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Abstract: Most visual-language navigation (VLN) research focuses on simulate environments, but applying these methods to real-
world scenarios is challenging because of misalignments between vision and language in complex environments, leading to path devi-
ations. To address this, we propose a novel vision-and-language object navigation strategy that uses multimodal pretrained knowledge
as a cross-modal bridge to link semantic concepts in both images and text. This improves navigation supervision at key-points and en-
hances robustness. Specifically, we 1) randomly generate key-points within a specific density range and optimize them on the basis of
challenging locations; 2) use pretrained multimodal knowledge to efficiently retrieve target objects; 3) combine depth information with
simultaneous localization and mapping (SLAM) map data to predict optimal positions and orientations for accurate navigation; and 4)
implement the method on a physical robot, successfully conducting navigation tests. Our approach achieves a maximum success rate of

66.7 %), outperforming existing VLN methods in real-world environments.
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1 Introduction

Service robots, which enable human-robot interac-
tions, are widely used in indoor environments. In particu-
lar, vision-language object navigation tasks require the
robot to locate remote objects on the basis of natural lan-
guage instructions via its perception and understanding of
the visual environment.

Visual navigation research can be broadly classified in-
to two approaches. The first is map-dependent naviga-
tion[1=3], which relies on map accuracy and does not re-
quire external supervision. The second is reinforcement
learning-based navigation4 6], where robots autonom-
ously interact with the environment to collect and store
data. However, this approach faces challenges, including
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high exploration costs and limited generalizability when
transitioning from simulation to real-world environments.

Current research on visual-language navigation (VLN)
focuses primarily on simulation platforms. Anderson et
al.ll introduced the VLN with the room-to-room (R2R)
dataset, and successfully applied it to the Matterport3D
Simulator®. Recent advances, including self-monitoring
agentsld, NvEM[I0, RecBertlll, BEVbertl!2, Landmark
RxR[13], and REVERIE[!], have enhanced cross-modal ac-
tion matching, visual-language pretraining, and map-
based navigation. However, these innovations remain con-
fined to simulations, which differ significantly from real-
world environments. In real-world environments, chal-
lenges such as dynamic or complex key locations, large-
scale spaces, and complex decision-making processes
hinder model generalization.

Few studies have explored the application of VLNs in
real indoor environments. Hong et al.['?] introduced a can-
didate waypoint predictor to bridge the gap between dis-
crete and continuous environments, advancing VLN gen-
eralization to the real world. Anderson et al.llfl success-
fully translated the discrete actions of a VLN agent into
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continuous actions on a real robot via the TurtleBot 2
platform. However, these methods still face generaliza-
tion challenges in complex or dynamic environments, par-
ticularly in regard to distinguishing key semantic con-
cepts in visual and language instructions, such as differ-
entiating similar objects or capturing the semantics of oc-
cluded objects at critical navigation points.

Multimodal pretraining techniques face several chal-
lenges when they are generalized to real-world vision-lan-
guage object navigation: 1) Robots struggle to under-
stand the relationships between semantic concepts in
complex and dynamically changing scenes at key naviga-
tion points, leading to reduced robustness in object re-
trieval; 2) Existing cross-modal alignment-based VLN
methods require extensive supervised training for real-
world testing, leading to prohibitive deployment costs.
Recently, Huang et al.l7 developed multimodal align-
ment concept knowledge (MACK) to improve unpaired
image-text matching accuracy. This knowledge directly
links objects to text without model training, providing
highly generalizable semantic concepts for easy applica-
tion in unknown environments. Despite its potential, no
research has yet applied it to solve these challenges.

In this study, we propose a novel visual-language ob-
ject navigation method that leverages multimodal pre-
trained knowledge and cross-modal alignment between
vision and language at critical navigation points to effect-
ively guide robot navigation. Specifically, 1) we collect
word-region pairs for 100 categories of common indoor
objects via the Open Images V7 dataset and real-world
laboratory data. For each word, we compute its proto-
type region representation by averaging the associated re-
gion representations, creating the indoor object know-
ledge MACK (indoor). 2) We randomly generate waypo-
ints within a specific density range, optimizing them for
challenging locations as key-points. MACK (indoor) is
used at these key-points for visual-language matching to
supervise real-world robot navigation. 3) To enable the
robot to reach the optimal navigation position near the
target object, we propose a target navigable position pre-
diction method that combines the target’s depth informa-
tion with SLAM map data to predict the optimal posi-
tion and orientation. 4) This algorithm was implemented
on a physical robot and successfully passed visual-lan-
guage object navigation tests. The results demonstrate its
superior performance compared with existing methods.

The main contributions of this research are as follows:

1) We propose a real-world object navigation method
driven by multimodal pretrained knowledge, which effect-
ively supervises robot navigation at key-points.

2) We collect an indoor object database and develop
MACK (indoor) to support object retrieval across vari-
ous scenarios.

3) We propose a target position prediction strategy
that accurately predicts the optimal position and orienta-
tion for the robot to approach the target object.
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4) We implement the method on a physical robot,
successfully conducting navigation tests that demon-
strate its superior performance over existing methods.

2 Related work

2.1 Visual-language navigation

Visual-language navigation has made great progress in
the simulator environment. The research methods for
VLN have become increasingly diverse. In terms of the
feature extraction network structure, it has progressed
from LSTM-based® 18 to transformer-based19-22. The
navigation action space is divided into discretel”> 4 and
continuous/!® 23725 environments. Researchers have en-
hanced the alignment between natural language instruc-
tions and ground truth paths through action strategy
learning(26-29  and multimodal representation learn-
ingll0, 30-33] Qi et al.l'4 first proposed the REVERIE
benchmark to promote intelligent agents to identify a re-
mote object in real indoor environments. Cui et al.34 pro-
posed a grounded entity-landmark adaptive (GELA) pre-
training paradigm to learn fine-grained cross-modal se-
mantic alignment between entity phrases and environ-
ment landmarks. However, these methods all rely on sim-
ulator environment implementation. Few works have ex-
plored real-world object navigation tasks. Batra et al.l3%]
revisited the evaluation of embodied agents for navigat-
ing to objects. Deitke et al.36] developed a platform for
object semantic navigation with simulation-to-real trans-
fer in a supervised learning manner. Recently, a few stud-
iesl37. 38 have explored zero-shot object navigation. In-
spired by [34], we propose a multimodal pretrained know-
ledge based on real-world environments to facilitate cross-
modal alignment between entity phrases and objects at
navigation key-points.

2.2 Multimodal knowledge

Some works have used unaligned multimodal know-
ledge for vision and language understanding tasks. For
example, Zhu et al.39 built heterogeneous graphs corres-
ponding to the visual, semantic and factual features for
visual question answering, and Wang et al.[%9 combined
visual and textual knowledge to find discriminative parts
for few-shot learning. In the framework of multimodal
aligned knowledge representation, Huang et al.l7l pro-
posed a multimodal alignment concept knowledge
(MACK) method, which explicitly stores paired word-
visual prototype representations for unpaired image-text
matching. In addition, some works have proposed for the
use of multimodal knowledge for visual language naviga-
tion. For example, Li et al.[4l proposed the emphasized
reasoning model (KERM), which uses the factual inform-
ation of associated navigation scenes in an external know-
ledge graph to match the current context of the environ-
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ment, enhancing the model’s understanding and decision-
making capabilities for complex navigation scenes. Lin
et al.[42] proposed a memory model based on a multimod-
al transformer, which integrates visual and language in-
formation into a variable-length memory module to
provide support for the robot’s long-term decision-mak-
ing. An et al.l'2l proposed BEVBert, which enables ro-
bots to adaptively build semantic-spatial map memory.
Different from them, we construct a multimodal pre-
trained knowledge of indoor scene data for supervised ob-
ject retrieval in real-world robot navigation.

3 Multimodal pretrained knowledge for
robotic object navigation

Fig.1 presents the comprehensive framework of mul-
timodal pretrained knowledge for object navigation in
real-world applications. Detailed descriptions of each
component are provided below.

3.1 Multimodal pretrained knowledge

Inspired by Huang et al.ll7] we develop multimodal
pretrained knowledge to improve cross-modal alignment
for robot navigation. We leveraged the Open Image V7
database to compile a set of indoor environmental
concept words and their corresponding image regions.
This knowledge consists of paired semantic concepts
{ti,vi}, where ¢; represents the Chinese description of
the i-th semantic concept, and v; € RP denotes its cor-
responding prototypical region representation. The total
number of semantic concepts is denoted by K. This ap-
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proach allows us to create pretrained knowledge encom-
passing textual and visual prototype representations.

For each Chinese text category t;, the visual proto-
type representation v; is obtained by averaging all associ-
ated region representations r;, which is calculated as fol-
lows:

1

=1

Each region representation r; is generated by input-
ting the bounding box and the image into the pretrained
object detection model, Faster-RCNNI3].

3.2 Key-points screening and strategic op-
timization

As shown in Fig.2(a), we randomly generate several
waypoints with varying densities on the 2D grid map pre-
constructed via the Gmapping algorithm. Waypoints in
non-navigable areas (gray regions) are then removed, and
the remaining waypoints are designated as key-points.
However, in the current navigation environment, chal-
lenges typically arise in scenarios such as intersections,
entrances, and visually complex areas, which can lead to
deviations from the planned trajectory. The randomly
generated waypoints may not necessarily capture these
critical locations.

To ensure that the generated waypoints are effective
at key locations, as illustrated in Fig.2(b), we strategic-
ally optimize them as follows: 1) Dense waypoints, which

Cross-modal knowledge y "d
based on text query

AMCL alg. Key-points mark 2D Map

"] position prediction
A

Orientation

Move_base alg.

Path planning algorithm

Fig. 1 An overview of the real-world object navigation method based on multimodal pretrained knowledge includes the following five
main components: construction of multimodal pretrained knowledge, extraction of object keywords using natural language toolkit
(NLTK), cross-modal alignment of vision and language for navigation supervision, prediction of optimal position and orientation, and
map-based path planning for object navigation. (Colored figures are available in the online version at https://link.springer.com/journal/

11633)
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could negatively impact navigation efficiency, are re-
moved; 2) waypoints near intersections, entrances, or
visually complex areas are adjusted to align with these
critical positions, where cross-modal alignment can bet-
ter guide the navigation process. The remaining optim-
ized waypoints are referred to as key-points. Each key-
point serves as a reference for navigation, specifying the
robot’s position and orientation in the world coordinate
system at that location.

3.3 Vision-language cross-modal matching
for navigation supervision

For the RGB images captured by the Kinect v2.0
camera, we apply a bottom-up attention mechanism to
71}]9} , Vi € RP
from each image I via the bottom-up attention mechan-

extract 100 region features V = {v1,---

ism43] from each image I, which covers most of the se-
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mantic content in the image. Each feature wv; corres-
ponds to a specific region or salient object within the im-
age, along with its associated bounding box information.

For spoken commands in Chinese, we use the iFlytek
speech recognition system to convert speech to text. The
target text is then extracted via NLTK's keyword extrac-
tion technique and mapped to its corresponding feature
representation ¢ via multimodal pretrained prototype
knowledge. During matching, the similarity between the
target text representation t and each feature v; in the re-
gional feature set V = {v1,---,v},v; € RP, is evalu-
ated via the cosine similarity function.

(2)

S (t,'l)i) =t Xwv;

Smax = max(S;),i € [1,2,---,100]. (3)
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Fig. 2 Key-point screening and optimization layout diagram (Colored figures are available in the online version at https://link.springer.
com/journal/11633)
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During navigation, the robot performs cross-modal
matching at each key-point to monitor the process. It cal-
culates the maximum similarity score S, between the tar-
get text and the image region, and then compares it to a
preset threshold §. If it is below the threshold, the target
is deemed unsuccessfully matched at the key-point,
prompting the robot to move to the next key-point with
the closest Euclidean distance. Conversely, if S, meets or
exceeds J, the target is successfully matched. The naviga-
tion system then predicts the optimal position and orient-
ation close to the target object, guiding the robot to-
wards it.

1 — {0, if Smax < 6 @)
1, if Smax >

where S); denotes a successful match, and Smax

represents the maximum similarity score achieved at key-

point k. The set of all matching points is defined as

3.4 Target navigable position prediction

Once the target object has been successfully matched
on the basis of the maximum similarity score, the robot
must determine the object’s precise location on the map.
This process requires the use of depth information to aid
in path planning, enabling the robot to approach the tar-
get efficiently.

The first step in the localization process is to confirm
the pixel coordinates of the detected target object. Then,
the RGB map must be aligned with the depth map. This
alignment allows the extraction of the target object’s co-
ordinates from the depth map through coordinate map-
ping, obtaining the depth pixel values {pizel;} for the
pixel segment encompassing the target object, where T,
represents the collection of all the pixels in the region and

Y,

c

R
PX, Yo Z)

Qoo Lo

(@

pizel, refers to the value of the i-th pixel. A filtering op-
eration is performed to ensure data accuracy to exclude
pixels with depths between 500 and 4 500. Finally, the
depth distance between the Kinect v2.0 camera and the
target object is calculated via the following formula:

depth = Mo (pizel;) ,i € Th. (5)

As illustrated in Fig.3, the depth distance depth is
used to calculate the object’s coordinates in the world co-
ordinate system.

Xe = (1 — Cz) x (depth/ =) (6)
Yo = (v —Cy) x (depth/ f,) (7)
Ze = depth (8)

where u and v represent the pixel coordinates, while X,
Y., and Z. are the coordinates of the object in the
camera coordinate system. The parameters f, and f, are
the ratios of the camera’s focal length f to the actual
physical dimensions of the pixel d, and dy, respectively.
C, and Cy represent the differences between the pixel
coordinates of the image center and the pixel coordinates
of the point of interest in the horizontal and vertical
directions, respectively.

Using the robot’s mileage data, we can convert the
target object’s coordinates into the map coordinate sys-
tem by applying the following coordinate transformation
formula:

X, =0D + DF = X, x cosf + Y, x sin@ (9)

X X))

PX, Y)

(b)

Fig.3 Schematic diagram of the visual localization algorithm: (a) Three-dimensional coordinate calculation diagram; (b) Coordinate
conversion diagram. (Colored figures are available in the online version at https://link.springer.com/journal/11633)
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Y, =PC - FC =Y, x cos — X, x sinf (10)

X=X+ X, Y=Y, + Y, (11)

where X,, and Y,, represent the world coordinates of the
target object, while X, and Y, denote the current world
coordinates recorded by the robot’s odometer. In contrast,
Xs and Ys; indicate the displacement in the world
coordinate system between the robot’s current position
and the target object’s location.

However, target objects such as beverages and fruits
are often placed on tabletops or inside refrigerators,
which are not part of the navigable area on a map. Even
when the exact coordinates of these objects are obtained
through localization methods, the robot still faces the
challenge of being unable to reach these locations dir-
ectly. To address this issue, we propose a strategy that
integrates the locations of target objects with SLAM
maps. The goal of this strategy is to identify nearby way-
points within the navigable region, enabling the robot to
approach the target object. As illustrated in Fig.4, the
parameters of the neighboring navigable region are
defined as follows: A large circle R with a 1-meter radius
represents the operating range of the robot arm, whereas
a smaller circle » with a 0.2-meter radius represents the
space required by the robot chassis.

\

Target navigable
7)  position

Fig.4 Schematic diagram of the target navigable position
prediction

A circle of radius R is drawn with the target object’s
coordinates as the center. For the robot to reach a way-
point, the center of that waypoint must lie on the bound-
ary of this circle. Reachable waypoints are selected every
30 degrees along this boundary. Additionally, a circle of
radius r is defined for each reachable waypoint. If no
obstacles are found within the boundary of this circle, the
waypoint is considered valid. Finally, to reach the target
object from the navigation point, the position of the ro-
bot at the navigation point must be calculated using the
following formula:
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Yo = cos™ " (%) =8 (12)
g; = sin (%) X COS <§> X coS (%) —
cos (1) x sin B < sin (&
(2) (2) (2)
qj = cos (%) X sin (g) X COS (%) +
sin (%) X COS (g) X sin (%) (13>
g = COS (%) X COs <§) X sin (%) _
sin (%) X sin (g) X COs (%)

where Y,. represents the plane’s angle of rotation when
a=p=0.Theterm [¢; ¢j; g« qr}T represents the proje-
ction from four-dimensional space to three-dimensional
space. The vector conversion formula is given by
p' =qgpq~', where p’ is the transformed vector, ¢ is the
quaternion, p is the original vector, and ¢~ ' is the

inverse of the quaternion.

3.5 Gmapping diagram construction and
move_base path planning

Gmapping for map construction: In our experi-
mental setup, we utilize the Gmapping method4 for en-
vironmental mapping. This method primarily employs a
particle filtering algorithm to convert data from a 2D
LiDAR sensor into a 2D raster map. Compared with Hec-
tor SLAMM5], Gmapping demonstrates superior localiza-
tion accuracy and robustness. Additionally, in small-scale
environments, Gmapping requires significantly fewer com-
putational resources than cartographer does while main-
taining comparable map accuracy.

Move base path planning: In this study, we em-
ploy the move base package of the ROS framework for
path planning between key-points. The global path plan-
ner computes the optimal trajectory, whereas the local
path planner refines the navigation routes to achieve op-
timal path planning. We integrate particle filters to track
the robot’s orientation in real-time on a 2D raster map,
ensuring precise positioning.

Fig.5 illustrates the integrated navigation framework
developed on the ROS platform. In this framework, the
robot constructs global and local cost maps by pro-
cessing sensor data, particularly from LiDAR sensors. Us-
ing pre-existing SLAM maps, along with position and
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Fig. 5 Move base path planning framework based on the ROS

mileage data provided by the adaptive monte carlo local-
ization (AMCL) package, the system employs two plan-
ners — a global planner and a local planner — from the
move_base function package. These planners collaborate
to execute path planning on the basis of the global and
local cost maps.

4 Robot navigation platform

Fig.6 illustrates the physical architecture of the robot
navigation platform we developed, which comprises sev-
en key components, each serving a specific function:
(D The Kinect v2.0 RGB-D camera captures both visual
and depth data; @ a support bar ensures that the cam-
era is positioned at the optimal height for data acquisi-
tion; @ a lifting platform elevates the robotic arm as
needed; @ Lenovo 9 000P PCs with RTX4 090 graphics
cards handle data processing, storage, and model deploy-
ment; ® a gripper with two degrees of freedom enables
flexible operation and interaction; ® a dedicated stand

Fig.6 Robot physical platform

safely and securely stores the robotic arm; and @ the mo-
bile chassis provides primary mobility for the robot. To-
gether, these components form the foundation of the nav-
igation platform.

4.1 Robot motion control model

For various application scenarios, researchers have de-
veloped a range of kinematic models to meet the specific
motion requirements of robots. Real-world mobile robot
navigation relies on a continuous action space, typically
driven by continuous stochastic control systems to man-
age chassis motion. Compared with the discrete action
spaces used in simulated environments, this approach is
better suited for practical applications. However, naviga-
tion control in simulators, which is based on reinforce-
ment learningl¥l or discrete control systems[4649 within
discrete environments, generally offers greater stability.
As illustrated in Fig.7, an omnidirectional wheeled mo-
bile robot is an effective solution for indoor environments.
Its omnidirectional chassis design features three wheels,
that are evenly distributed at 120° angles. The chassis
supports two fundamental movements: linear motion (v)
and rotational motion around the geometric center (w).

Fig.7 presents a coordinate system centered on the
chassis, which enables the discretization of linear motion
v in any direction into two components: v, and v,. Here,
0 represents the angle between the velocity vector v and
the v, component along the z-axis, « is the angle
between the axis of the third wheel and v,, and r de-
notes the distance from each wheel to the center of the
chassis. This approach simplifies complex linear and rota-
tional motion into three independent wheel movements.
For clarity, the motion decomposition of the first wheel is
illustrated in this paper.

V] = —VUz X sina — vy X cosa+w X T, (14)

Similarly, the motion of wheel 2 and wheel 3 can be
decomposed into:

@ Springer
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“

Wheel 3

Wheel 2

Fig. 7 Kinematic modeling diagram of the omnidirectional wheel chassis

Vo =Vy +wWXT (15)
V3 = —Ug X siDa+ vy Xcosa+w X r (16)
where a = 30°is set and on the basis of the velocity

messages (including linear and angular velocities) sent by
the ROS core node, the inverse kinematics model for the
three wheels of the chassis is derived as follows:

vl T2 T T Ve
V2 =11 0 T X | vy (17)
1 V3 . w

U3 I -
2 2

The forward kinematics model is as follows:

1 2 1
v 3 3 3 o
b | = |- 0 x| (18)
w 1 1 1 U3

3r  3r 3r

To this end, by setting motion state commands for the
omnidirectional chassis, we can regulate the robot's wheel
speed via (17), which is the inverse kinematics model.
Additionally, the forward kinematics model of (18) is
used to calculate the data during the robot’s motion.

4.2 Environment perceptron system

The Kinect v2.0 camera mounted on the robot plat-
form captures both RGB color images and depth informa-
tion of corresponding pixels. The technical specifications
of the Kinect v2.0 camera are provided in Table 1. Addi-

@ Springer

Table 1 Kinect v2.0 camera parameters

Parameter name Parameter value

Color camera resolution 1920 X 1080
Color camera FPS 30fps
Depth camera resolution 512 X 424
Depth camera FPS 30fps
The angle of view (FOV) 70° X 60°
Perception range 0.5-4.5m

tionally, the platform incorporates a 2D LiDAR sensor for
omnidirectional environmental sensing. These sensors are
essential for map construction and for achieving precise
positioning and navigation via simultaneous localization
and mapping (SLAM) technology. As shown in Fig. 1, the
LiDAR is mounted on a mobile chassis with a 360° scan-
ning range, a detection distance of up to 12m, and a ran-
ging accuracy of 0.3cm, whereas the scanning accuracy is
0.9°.

5 Experimental analysis

5.1 Experimental setup and implementa-
tion details

All the experiments in this paper were conducted in a
realistic robotic environment in which a robot operating
system (ROS)PY was used to manage and deploy various
modules. Computationally intensive tasks, such as bot-
tom-up attention detection modeling, were performed on
a Lenovo 9000P computer equipped with an RTX
4090 GPU. ROS mechanisms, including topics, commu-
nication, and services, were used to integrate all system
components and enable centralized node management.
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During the experiments, the robot received voice com-
mands such as “find a coke in the conference room”.
These commands were converted to text via the iFlytek
speech service, and then forwarded by the ROS server for
execution. The robot navigated from the starting point to
the designated meeting room on the basis of an existing
map. Navigation was considered successful if the robot
approached the target within 1 meter, with no obstacles
along the path. The Rviz tool recorded each navigation
path for future reference. Using Python scripts, we ex-
tracted image IDs and category information from the
Open Images V7 dataset, parsing the bounding box an-
notations in the CSV to build the multimodal pretrained
knowledge. Ultimately, the multimodal pretrained know-
ledge and regional feature representations reached 2 048
dimensions.

5.2 Datasets and protocols

Our data sources are divided into two main categories:
the Open Images V7 open-source dataset and real-world
scene data collected from the laboratory. The former is
used to build a multimodal prototype knowledge, where-
as the latter is employed for testing object matching in
real environments. Open Images V7 contains over 9 mil-
lion images with category annotations, approximately 1.9
million of which have precise annotations with clear
boundaries, making them highly suitable for multimodal
knowledge construction. These images cover 601 categor-
ies, from which we selected 100 categories of indoor ob-
jects relevant to robot navigation, including office sup-
plies, conference room items, beverages, and fruits.

The multimodal pretrained knowledge studied in this
work primarily consists of dataset-independent semantic
concepts, aiming for general applicability across different
scenarios. Table 2 presents the statistical properties of
MACK (indoor), including images, regions, and words. In
MACK (indoor), the mean number of regions per word is
546, with the maximum number of regions per word
reaching 2479. This is a significant advantage, as it al-
lows the knowledge base to cover a wide range of semant-
ic content.

The laboratory data, which were primarily used for
testing, were periodically collected by a manually oper-
ated robot. To ensure the effective application of mul-
timodal knowledge in real-world environments, we inten-
tionally gathered data from diverse settings, including el-
evators, office areas, conference rooms, and break rooms.
A Kinect v2.0 camera was used to capture 30 images of
each object category from multiple angles, resulting in a
total of 3 000 test images across 100 categories, each at a

resolution of 1920 x 1080. Fig.8 illustrates the selected
scenes and corresponding image data.

To evaluate the effectiveness of multimodal pre-
trained knowledge in associating image regions with tex-
tual descriptions, we employ the metrics “RQ1” “R@3”,
and “R@5”, which correspond to the recall rates of the
top 1, 3, and 5 results, respectively. Additionally, we re-
cord the average maximum similarity score, denoted as
AQSmax, and set the threshold § accordingly.

To assess navigation performance, we introduce met-
rics such as average path length (APL), success rate
(SR), success weighted by path length (SPL)5Y and av-
erage navigation time. Importantly, path length and nav-
igation time data are derived only from successful naviga-
tion attempts to ensure the accuracy of the averages. The
recorded navigation time includes the robot’s movement,
human-robot voice interactions, critical data collection,
data loading, and algorithmic reasoning.

5.3 Experiment on associating the most
similar object region with multimodal
pretrained knowledge

To evaluate the effectiveness of our constructed mul-
timodal pretrained knowledge in retrieving target objects,
we assessed its cross-modal retrieval efficiency for com-
mon objects in laboratory environments of varying sizes.
Table 3 presents the average maximum similarity scores
and retrieval accuracies. The average score for each cat-
egory exceeds 0.7, demonstrating that the pretrained
knowledge can effectively adapt to new environments and
accurately localize targets. In the navigation experiments,
the object categories are classified on the basis of their re-
spective thresholds, ¢, which is set as the average maxim-
um similarity score minus 0.1. The results show that
most object categories can be successfully retrieved with-
in the first five images, with a retrieval recall rate exceed-
ing 95% in the first three images. However, smaller or
more distant objects, such as mice, calculators, and
staplers, have a retrieval recall rate of less than 90% in
the first image. This decrease in recognition accuracy is
likely due to the small size and distance of these objects
in complex scenes, which affects the localization effective-
ness of the pretrained knowledge. Accurate recall of high-
similarity image regions retrieved in previous iterations is
crucial for navigation experiments. To improve this pro-
cess, we developed a simple yet effective strategy: First,
crop the central portion of the original image and apply a

quadrature; next, crop 1 of the region from the top-left

to the bottom-right; and finally, match the original im-

Table 2 Statistical properties of multimodal pretrained knowledge (indoor) for indoor environment

The number The number of The number of

Data source
of words

Visual The mean number The max number of The min number of
selected words selected regions knowledge

of regions per word  regions per word regions per word

Open Images V7 601 100 54.6G

Region-level 546 2479 85
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Scene 4

Scene 7
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Fig. 8 The image data of some scenes (Colored figures are available in the online version at https://link.springer.com/journal /11633)

age six times, including the five cropped regions, to
identify the most similar target objects.

As shown in Table 4, the optimized search strategy
significantly improves two key metrics: AQSnax and
RQ@1. The AQSmax metric increases to over 0.85, while
the recall rate for RQ1 surpasses 90%, and RQ3 achieves
a perfect 100% recall. These results indicate that the op-
timization strategy improves the accuracy of localizing
small target objects while preserving image information.

5.4 Object navigation with varying key-
point densities

To evaluate the impact of different key-point density
ranges on the efficiency of our proposed navigation meth-
od, we defined five distinct density ranges and compre-
hensively assessed several key metrics for real robot nav-
igation in the task of searching for a “computer key-
board”. These metrics include the navigation success rate
(SR), average navigation time, average path length
(APL), and success rate adjusted for the path length pen-
alty (SPL). For each density range, we conducted 30 nav-

@ Springer

igation experiments, and the results before and after key-
point optimization are presented in Table 5. We ob-
served that different key-point density ranges resulted in
varying levels of navigation performance in the same en-
vironment.

Specifically, all the performance metrics improved
after the strategic optimization of key-points. When nav-
igating across one or two rooms, the optimized density
range of 3.5-4.5m/point achieved the highest navigation
success rate of 66.7%, with an SPL of 60.5%, highlight-
ing the importance of accurate key-point localization dur-
ing multi-room navigation. Furthermore, the data show
that both the optimized APL and average navigation
time are lower than those optimizations before, suggest-
ing that the optimized navigation process is more effi-
cient and robust. In contrast, when the key-points were
too densely packed (2.5-3.5m/point), the navigation per-
formance decreased. This is likely because a high density
of key-points requires additional exploration time, redu-
cing overall efficiency and limiting the flexibility of path
planning, which negatively impacts overall navigation
performance.
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Table 3 Comparison of the matching performance of
multimodal pretrained knowledge associations for
different target objects
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Table 4 Performance comparison of the two solutions of
“cropping first, matching later” and direct matching of the
original image for searching for small target objects

Test category AQSax RQ1 RQ@3 RQ5 5 Test category AQSpax RQ1 RQ3 RQ5 5
Small objects Mouse 0.79 88 98 100 0.69
Mouse 0.79 88 98 100 0.69 Mouse-crop 0.86 96 100 100 0.76
Mobile phone 0.75 90 98 100 0.65 Calculator 0.75 87 95 100 0.65
Calculator 0.75 87 95 100 0.65 Calculator-crop 0.85 94 100 100 0.75
Stapler 0.76 88 97 100 0.66 Stapler 0.76 88 97 100 0.66
Fruit objects Stapler-crop 0.85 93 100 100 0.75
Apple 0.82 90 99 100 0.72 Apple 0.82 90 99 100 0.72
Banana 0.80 89 98 100 0.70 Apple-crop 0.88 95 100 100 0.78
Watermelon 0.82 92 100 100 0.72 Banana 0.82 92 100 100 0.72
Pineapple 0.79 93 99 100 0.69 Banana-crop 0.87 96 100 100 0.77
Large objects
Flowerpot 0.72 91 97 100 0.62 experimental equipment differed slightly, with Sim-to-
Computer keyboard 0.74 95 100 100 0.64 Real employing a Theta V 360° panoramic camera with a
Laptop o077 o5 09 100 0.67 wider field of view and higher resolution, whereas we used
a Kinect v2 camera. Both experiments were conducted in
Computer monitor 0.80 96 100 100 0.70

offices or laboratories at different locations. The results

5.5 Performance comparison with the ad-
vanced method

We compared several key navigation performance
metrics between the proposed method and other ad-
vanced methodsl!6: 36] in a real-world environment. The
detailed results are presented in Table 6. Although the

show that, despite the narrower field of view of our
sensors, our method significantly outperforms the Sim-to-
Real method in terms of the success rate (SR) and suc-
cess rate as affected by path length (SPL), with improve-
ments of 19.9% and 16.6%, respectively. Additionally,
while both methods require supervised model training for
real-world navigation, our method directly associates im-
ages and text without the need for model training.

Table 5 Comparison of navigation performance across different key-point density ranges for the same navigation target

Key-point density Optimized 8-10 (m/point) 6-8 (m/point) 4.5-6 (m/point) 3.5-4.5 (m/point) 2.5-3.5 (m/point)
Episodes - 30 30 30 30 30
Successes X 10 12 14 18 15

SR (%) X 33.3 40.0 46.7 60.0 50.0
APL (m) X 19.0 19.8 20.6 21.2 21.8
SPL (%) X 30.7 35.4 39.7 49.5 40.1

Average time (s) X 27.4 31.5 34.2 38.9 43.5
Successes V 11 13 16 20 18

SR (%) V 36.7 43.3 53.3 66.7 60.0
APL (m) V 18.2 18.5 19.0 19.3 20.2
SPL (%) N 35.3 41.0 49.1 60.5 52.0

Average time (s) \/ 26.0 29.2 32.5 37.1 41.3
Table 6 Comparison of performance in real scenarios with that of the advanced method
Methods Camera Env APL (m) SR (%) SPL (%)
ROBOTHORI36] Intel RealSense Sim-2-Real (home) 30.16 50.00 28.50
Sim-to-Realll6] Theta V Coda 11.32 46.80 43.90
Knowledge (ours) Kinect v2 Laboratory 19.30 66.70 60.50
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5.6 Influence of different objects on navig-
ation efficiency

In our experiments, we tested a range of objects and
observed significant variations in navigation performance,
as shown in Table 7. This study investigated how object
characteristics affect navigation efficiency. Notably, the
ability of the Kinect v2 camera to perceive and localize
the environment was affected by these characteristics.
Specifically, transparent objects fail to generate accurate
depth maps because of laser penetration issues. Addition-
ally, variations in depth recordings at different distances
lead to inaccurate object localization, which in turn im-
pacts the robot’s path planning, are reflected in the SR
and SPL.

Table 7 Navigation efficiency of different objects

Machine Intelligence Research 22(4), August 2025

Table 8 Navigation performance comparison of the two solu-
tions of “cropping first, matching later” and direct matching of
the original image for searching small target objects

Test category  Episodes AQSp.x SR (%) APL (m) SPL (%)

Mouse 30 0.79 53.30 19.50 41.90
Mouse-crop 30 0.86 60.00 19.40 54.10
Calculator 30 0.75 50.00 19.40 45.10
Calculator-crop 30 0.85 53.30 19.60 47.60
Stapler 30 0.76 46.70 19.40 42.10
Stapler-crop 30 0.85 56.70 19.40 51.10
Apple 30 0.82 53.30 19.10 48.80
Apple-crop 30 0.88 60.00 19.20 54.70
Banana 30 0.82 50.00 19.80 44.20
Banana-crop 30 0.87 53.30 19.70 47.30

Test category Episodes Success SR (%) APL (m) SPL (%)

Apple 30 16 53.3 19.1 48.8
Banana 30 15 50.0 19.8 44.2
Stapler 30 14 46.7 19.4 42.1

Calculator 30 15 50.0 19.4 45.1
Mobile phone 30 18 60.0 20.2 52.0
Mouse 30 16 53.3 19.5 47.8
Watermelon 30 17 56.7 19.3 51.4
Coke 30 18 60.0 19.5 53.8
Flowerpot 30 18 60.0 19.6 53.6
Computer keyboard 30 20 66.7 19.3 60.5

For example, in Scene 4 (Fig.8), the system incor-
rectly localized a “colored plastic box” at the back edge
of a table, causing the robot to choose a longer path to
reach the target. This highlights the complexity of depth
localization in navigation and its significant impact on
planning, which must be addressed in practical applica-
tions.

We also found that larger objects are easier to re-
trieve and yield better navigation performance. For smal-
ler objects at greater distances, the matching similarity
score tends to be lower, which negatively affects the suc-
cess rate of object navigation. However, performance im-
proves with the “cropping first, matching later” strategy.
The experimental results are shown in Table 8.

5.7 Robustness analysis of navigation in
dynamic and visually complex environ-
ments

To explore the challenges of achieving robust cross-
modal alignment for robots in dynamic or visually com-
plex environments, we conducted navigation experiments
in environments with varying lighting conditions and

@ Springer

structural layouts. Specifically, we examined three differ-
ent lighting conditions — daytime, nighttime (no lights),
and nighttime (with lights) — to analyze the robustness of
cross-modal navigation for the object “smartphone”. The
experimental results are shown in Table 9. We observed
that the navigation performance under both daytime and
nighttime conditions (with lights) was similar, with
slightly better performance during nighttime with lights.
However, under dark conditions, both object retrieval
performance and robot navigation performance decreased
significantly, demonstrating a clear lack of robustness.
This indicates that the visual perception of the robot and
the retrieval of cross-modal objects are heavily based on
adequate lighting or optimal illumination conditions.

Table 9 Comparison of the object navigation performance of
“mobile phone” under different lighting conditions and
environment layouts

Setting Episodes AQS.x R@1 SR (%) SPL (%)

Lighting conditions

Daytime 20 0.73 90.00 60.20  52.30
Evening 20 0.56 75.00 48.50  40.70
Nighttime 20 0.78 90.00 61.20  53.60
Environment layouts
(daytime)

Single scene 20 0.73 90.00 60.20 52.30
Semantic occlusion 20 0.62 70.00 48.70 42.90
Similar interference 20 0.71 75.00 54.60 48.20

Complex background 20 0.67 85.00 51.40 45.80

Furthermore, we tested various environmental lay-
outs to assess the robot’s ability to handle interference in
complex and dynamic environments: 1) a single scene,
where the background is simple and objects are easily dis-
tinguishable; 2) semantic occlusion, where objects are
partially obstructed, making it difficult for the robot to
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understand the semantic meaning of the scene; 3) similar
interference, where other objects of similar class near the
target object cause interference; and 4) complex back-
ground, where the background of the scene is intricate
and varied, introducing semantic interference. From these
results, we can conclude that the multimodal pretrained
knowledge we developed has strong generalizability. In
environments with semantic occlusion, interference from
similar objects, and complex backgrounds, the average
cross-modal alignment similarity AQSmax consistently ex-
ceeds 0.6. Moreover, the robot's navigation SR surpasses
that of the Sim-to-Reall!6l method. Notably, under se-
mantic occlusion conditions, the SPL metric of our meth-
od is also comparable to that of the advanced Sim-to-
Real method.

5.8 Visualization analysis of the naviga-
tion process

For a thorough analysis, we examined a path defined
by three key points at various time intervals, as shown in
Fig.9. The robot moved at a speed of 0.5 meters per
second, completing the task in approximately 40 seconds.

During this time, it also performs tasks such as voice in-
teraction, visual feature extraction, and cross-modal ob-
ject search. Fig.10 shows the navigation results in a real-
world environment: The left image displays the initial
view from the Kinect v2.0 camera mounted on the robot,
whereas the right image shows the robot successfully
docking with the target object (a bottle of COLA), with
the camera consistently aligned. This analysis highlights
the effectiveness and real-world applicability of our meth-
od.

6 Conclusions

In this paper, we propose a real-world object naviga-
tion method driven by multimodal pretrained knowledge,
leveraging cross-modal alignment between vision and lan-
guage at critical navigation points to supervise robot nav-
igation. First, we collect word-region pairs for 100 indoor
object categories via the Open Images V7 dataset and
real-world laboratory data to create the indoor object
knowledge MACK (indoor). Next, we optimize randomly
generated waypoints on the basis of key navigation posi-
tions, selecting the optimized points as key-points.
MACK (indoor) is then applied at these key-points for

(e)t=25s Ht=30s

(g)t=35s

(h)yt=40s

Fig.9 Navigation path visualization (Colored figures are available in the online version at https://link.springer.com/journal/11633)
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Fig. 10 Robot navigation demonstrated in a real-world
environment (Colored figures are available in the online version
at https://link.springer.com/journal /11633)

visual-language matching to supervise robot navigation.
We also introduce a target position prediction strategy
that accurately predicts the optimal position and orienta-
tion for the robot to approach the target object. Finally,
our method is implemented on a physical robot, that
passes visual-language object navigation tests and demon-
strates superior performance over existing methods.

In future work, we plan to equip the robot with a pan-
oramic camera and a high-precision 3D radar system, as
well as extend existing vision-and-language navigation
(VLN) models such as discrete-continuous-VLN[3 VLN-
CER3l, Habitatl2, and ETPNav(53 to real-world environ-
ments to expand their applicability. Our ongoing efforts
aim to enhance the robustness, reliability, and adaptabil-
ity of visual-linguistic navigation, and bridge the gap
between theory and practice, thereby maximizing its real-
world impact.
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