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Abstract. Mobile robot navigation is a constantly evolving field that is adopting
new paradigms along the way, and recent methods, such as Transformer-based
models, have helped facilitate advancements in perception and decision-making
tasks in this decade alone. This paper explores modern scene understanding tech-
niques, including Contrastive Language-Image Pretraining (CLIP) and its role in
improving semantic scene comprehension for various indoor environments. Exist-
ing benchmarking methods for evaluating autonomous mobile robot navigation
performance are limited in accommodating the dynamic nature of real-world sce-
narios. Therefore, a set of metrics is proposed for robust evaluation, highlighting
the need for standardized frameworks that meet modern expectations. Further-
more, a multimodal robot navigation model is introduced; it consists of visual
and laser data combined with semantic embeddings to augment navigation perfor-
mance. The proposed model and metrics aim to contribute to better benchmarking
standards for indoor robot navigation systems.

Keywords: Autonomous Mobile Robots · Indoor Navigation · Scene
Understanding · Benchmarking Standards · Contrastive Language-Image
Pretraining ·Metrics

1 Introduction

Transformer-based models have become more prevalent in recent years and have
inevitably received widespread adoption in mobile robotics – whether in the indus-
try or academic research – where artificial intelligence (AI) is heavily used to solve
problems at different scales. They were first introduced in the last decade to augment
natural language processing (NLP) systems [1], and today, their architecture is lever-
aged to aid robots in perceiving and navigating environments thanks to their ability to
handle long-term dependencies and suitability for complex perception tasks, including
advanced object detection. Notable advancements include 3DETR [2], which predicts
3D bounding boxes from point cloud data. Voxel Set Transformer (VoxSet) [3] and the
earlier Voxel Transformer (VoTr) [4] can process sparse point clouds, whereas the Vision
Transformer (ViT) contributes to monocular navigation via image segmentation [5].
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Scene understanding involves processing visual and spatial information, which
remains an active research area [6]. Room type classification [7] is a common task
in that field, as it tests the ability to comprehend spatial relationships across varying
layouts and dimensions [8]. However, in autonomous mobile robot navigation systems
developed for real-world dynamic indoor environments, scene understanding extends to
semantic comprehension, considering several factors beyond geometric shapes, prox-
imities, and immediate surroundings to derive their context and functions. Contrastive
learning holdsmuch potential [9, 10], although othermethods exist to achieve the desired
commonsense reasoning, and many solutions still revolve around Transformers [11].

In subsequent sections, this paper explores modern scene understanding techniques.
It focuses on Contrastive Language-Image Pretraining (CLIP) [9], its benefits, and how it
can be a foundational block in other scene perception models. This paper also addresses
the lack of standardization in current benchmarking datasets and frameworks, which
tend to be limited when evaluating end-to-end robot navigation performance accord-
ing to modern expectations. The discussion affirms that modern research is shifting
towards semantic scene understanding in dynamic indoor environments, and traditional
benchmarks are becoming inadequate as they were either designed for static settings
and simpler navigation tasks or they failed to share similar structures across the field.
In response, a list of metrics is proposed for appropriate navigation system evaluations.
Moreover, a multimodal robot navigation model is introduced, which uses visual and
laser data and semantic embeddings for advanced navigation performance. It can be
tested in the future according to the proposed metrics.

2 Scene Understanding via Contrastive Learning

Task-agnostic zero-shot classification may be considered one of the prerequisites to
extract information from an environment observed through a camera more efficiently.
Yet this area of research has been understudied in recent years, as stressed by OpenAI
in their 2021 study [9] when they proposed CLIP, a model designed to connect visual
information with natural language descriptions with the zero-shot approach through
contrastive learning. Instead of a traditional supervised learning technique involving a
convolutional neural network (CNN) as the backbone for feature extraction andmapping
features to a pre-determined set of categories, CLIP employs two encoders: one for
images, which may be a Vision Transformer and one for text captions. The rationale is
based on the observation that the restricted form of traditional supervision limits model
generality and usability with unseen object categories.

CLIP learns a joint embedding space encoding representations of visual and text
modalities, thus becoming able to perform various vision-language functions with direct
carryovers to mobile robot navigation. The underlying principle is that mapping a text
prompt into the embedding space to identify an image close to the feature space is
an effective method of obtaining a high degree of semantic similarity. Thus, CLIP is
configured during training to maximize the cosine similarity of image and text embed-
dings of matching text-image pairs in the training batch while minimizing the similarity
of pairs with semantically misaligned components. However, this contrastive learning
alone is insufficient to guarantee viable application in new datasets – or in a robotics
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context, unseen environments – without task-specific tuning. The study takes note of the
unsuitability of standard crowd-labelled datasets like Microsoft COCO [12] or Visual
Genome [13] with roughly 100,000 photos, which pales in comparison to CLIP’s 400
million image-text pairs covering 500,000 queries, each of which addresses a distinct
visual concept. While this may not be entirely relevant in a mobile robot navigation
prototype for dynamic indoor environments, it emphasizes the need to transition to more
modern training datasets and input types to solve modern problems better. Linking back
to robotics, autonomous mobile robot navigation in uncontrolled, real-world indoor set-
tings featuring small ground obstacles, for instance, is likely to present a combination
of unexpected elements, forming scenarios that are difficult for the robot to understand
and negatively impact its path planning or behaviour [14]. Therefore, achieving proper
scene understanding via extracting semantic information in the real world depends on
the underlying visual information processing model’s zero-shot capabilities. The model
used must be built through a training dataset that is large and diverse enough to guar-
antee a high rate of sensible, accurate inferences even when faced with novel scenarios.
Upgrading the size and nature of the standard training datasets is an adequate step in
that direction.

This work draws attention to the relationship of perceived elements in an environ-
ment, advocating for a paradigm shift for less naïve, more intuitive computer vision
models. It goes beyond specific tasks such as image caption generation, which the CLIP
development team measured as more computationally demanding and difficult to scale.
They note that a 63 million parameter Transformer language model consumed twice
as much computational resources as a ResNet-50 image encoder, revealing scalability
issues when creating a model similar to VirTex [15]. Nevertheless, more recent research
[16] has offered a different perspective, and evaluations show that captioning models
may outperform contrastive models in few-shot classification and fine-grained tasks.
Yet, CLIP remains a superior option for zero-shot classification.

With the quest for Artificial General Intelligence (AGI) still ongoing, the properties
of natural intelligence reflecting human cognitive processes and behaviour – blending
analytic, creative and practical intelligence [17] – continuously emerge into other tech-
nologies as researchers rethink fundamental concepts of their fields for more robust
and adaptive problem-solving methods. In 2023, a collaborative effort between mem-
bers of various institutions, including Google Research and Waymo LLC, proposed
OpenScene, a novel method for answering advanced queries that may aid a robot to
interact intelligently with and understand a scene [18]. The novelty is that the model
addresses semantics, materials, room types, affordances, functions and physical prop-
erties of every 3D point captured without requiring explicit 3D annotations for those
concepts. It projects 2D features to 3D points using camera poses and depth information,
training the MinkowskiNet18A3D network [19] using cosine similarity loss to align 3D
embeddings with CLIP’s feature space. Ultimately, this enables open-vocabulary scene
understanding by representing 3D points in terms of broader visual concepts. Inciden-
tally, the semantic image segmentation required heremaybe performedviaOpenSeg [20]
or LSeg [21]; both comewith open-vocabulary capabilities and improved generalization.

It demonstrates sceneunderstandingbeyondobject labels frompredefined categories.
It suggests that this applicabilitymay enable a navigation robot to recognize andprioritize
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obstacles in a dynamic environment by nature, whether mobile or static and potentially
by danger levels, even though the study does not provide enough material to support
or refute the latter hypothesis. Yet, that cumulative knowledge may aid in focusing
resources on visible areas where path planning may be safer by transferring semantic
data and inferences across sensory input readings to make better navigation decisions.

It remains to be seen whether OpenScene’s computational efficiency and real-time
performance suit active autonomous robot navigation. Nonetheless, such an omitted
factor reflects current research gaps regarding mobile robot scene understanding based
on semantic information.

The dissimilarity betweenmodern techniques for robot scene perceptions and human
perception capabilities is commonly mentioned when key problems are explored [22],
such as limited sensory modalities, over-reliance on pre-trained models, lack of adapt-
ability, and lack of commonsense reasoning in unstructured, real-world environments
[23, 24]. Other limitations have emerged in recent studies, such as the lack of standard-
ized benchmarks and evaluation metrics for semantic mapping systems regarding sensor
types and mounted positions. [25]. There is also the inability to reflect the complexities
of real-world scenarios indoors where robots are compelled to navigate in the presence of
moving objects and people, a key attribute of a dynamic environment [26]. Additionally,
there are challenges in complex scenes, such as dynamic objects, changing lighting, and
cluttered environments, where multi-sensor fusion involving 3D cameras, IMU sensors,
and even laser distances may be necessary [22].

3 Lack of Benchmarking Standards in Modern Literature

Autonomous mobile robot navigation involves several subdomains requiring distinct
methodologies and evaluation metrics. It includes environment perception using single
or multiple sensors, object detection, mapping, localization, path planning, and loco-
motion [27]. For socially aware robots, cognitive functions are important to assess,
counting semantic scene understanding and context reasoning [14, 28], which help with
decision-making and interactions. The choice of navigation methods implemented and
tests performed are easily influenced by the type of environment, whether indoor, out-
door, static or dynamic [29]. Dynamic indoor environments, for instance, are charac-
terized by moving obstacles with varying properties in modern literature [30]. Relevant
examples include restaurants or supermarkets with pedestrians, shopping carts, or other
dynamic objects [26] that compel an autonomous wheeled agent to have robust spatial
and contextual awareness to avoid collisions during navigation. In such cases, specify-
ing the type of mobile objects, their moving speed, and starting positions is essential
before evaluations as they directly affect the robot’s real-time path planning and decision-
making processes. Thus, standardized evaluation frameworks with predefined metrics
and test cases are vital for benchmarking by researchers.

Over 910 companies worldwide are confirmed to use the Robot Operating System
(ROS) for their robotics platforms, and ROS 2 packages were downloaded over 300
million times in 2023 alone [31], which includes uses in academic studies, making
the operating system an industry standard. Yet, its prominent navigation framework,
Nav2 [32], remains underused in literature, and many of its algorithms have yet to be
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benchmarked against other state-of-the-art navigation solutions outside of the ROS 2
ecosystem [33].

Today, benchmarking datasets and frameworks continue to be developed to address
limitations noted in existing systems. The M2DGR dataset [34] was released in 2021 by
Shanghai Jiao Tong University researchers to simplify the development and evaluation
of Simultaneous Localization and Mapping (SLAM) algorithms for ground robots. It
includes multi-sensor data captured using a fisheye, standard RGB, event and infrared
cameras, 32-beam LiDAR for 3D point clouds, inertial sensors, and a consumer-grade
GNSS receiver. In addition to outdoor scenarios and transition sequences, its indoor envi-
ronment scenarios consist of corridors, halls, lifts, and rooms and scenarios in complete
darkness. Dynamic motion sequences are added to evaluate cases requiring rapid turns
due to zigzag routes or situations prompting speed changes. One of the primary metrics
used inM2DGR is the Absolute Trajectory Error (ATE) [35], calculated by the EVO tool
[36] designed to evaluate and compare trajectory outputs of SLAM algorithms. Upon
testing existing state-of-the-art SLAM algorithms on M2GDR, notable failures were
recorded. The pinhole and fisheye versions of the visual SLAM method ORB-SLAM3
[37] failed their tracking and mapping in the dark environment from the Roomdark06
sequence. This testing exposes limitations in certain cutting-edge SLAM techniques
in low-illumination conditions, where adding LiDAR can provide the necessary depth
information to compensate for the indistinguishable visual features.

Conversely, LiDAR-based systems A-LOAM [38], LeGO-LOAM [39], LINS [40],
and LIO-SAM [41] all struggled with the Lift04 sequence, and none successfully recon-
structed a complete map. Inaccuracies in elevator transitions stem from the fact that the
interior may appear featureless or static for LiDAR scans. In contrast, IMUs record the
elevator’s vertical motion, thus causing discrepancies when reconciling the data between
the different sensor modalities.

From OpenAI’s assertion that older datasets such as MS-COCO are insufficient for
developing modern zero-shot classification models [9] to M2DGR’s efforts to address
significant gaps in SLAM algorithm evaluations for ground robots [34], a pattern
emerges: modern literature highlights the shortcomings of existing standard datasets
for addressing new challenges and opportunities. These limitations span the entire pro-
cess in mobile robotics and related fields, from model training to benchmarking; hence,
standardized metrics and test cases are needed to improve representativeness, address
edge cases and encompass greater diversity and scale. Table 1 below summarises the
limitations of existing standard RGB-D 2D and 3D datasets for benchmarking mobile
robot navigation in dynamic indoor environments, per the work in [26].

The THUD dataset [26] presentsMean Average Precision (mAP), Mean Intersection
over Union (MIoU), Translation Error and Rotation Error as benchmarking metrics
to measure robot navigation performance and scene understanding in dynamic indoor
spaces. The mAP evaluates 3D object detection algorithms, MIoU assesses semantic
segmentation accuracy, whereas the translation and rotation errors are recorded to gauge
robot re-localization. The impact of the density ofmovingobjects on robot re-localization
is quantified via Dynamic Complexity, although the latter is not considered a direct
performance metric.
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Table 1. Limitations of existing datasets for benchmarking of mobile robot navigation.

Dataset Description Limitations

B3DO [42] Provides 2D bounding box
annotations on RGB-D images,
limited frames (849) and object
classes (50+)

No 3D annotations; lacks
dynamic objects

NYU-Depth v2 [43] It includes 2D semantic
segmentation from RGB-D videos,
a small number of annotated
frames (1,449), and object classes
(894)

No 3D annotations; lacks
dynamic objects

SUN3D [44] Comprises 415 RGB-D video
sequences across 254 scenes and
lacks dense annotations and object
class information

Sparse annotations (10–15 per
frame); no 3D annotations or
dynamic objects

Stanford 2D-3D-S [45] It offers large-scale virtual scenes
with 2D texture, geometry, and
semantic info; it relies on iGibson
simulation

Relies on iGibson simulation
and lacks dynamic objects

SceneNet RGB-D [46] Provides 5 million photorealistic
images of synthetic indoor
trajectories and various 2D
annotations

Lacks 3D annotations and
dynamic objects

SUN RGB-D [47] Contains 10,335 RGB-D images
with dense 2D/3D annotations,
including 2D polygons, 3D
bounding boxes, and room layouts

Lacks dynamic objects and
pedestrians

ScanNet [48] Comprises 1,513 video sequences
with 3D camera poses, surface
reconstruction, semantic
segmentation, and CAD models

Lacks dynamic objects and
pedestrians

SUN-CG [49] Provides 45,000 virtual scene
layouts and 500,000 rendered
images with single-view RGB,
depth maps, and segmentation
maps

No dynamic object annotations

Matterport 3D [50] Contains 194,400 RGB-D images
for generating panoramas with
surface reconstruction, camera
positions, and 2D/3D annotations

No dynamic object annotations

(continued)
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Table 1. (continued)

Dataset Description Limitations

InteriorNet [51] Rendered in virtual home scenes
containing 15,000 sequences

No dynamic object annotations

ARKitScenes [52] Improves ground truth geometry
resolution from laser scans

No dynamic object annotations

The 3RScan dataset [53] offers value in object instance re-localization, an important
aspect of end-to-end autonomous robot navigation. 3RScan was built from real-world
scans of indoor environments using an RGB-D camera and is a viable option to support
research and benchmarking in 3D scene understanding where objects move as part of
a dynamic environment. Nonetheless, benchmarking navigation performance requires
appropriate quantitative metrics. Suitable metrics include path length to determine effi-
ciency in reaching a set goal, navigation time, number of collisions to assess obstacle
avoidance capabilities, and success rate in completing assigned navigation tasks.

In 2024, Rondoni et al. set out to develop benchmarking metrics for autonomous
medical robot navigation in the presence of both static and dynamic obstacles [54]. The
motivation was that despite the importance of consistent, reliable, safe navigation in
mobile robotics, there was no standardized approach for evaluating robot navigation
in hospitals. For example, the safety requirements and guidelines for medical robots
in the ISO 13482:2014 standard [55, p. 13482] do not include explicit benchmarks of
structured tests on defined platforms for navigation performance. This lack of specificity
leaves room for researchers and developers to define their benchmarkingmetrics, leading
to fragmented and inconsistent evaluation methods. Therefore, it becomes difficult to
benchmark and compare modern autonomous robot navigation systems.

The researchers [54] proposed several standardized tests in a simulated hospital
environment to address this issue. Four batches of tests are presented in the study.

• Batch 1 consists of an obstacle-free path, portraying the simplest navigating condition.
• Batch 2 involves navigation around one or two static square obstacles of varying sizes

(0.03 m, 0.15 m, 0.30 m, and 0.60 m) and placements – in parallel or perpendicular –
with double obstacle configurations spaced at varying distances.

• Batch 3 includes interaction with a teleoperated robot programmed to move at pre-
defined linear and angular speeds to simulate passing, crossing, and overtaking
conditions.

• Batch 4 combines static and moving obstacles.

The selected test speeds for the robots – 0.2 m/s, 0.6 m/s, and 1.0 m/s – were meant
to mirror typical indoor human walking speeds. Seven key metrics were recorded, as
shown in Fig. 1: completion time, path length, distance error, orientation error, success
rate, minimum distance from obstacles, and time at cruise speed.
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Fig. 1. Benchmarking protocol used in [54].

4 Proposed Benchmarking Metrics

Consolidating the information from explored studies in this paper, in addition to recent
ROS-based benchmarking frameworks, such as Arena-Rosnav 2.0 [56] and HuNavSim
[57], this work emphasizes that new benchmarking datasets must be developed to
meet the necessary standards for human-aware autonomous mobile robot navigation
in dynamic indoor environments with support for various sensor modalities. This paper
proposes a list of 20 quantitative and qualitative metrics to evaluate navigation perfor-
mance, semantic scene understanding, and social compliance. Table 2 below presents
the proposed benchmarking metrics to serve as the standard for evaluating human-aware
autonomous mobile robot navigation systems indoors.

Table 2. Proposed benchmarking metrics.

Category Metric Description

Navigation
Performance

CompletionTime (CT) Time taken to reach the goal
(seconds)

Path Length (PL) Total distance traversed (meters)

(continued)
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Table 2. (continued)

Category Metric Description

Success Rate (SR) Percentage of successful goal
reaches (%)

Deviation Error (DE) Difference between the robot’s
position and the planned path
(meters)

Orientation Error (OE) Difference between the robot’s
orientation and the planned path
(degrees)

Minimum Distance from
Obstacle (MDO)

Closest proximity to obstacles
during navigation (meters)

Time Cruise Speed (TCS) Percentage of time the robot
maintains its desired speed (%)

Collision Rate Number of collisions with obstacles
(count)

Clearing Distance Distance maintained from obstacles
(meters)

Movement Jerk Smoothness of the robot’s
accelerations (meters/second3)

Trajectory Angle Over Length Smoothness of the robot’s path
(degrees/meter)

Trajectory Roughness Variations in the robot’s path (no
unit)

Semantic Scene
Understanding

Mean Average Precision (mAP) Accuracy of 3D object detection
based on bounding box predictions
and class labels (%)

Intersection over Union (IoU) Overlap between predicted and
ground truth bounding boxes for
object detection (%)

Semantic Mapping Accuracy Accuracy and completeness of the
semantic map, including the method
of label assignment and its
navigational impact

Zero-Shot Object Recognition The robot’s ability to recognize and
locate objects not present in its
training set

(continued)
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Table 2. (continued)

Category Metric Description

Scene Classification Accuracy Accuracy of the robot’s
classification of different scene
types (e.g., ‘office’, ‘hospital room’)
(%)

Spatial Relationship
Understanding

The robot’s ability to recognize
spatial relationships between objects
(e.g., ‘next to’, ‘behind’) (no unit)

Average Distance to Closest
Person

Average distance maintained from
the closest person (meters)

Minimum Distance to People Minimum distance maintained from
people in the environment (meters)

5 Proposed Mobile Robot Navigation Model

Finally, to address the issues hitherto discussed, this work introduces the architecture
of a model designed to improve mobile robot navigation in indoor environments with
various obstacles, aligned with the benchmarking metrics listed in the previous section.
The primary objective is to enhance scene perception through advanced semantic under-
standing for safer autonomous navigation. The proposed model addresses challenges
explored in modern research, as seen in recent literature, which is increasingly focused
on intuitive zero-shot capable systems. The purpose is to handle indoor settings with
small static ground obstacles or unfamiliar objects, overcoming the limitations of older
visual sensory processing models trained on standard computer vision datasets such as
MS-COCO with predefined classes. Figure 2 and Fig. 3 demonstrate how the model
adopts a multimodal approach to leverage the complementary strengths of different sen-
sors – in this case, a 2D laser scanner and an RGB-D camera. Together, this allows
for the collection of range and intensity data, which is useful for mapping and obstacle
avoidance, as well as depth information plus RGB for 3D perception. The combined
sensory input data is meant to be aligned and normalized to ensure they are in the same
coordinate frame and scale at every timestamp and fused into a unified representation
holding vital scene details.

Some components from the OpenScene pipeline [18] are reflected in this model’s
Semantic Segmentation and Enrichment module. OpenSeg generates pixel-wise object
boundaries from the camera’s RGB data. CLIP processes the segmentations to extract
feature embeddings by mapping them into a semantic space that enriches the model’s
understanding of detected objects and contextual relationships within the scene, thus
improving the robot’s interpretation of the perceived environment. Integrating the seg-
mentation masks and CLIP’s embeddings into the fused sensory data – including
scan angles, ranges, intensities, camera depth, RGB frames and derived blind spots –
improves the model’s semantic understanding and spatial awareness of the environment.
This improvement is due to the additional object classification details that enhance
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Fig. 2. Overview of the proposed model.
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# Inputs:
# laser_scan     - Laser scan data (ranges)
# intensities    - Laser intensity values (already between 0 and 1)
# depth_matrix   - Depth data from RGB-D camera
# rgb_matrix     - 3-channel RGB data from the camera
# angle_min      - Minimum angle of the laser scan
# angle_max      - Maximum angle of the laser scan
# angle_increment- Angular increment between laser scan points
# matrices_time  - Input timestamps from sensors
# camera_fov     - Field of view of the RGB camera
# depth_intrinsics - Intrinsic parameters of the depth camera
# rgb_intrinsics   - Intrinsic parameters of the RGB camera
# extrinsics   - Extrinsic parameters between the depth and RGB cameras
# Align sensor data based on timestamps
temporal_alignment = align_temporal(laser_scan, depth_matrix, rgb_matrix, 
matrices_time)
# 2. Spatial Calibration between depth and RGB
calibrated_depth_matrix = 
calibrate_depth_to_rgb(depth_matrix, depth_intrinsics, rgb_intrinsics, ex-
trinsics)
# 3. Spatial Alignment of Laser Data to Camera Frame
spatially_aligned_laser = project_laser_to_camera(laser_scan, angle_min, 
angle_max, angle_increment, camera_fov)
spatially_aligned_rgb = rgb_matrix  # RGB data is in its frame
spatially_aligned_depth = calibrated_depth_matrix  # Calibrated depth data 
to match RGB FOV
# 4. Data Normalization
laser_normalized = normalize_laser(spatially_aligned_laser)
depth_normalized = normalize_depth(spatially_aligned_depth)
# 5. Amplify the intensity values
amplified_intensities = amplify_intensities(intensities, threshold=0.5)
# 6. Custom Sensor Fusion
amalgamated_data = combine_data(laser_normalized, depth_normalized, spatial-
ly_aligned_rgb, amplified_intensities)
# 7. Perception Fragmentation
left_blind_spot = calculate_blind_spot(angle_min, angle_max, an-
gle_increment, camera_fov, "left")
right_blind_spot = calculate_blind_spot(angle_min, angle_max, an-
gle_increment, camera_fov, "right")
left_blind_spot_data = extract_blind_spot_data(laser_scan, left_blind_spot)
right_blind_spot_data = extract_blind_spot_data(laser_scan, 
right_blind_spot)
# 8. Spatial Data Augmentation
augmented_data = augment_data(amalgamated_data, left_blind_spot_data, 
right_blind_spot_data)
# 9. Generate Sensor Fusion Embeddings
sensor_fusion_embeddings = fuse_sensor_data(augmented_data)
# Release fused embeddings for downstream modules
return sensor_fusion_embeddings

Fig. 3. Proposed algorithm for the sensor fusion preprocessing and custom sensor fusion.
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spatial reasoning. It leads to the robot’s proficiency in classifying objects of different
kinds, delimitating shapes, estimating proximity, identifying free space around them,
and improving overall contextual awareness. This operation enhances the mobile robot’s
ability to identify favourable navigation paths, detect potentially hazardous objects of
any size and recognize small ground obstacles that could impact the robot’s hardware
components, especially in structured indoor settings.

This amalgamation creates a latent space representation of the environment that
encodes spatial layouts, object identities, and proximity relationships due to transform-
ing spatial and semantic embeddings at various stages of the process flow. The latest
space representation provides essential information for collision avoidance, motion esti-
mation, and path planning. It can also be decoded via custom neural network-based
algorithms to generate the robot’s angular and linear velocity commands. These motion
commands are continuously scored through a feedback mechanism, such as calculating
the collision risks or the difference in angles and distance to an assigned goal, to refine
the robot’s autonomous navigation accuracy. Each of the model’s single components
may be evaluated separately in inference mode or tested simultaneously as one unit,
using the relevant benchmarks from Table 2.

6 Conclusion and Future Work

Several algorithms for semantic scene understanding in connection to mobile robot nav-
igation were studied in this paper. A part of the literature review focused on contrastive
learning techniques like the Transformer-powered CLIP model, which has several ben-
efits for use in diverse indoor scenarios. The study found that capturing the nuances of a
dynamic real-world indoor setting during evaluations is challenging due to the limitations
in the present benchmarking frameworks, not to mention the absence of standardized
test cases and metrics throughout the literature.

This research developed a set of 20 evaluation metrics tailored for human-aware
autonomous robot navigation, emphasizing performance in various dynamic indoor envi-
ronments. Furthermore, amultimodal robot navigationmodelwith semantic embeddings
utilizing laser and visual input is proposed.

Our future work includes implementing the proposed multimodal robot navigation
model and evaluating its navigation performance across various indoor environments
using the proposed benchmarking metrics.

Acknowledgement. The Malaysian Ministry of Higher Education
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