accumulated is corrected by minimizing the
error across all the edges. This is done to avoid incorrect
estimation of the pose of a new marker which may be observed
in the loop closing frame. When all the markers are observed,
the graph containing all the keyframes and the poses along
with the camera intrinsic parameters are subjected to global
optimization.

[11] proposed a new marker-based SLAM approach which
uses odometry information from a VIO algorithm to create
a map with the markers. The odometry data is combined
with the tag measurements from the camera which detects the
corners. The combined data is used to construct a factor graph.
TagSLAM considers all the frames with tags as a keyframe.
To exploit the sparsity in the keyframes, iSAM2 is used to
estimate correct tag poses. TagSLAM can incorporate priors
in two forms. If the exact pose of the tag is known then this
can be added as an absolute prior. If the distance between
two tags is known this can be added as a relative pose prior.
The incoming measurements are stored in a full graph which
contains all the past measurements to the latest measurement.
When the measurements in the full graph can be initialized
then they are stored in the optimized graph which forms a
well-constrained problem. TagSLAM uses subgraph discovery
where the full graph is traversed till all new variables become
determinable. When the discovery of all the new variables

is completed using subgraph discovery, these subgraphs are
subjected to optimization without using ISAM2. Based on
the error threshold, the subgraph is then transferred to the
optimized graph which is optimized using ISAM2. TagSLAM
is able to reduce the drift occurring in the VIO with the help
of tags. The main reason for the reduction in the drift is the
loop closure with the help of the tags.

[12] is an extension of SPM-SLAM where it uses keypoints
in addition to tags. Keypoints are specific points in an image
which can be used to represent an image. These keypoints are
extracted from the image using feature descriptors. UcoSLAM
can also work only with keypoints or only with tags when
either keypoints or tags are available. This provides great
flexibility in its operational environment. When only tags are
available, UcoSLAM behaves as SPM-SLAM. UcoSLAM uses
a connection graph where the vertices are keyframes and the
edges are weights. These weights are given based on how
many keypoints and tag corners are present in a connected
frame. If there are ten keypoints that are seen in two keyframes
then a weight of ten is assigned to the edge connecting those
keyframes. Similarly, if a tag is visible in two keyframes then
a weight of four is assigned to the edge connecting the two
keyframes. The weight of four represents the four corners of
the tags. The bag-of-words approach is used for keyframe
recognition. UcoSLAM runs a map manager on a parallel
thread which performs loop closure based on keypoints. The
map manager also performs keyframe culling to keep the
system from using high computational resources. The tag-
based loop closure and culling are the same as SPM-SLAM.
The global optimization is performed when no more keypoints
or tags are available to process.

The method proposed in [5] requires special RFID tags
and April tags to estimate the product locations which makes
it difficult to adapt to warehouses which do not use RFID
tags. Also, a prior map of all the April tags is required
to perform proper localization. While the method [7] uses
the barcodes in the warehouse to optimize the trajectory the
results presented in the paper are tested for a very small
trajectory. The method also requires additional ground robot
for proper localization in the warehouse which makes the
system complex. The method proposed in [8] showcased the
sensor fusion approach to perform inventory counting in the
warehouse. However, a prior map of April tags is required to
perform proper localisation. The use of multiple sensors also
makes the system heavy and expensive. The methods [10],
[11] and [12] can be used to perform inventory counting and
reduce the drift in the system if some prior knowledge is
known about them. The use of marker-based SLAM in the
warehouse might sound like a good idea. But the modern
warehouses already have a standardized system which uses
location labels to perform inventory counting. The marker-
based SLAM would complicate the existing infrastructure that
is already in place. This work aims to perform inventory
scanning using a camera and estimate the position of location
labels in the warehouse without any additional sensors and
markers as discussed in the above methods. This method shows



how the position of the location label can estimated from a
drifting pose estimates over time and also how the environment
structure can be used in estimating the position of the location
label. In the following sections, the methodology, the dataset
and results will be explained in detail.

III. FACTOR GRAPHS

A factor graph (Fig. 2) is a bipartite graph which can be
mathematically expressed as F = (U,V,E). There are two
types of nodes in a factor graph which are known as variables
xi ∈ V and factors ϕi ∈ U. A factor node ϕi is connected
to a variable node xj through edge eij ∈ E. The variable
node xi represents the quantity in the problem that needs to
be modelled. In our case, this quantity is a pose in 3D space.
The factor node ϕi contains the constraints connecting two
variable nodes xi and xj . In our case, this factor would be
a relative pose constraint between two poses. A factor graph

Fig. 2. An example of a factor graph. Here the white circles are the variable
nodes and the black circles are the factor nodes. Note that the variable nodes
x0 and l1 have additional factor nodes which are not connected to any other
variable node. These are called unary factors. An example of an unary factor
is a prior factor node which encodes the prior knowledge of the variable node
connected to itself.

provides a graphical representation of the factorization of a
function. The factorization of a function X is given as,

ϕ(X) =
∏
i

ϕi(Xi) (1)

To understand the above equation let’s look at the equation
below,

f(a, b) = g(a) ∗ h(b) (2)

In the equation 2, the right-hand side contains two individual
functions g(a) and h(b) whose product gives a new function
f(a, b). The functions g(a) and h(b) are the factors of the
global function f(a, b). The factors are used to understand the
local properties of the global function. Similarly, in equation
1, the right-hand side contains the factors that model the local
properties whose product gives the global function ϕ(X). The
global function ϕ(X) represents the problem that needs to be
solved.

The ability to model the local properties of a complex
problem makes factor graphs attractive to use in the robotics
domain. It also allows to use domain domain-specific knowl-
edge which can be added as factors to the graph structure
which can allow to produce better and faster results. The
concept of factors in the graph structure allows to understand
and explain the problem clearly as the factors contain the
necessary constraints to solve the problem [3]. In this work
to construct and work with factor graphs, we use GTSAM
(Georgia Tech Smoothing and Mapping) [4], an open-source
library which allows to construct factor graphs and perform
optimization on it. The library also provides several factors
that can be used directly in SLAM, Structure-from-Motion,
collision avoidance and trajectory optimization problems. The
library also allows the users to create custom factors for
specific applications.

IV. METHODOLOGY

A. Overview

In this work, the position of the location labels is estimated
using camera measurements. The system uses a VIO algorithm
which localizes the camera in the world frame. The position
of the location labels is estimated using the camera pose.
The pose estimates of the VIO algorithm experience drift
which leads to incorrect position estimates which causes the
estimated position of the location label to be incorrect. The
incorrect position of the location labels and the drifted pose
of the camera is added to a factor graph which contains known
constraints and Gaussian priors. The factor graph is subjected
to optimization to obtain a corrected pose of the camera and
position of the location label (Fig. 3). The following sections
will explain the system in detail.

B. System setup

The system consists of a stereo camera, an IMU and a
monocular camera which is mounted on a forklift. The stereo
camera and IMU localize the camera in the world frame using
VIO. The monocular camera’s pose is estimated using the
relative position between the stereo camera and the monocular
camera. The location labels are detected using a monocular
camera. The monocular camera’s pose is then used to estimate
the location label in the world frame by using the pixel
coordinates. The pose estimated by the VIO drifts over time
leading to inaccurate pose estimates. The inaccurate pose
estimates also cause the position of the location label to be
inaccurate. To correct the drift and find the correct position
of the location labels, the incorrect pose of the camera and
the incorrect position of the location label are added to the
factor graph. The corrected pose of the camera and the position
of the location label are estimated using known constraints
and Gaussian priors which are added to the factor graph. A
detailed explanation of the system is discussed in the following
sections.



C. Visual Inertial Odometry

Visual Inertial Odometry (VIO) is the process of estimating
the camera pose in a global frame by fusing the measurements
from the camera and an IMU. One can also obtain velocity
measurements of the camera from the algorithm. Based on
the type of visual sensor used in the system there are different
VIO algorithms. [14], [15] and [16] are few examples of VIO
algorithm.

The VIO algorithm estimates the pose of the camera by
tracking features in the consecutive image frames which are
known as keypoints. These keypoints are triangulated to obtain
the camera pose. The features in the image are obtained by
feature detectors like FAST, SIFT or BRIEF. The detected key-
points along with the IMU measurements are fused together
using a filtering-based approach or optimization approach to
obtain the pose and velocity of the camera. In the filtering-
based approach [15], the keypoints and IMU measurements
are fused together using an extended Kalman filter to estimate
the pose of the camera. In the optimization-based approach
[16], the keypoints and IMU measurements are added to a
graph which is optimized to obtain the pose of the camera.
Both filtering and optimization-based approach has their own
advantages and disadvantages, please refer [13] to know more.
This work uses an optimization-based approach, VINS-Fusion
an extension of VINS-Mono [16] to localize the camera.
Although [13] shows how the optimization-based approach
performs better localization than the filtering-based approach,
our work does not rely on the type of VIO approach used
since it only uses the final pose estimates from the algorithm.

D. Location label detection

The location labels are detected using the monocular cam-
era. The image frames from the monocular camera are fed
to a CNN-based neural network which detects the location
labels and gives an OCR output of the numbers on the label
along with a bounding box around the label(Fig. 4). When
the location label is not viewed properly, the OCR output
produced by CNN is incorrect. A preprocessing step is applied
to select only the correct OCR output. This is done by ensuring
the OCR has the desired length of characters in the output.
The correct OCR output is then stored for estimating the 3D
position of the location label.

E. Location label 3D position estimation

The 3D position of the location label is estimated using the
pose estimates from the VIO. The bounding box provides the
position of the location label in the image. The bounding box
is used to extract the center pixel coordinates (uc, vc) of the
location label. The camera intrinsic matrix K is used to convert
the pixel coordinates (uc, vc) in the image to the camera frame
Tc. This gives the relative position of the location label’s center
prel with respect to the camera frame. The camera’s global
pose cTw information is available from the VIO pose estimates
which are used to covert the location label’s position with
respect to global frame pglobal.

F. VIO Drift and Incorrect location label position estimation

As the camera moves over a period of time, the VIO algo-
rithm accumulates errors in the system leading to inaccurate
pose estimates which is known as drift. Since the VIO pose
estimates are used to estimate the position of the location
labels, the drift in VIO pose estimates is propagated into
the position estimation of the location label leading to an
inaccurate position estimate of the location label. The incorrect
pose estimates and incorrect 3D position of location labels are
used to model the factor graph along with Gaussian priors
which represent the knowledge about the environment.

G. Factor graph structure

The drift in the VIO cannot be completely eliminated unless
a ground truth is available for the trajectory. However, the
drift can be reduced by adding prior knowledge and adding
information about the environment. Factor graphs are used to
create a graphical model of the trajectory and the detected
location labels which is optimized to reduce the drift in
the trajectory thereby estimating the correct position of the
location label.

When the VIO is initialized, the global frame of reference
Torigin is defined. The factor graph is also initialized with
the same global frame of reference by adding a Gaussian
prior Σ. When the camera moves, the VIO provides the pose
estimates of the camera whose references are with respect to
Torigin. These pose estimates are added to the factor graph
F as variable nodes xi ∈ X. In factor graphs, the variable
nodes are treated as unknown quantities so the added pose
estimates will be considered as an initial estimate during the
optimization process. The pose variable nodes X are connected
to factor nodes ϕ. The factor node contains the relative pose
between two variable nodes (add image). The relative pose
is estimated based on the current camera pose estimate and
the previous pose estimate from the VIO. The factor node
also contains information about the uncertainty in the relative
pose as a Gaussian noise. Prior knowledge about the camera’s
height is added as a Gaussian prior to all the pose variable
nodes to avoid any unnecessary drift in the camera’s height.

As the camera moves through the warehouse, the location
labels are detected. The detected location labels are added to
the factor graph as new variable nodes L. Based on the OCR
output, for every new location label, a new variable node lj is
created. The variable node lj ∈ L represents the unknown 3D
position of the location label which is to be estimated during
the optimization. The estimated 3D position from the VIO
pose is used as an initial estimate during optimization. The
location label variable node lj is connected to a projection
factor node ϕp. The projection factor node ϕp contains the
pixel measurement of the location label with a Gaussian
noise defining the uncertainty in the pixel measurement. The
projection factor node ϕp is connected to a pose variable
node xi. The projection factor minimizes the reprojection error
based on the camera pose and the pixel measurement. Since
the height of the location labels and the camera are known, this
information is added as a Gaussian prior for all the location



Fig. 3. System overview. The images from the camera are used to estimate the pose of the camera by the VIO algorithm. The image is also used to detect
the location label whose 3D position is estimated. The pose estimates and the estimated 3D position of the location label are added to the factor graph. The
factor graph is subjected to optimization by ISAM2 and the Levenberg-Marquardt algorithm to obtain the corrected trajectory and 3D position of the location
labels.

Fig. 4. A detected location label from the dataset

label variables and pose variables. Fig. 5 shows the factor
graph structure used in optimization.

H. Line factor

The location labels in the warehouse are located on the
lower rack of an aisle. The racks are aligned such that they
lie in a straight line. This straight-line information can be
modelled in the factor graph as a line factor. The line equation
is calculated at the early stage of the scanning process. During
the beginning of the scanning process, the drift in the VIO is
assumed to be negligible. When there are detections of two
different location labels, their 3D position becomes available.
A line equation is constructed using their x and y coordinates
using a point-slope formula. The height of the location label

is not considered since it is already known as a prior. The
constructed line equation models the line in which all the
location labels should lie. In GTSAM, the Jacobians need
to be calculated based on the error function used in the
custom factor. The Jacobians provide the information about
the gradients of the error function to the optimizer which is
necessary to converge to an optimal solution.

The error function in the line factor reduces the perpen-
dicular distance between the line equation and the location
label coordinates in the 2D plane. The perpendicular distance
between a point in a 2D plane and a line is given by,

e =
|Ax+By + C|√

A2 +B2
(3)

where x and y are coordinates of the location label in 2D.
A and B are coefficients of x and y. C is a constant term.
The Jacobian for the error function with respect to x and y
coordinates is given by,

J =
[

∂e
∂x

∂e
∂y

∂e
∂z

]
(4)

∂e

∂x
=

sgn(Ax+By + C) ·A√
A2 +B2

(5)

∂e

∂y
=

sgn(Ax+By + C) ·B√
A2 +B2

(6)

The Jacobian contains z coordinate which is not present
in the error function (eq. 3). This is required by GTSAM
implementation since the location labels are in 3D position
but only the x and y coordinates are optimized which makes



Fig. 5. Factor graph structure used in optimization. Here it can be seen that a location label variable node is connected to multiple pose views using the
projection factor. Every pose and landmark has a height prior factor. The location label variable node also has an additional unary factor which is the line
factor. The pose variable nodes are connected to the adjacent pose variable nodes using a relative transformation factor.

the z gradient of the Jacobian vector to be zero. The final
Jacobian vector is given as,

J =

[
sgn(Ax+By + C) ·A√

A2 +B2

sgn(Ax+By + C) ·B√
A2 +B2

0

]
(7)

where sgn(Ax+By + C) is given as,

sgn(Ax+By + C) =


−1, if Ax+By + C < 0

0, if Ax+By + C = 0

1, if Ax+By + C > 0

(8)

I. Optimization

The unknown values in the variables nodes of the factor
graph are estimated by performing MAP (Maximum A Poste-
riori) inference. The goal of MAP is to maximize the product
of all the factors in the graph (1). [19] shows performing
MAP inference on a factor graph is equivalent to solving the
nonlinear least squares. The optimization problem becomes,

ϕ(X) = argmin
X

∑
∥hi (xi)− zi∥2Σi

(9)

Here ϕ(X) can be treated as XMAP since both refer to
maximizing the product of the factors. In 9, hi(Xi) is the
measurement function that needs to be estimated, zi is the
measurement from the sensor and Σi is the covariance which
contains the noise model of the sensor measurement.

The factor graph is optimized in two steps using ISAM2
(Incremental Smoothing and Mapping 2) [18] and Levenberg-
Marquardt optimization. ISAM2 optimizes the factor graph
in an incremental step. ISAM2 converts the factor graph into
a Bayes net and solves the Bayes net using an incremental
matrix factorization. ISAM2 uses a technique called fluid
relinearization which linearizes the Bayes net only when
needed rather than linearizing at every time step. ISAM2
reduces the computational cost by updating only the affected
variables in the Bayes net due to relinearization and leaves out
the unaffected part of the Bayes net. This can be understood
with the following example. When the camera moves around
the warehouse, the location label present in one aisle does not
affect the estimates obtained for the previous location label

in a different aisle. So solving only for the current location
label would reduce the computational cost greatly. This is what
ISAM2 does. Similarly, when a loop closure happens, only the
affected leaves are optimized which reduces the computational
cost. When the detection of all location labels is completed,
a final global optimization is performed using Levenberg-
Marquardt optimization to remove any errors present from the
ISAM2 estimates.

During experiments, it was found that using purely a Gaus-
sian model in the optimization does not converge properly to
produce better results (see Section VI). Robust estimators are
used to deal with the problem caused by pure Gaussian noise
models. GTSAM provides error functions like Cauchy [20],
Dynamic Covariance Scaling(DCS) [21] and Huber [22] which
can be used in the optimization to produce better estimates of
the variables in the factor graph. Unlike least squares which
become unstable when outliers are encountered, the robust
error functions are capable of dealing with outliers which
makes them suitable for real-world datasets. When the Cauchy
or Huber error function is used in optimization, the problem
becomes,

min
x

∑
i

ρ
(
∥hi (xi)− zi∥Σi

)
(10)

DCS [21] error function is primarily used to deal with
incorrect loop closures in the factor graph. The error function
uses a scalable variable which is also minimized during the
optimization. The scalable variable is a scalar value which is
multiplied by the covariance matrix. This allows the covari-
ance matrix to be changed during the optimization allowing it
to deal with the outlier more efficiently.

V. DATASET

The proposed method is validated using a real-world dataset.
The real-world dataset is recorded in a warehouse using the
camera setup mounted on a forklift. The forklift moves back
and forth in an aisle and records the images. These images
are used to detect the location labels and estimate their 3D
position. Fig. 6 shows a typical scanning trajectory used to
estimate the position of the location labels.



Fig. 6. The trajectory is the pose estimates from the VIO and the red markers
are the location labels. The drift in the VIO can be observed from this image as
the camera moves around the aisle, and the location labels that are previously
detected are detected in a different place. Ideally, if there is no drift there
should only be a straight line of location labels.

VI. EXPERIMENTAL RESULTS

The proposed method is tested on a laptop with an i7-
10750H @ 2.6GHz processor and 16GB RAM. The proposed
method does not require any GPU hardware. The scripts were
developed in Python. In this section, the results obtained from
the real-world dataset are discussed.

A. Real world dataset

The dataset captured from the forklift consists of incorrect
location label detections (Fig. 6). From the image, it can be
observed the same markers when it is revisited do not appear
in the position in which it was previously estimated. The
incorrect position of the location labels is caused by the drift
in the VIO. The incorrect VIO pose and 2D measurement
(pixel coordinates) of the location labels are added to the factor
graph. The uncertainty in the VIO pose and 2D measurement
of the location labels are modelled purely as Gaussian noise
and optimized. The graphs are optimized with different noise
models to understand the influence of the noise model on the
optimized result.

Fig. 7 shows the result obtained after optimization with the
uncertainty of 0.005m in translation and 0.034 rad in rotation.
The results shown in the figure, are obtained with prior only
on their height and without any loop closure constraints or
line factor constraints. From the image, it can be seen, that
the results are worse than the actual measurements added to
the graph.

The uncertainty in the translation is changed to 0.05m and
the rotation uncertainty is kept at 0.034rad. Fig. 8 shows
the result after optimization. Comparing to fig. 7, fig. 8 has
improved results. However, the trajectory is curved which is
not the actual case since the forklift moves in a straight line
during the scanning. Also, the location label estimates are not
aligned in a straight line.

Fig. 7. Gaussian noise with 0.005m and 0.034rad

Fig. 8. Gaussian noise with 0.05m and 0.034rad

The uncertainty in the translation is further changed to 0.5m
while keeping the uncertainty at 0.034rad. Fig. 9 shows the
trajectory after optimization. The trajectory produced after the
optimization is still not correct as there is an overlap between
trajectory and location labels. Fig. 7, fig. 8 and fig. 9 show
that using pure Gaussian noise models to reduce the drift is
difficult.

Loop closure is performed in the factor graph in an attempt
to reduce the drift in the VIO pose. When a location label is
revisited, based on the OCR output, the current viewing pose is
connected to the nearest previously visited pose to close the
loop. The uncertainty in the loop closure is modelled using
a Gaussian noise model and the graph is optimized. Fig. 10
shows closing the loop with the Gaussian noise model does not
provide better results. Instead of reducing the drift, the loop
closure produces instability in the optimization. The instability
might be due to the Gaussian noise model. The results from
fig. 10 show that the fixed Gaussian noise model might not be



Fig. 9. Gaussian noise with 0.5m and 0.034rad

Fig. 10. Loop closure

enough to reduce the drift. This fixed Gaussian noise model
problem is solved by using the DCS error function in the
GTSAM.

The robust error function DCS is included in the factor
graph for the loop closure edges to deal with the outliers.
Fig. 11 shows that adding the DCS error function to the
loop closure edges provides better trajectory estimates when
compared to using purely Gaussian noise models. However,
the estimated location labels can seen overlapping on the
trajectory and still, the trajectory does not align with the real-
world scenario.

The straight-line information is exploited by using the line
factor in the factor graph. Fig. 12 shows the results obtained
after adding the line factor. From the figure, it can be seen
that the location labels align in a straight line which is to
be expected after the addition of the line factor to the factor
graph. The use of line factor in the factor graph shows that
exploiting the known structures in the warehouse can be useful

Fig. 11. Loop closure with DCS

in the estimation of the position of the location labels. After the
addition of the line factor into the factor graph, the influence
of the loop closure on the optimized results was tested. The
results produced only with line factor and not without any loop
closure produced the same results as seen in fig. 12. The results
with only the line factor show that loop closures are often not
necessary when the structure of the environment is known. The
use of only line factor also constitutes reduced computational
cost. The time taken to optimize with loop closure including
global optimization was 6.99s and using only line factor was
5.75s. The reduced computational cost is due to the fact there
are no loop closures in the factor graph that affect the previous
estimates which are not needed to be optimized again.

Fig. 12. Line factor

The real-world dataset does not have a ground truth refer-
ence to calculate the error after optimization. Here the absolute
average positional error in each individual axis is calculated
between the trajectory in the raw data and the trajectory



obtained after line factor constraints. The mean difference in
the x-axis is 1.592 m and the mean difference in the y-axis is
0.246 m. Combining the observations made from fig. 12 and
the mean difference in the x and y axes, it can be observed
that the drift in the raw dataset has been reduced. Similarly,
the absolute average positional error of the location labels in
the x and y axes are 1.09 m and 0.11 m respectively.

Also, the line factor was tested using a Gaussian noise
model and using Cauchy error function. The results were
again the same as seen in fig. 12. It is interesting to note
that the position of the location labels can be estimated only
using pure Gaussian noise models when the structure of the
environment is known. The computational time when using
the robust error function is 5.75s and only the Gaussian noise
model is 5.9s. Clearly, using a robust error function allows for
faster convergence during optimization.

The experimental results give insight into how the structure
of the environment can be modelled using factor graphs to
estimate the position of location labels in the warehouse
while trying to reduce the drift in the VIO. The results also
show that the trajectory lies between the aisle without any
overlap on the location labels which resembles the real-world
scenario. However, the trajectory estimates are not smooth
when compared to the raw data. Since the main goal lies
in estimating the position of the location labels this result is
acceptable.

VII. CONCLUSION

This work provides insight into the location label position
estimation using cameras. This method shows how the known
structures in the warehouse can be used in the factor graphs
to improve the position of the location labels. The use of the
environment structures in the factor graphs showed that loop
closures can be avoided which can reduce the computational
time required to perform optimization. In future work, the new
factors should be investigated based on the warehouse structure
to improve the estimation process. For example, the distance
between two racks can be converted into a factor to improve
the estimation process. Also, the length of the racks can also be
added as a factor to improve the position of the locations labels
in that particular rack. However, it should be noted that the
new factors do not affect the sparsity in the factor graph or else
it will lead to increased computational cost. It is also worth
investigating the drift model in the VIO as fewer attempts have
been made to model the drift. One interesting approach would
be to use time series machine learning models to investigate
the drift modelling in the VIO.
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