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Abstract

The rate at which collaborative robots (cobots) are evolving from isolated, pre-programmed manipulators into
collaborative partners that operate productively alongside humans, other robots, and machines is accelerating
rapidly. Advances in computer vision is enabling cobots, even in dynamic and cluttered settings, to detect,
recognise and assess both environment and actions. However, achieving higher detection accuracy and real-
time localization in dynamic systems remains a challenge, as most existing approaches assume uncluttered
backgrounds with limited scene complexity. Closing this gap is critical for both research and industrial deploy-
ment. This paper reviews the development of visual perception in cobots, surveys emerging computer vision
algorithms, and examines a holistic perception pipeline in which raw vision signals, vision language models
(VLMs), and augmented/virtual reality interfaces jointly power a unified sense-think-act loop. The review finds
that cobots in high-mix, reconfigurable factories face serious challenges: occlusions in fields of view, fluctuat-
ing illumination, ambiguous backgrounds, few- or zero-shot object scenarios, high-speed motion, and compu-
tational problems in fusing heterogeneous data streams in real time. Cobots also need to manipulate damaged
items, requiring vision algorithms that infer geometry from sparse cues and support adaptive grasping. Finally,
the review identifies three complementary research directions to unlock plug-and-play cobots: (1) information
aware sensor-fusion pipelines transmitting only credible voxels to reduce bandwidth while preserving sub-
millimetre accuracy; (2) language conditioned planning and control networks mapping plain-language goals to
smooth, jerk-bounded trajectories; and (3) pre-trained few-shot reward heads that score task progress without
bespoke metrics, closing the reinforcement learning (RL) loop. Combined, these advances promise cobots that
can be commissioned with relatively few demonstrations.

Keywords Collaborative robots - Computer vision - Large-language-models - Augmented/virtual reality -
Robot learning - Reinforcement learning
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1 Introduction

Collaborative robots, known as cobots, represent a significant and growing revolution in the interactions between
humans and robots, robots with each other, and robots with machines in shared work environments. Central to
this revolution is the integration of advanced computer vision algorithms and perception technologies to substan-
tially enhance the capabilities of cobots. The pressures for increased productivity and greater efficiency in sectors
such as manufacturing, logistics and healthcare are driving the development of cobots which are fundamentally
different from traditional robots, being designed to operate alongside humans and other robots both safely and
efficiently (Borboni et al. 2023). Cobots are proving transformative, particularly in manufacturing, requiring
important changes in task scheduling, safety protocols, and system design to achieve greater production effi-
ciency with resulting greater profitability (He et al. 2020).

To better understand the significance of cobots in industry, it is necessary to consider traditional robots. Usu-
ally, traditional robots are designed to handle hazardous materials and perform physically demanding jobs. They
are usually isolated occupying a separate workspace having limited interaction with the environment (Javaid
et al. 2022a, b). Cobots, however, see Fig. 1 (a), are designed to work alongside and interact with other robots,
machines, and humans, engaging in high levels of interaction to perform complex tasks (Kriiger et al. 2010, Zhang
et al. 2018, Manoharan et al. 2020). They tend to be much less massive than traditional industrial robots, with
greater and more flexible mobility which enables easier movement within their operating environments (Feng
et al. 2020). A key advantage of cobots over industrial robots is their flexibility; they are capable of performing
multiple tasks and can adapt to changes in the work environment and task requirements. These advantages are
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Fig. 1 Collaborative-robot types and architecture of the cobot system setup in the robotics lab at IAI-KIT. a Three repre-
sentative collaboration modes are illustrated: Multi Manipulator Interaction where robot-robot hand-over uses a dual-arm
Franka Panda setup (top), Robot Machine Interaction where robot-machine synergy for automated assembly parts with an
end-effector spindle (bottom-left), and Human Robot Interaction with human—robot cooperative assembly (bottom-right). b
A deterministic ethernet network connects two dedicated hosts: a Real-Time Control Computer for controlling the robots,
and an Al Inference Computer which is GPU-equipped that runs vision, language and policy networks. It is unlike an isolated
industrial robot, a cobot shares its workspace and task with humans and machines (a), and runs its vision, language, and
policy models on a networked Al-inference computer working alongside a real-time controller (b)
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mainly due to their advanced perception capabilities, such as vision-based object tracking (Bascetta et al. 2011),
visual-based avoidance of collisions (Flacco et al. 2012), human-activity monitoring for safety in collaborative
tasks (Halme et al. 2018), multimode sensor fusion of vision and haptics for human-robot collaboration (HRC)
in tasks such as handing-over and assembling (Bdiwi 2014), and haptic-based perception (Tannous et al. 2020).

Cobots have been, and continue to be widely studied across several applications which shows a dynamic
field shaped by evolving technologies and interdisciplinary approaches. Research shows that safe and effective
human—robot collaboration depends on accurate control (Hameed et al. 2023), and recent research points to Al-
driven control approaches as an increasingly critical part of that toolkit (see Fig. 1b) (Borboni et al. 2023). Recent
studies have underlined an important future direction for cobots is to integrate advanced computer vision and
computer graphics techniques (Liu et al. 2024a, b, c, d, e). The role of cobots in enhancing human interaction
in shared industrial workspaces has been one focus, emphasising their complementarity compared to traditional
robots (Vicentini 2020). Recent research focuses on how machine learning (ML) algorithms can enhance cobot
performance in industrial settings by enabling safer and more adaptable operations (Shah et al. 2025). Other
research emphasizes the integration of cobots into assembly and disassembly lines within the Industry 4.0 frame-
work, revealing their potential for increased flexibility and compatibility with human operatives (Keshvarparast
et al. 2024). This research also highlights the promising use of machine learning (ML) to predict human position-
ing and optimise task scheduling, providing both critical insights for management and identifying future research
opportunities.

A major challenge in developing cobots is the creation of systems that can accurately recognize and respond
to their surroundings. The production of computer vision systems that enable cobots to accurately interpret visual
data is key to solving this challenge, enabling recognition of objects and navigation of complex spaces, to safely
and accurately interact visually (Wang et al. 2025a, b, c, d, e) and linguistically (Xia et al. 2025) with other robots
and human workers. Such innovative technological functions as advanced object detection, localization, instance
segmentation, and pose estimation are essential for complex assembly tasks requiring accurate manipulation of
multiple components (Chai et al. 2021). Also, enhanced computer vision improves a cobots' ability to interpret
human gestures and movements by estimating human skeletal actions. This improves communication and enables
synchronized collaborative actions. Crucially, perception in a collaborative setting is not confined to the physical
scene. A cobot shares both its workspace and its task with human operators, machines, and/or robots. Therefore,
it must also perceive those partners as agents, which means recognising and estimating the action a partner is
performing. Also, this means that estimating the intention, goal, and plan behind an action allows cobots to
anticipate and coordinate within the environment rather than only react. This agent-directed perception includes
skeleton, pose, and gesture recognition, as well as action and motion-intention prediction. It also includes goal
level and plan level inference. It is therefore discussed throughout this review as a complementary axis to the
object directed perception of the surrounding scene. In addition to visual capabilities, other sensing methods
such as haptic sensing, accelerometers, and force-torque sensing, can provide essential feedback on the cobot's
movements and interactions. This feedback enhances cobots’ ability to operate appropriately in highly dynamic
environments. The integration of augmented and virtual reality (AR and VR, respectively) with computer vision
further increases cobots’ opportunities to perform different tasks effectively in mixed-reality environments.
Also, computer vision enhances scene perception for mobile manipulator robots, which improves their abil-
ity to navigate smoothly and safely in complex environments with greater adaptability and awareness. Overall,
these methods allow cobots to improve their perception, communication, and interaction abilities, making them
more efficient and versatile across numerous applications. It should be noted, however, that although computer
vision’s capabilities are often motivated by analogy with human perception, machine vision differs fundamentally
from human visual perception in its core mechanisms. Throughout this review comparisons between the two are
intended to be illustrative rather than to imply functional equivalence.

The large body of existing studies in the area of computer vision for cobot perception as presented by (Liu et
al. 2024a, b, c, d, e), (Keshvarparast et al. 2024) and (Shah et al. 2025) comprehensively covers limited topics
within visual perception as related to cobots, presenting an overview of the role of vision-language models and
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the potential of AR/VR in enhancing cobot perception but omits outlining future directions that could signifi-
cantly impact both research and industry. This paper, however, attempts to bridge these gaps by addressing the
following critical questions:

e What is the current state of visual perception in cobots?

e Which recently developed algorithms, models, and datasets in computer vision could positively impact visual
perception in cobots?

e What are the most important current challenges in visual perception for cobots?

e What future directions and potential solutions could overcome these challenges?

This review aims to deliver a comprehensive, forward-looking synthesis of visual-perception and predictive-
intelligence techniques for cobots by focusing on language and AR/VR for vision systems. Firstly, it reports the
current state of the art in computer-vision algorithms, sensor-fusion frameworks, vision-language methods, and
multimodal sensing for safe and efficient human-robot collaboration. Secondly, it critically evaluates emerging
lines of investigation, such as event-based vision, large-language-model-driven decision support, and AR/VR-
mediated supervision, assessing their potential for overcoming real-world limits in dynamic industrial environ-
ments. Thirdly, it reports research and development in predictive safety, zero- and few-shot object perception,
and deformation-awareness, areas that could enhance a cobot’s adaptability and performance in complex, rapidly
evolving manufacturing settings.

Realising this potential, however, depends on closing a persistent gap between what visual perception for
cobots can already demonstrate in controlled settings and what dependable, such as plug-and-play collaboration
on the factory floor actually requires. Across the studies surveyed here, this gap recurs through a small number
of broad challenges. These include, maintaining robust perception under occlusion, clutter, variable illumination,
and part-to-part variability in real industrial scenes. They also include integrating heterogeneous and multi-robot
sensing in real time without prohibitive computational or communication costs, and moving from reactive safety
toward genuinely predictive, human-aware safety. Further challenges concern is to enable learning that adapts to
new tasks in a stable and data-efficient manner, such as learning with adequate shared datasets and benchmarks.
Then, deploying these capabilities in a trustworthy and secure manner as the underlying computing and sens-
ing technologies continue to develop. These challenges arise from the analysis and are refined in the concluding
synthesis, with each point following directly from the preceding sections. They are prefigured here so that the
distance between what cobot perception can already achieve and what truly plug-and-play collaboration still
demands is clear from the outset.

The approach used in this study to identify papers for review was based on a defined set of criteria to ensure
relevance and depth. In particular, relevant works were identified through a structured search of IEEE Xplore,
ScienceDirect, SpringerLink and Google Scholar, supplemented by arXiv to capture very recent vision-language
and learning-based work. The search combined terms describing the collaborative setting ("'cobot", "collaborative
robot", "human—robot collaboration", "human-robot interaction") with terms describing the perception technol-
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ogy ("computer vision", "visual perception”, "pose estimation", "sensor fusion", "vision-language model", "aug-
mented reality", "virtual reality"). This initial set was extended through backward and forward citation tracking,
following the reference lists and citing works of the most relevant papers. Priority was given to recent publica-
tions, reflecting the rapid pace of the field, although older works were retained where they establish the concepts
and benchmarks on which current methods build. The retained studies were then grouped by perception approach
such as vision, vision-language, and vision with AR/VR, and each group was examined not only for the capabili-
ties reported but also for the operating conditions under which those capabilities were demonstrated and those
under which they were left untested. Limitations recurring across the groups were consolidated into the chal-
lenges set out in Sect. 4, and the future directions proposed there were derived from those challenges rather than
collected from the stated aims of the source papers, so that each direction responds to a gap evidenced by the

reviewed literature.
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The review is structured as shown in Fig. 2. Following the introduction, the Foundations of Visual Percep-
tion section discusses vision sensing methods and scene understanding algorithms. The Perception Approaches
section reviews visual perception in collaborative robots and focuses on three main approaches: vision, vision-
language and vision-AR/VR. Next, the paper explores the future direction, limitations, challenges, and potential
solutions. The final section provides, as a conclusion, the key findings of the review.

2 Foundations of visual perception

Before visual perception can support collaborative behaviour, a cobot must first sense its surroundings and con-
vert raw signals into structured scene information. This section begins the domain-general foundations on which
that capability builds, and it is organised in two sub-sections. Firstly, Sub-Sect. 2.1 surveys the vision sensors
that supply the input data, across 2-D, 3-D, and point-cloud modalities. Also, this subsection outlines the trade-
offs that make each suited to particular tasks. Secondly, Sub-Sect. 2.2 reviews the core computer vision algo-
rithm families that turn this sensor data into actionable scene understanding, such as object detection, instance
segmentation, pose estimation, and human activity recognition. These sensors and algorithms are not specific to
collaborative robots but they constitute the building blocks of modern visual perception more broadly. After that,
Sect. 3 builds directly upon them to show how these components are composed and integrated into the deployed
perception systems that operate within real collaborative robot settings.
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2.1 Vision sensors

Cobots use various vision sensors to improve their interactions with the environment, to enhance both safety
and efficiency (Javaid et al. 2022a, b). These sensors provide either 2-dimensional (2-D) or 3-dimensional (3-D)
images to represent the surroundings and can provide point clouds as well.

2-D vision systems capture visual data in two dimensions, height and width, similar to a regular camera. Due to
their simplicity, these systems offer quick processing and are suitable for tasks that do not require depth percep-
tion, including reading barcodes, detecting the presence of objects, or simple manufacturing tasks. The inability
to measure distance or depth of objects directly can be overcome by inferred depth from visual cues such as
colour contrast in the red—green—blue (RGB) colour space (D’Emilia and Di Gasbarro 2017), or employing mul-
tiple 2-D cameras to reconstruct a 3-D vision of the scene (Bellandi et al. 2012).

Different types of 2-D vision sensors have different purposes. RGB cameras, the most basic type, capture
two-dimensional images (Maxim et al. 2023) and are commonly used for basic object recognition (Cazzato et al.
2020) and visual inspection (Minz and Saini 2021). Thermal cameras detect infrared energy, making them useful
for detecting and/or tracking in low-visibility conditions (Wilson et al. 2023), they have been widely applied for
inspection in agricultural processes (Yun et al. 2024) and for privacy enhancement in HRC in cobots applica-
tions (Lintvedt 2023). Hyperspectral and multispectral cameras, which capture a range of wavelengths beyond
the visible spectrum (Bhargava et al. 2024) are used in pharmaceutical robotics for quality inspection (Su et al.
2022). Dynamic vision sensors (DVS), also known as event cameras (Gallego et al. 2022), are designed to detect
changes in light intensity at each pixel independently, providing high temporal resolution for dynamic environ-
ments and have been used successfully in cobot applications such as HRC (Duarte et al. 2024) and multi object
tracing in highly dynamic robotics environments (Apps, Wang et al. 2025a, b, c, d, e).

3-D vision systems capture depth information in addition to length and width, offering a full spatial representa-
tion of the environment, which can be used in robot manipulators (Cong, Chen et al. 2023a, b) and in autonomous
driving (Contreras, Jain et al. 2024). This capability enables cobots to perform tasks that require precise manipu-
lation, navigation around obstacles, and safe collaboration with humans or other machines (Boschetti et al. 2023)
including such high-precision tasks as robotic assembly (Yan et al. 2021). Stereo vision systems for depth detec-
tion use two 2-D cameras placed at different viewpoints to capture images simultaneously; depth is calculated
by comparing these images which have high impact in robot trajectory planning (Zaki et al. 2023) and cobots
system (Mohamed et al. 2017). Stereo vision can also be integrated with event-camera systems to assess scene
geometry by accumulating sensor observations over many frames or event streams rather than single frames and
fusing them together using the camera’s estimated motion/pose (Zhou et al. 2018). Time-of-flight (ToF) cameras
determine the time taken for light to travel to the object and back (He and Chen 2019), enabling the construction
of a depth map (Horaud et al. 2016). Structured light cameras project a pattern onto a scene and measure defor-
mation to construct 3-D shapes (Zanuttigh et al. 2016). Finally, light detection and ranging (LiDAR) emits laser
pulses and measures the reflection time to create accurate, detailed point clouds, making it ideal for applications
requiring high-precision at long-distances (Zhong et al. 2021) (Fig. 3).

2.2 Cobot perception methods

2.2.1 Overview

As previously stated, different computer vision techniques can be utilised to accurately identify, locate, and differ-
entiate among multiple objects in a scene for industrial applications. When integrated into cobots systems, these
techniques enhance the cobots’ ability to perform tasks safely and efficiently alongside other robots, machines,
and human workers (Zheng et al. 2025). These vision techniques include object detection based on 2D/3D vision
to localize objects in an image or scene (see Fig. 4c) (Wang et al. 2025a, b, ¢, d, ), which can also be performed
using event-based vision, a method that focuses on pixel-level intensity changes (Cho et al. 2025).
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Fig.4 Vision perception pipeline used by a collaborative robot in robotics lab at IAI-KIT; a Camera and workspace calibra-
tion with a chess board target, b Raw RGB image of a cluttered parts tray, ¢ Object-detection stage producing class-coloured
bounding boxes, d Semantic-segmentation map assigning a label to every pixel, e Instance-segmentation masks isolating
each individual part, f 6-DoF pose-estimation and grasp-proposal output, green oriented boxes and arrows denote feasible
pick poses, ready for downstream motion planning. As shown, a vision pipeline turns raw images into usable scene knowl-
edge step by step, detecting objects, segmenting them, and estimating their pose, until the result is ready for motion planning

Semantic segmentation is another key technique, as it assigns a class label to every pixel and generates masks
that delineate scene elements (Kerssies et al. 2025). Also, real-time variants of semantic segmentation are par-
ticularly important for enabling fast processing in critical applications (Yang et al. 2025a, b, ¢, d, ). Moreover,
to provide more detailed delineation, instance segmentation identifies individual object instances in a scene (see
Fig. 4e) (Shi, Zhang et al. 2025), while part segmentation, also termed as object-part parsing, detects subcom-
ponents of objects (Li et al. 2024). Furthermore, panoptic segmentation combines both semantic and instance
segmentation, offering a unified representation of the scene.

Beyond recognizing and segmenting objects, other methods aim to estimate an object’s 3D position and orien-
tation, a method termed as object pose estimation (see Fig. 4f) (Shi, Zhang et al. 2025). Finally, to incorporate the
temporal dimension, temporal understanding addresses time-varying data in vision systems, which is particularly
important in cobot tasks (Sampieri et al. 2022). It enables applications such as pose forecasting and robot action
segmentation (see Fig. 5) (Kimhi et al. 2025).
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2.2.2 Object detection

The purpose of object detection is to identify both the class and location of objects within a scene. Object detec-
tion can be applied using traditional computer vision which relies on feature engineering and signal processing
algorithms (Pagire et al. 2025). However, advances in deep learning (DL) have led to substantial progress in
modern computer vision (Edozie et al. 2025) not only in object detection but also in other methods (Chai et al.
2021). These have significantly improved cobot task performance such as object grasping (Chen and Lu 2021).
The effect of DL can be seen in the Regional Convolutional Neural Network (R-CNN) widely regarded as mark-
ing a shift from traditional methods to CNN-based feature extraction, significantly improving accuracy and gen-
eralization (Ren et al. 2016).

R-CNN generated a round 2,000 regions of interest (ROIs) through Selective Search, processes each with a
pre-trained CNN, classified by a class-specific Support Vector Machine (SVM), and refined boxes with regres-
sion (Cervantes et al. 2020). The R-CNN approach was accurate but slow (Girshick et al. 2014). Fast R-CNN
addressed this limitation via a structure that pooled regions directly from the convolutional feature map, elimi-
nating redundant processing. This improved speed and accuracy but still relied on Selective Search, reducing
real-time performance (Girshick 2015). Faster R-CNN was developed based on the integration of candidate
generation, feature extraction, classification, and regression within a single CNN. This architecture enabled near-
real-time speed, but the large number of architectural parameters tends to reduce detection speed (Ren et al.
2016). The Region-based Fully Convolutional Network (R-FCN) reduced the number of parameters, but it still
struggled with small or densely packed objects (Rettenberger et al. 2023). Mask R-CNN extended Faster R-CNN
with pixel level segmentation, which provides precise detection but at a high computational cost (K and G 2024).

In parallel, fully convolutional encoder-decoder architectures such as U-Net have been widely used for pixel
level segmentation in robotics tasks, such as object grasping tasks (Rasheed et al. 2024) and cobot detection
(Chmielowiec 2025). U-Net is based on a contracting path to capture context, which is termed the encoder, and
an expanding path with skip connections to recover spatial detail, which is termed the decoder (Ronneberger et al.
2015). This architecture enables precise delineation of object boundaries even with limited training data (Salem
et al. 2026). In detection pipelines, U-Net style architectures are often coupled with backbone features to refine
masks or to provide high-resolution semantic cues that benefit small object detection and scene understanding,
offering a practical balance between accuracy and efficiency in complex industrial settings. The U-Net archi-
tecture can be proposed in combination with rule-based metrics, termed as Attention U-Net, to be used in many
application such as welding line detection (Lukacs et al. 2025).

For real-time applications, single-stage methods such as Single Shot MultiBox Detector (SSD) and You Only
Look Once (YOLO) prioritize speed. YOLO divides images into grids, predicting bounding boxes and classes
simultaneously but struggles with small objects or cluttered fields of view. YOLO has achieving high precision by
introducing anchor boxes and clustering for better small-object detection. Successive YOLO versions (YOLOv2
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to YOLOvVI11) continuously improved feature extraction, data augmentation, and architecture for enhanced speed
and accuracy (Sapkota et al. 2025). YOLOv11 was a single-stage, anchor-free detector that predicted classes and
bounding boxes over multi-scale feature maps in one forward pass (Terven et al. 2023). The network followed
the standard YOLO design with an improved backbone and neck for stronger multi-scale features, fused by a
Feature Pyramid Network (PAN) and Path Aggregation Network (FPN) style neck (Khanam and Hussain 2024).
A decoupled detection head made separate classification and box-regression predictions at three scales (P3-P5) to
cover small-to-large objects. During training, YOLOv11 used task-aligned label assignment and a composite loss
that combined focal/varifocal classification terms with loU-based box loss and Distribution Focal Loss (DFL)
for localization. At inference, per-scale predictions were decoded and filtered to produce the final detections. The
same backbone and neck paired with task-specific heads for instance segmentation (via a ProtoNet mask branch),
keypoints/pose, and oriented bounding boxes (OBB), which enabled a unified, high-throughput perception stack
with a good speed-accuracy trade-off (Hidayatullah et al. 2025). YOLO can detect small objects in complex envi-
ronments, such as underwater (Chen and Er 2024). YOLO is not restricted to work with 2-D and 3-D images but
it can also work with point clouds of LIDAR and Radar (Berens et al. 2024).

SSD directly predicted class confidence and bounding box offsets using anchor boxes. It improved upon
YOLOvVI1 by addressing small-object detection through multi-scale feature extraction and reducing parameters
via fully convolutional networks (Liu et al. 2016). Feature Fusion SSD advanced SSD’s capturing of context
information by fusing fine details with contextual information across layers, enhancing small-object detection
(Li et al. 2017). The difficulty SSD experienced with imbalanced data during training was addressed by Reti-
naNet, by introducing a focal loss function that emphasized harder-to-classify samples, thus enhancing detection
performance (Lin et al. 2018).

To resolve the challenges posed by data imbalance and detection of objects at different scales, Libra R-CNN
introduced several innovations. First, it used loU-balanced sampling to ensure that both easy and hard training
samples were represented equally, which led to an enhanced balanced learning. Second, the Balanced Feature
Pyramid (BFP) was introduced to manage multi-scale features, which allowed the model to capture more details
effectively across various object sizes. Lastly, balanced L1 loss was applied, which is defined as an L1/Huber-
style regression loss that down-weights very small and very large errors while emphasizing medium errors. Thus,
based on balancing inliers and outliers, the model could adjust training contributions from different samples to
keep the learning process stable and consistent. Together, these techniques aided Libra R-CNN to reach a signifi-
cant accuracy improvement in the detection of varying scales’ objects (Pang, Chen et al. 2019a, b). In parallel,
TridentNet introduced a multi-branch network architecture that was developed to generate distinct feature maps
for different scales. Each branch captured features specific to small, medium, or large objects by adjusting the
receptive field size. This architecture enabled TridentNet to detect objects of different scales more effectively in
a single pass (Li, Chen et al. 2019a, b).

CNN-based object detection methods typically rely on sliding windows to detect local features within an image.
However, this approach limits the model's ability to capture global context across the entire image, because it
focuses on localized regions. Transformer-based methods, such as DEtection TRansformer (DETR) and Vision
Transformer (ViT), overcame this limitation by capturing both local and global relationships, which offered a
more holistic view of the scene.

DETR adapted the Transformer architecture from natural language processing to object detection. It directly
modeled relationships between objects across the whole image, which allowed it to predict object categories and
locations without the need to perform additional post-processing tasks tasks (Carion et al. 2020). Although DETR
achieved accurate results, it had high computational costs and struggled with small-object detection. To address
these challenges and improve efficiency, Deformable DETR introduced sparse sampling, which focused compu-
tational resources on relevant regions (Zhu et al. 2020).

Vision Transformer (ViT) applies the Transformer approach to image classification tasks. It divides an image
into patches and processes each patch through a Transformer encoder. This patch-based approach allows ViT to
capture global image context effectively (Dosovitskiy 2020). Data-efficient Image Transformers (DeiT) further
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improved the model's performance on small datasets by using a distillation-based training approach, which makes
it more effective in cases of limited data (Touvron et al. 2021).

Overall, these advancements in object detection techniques, from R-CNN to YOLO, SSD, and Transformer-
based models, have enabled increasingly accurate, adaptable and efficient object detection, providing robust
frameworks for a wide range of cobotic applications.

All the algorithms discussed above were initially designed for 2-D images, limiting detection, classification
and localization to a plane, which is inadequate for cobots. Effective cobot interaction requires 3-D information.
Extracting 3-D objects from 2-D images was achieved through monocular, feature-matching, and multi-camera
approaches, while 3-D image detection relied on stereo, LIDAR, and fusion techniques (Niedermaier et al. 2025).

In what follows, the authors review six complementary 3-D perception approaches for cobots which are mon-
ocular 2-D-to-3-D inference, feature-matching with CAD, multi-camera/BEV methods, stereco-based depth,
point-/voxel-based LiDAR and RGB-D, and multi-modal fusion.

Firstly, Monocular approaches employed established 2-D frameworks with geometric priorities to estimate
3-D information from a single 2-D image. Mono3-D network assumed objects lay on the ground plane, generat-
ing 3-D candidate boxes through energy minimization, filtered by prior known geometric features and refined
with a convolutional network (Chen et al. 2016). To handle 3-D parameters such as position, size, and rotation
within a single regression loss, MonoDIS separated the regression loss by parameter (loss disentanglement),
improving training stability and reducing parameter interference. MonoDIS also introduced an IoU-based loss
(signed IoU) for 2-D detection to better align optimization with the loU evaluation metric, enhancing alignment
between predicted and ground-truth boxes, enhancing generalization across object scales and shapes (Simonelli
et al. 2019). MonoGRNet (Qin et al. 2019) enhanced monocular 3-D detection by dividing the task into four
steps, which are 2-D detection, local feature extraction, instance depth estimation, and 3-D bounding box predic-
tion. This modular approach utilized semantic features from 2-D images to improve inference speed by avoiding
complex proposal generation. It also featured an Instance Depth Estimation module that efficiently estimated an
object’s centre depth, which helped reduce computational demand in real-time applications. MonoRCNN further
refined distance prediction by decomposing object distance into physical and projection heights. This method
improved the geometric interpretation of the object-to-camera relationship, which resulted in robust and accurate
distance estimations. This made it more suitable for many real-world applications (Shi et al. 2021).

Secondly, in robotics, feature matching-based approaches combined with computer-aided design (CAD) data
have proven highly effective for object detection and pose estimation. These methods used 3-D CAD data to
identify and localize objects in real environments, integrating DL with 3-D geometry. Local surface embeddings
aligned 2-D image points with 3-D CAD points, and models such as Mask R-CNN when paired with RANdom
SAmple Consensus (RANSAC) achieved accurate 6D pose predictions (Pitteri et al. 2020). In complex environ-
ments with occlusion, an unsupervised method was used to learn dense 2-D/3-D correspondences, which is per-
pixel/per-point matches across the image and object surface, not just sparse keypoints, without prior knowledge
of visual ambiguities, enabling the effective sampling, scoring, and refining of pose hypotheses. Using a contras-
tive loss function which pulls embeddings of matched pairs together and pushes mismatched pairs apart with a
margin in latent space, these correspondences were represented in latent spaces through a dual model structure,
accurately encoding complex visual information even in the presence of ambiguities (Haugaard and Buch 2022).
Additionally, and with minimal training, these algorithms generalized well on new data, allowing object detection
and pose estimation without prior 3-D model knowledge or object-specific training. A single image input could be
used to predict relative poses for future images via a model trained to generate discriminative embeddings with
U-Net architecture and attention mechanisms, facilitating generalization to new objects (Nguyen et al. 2024).
This approach could also detect unseen objects or partially occluded items by learning local representations from
CAD models (Nguyen et al. 2022) or depth models (Ornek et al. 2025) for template matching, effectively achiev-
ing pose estimation for new objects with minimal training. A so-called Siamese neural network has been used to
detect objects by comparing two image inputs, one from the observed scene and one from a reference, a capability
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that is particularly useful in robotic applications (Cabrera et al. 2024), but is also widely used in high speed object
tracking tasks of unmanned aerial vehicles (Fu et al. 2023).

Thirdly, multi-camera-based approaches enabled enhanced 3-D feature prediction from 2-D images by esti-
mating object bounding boxes from the multiple camera inputs. These methods utilized Bird's Eye View (BEV)
representations to provide a global view of the scene that highlights object locations and scales, mitigates occlu-
sion, and supports temporal and spatial fusion for multi-frame integration. The BEVDet model (Huang, Huang
et al. 2021) improves 3-D detection by projecting 2-D image features into a BEV format, enhancing spatial
comprehension, while data augmentation and an upgraded Non-Maximum Suppression strategy (Hosang et al.
2017) further enhances robustness, reduces overfitting, and refines bounding box accuracy. Additionally, BEV
methods use learnable queries to map 2-D features into BEV sequences, enabling 3-D predictions to be made
using a decoder. For greater adaptability BEVFormer introduced deformable sparse attention, enabling BEV que-
ries to focus on relevant image regions, enhancing efficiency and reducing reliance on precise calibration (Li et
al. 2022). BEVFormer v2 optimised temporal fusion by aligning historical and current BEV features, supporting
better model performance in dynamic environments (Yang, Chen et al. 2023a, b), while BE Verse integrated 3-D
detection, semantic mapping, and motion prediction into a unified framework through spatio-temporal BEV rep-
resentations and multi-task learning (Zhang et al. 2022). Multi-2-D-frame methods such as BEVDepth optimised
depth prediction by integrating depth supervision and spatial alignment, improving accuracy by using direct
depth data (Li et al. 2023). BEVStereo enhanced depth perception in dynamic scenarios by using temporal stereo,
and processing sequences of multi-view 2-D images (Li et al. 2023).

Fourthly, stereo-based approaches utilized stereo camera frames to enhance depth perception and reduce the
effect of background noise through additional geometric constraints. As with 2-D detection, Stereo R-CNN
extends the Faster R-CNN model for 3-D tasks, providing faster processing with added accuracy by introducing
a keypoint prediction branch and photometric alignment, which enhance 3-D positioning precision (Li, Chen et
al. 2019a, b). The Deep Stereo Geometry Network (DSGN) provides an accurate assessment of 3-D scenes from
stereo images, bypassing costly LiDAR sensors, by constructing a 3-D volume from stereo pairs, estimating
depth and detecting objects in a single-stage pipeline. An improved version, DSGN++, refines this with depth-
wise plane sweeping for enhanced 2-D-stereo volume connections and Dual-view Stereo Volume to combine
front- and top-view features for diversely shaped objects (Chen et al. 2022).

Inspired by the YOLO model, YOLOStereo3-D avoided traditional disparity estimation, expanding 2-D detec-
tion with stereo features for efficient 3-D detection. YOLOStereo3-D used pixel-level correlations to balance ste-
reo and monocular features. It incorporated a densely connected ghost module and a hierarchical fusion structure.
This structure enabled accurate 3-D detection without LIDAR (Liu, Wang et al. 2021). To reduce depth instabili-
ties, the Continuous Disparity Network replaced conventional regression loss with a Wasserstein distance-based
loss function, which allowed the model to cope with diverse disparity values. This approach stabilized gradients
and improved depth estimation accuracy, which provided a robust solution for 3-D feature extraction (Garg et al.
2020).

Fifthly, the introduction of point-cloud and voxel-based methods marked a significant advancement in the
detection precision of 3-D objects. This was achieved using LIDAR and RGB-D sensors, which have gained
popularity for their ability to provide direct and precise 3-D spatial information. In contrast to traditional 2-D
data, which require complex computations to infer depth, 3-D sensor signals are rich in geometric information.
This richness has enabled the development of sophisticated detection frameworks. Two primary approaches have
emerged for 3-D data representation, which are voxel-based and point-based. Voxel-based methods efficiently
extract features by dividing data into grids, but at the expense of accuracy. In contrast, point-based methods retain
precise point positions and give greater accuracy but require more computation due to the unordered storage of
point-level features. Building on the R-CNN architecture, Voxel R-CNN demonstrated that precise point posi-
tioning was not essential for high-performance detection. Instead, coarse voxel granularity could achieve compa-
rable results with correspondingly lower computational costs (Deng, Shi et al. 2021). While voxel-based methods
were efficient, point-based techniques such as PointRCNN (Shi et al. 2019) directly utilized raw point-cloud data,
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employing a two-stage framework that segmented point clouds into foreground and background using both local
and global features to refine proposals (Shi et al. 2019). To merge the strengths of both voxel- and point-based
methods, PV-RCNN and PV-RCNN++ integrated features from both, improving 3-D detection by encoding scene
information through voxel grids and refining key points with point-based features (Shi et al. 2020; 2023). An
important addition to these approaches was the Point Pillars method, which sought to balance speed and accuracy
by organizing point cloud data into vertical columns, or "pillars" and using a PointNet-based network for effec-
tive feature detection (Lang et al. 2019). This encoding, processed with 2-D convolutional architecture, created a
highly efficient pipeline with both speed and accuracy, surpassing other methods then available (Qi et al. 2017).
The accuracy of point-cloud processing has been improved by using Vision Transformer (ViT) architectures,
commonly known as Point cloud transformer (PCT) (Guo et al. 2021). These models learn high-quality feature
representations (Wang et al. 2024a, b, c, d, e).

Finally, fusion-based approaches which integrate various vision sensor types, combine multi-modal data such
as 2-D RGB images and point clouds, to enhance 3-D object detection, improving representation learning and
detection accuracy. The FusionViT model exemplified this approach by adopting a hierarchical, Transformer-
only framework that embedded both images and point clouds for more robust learning (Xiang and Zhang 2023).
Similarly, the Cross Modal Transformer processed images and point cloud tokens (each of which contain fine-
grained information) into precise 3-D bounding boxes without explicit view transformations, aligning multi-
modal data by encoding 3-D points into unified features (Yan, Liu et al. 2023a, b). This approach includes a Voxel
Enhancement Module and an Image Enhancement Module, which update each other to bridge the modality gap,
enhancing LiDAR and camera-based spatial awareness and adaptively selecting modality-specific features for
a unified 3-D representation (Song and Wang 2024). Moreover, sensor fusion proved effective for the detection
of small objects without limiting detection of larger items. A multi-layer fusion network applied a dense fusion
approach, merging features mapped across layers to retain more useful information. An adaptive fusion module
was further incorporated to minimize background interference, enhancing small object detection by adaptively
weighting and fusing feature layers (Guo and Hu 2024).

Figure 6 closes this section with a chronological overview of the object-detection methods surveyed above;
the corresponding full catalogue, method, input, key contribution and reference, is provided in Table A.1 in
Appendix. The methods are placed on a shared 2014-2024 timeline and grouped into swim-lanes by family,
separating the two-dimensional detectors, such as two-stage, one-stage, encoder-decoder and transformer, from
the six three-dimensional families such as monocular, stereo, point-/voxel-based, bird's-eye-view multi-camera,
CAD-matching and multi-modal fusion. Read from left to right, the diagram makes the maturation of the field
explicit: research begins almost exclusively with two-stage 2-D detectors and progressively expands until, in
the most recent years, nearly every family is active, evidencing a clear movement from RGB-only 2-D detec-
tion towards 3-D, multi-view and sensor-fusion perception better suited to the spatial demands of collaborative

F|g. 6 Chrono]ogical overview ‘ FOUNDATIONS ‘ EXPANS|ON‘ ‘ FRONTIER
of the object-detection methods 2014 2016 2017 2019 2021

. . [ 2-D IMAGE-BASED DETECTION (RGB) |
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ily (two-dimensional detectors Encoder-Decoder
above; the six three-dimensional Transformer R
families below). Horizontal pOSi— | 3-D DETECTION (Monocular, Stereo, LiIDAR, Multi-View, Sensor Fusion)
tion denotes the original publica- Monocular 3-D (Mono3-D] donaBb LMonoRCNN |
tion year, solid markers indicate Stereo 3-D Stereo R-CNN| [CONIYOLOStereo3D  [DSGN#+
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landmark methods, and the period Point Cloud / Voxel POInRCNNIPV-RCNNVGRel R-CNN - (PV-RCNIN+
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robotics. Landmark methods are emphasized within each lane to indicate the principal milestones, and the period
annotations capture the dominant research theme of each interval. Readers are referred to Table 1 for the detailed
attributes of each method represented in the figure.

2.2.3 Instance segmentation

Instance segmentation is focused on identifying all instances of a specific category within an image, marking the
exact pixels associated with each instance. Unlike traditional bounding box detection, which outlined objects
within boxes, instance segmentation required a detailed separation of each individual object instance rather than
simply recognizing object classes at the pixel level.

Alongside the existing bounding box recognition branch, the addition of Mask R-CNN (see Sect. 2.2.2) serves
as an effective method for instance segmentation of a branch to predict object masks. This dual-purpose model
has been efficient at detecting objects while generating high-quality segmentation masks for each instance. Train-
ing Mask R-CNN is straightforward, adding only minimal computational overhead when running at 5 fps (frames
per second), and can be generalized to include other tasks, such as human pose estimation, within the same frame-
work (He et al. 2017). Another model, MaskLab (Chen et al. 2018), based on the Faster RCNN object detector
(see Sect. 2.2.2), addressed the instance segmentation problem by refining object detection through semantic and
directional features, producing three outputs: box detection, semantic segmentation, and direction prediction.
This approach accurately localized object instances using predicted boxes and combined semantic segmentation
with directional cues to separate instances within the same semantic class (Chen et al. 2018). Also, Mask RCNN
outperforms U-Net in segmenting overlapping object, such as cells in biomedical engineering, and achieves com-
parable performance if objects do not intersect (Rettenberger et al. 2023).

Further advancements included the Hybrid Task Cascade, inspired by Mask R-CNN (Kijdech and Vongbun-
yong 2024) and Cascade R-CNN (Cai and Vasconcelos 2018), which enhanced instance segmentation by utiliz-
ing the reciprocal relationship between detection and segmentation (Chen, Pang et al. 2019). Another innovation,
Point-based Rendering (PointRend), draws on computer graphics algorithms which approach segmentation as
a rendering problem, addressing over- and under-sampling challenges in pixel labelling. PointRend performs
point-based predictions at adaptively selected locations using an iterative subdivision algorithm, which makes it
suitable for both instance and semantic segmentation tasks (Kirillov et al. 2020).

In contrast to Mask R-CNN, which detects bounding boxes first, TensorMask employs a dense sliding-window
method to treat each spatial location's output as a 4D tensor. This architecture allows TensorMask to use instance
segmentation as a means of tensor prediction by utilizing novel operators specifically designed for this approach
(Chen et al. 2019). To achieve real-time performance, the YOLACT and YOLACT++ models introduced a
method that decomposed instance segmentation into two parallel tasks, which are generating prototype masks
and predicting per-instance mask coefficients (Bolya, Zhou et al. 2019a, b). This process provided high-quality
masks with temporal stability at a minimal computational cost (Bolya, Zhou et al. 2019a, b).

The Segmenting Objects by Locations (SOLO) method transformed instance segmentation into a classifica-
tion task by assigning "instance categories" to each pixel based on location and size. This helped to simplify the
segmentation process while maintaining accuracy. SOLO's framework mapped input images to instance masks
without post-processing or bounding-box detection (Wang et al. 2020). BlendMask combined top-down and
bottom-up methods, integrating instance-level information with fine-grained semantic details for enhanced mask
prediction. High-level instance data from a top-down perspective provides context about object boundaries and
general structure, but the bottom-up layer contributes pixel-level details for fine-grained segmentation (Chen et
al. 2020).

All the algorithms discussed above were designed for 2-D images and generated 2-D bounding boxes, limiting
detection to classification and localization on a plane, which proved inadequate for cobots. Effective robot inter-
action requires 3-D information. In what follows, we review six approaches: firstly, monocular 2-D-to-3-D infer-
ence; secondly, CAD-based matching; thirdly, multi-camera/BEV methods; fourthly, depth-camera (RGB-D)
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approaches; fifthly, 3-D point/voxel-based segmentation and detection; and finally, multi-modal fusion of RGB
and LiDAR.

Firstly, monocular methods infer 3-D structure and human/object pose from a single RGB image. Switch-
ing from 2-D to 3-D vision: the Shape-Aware Monocular 3-D Object Detection method combines an instance
segmentation head with 3-D bounding box projections, concentrating on visible shapes in single RGB images,
effectively reducing interference from irrelevant regions and improving detection of occluded objects (Chen et al.
2023a, b). This detection method also introduces the Average Depth Similarity (ADS) metric to compare predicted
and ground-truth depths which shown improvements overlooked by more traditional IoU-based evaluations. By
uniting instance segmentation with ADS, this method achieves greater accuracy with robust 3-D detection in
challenging test cases. In order to reduce or even remove camera dependency, the MonoClInlS approach separates
intrinsic parameters from the core learning process (Heylen et al. 2021). It begins with instance segmentation,
predicting 3-D reference points at the pixel level to enhance detection precision across various viewpoints. The
model employs camera-independent geometric reasoning to estimate 3-D poses and so does nor rely on intrin-
sic camera parameters. In post-processing, camera parameter 2-D reference points are mapped into 3-D space
for accurate localization. MonoCInlS uses diverse datasets to outperform earlier methods based on the KITTI
Vision benchmark (Geiger et al. 2013), setting a new standard of camera independence. A cross-dimensional 3-D
instance segmentation (CD3IS) approach has achieved 3-D representation using only monocular RGB images,
bypassing the need for specialized 3-D devices and extensive labelling (Tang, Chen et al. 2024a, b). It starts by
a Double-Snake Multitask Network estimated depth while performing instance segmentation, using depth cues
to refine object delineation. Then, an Adaptive Point Cloud Filtering Algorithm generated and refined 3-D point
clouds from single images, guided by depth and colour data to better distinguish objects. Validated on datasets
such as Cityscapes and SOP, CD3IS demonstrated a strong performance and practical feasibility in real workshop
environments.

Secondly, CAD-based matching has been used to align real-world imagery with accurate 3-D object repre-
sentations utilizing CAD models for novel object segmentation and shape reconstruction to obtain robust 3-D
insights for minimal manual effort. One such algorithm is the CAD-based Novel Object Segmentation (CNOS)
which employs a three-stage pipeline to segment previously unseen objects in RGB images using only their
CAD models and without retraining (Nguyen et al. 2023). In the Proposal Generation stage, it uses Fast Segment
Anything to produce multiple segmentation proposals, each represented by a binary mask. During the Descriptor
Creation stage, CNOS used the vision foundation model DINOV2 to generate feature vectors for both the seg-
mentation proposals and the CAD models, enabling accurate matching. In the Matching and Segmentation stage,
the model compared proposal descriptors with CAD model descriptors, assigning object identities to the most
likely matches. It was claimed that this approach surpassed existing methods by almost 20% in Average Precision
across the seven core BOP challenge datasets (Hodan et al. 2018), establishing a new benchmark for CAD-based
novel object segmentation. Mask2CAD has been used to reconstruct 3-D object structures from 2-D images using
large-scale 3-D model libraries (Kuo et al. 2020). After detecting and segmenting objects in real RGB images
Mask2CAD projects both 2-D segments and 3-D CAD models into a shared embedding space to identify the best-
matching CAD template for each object. After retrieving the most suitable model, Mask2CAD refines the object
pose, optimizing scale, rotation and translation, to achieve optimum alignment. This CAD-based representation
offers a lightweight method for modelling object shapes, facilitating tasks such as content creation and interac-
tive applications. Evaluations on Pix3-D confirmed Mask2CAD’s enhanced 3-D shape prediction, and additional
experiments on the more varied ScanNet dataset confirmed its robustness in complex, real-world scenarios (Sun
etal. 2018).

Thirdly, using multiple-camera inputs to enhance 3-D feature predictions from 2-D images by estimating
object bounding boxes. One such is the BEVSegFormer used with autonomous vehicles to produce BEV seman-
tic segmentation using arbitrary camera setups. The process begins by encoding multi-camera image features
through a shared backbone, then refining them with a deformable transformer-based encoder. A BEV transformer
decoder module generates the semantic segmentation outputs, aided by a multi-camera deformable attention unit
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that maps between BEV and image views. Queries were organized in a BEV grid and sampled for final predic-
tions. Evaluated using the nuScenes data set (Caesar et al. 2020) and an author-collected dataset, BEVSegFormer
showed what the authors described as promising results, with an ablation study confirming the effectiveness of
each component (Peng, Chen et al. 2023a, b). The ODIN (Omni-Dimensional INstance segmentation) approach
challenges the idea that 2-D and 3-D perception required distinct models by introducing a Transformer archi-
tecture that jointly segmented 2-D RGB images and 3-D point clouds (Jain et al. 2024). The model alternated
between fusing within-view 2-D and cross-view 3-D features, encoding positional information through tokens for
both pixel and 3-D coordinates. The authors claim ODIN achieved state of the art results using the ScanNet200,
Matterport3-D and AI2THOR data sets, and performed at least as well as similar models using ScanNet (Rozen-
berszki et al. 2022), S3-DIS (Armeni et al. 2016), and COCO (Lin et al. 2014). ODIN excelled at handling sensed
3-D point clouds over mesh-sampling and, when deployed as a 3-D perception engine in an embodied agent,
set new performance benchmarks on the TEACh dataset (Padmakumar et al. 2022) when performing an action-
from-dialogue task. The Instant NeRF approach introduced one of the earliest learning-based pipelines for 3-D
instance segmentation in Neural Radiance Fields (NeRF) (Liu et al. 2023). A NeRF model pre-trained on multi-
view RGB images, learned an instance field that generated discrete 3-D instance masks through a proposal-based
network. These masks were projected to align with 2-D segmentations presenting multiple views, which served
as supervision. In addition to producing consistent 2-D segmentation from novel viewpoints, Instant NeRF could
interrogate instance information at any 3-D point, thus significantly enhancing NeRF’s object manipulation capa-
bilities and demonstrating superior performance on synthetic and real-world indoor NeRF datasets, outperform-
ing earlier NeRF segmentation methods and top 2-D segmentation models on novel-view segmentation tasks.

Fourthly, the depth camera-based approach, increased the efficiency of RGB-D semantic segmentation by
means of an adaptive context aware network using spatial information, a lightweight encoder-decoder network
utilized cross-modal correlations which minimized computational costs by reducing the computational param-
eters (Zhang et al. 2023). To mitigate noise from depth data, the network employed channel and spatial fusion
attention modules to capture multi-level RGB-D features. High-level representations were enriched using a glob-
ally guided local affinity context module, and a lightweight residual unit in the decoder fused short- and long-dis-
tance information. Validated on NYUv?2 (Silberman et al. 2012), SUN RGB-D (Song et al. 2015), and Cityscapes
(Cordts et al. 2016), this method demonstrated superior accuracy, inference speed, and parameter efficiency
compared to other approaches.

Recently the DiPFormer approach has been used to enhance RGB-D scene understanding by addressing atten-
tion misalignment problems in depth maps (Chen et al. 2024). DiPFormer improved road detection and semantic
segmentation by focusing on more precise spatial attention. Depth Spatial-Aware Optimization (Depth SAO)
was introduced to capture real-world spatial relationships, and Depth Linear Cross-Attention (Depth LCA) to
distinguish spatial differences at the pixel level. A multi-scale MLP Decoder then fused features while maintain-
ing real-time performance. This technique achieved state of the art scores on the benchmarks KITTI (Geiger et
al. 2013), KITTI-360 (Liao et al. 2023), and Cityscapes (Cordts et al. 2016) datasets.

Fifthly, the use of 3-D semantic segmentations with deep neural networks (DNNs) have been remarkably suc-
cessful, showing significant increases in performance. However, the small number of categories used in current
3-D segmentation is insufficient to represent the range found in real environments and to better reflect reality. The
3-D semantic segmentation on ScanNet was expanded to 200 categories (Rozenberszki et al. 2022), this substan-
tially larger vocabulary introduced class imbalance, posing new challenges. To cope with sparse training data, the
study aligned under-represented classes and used language-driven pre-training methods (Point cloud and voxel-
based methods) to better cope with the complexities and broader image semantics of real images encouraging
robust 3-D features. The DyCo3-D approach (He et al. 2021) has been used to investigate point cloud instance
segmentation by replacing resource-heavy bottom-up strategies with a dynamic, proposal-free method. Group-
ing points with similar semantic categories and centroid votes simplified the segmentation pipeline assisting the
learning of instance-specific convolution kernels. A lightweight Transformer module enlarged the receptive field,
capturing long-range dependencies in sparse 3-D data. This streamlined approach boosted performance on such
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datasets as ScanNetV2 (Dai et al. 2017) and S3-DIS (Armeni et al. 2016), showing improved inference speed
compared to previous methods. Further, the JSNet approach (Zhao and Tao 2020) jointly performed instance and
semantic segmentation of raw 3-D point clouds within a unified network by fusing multi-level backbone features,
mapping semantic information into an instance embedding space, and feeding instance context back into the
semantic domain. Mean-shift clustering then grouped points belonging to the same object, eliminating the need
for object proposals.

PolarNet approached the need for near-real-time, fine-grained semantic segmentation of single-scan LiDAR
by introducing a polar BEV representation (Zhang, Zhou et al. 2020). PolarNet balanced point distributions
along the radial axis, assisting the segmentation network to cope with the long-tailed distribution of LiDAR
points more effectively. The SoftGroup approach attempted to resolve 3-D instance segmentation issues stem-
ming from hard semantic predictions by applying a bottom-up soft grouping step and top-down refinement (Vu et
al. 2022). Each point was allowed to hold multiple semantic class possibilities, mitigating error propagation in
final instance assignments. The use of transfer opened a new direction in this area and the Stratified Transformer
approach (Lai et al. 2022) improved 3-D point cloud segmentation with a key sampling strategy that gathered
local information densely and distant sparsely, thus expanding the field of interest at reduced computational cost.
First-layer point embedding was used to produce a more stable convergence, and contextual relative position
encoding to cope with irregular point distributions. The Cylinder3-D approach avoided 2-D projection losses
by processing LiDAR points in 3-D space, partitioning them into cylindrical grids (Zhou, Zhu et al. 2020). A
dimension-decomposition context module was used to capture high-level geometric information progressively,
better preserving 3-D topology and structure.

Finally, multi-data fusion of RGB and LiDAR. The TransFusion approach addressed the challenge of LiDAR-
RGB camera fusion in adverse image conditions, such as poor lighting or sensor misalignment, by employing
a transformer decoder with a soft association between LiDAR points and image features (Bai et al. 2022). The
first decoder layer predicts bounding boxes from the LiDAR data, while the second layer adaptively fuses these
boxes with relevant image features using spatial and contextual cues. This design ensures resilience to calibration
errors, provides near optimal performance on large-scale datasets, and ranked first on the nuScenes (Caesar et
al. 2020) 3-D tracking leader board. The BEVFusion approach (Liu et al. 2023) introduced a generic multi-task
fusion framework that unifies LIDAR and camera data within a shared BEV representation, thus preserving both
geometric and semantic information. By optimizing the BEV pooling process, BEVFusion dramatically reduces
latency and achieved then state of the art results on nuScenes (Caesar et al. 2020), improving 3-D object detection
and BEV segmentation while lowering computational costs. The method’s task-resilient architecture supports a
range of 3-D perception tasks without significant modifications. HFA-Net segments large-scale point clouds by
effectively fusing geometric and colour inputs. It integrates a Hybrid Feature Extraction Component (HFEC)
with a Hybrid Bilateral Enhancement Component (HBAC) to jointly capture and enhance geometric, colour, and
semantic cues, together with Ternary-Distance Attention Pooling (TDAP), which uses trilateral distances to focus
on both salient local details and broader neighbourhoods. Stacked within dense residual blocks, these compo-
nents widen the receptive field and yield stronger feature aggregation (Wen, Zhang et al. 2025).

To summarize the progression of instance segmentation research, Fig. 7 arranges the reviewed methods
on a 2017-2025 timeline. These methods are organized into swim-lanes that distinguish the two-dimensional
approaches, such as detection-based, cascade-based, single-stage and dense, from the three-dimensional
approaches such as monocular, CAD-based, multi-view including BEV and NeRF, RGB-D, point-/voxel-based
and RGB-LiDAR fusion. The complete listing of methods and references appears in Table A.2 in Appendix.
The temporal layout reveals the same broadening trend observed for detection: 2-D mask prediction dominates
the earliest period, point-cloud and voxel methods proliferate around 2020-2022, and the most recent work
is increasingly oriented towards foundation-model, multi-view and multi-modal segmentation. Representative
methods are highlighted in each family to mark the key advances, and the era annotations indicate the prevailing
emphasis of each phase.

&\ Springer Artificial Intelligence Review



https://doi.org/10.1007/s10462-026-11708-1 Article in Press

F|g_ 7 Timeline of the instance- FOUNDATIONS ‘ EXPANSION ‘ FRONTIER ‘
segmentation methods reviewed in (2017] [2018] [2019] [2020/ ([2021] ([2022] [2023] [2024| ([2025]
Sect. 2.2.3 (2017-2025) organized | 2-D INSTANCE SEGMENTATION |
into swim-lanes separating the Detection, (HTC]
i 3 Cascade Masklab]
two-dimensional approaches from . TensorViask
. . L o Single-Stage,
the six three-d1mens1onal families. Dense [YOLACT:4]
Horizontal position denotes the | 3-D INSTANCE SEGMENTATION
original publication year, solid Monocular 3-D [MonoCinis]  Shape-Aware Mond
markers indicate representative LoD
methods, and the period brackets CAD-based
summarise the prevailing emphasis Multi-View ODIN
f each phase. Full method details (BEV NeRF) T
and references are listed in Table Point Cloud | e
B.1 Voxel
Fusion TransFusion| [BEVFusion| HFA-Net
(RGB + LiDAR)

2.2.4 Pose estimation

A fundamental task in computer vision is estimation of an object’s pose which requires prediction of the orienta-
tion and position of objects in 3-D space (Du et al. 2021) in order to perform inverse kinematic calculations for
the robot to reach or grasp the object (Sun et al. 2024). Pose estimation at the instance level focuses on known,
specific object instances, often utilizing detailed 3-D models of those objects to determine their poses with high
precision. Category-level object pose estimation extends beyond specific instances, generalizing to broader object
categories, such as chairs, cars, or bottles, where the system aims to infer an established pose for any item within
a category, even if the precise 3-D model is not available. Finally, unseen object pose estimation extends the
process to the handling of objects that the model never encountered during training, testing the system’s ability to
transfer knowledge about geometric and semantic features from known objects to new ones.

First, we consider instant level pose estimation which focuses on known object instances, often utilizing
detailed 3-D models of those objects to determine their poses. There are many approach in this area such as
GDR-Net which combines direct regression and geometry-based methods for 6D pose estimation from a single
RGB image (Wang et al. 2021). It utilizes dense 2-D-3-D correspondence-style geometric representations in an
end-to-end trainable network, overcoming the limitations of two-stage pipelines that rely on Perspective-n-Point
(PnP) or RANSAC. Experiments using Linemod (LM) (Hinterstoisser Lepetit et al. 2013), Linemod-Occluded
(LM-O) (Brachmann Krull et al. 2014), and YCB-Video (YCB-V) (Xiang Schmidt et al. 2017) demonstrated sig-
nificant performance improvements over then-existing methods. Also, the Coordinates-Based Disentangled Pose
Network (CDPN) approach which proposed a disentangled framework for 6-DoF object pose estimation, treating
rotation and translation separately to enhance accuracy and robustness (Li et al. 2019). By regressing these com-
ponents independently from a single RGB image, CDPN could effectively cope with texture-less and occluded
objects, achieving then state of the art results on LM (Hinterstoisser et al. 2013) and occlusion (Brachmann et al.
2014) benchmarks. CosyPose extended pose estimation to multi-view settings where the viewpoints of the cam-
era were not known (Labbé et al. 2020). Cosypose first generated single-view 6D pose hypotheses, then matched
and refined these hypotheses across multiple input images. This process culminated in a global bundle adjustment
that jointly optimised camera and object poses. CosyPose achieved superior performance on YCB-V (Xiang et
al. 2017) and T-LESS (Hodan et al. 2017) datasets, significantly surpassing the then state of the art methods.

Second is Category-Level Object Pose Estimation which progresses from specific instances to category-level
object pose estimation generalized to broader object categories such as chairs, cars or bottles where the system
aims to deduce a standard pose for any item within a category, even if the precise 3-D model is not available. The
authors developed an approach which attempted category-level pose tracking of rigid and articulated objects from
point cloud sequences (Weng, Wang et al. 2021), presenting a pose as a 9DoF state (6D object pose plus 3-D size)
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using a novel end-to-end pipeline. The pipeline comprised (1) a pose canonicalization module that normalized
the input point cloud’s pose, (2) RotationNet for regressing small interframe rotational changes, and (3) Coordi-
nateNet for predicting normalized coordinates and segmentation. This design allowed analytical computation of
size and translation, avoided non-differentiable RANSAC, and enabling small pose changes to combine dense
coordinate prediction with direct rotation regression. The FS-Net approach emphasized efficient feature extrac-
tion using RGB-D data to address category-level 6D pose and size estimation (Chen et al. 2021). This approach
used an orientation-aware auto-encoder with 3-D graph convolutions for learning shift- and scale-invariant latent
features. A novel decoupled rotation mechanism used two decoders to extract complementary rotational infor-
mation, with translation and size predicted via residuals relative to the mean object size and position. An online
box-cage 3-D deformation strategy further enhanced generalization. Validations on two benchmarks showed
FS-Net’s performance was then state of the art in both category- and instance-level 6D object pose estimation. A
subsequent study developed a one-stage 3-D reconstruction and pose estimation method to develop, from single-
view RGB-D inputs and without available CAD models, targeted simultaneous multi-object 3-D reconstruction
and 6D pose/size estimation (Irshad et al. 2022). Instead of multi-stage pipelines, it employed a bounding-box-
free strategy that identified each object instance through pixel-wise “spatial centres,” predicting complete shapes,
6D poses, and sizes in real time (40 fps).

Finally, unknown instant level object pose estimation aims to cope with objects that the model didn’t encounter
during training, thus testing the system’s ability to transfer knowledge about geometric and semantic features
from known objects to new ones according its CAD shape (Labbé et al. 2022). There have been a number of
studies in this area such as MegaPose which addressed 6D pose estimation for unseen objects by combining a
render-and-compare strategy for pose refinement with a coarse pose estimator trained to classify whether the
pose error could be corrected by the refiner. Magapose introduced a large, wide ranging synthetic dataset of
thousands of objects, enabling generalization to novel objects in real images without retraining. Evaluations on
different datasets such as YCB-Video (Yan et al. 2020) showed MegaPose achieved then state of the art speed
compared to methods requiring access to target objects during training. The GigaPose approach provided a fast
and robust CAD-based solution for novel object pose estimation in RGB images. It sampled rendered templates
in a two-degree-of-freedom space, significantly accelerating nearest-neighbor feature matching (Nguyen et al.
2024). Extensive benchmarking in the 2024 open BOP Challenge (Model-Based and Model-Free 6D Object Pose
Estimation) demonstrated its state of the art accuracy and simple integration with existing pose refiners. GigaPose
also showed potential for pose estimation using 3-D models generated by single-image reconstruction, easing the
reliance on CAD models. Further, the ZS6D approach eliminated task-specific fine-tuning for zero-shot novel
object pose estimation by employing visual descriptors from pre-trained Vision Transformers (ViT) (Ausserlech-
ner et al. 2024). ZS6D using local patch matches established 2-D-3-D correspondences between rendered tem-
plates and query images, it then used RANSAC-based PnP to compute 6D poses. Tested on LMO (Brachmann et
al. 2014), YCB-Video (YCB-V) (Xiang et al. 2017), and TLESS (Hodan et al. 2017) datasets, ZS6D improved
average recall over two state of the art methods without expensive data rendering or specialized network training.
The FoundPose approach estimated the 6D pose of novel objects from a single RGB image without object- or
task-specific pre-training (Ornek et al. 2023). FoundPose matched patch descriptors from the self-supervised
DINOvV2 model between the image and pre-rendered object templates to establish 2-D-3-D correspondences, then
retrieved the most similar template to achieve computational efficiency. The additional feature metric alignment
accounted for coarse patch sampling discrepancies, and experiments on different BOP core datasets confirmed
superior pose estimation performance (Nguyen et al. 2025). Combining FoundPose with render-and-compare
refinement led to a new, current state of the art in purely RGB-based pose estimation. Figure 8 consolidates the
object-pose-estimation methods discussed in this section along a 2019-2024 timeline, with each method shown
as a card stating its key idea and input modality; the corresponding source table, including full references, is
given in Table C.1 (Appendix C). In contrast to the family-based organization used elsewhere, the lanes here fol-
low the level of generalization, such as instance-level (known objects), category-level (intra-class) and unseen/
zero-shot (novel objects), ordered to expose the field's trajectory. Because instance-level methods cluster in the
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earlier years and unseen-object methods in the later years, the populated cards form a diagonal progression that
visualizes the dominant trend: a steady move from pose estimation for known instances towards generalization to
unseen objects, increasingly enabled by vision foundation models. A representative method is highlighted within
each level, and the period annotations summarize the emergent emphasis of each interval. The figure offers a
high-level synthesis only, and the reader is referred to Table 3 for the detailed characterization of each method.

2.2.5 Human activity recognition

Whereas the methods reviewed so far perceive the objects in a cobot’s workspace, the methods in this subsection
perceive the agents that share it. For a robot that must carry out a task jointly with a human, perceiving the partner
involves more than locating a body in space: it extends from recognising the action currently being performed,
to anticipating the action that will follow, and ultimately to inferring the partner’s underlying intention, goal, and
plan, so that the robot can act proactively and align its own plan with that of the human. The remainder of this
subsection follows this progression — from skeleton, pose, and gesture recognition, through action recognition,
to real-time motion-intention and plan-level prediction.

Detection and recognition of the human skeleton (Yu, Zhang et al. 2024a, b), pose (Liu and Wang 2021),
and hand gestures (Liu and Wang 2018) are crucial for cobots as accurate determination of human motions and
actions are essential for efficient and safe interactions between humans and the cobots (Hetto et al. 2023).

Activity recognition for workers could be achieved using different vision methods (Shafizadegan et al. 2024),
but the using multicamera system enables more accuracy where it covers the working space from different view-
points. Such approaches are not restricted to industrial workplaces but could be extended to, for example, con-
struction sites. The multicamera system could utilize a particle filter algorithm to fuse 2-D joint locations from
multiple camera viewpoints to estimate a 3-D human pose. A Long-Short Term Memory (LSTM) network is then
used to recognize ten activities common to human-robot collaborative (HRC) tasks (Jang et al. 2023), which
enhanced HRC in assembly tasks by interpreting implicit communication cues from the operator using computer
vision and DL. This approach utilized a combination of a residual convolutional neural network (ResNet-34) and
LSTM to perform action recognition based on the operator's tasks (Moutinho et al. 2023).

Human—Robot Interaction (HRI) has recently introduced a new term “human-robot teaming” (HrT) which
explores how to improve team coordination and communication in HRI. This idea could be implemented by
using ML-based visual action recognition to monitor human actions in industrial settings specifically designed
for human action recognition in HRC assembly tasks (Mehak et al. 2024). It has been suggested that the time
of training for human activity recognition could be reduced by providing an intuitive method to encode domain
knowledge and automatically construct a probabilistic estimation model from this knowledge. The system used
had two main components, a predicate estimator and an activity estimator, which utilizes the Region Connection
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Calculus (RCC) and the Planning Domain Definition Language (PDDL) to facilitate intuitive encoding and auto-
matic construction of the activity recognition model which enhances the HRI approach (Lee et al. 2019).

In addition, the integration of action recognition with multi-scale control increases the scalability and enables
a high level of adaptability to widely different scenarios. By defining multiple basic gestures for robot motion
control, constructing a control instruction library containing 70 different commands covering a wide range of
HRC needs, utilizing static gesture, dynamic action process, and YOLOVS5 object recognition and positioning
technology (Hidayatullah et al. 2025), a foundation has been provided for significantly improving HRC systems
in flexible production lines (Wang et al. 2025a, b, ¢, d, e). Also the understanding of hand gestures is not limited
to a single input but can become more efficient with multimodal sensors such as RGB and infrared images (Wang
et al. 2024a, b, ¢, d, ), which are particularly useful in high-illumination environments.

In terms of safety, DL and CNN enable real-time detection of workers' motions during collaborative tasks
in assembly systems (Chiurco et al. 2022), which is essential for human safety in environments shared with
robots, providing a distance-based algorithm to confirm workers are at a safe distance from the robot’s motions.
Advanced developments in this area provide efficient path planning for the robot to avoid collisions while reach-
ing the target positions as promptly as possible. The method developed incorporates a transfer learning-based
human pose recognition algorithm with low computational requirements to further optimise the assembly process
(Liu and Wang 2021).

To maintain high level safety in HRI/HRC, the system should not be limited to understanding human motion
taking place but should be extended to estimate, in real-time, the next action. This method could be termed motion
prediction or human action/motion intention. Estimating what a partner will do next, and ultimately the intention
behind it, is the agent-level perception on which fluent collaboration depends; the intent-recognition methods of
Sect. 3 and the joint task-planning discussed in Sect. 4 build directly on this capability. This approach could be
realised by utilizing of combination of the Kinectv2 sensor for capturing human joint positions and applying a
Gaussian Mixture Model (Reynolds 2009) and Expectation—-Maximization algorithm (Jin et al. 2022) to cluster
estimated motion patterns. By labelling different clusters, the approach enables the estimation of human motion
trajectories, which allows robots to adjust their movements accordingly and avoid collisions, even in emergency
situations (Kang et al. 2018). The utilization of a Recurrent Neural Network (RNN) to analyse visual observa-
tions of human actions in real time, enables a cobot to plan and execute actions pro-actively, to improve efficiency
and avoid collisions. The RNN captures the evolutionary motion patterns of the human body parts and their coor-
dination, and incorporating probabilistic inference, using Monte-Carlo dropout to minimize uncertainty-related
robot mis-triggers, further improves reliability (Zhang et al. 2020a, b, c, d).

Use of a simple NN structure could help in area of HRI/HRC, a multi-stage layer incremental perceptron
(MSLP) network designed to improve human motion prediction for safe and efficient human—robot interaction.
MSLP provides an efficient and smooth approach by incorporating two key components: a multi-channel feature
extraction and enhancement block which can integrate multi-dimensional action features to enhance action node
representation, and a temporal feature extraction module which can captured contextual relationships between
actions over time (Zou 2024). Also, HRI/HRC can be approached via a memory graph neural network to capture
both short- and long-term spatio-temporal characteristics, which enables a behavioural conditional probabilistic
diffusion model to capture the variability of human motion distributions and predicts missing connecting motions
the better to cope with the unpredictable nature of human motion, (Gui, Li et al. 2024a, b, ¢, d).

To overcome the current dataset limitations and lack of generalizable algorithms for predicting human motion,
a comprehensive new dataset, INTERACT (Yasar et al. 2024), has been recently developed for human-cobot
interaction. This multimodal dataset includes 3-D Skeleton, RGB-Depth, eye gaze tracking (MoGaze), and robot
joint data. This approach addresses the low sampling efficiency and high cost associated with traditional real-
world data collection by simulating the human musculoskeletal dynamics and calculating the metabolic energy
consumption to assess the realism of the generated virtual data. A digital model, consisting of a digital human
upper limb, a digital robotic model, and an admittance controller, was developed to produce virtual HRC data
(Yao et al. 2024).

&\ Springer Artificial Intelligence Review



https://doi.org/10.1007/s10462-026-11708-1 Article in Press

Complex scenarios in cobots, such as the in-air rope-knotting problem, require more advanced visual under-
standing, such as Convolutional Auto-Encoders (Pei, Chen et al. 2024a, b) and LSTM (Tang, Dong et al. 2024)
networks can be utilized to better interpret image frames as a time series. Convolutional Auto-Encoders extract
image features and perform accurate identification of, e.g., the rope and the human, and their states, enabling
more precise and adaptive task execution (Suzuki et al. 2021). Finally, Fig. 9 summarises the human-activity-
recognition approaches relevant to human-robot collaboration on a 2018-2025 timeline; the underlying meth-
ods, models, sensing modalities and references are listed in full in Table A.4 in Appendix. As this body of work
comprises diverse, application-driven contributions rather than a single evolving architecture, the methods are
organised by HRC perception function, action and activity recognition, gesture recognition, pose and safety
monitoring, motion and intention prediction, and datasets and synthetic-data generation, with a chip on each card
denoting the sensing modality. The figure supports two observations: first, the individual functions emerge at dif-
ferent points in time, with motion prediction and action recognition appearing earliest, safety-oriented monitoring
in the intermediate period, and multimodal gesture recognition together with dedicated HRC datasets emerging
most recently; and second, the sensing chips reveal a strong reliance on RGB input, with depth, infrared, multi-
modal and simulated data appearing only in isolated cases. A representative method is marked within each func-
tion, and the period annotations describe the prevailing focus of each interval.

3 Perception approaches

While Sect. 2 examined visual perception at the level of individual sensors and algorithms, this section shifts vision
algorithms and camera setups from isolated components to integrated robotic systems. This section reviews the
state of the art in how these vision algorithms and camera setups are combined and deployed within real collab-
orative robot applications such as human-robot interaction (HRI), robot-robot coordination and robot-machine
collaboration. The review is organised around three increasingly capable approaches. The vision approach (Sub-
Sect. 3.1) relies on perception alone to drive recognition, tracking, and learning from demonstration. The vision-
language approach (Sub-Sect. 3.2) couples perception with natural language understanding, so that cobots can
be instructed and can interact through reasoning directly. The vision-AR/VR approach (Sub-Sect. 3.3) adds an
interface layer that supports intuitive supervision, such as digital-twin mapping and real-time feedback. These
approaches trace the progression from perception as an isolated capability towards the tightly integrated, multi-
modal systems that characterise current cobot deployments.

PREDICTION AND SAFETY-AWARE MULTIMODAL AND
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3.1 Vision approach

Cobot learning spans imitation learning (IL), shared autonomy/teleoperation, and vision-centric perception pipe-
lines for action recognition and object/state tracking. It is complemented by data-efficient methods such as few-
shot, one-shot, or synthetic data and by multimodal fusion under safety-aware intent and motion prediction. The
following text instantiates these concepts in human-robot interaction (HRI), single- and dual-arm scenarios,
robot-robot and robot-machine coordination, and online adaptation.

One of the best-case scenarios for HRC requires robots to learn directly from human actions, known as Learn-
ing from Demonstration (LfD) a subset of Imitation Learning (IL) (Zare et al. 2024). Such tasks, especially those
that require high levels of safety and coordination, may be carried out using a single robot or multiple robots
using motion planning (Srinivasan et al. 2021) or path planning (Chen et al. 2023a, b), or a combination of robots
and machines, each process being integrated with human interactions (Langés et al. 2025). Here IL represents
a learning algorithms that uses demonstrations, while LfD represents how the demonstrations are collected or
encoded on a real robot (Gavenski et al. 2024). These latter include new tele-operation interfaces to provide bet-
ter trajectory (Liu, Zheng et al. 2024) and uncertainty-awareness for learned and post-hoc scalar actions (Xu,
Nguyen et al. 2025). LfD aims to enhance the cobot’s ability to define problems and perform tasks via human
interaction. In this scenario the structure of the vision system could consist of two components: action recognition
that captures subtle human hand movements during demonstrations and object trajectory tracking that monitors
the motion of manipulated objects using a 2-D CNN based setting of two 2-D cameras (Hwang et al. 2020) or
3-D CNN based on a single 3D camera (Hwang et al. 2022) (see Fig. 10). Dual robot arms can function similarly
to human hands for specific tasks, utilizing vision-based observation can assist in estimating hand motions and
replicating similar movements, such as carrying boxes (Qu et al. 2019).

Dual-arm tasks can be learned by cobots through human interaction using Deep Imitation Learning (DIL). One
example of a complex task is banana peeling, where two robots successfully collaborate despite the deformable
nature of the object. Computer vision plays a crucial role in this process through the application of a gaze-based
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algorithm. Gaze-based algorithm enables the cobots to identify the most important/likely areas containing the
required object by capturing the human gaze patterns which significantly reduces training time by narrowing
the area of focus and eliminating unwanted objects or background, making the scene more comprehensible to
the robot. While manual segmentation may still be required, it greatly minimizes the effort involved (Kim et al.
2024a, b).

A vision system can also facilitate dual-arm robot interaction without the need for human involvement. Col-
laboration in this case occurs between two robots performing specialized tasks, such as assembly, which requires
subtasks such as part positioning, mating, and manipulation. The vision system enables object identification and
localization, while also assisting in fault diagnosis and handling, thereby enhancing the efficiency and accuracy
of the process (Fang et al. 2016). Additionally, depth vision systems can assist with complex tasks beyond assem-
bly, such as Deformable Linear Objects (DLOs), in-air rope knotting (Suzuki et al. 2021), or cloth manipulating
(Longhini et al. 2024) where the object is deformable, and sequences may vary. These scenarios require more
advanced vision understanding, with Convolutional Auto-Encoders (Pei, Chen et al. 2024a, b) and LSTM net-
works (Tang, Dong et al. 2024) utilized to better interpret image frames as a time series. Convolutional Auto-
Encoders extract image features and perform accurate identification of objects, such as the rope, and its state, i.e.,
whether they are slack, tangled, or knotted. This capability enables more precise and adaptive task execution.
(Suzuki et al. 2021).

Dual-arm robots can utilize enhanced vision systems for better scene understanding and faster interaction.
For instance, they can replace traditional 3-D scanners by using one arm to manipulate the part while the camera
captures frames, enabling the reconstruction of its 3-D structure. This can also be via multi view image for the
operation (Saikia et al. 2025), or cobots can move around an object to acquire key features to better recognize it
(Kobayashi et al. 2023).

IL can also be achieved by capturing the human skeleton using a depth camera and mapping it to real-time
where the dual-arm robot’s joints move in correspondence with human motions (Zhang et al. 2024a, b). The
Kalman filter facilitates these real-time updates, ensuring smooth and accurate motion replication (Liu et al.
2019). The Kalman filter enables real-time pose tracking for both object (Li, Xu et al. 2024a, b, ¢, d) and humans
(Martini et al. 2024) where a plug is inserted into a paired socket (Chang et al. 2021). An alternative approach
would be to guide the robot by hand using vision-in-the-loop IL, which combines a frozen YOLO detector with
a Neural-ODE (NODE) motion module. The NODE compensates for the 6-DoF pose components that YOLO’s
axis-aligned bounding boxes cannot capture and is integrated as a secondary objective beneath a large-projection
task-priority controller, thereby preserving stability. Live visual features are then fed into the pre-learned NODE,
allowing the robot to adapt to novel object positions without further human intervention (Auddy et al. 2025).

In situations with limited data, synthetic data plays an important role in minimizing the time and cost associ-
ated with real-world training, which can use in robotics perception (Singh, Liu et al. 2024a, b, ¢, d, ¢) and cobot
leaning as well (Kim, Choi et al. 2024) so that a dual-arm robot can achieve precise, coordinated manipula-
tion from a single kinesthetic demonstration. A three-stage visual-serving pipeline first aligns both end effectors
with their respective targets; once aligned, replaying the recorded trajectory completes the task. This one-shot
approach requires no stored object models, extra data, or post-demonstration training, yet still keeps the two arms
perfectly synchronized (Wang and Johns 2025). The same approach can be used in HRI where the data is lim-
ited in cases such as assembly tasks (Wang, Liu et al. 2024a, b, ¢, d, €). Moreover, in HRI, understanding facial
expression and analysing human speed during operations based on vision algorithms provide valuable feedback
to the robots (Yahyaoui et al. 2025). This allows the robots to adapt their motions to the human's actions, rather
than the other way around, thereby increasing productivity (Sadrfaridpour and Wang 2018). It is more efficient
to develop a mode which can work with a facial emotion detection interface in robotics environment (Yahyaoui
et al. 2025). Few-shot learning addresses this issue by introducing a temporal CrossTransformer to handle the
fusion of data from human body skeletons, RGB images, and depth maps. Temporal CrossTransformer (TRX) is a
few-shot video model that forms query-conditioned class prototypes by applying cross-attention between a query
sequence and support sequences over ordered frame tuples; by matching relevant sub-sequences in time (rather
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than single frames), it handles temporal misalignment and variable action speed, then classifies by comparing the
query to these prototypes (Perrett et al. 2021). This idea originates from TRX for few-shot action recognition and
can be used after fusing RGB, skeleton, and depth features in HRI. This approach effectively resolves problems
related to similar industrial actions and body occlusions (Wang, Liu et al. 2024a, b, c, d, e). In the case of limited
data, virtual data can be generated such as human motion and compared with actual motion. This approach helps
optimise time by determining whether the predicted and observed motions align, thus improving cobot interac-
tion with environments such as a 3-D printer (see Fig. 11) (Yao et al. 2024).

In cobots, enabling adaptive and synchronized human-robot collaboration is crucial. To enhance this, CNNs
combined with inertial measurement units (Mohsen et al. 2021) and skeleton tracking data can be utilized for
human action recognition (Gao et al. 2023). Additionally, a LSTM network can predict the remaining time for
each action in a task, allowing the robot to perform real-time planning and synchronization of future actions
(Male and Martinez-Hernandez 2023). During this interaction, real-time and accurate detection of various objects
enables dual-arm mobile robots to grasp them. After localization, the Denavit-Hartenberg method (Zenhari et al.
2024) is applied to perform the required kinematic motions for gripping the relevant part (Chi et al. 2024).

Multi-camera or multi-view 2-D imaging can provide a more comprehensive understanding of the human
body by estimating its full shape and motion using DL models, which also enable action recognition while incor-
porating noise filtering. The multi-camera approach enhances segmentation accuracy, reducing the risk of colli-
sions. It can outperform 3-D cameras in scenarios involving occlusion, a common challenge in highly dynamic
robotic environments (Terreran et al. 2021). To minimize processing time, DL enables the direct recognition of
the human skeleton from 2-D camera inputs. This direct-from 2-D approach addresses challenges such as self-
occlusion and partial occlusion of the human body. It can be achieved by defining a skeleton descriptor to capture
both static and dynamic features of 3-D skeletons over short time intervals and by classifying multiple types of
human motions or actions (Zhang et al. 2020).

It is important to optimise the operational speed of robotic systems while ensuring they respect human safety
within the working environment. The robot must adapt its speed by detecting humans in its vicinity, enabling it
to perform a safe stop when necessary. Accurate 3-D recognition of humans, their activities, and precise localiza-
tion within the robot’s workspace is critical in achieving this balance. This is combined with a penalty function
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to address the constrained nonlinear optimization problem of robot human interaction which adjusts the robot's
handling speed (Chan and Tsai 2020).

Visual perception in object handling is crucial in cobotics. YOLOvS5 and CNN-SVM (see Sect. 2.2) enable
object detection, localization, and quality control of parts. These algorithms can be implemented in both simu-
lated environments and real-world simulations, such as those using Gazebo a free robotic simulation environment
(Yang, Zhou et al. 2023a, b).

Computer vision in collaborative robotics is not limited to human—robot or robot-to-robot interactions but also
extends to robot-to-machine applications, such as additive manufacturing (AM). Spatio-temporal 3-D reconstruc-
tion (4D reconstruction) is used to monitor and enhance robotic AM processes. The system captures numerous
images from various sensing sources during the collaborative process, enabling segmentation of ROIs. This
allows for real-time tracking and modelling of dynamic, evolving objects, facilitating early detection and correc-
tion of deviations from the intended design (Chew et al. 2024).

In HRI, multimodal structures and data fusion are crucial to ensure the system operates effectively. This
involves recognizing the human skeleton and pose to localize its position relative to the robot, and sensing the
tactile interaction between the object and the human hand (Wong et al. 2024) or another robot hand (Shauri et
al. 2012) for accurate handover or assembly tasks. Additionally, integrating gaze recognition helps detect human
intention (Belcamino et al. 2024), thereby enhancing safety and smoothness of human—robot interaction (Bian et
al. 2025). This combined approach offers a reliable and efficient solution which improves human-robot collabo-
ration (Wong et al. 2024). Developing a model that can predict the presence of an obstacle and enable a robot
to avoid it and complete a task without halting has been achieved using multi depth streams providing multiple
views of the human skeleton (Forlini et al. 2024). In another case, deferens sensors such as RGB-D and binocu-
lar cameras were deployed at various positions around the workspace (Yang et al. 2018). Also, thermal imaging
could help by using thermal multisensory fusion to enhance human target tracking, by combining omnidirectional
infrared (IR) sensors with stereo IR vision using the thermal signature of the human body to achieve wide field-
of-view tracking and precise distance measurement. This fusion allows improved accuracy in target localization
by utilizing the maximum a posteriori estimation method to assess the reliability of each sensor rather than rely-
ing on visible-band-based tracking (Benli et al. 2019).

3.2 Vision-language approach

Vision can be applied as part of a language model in which the robot gets its instructions from a human (Zhao
et al. 2025) or from another robot (Mandi, Jain et al. 2024) by text or voice and then proceeds accordingly. This
approach is important in both human—robot interaction and robot/robot interaction using a guided vision and
language system (Zitkovich et al. 2023). The system would also align command instructions issued via text
or voice (Huang, Jiang et al. 2023), or as multimodal prompts combining language and visual inputs (Jiang et
al. 2023), with a robot’s perception which make learning better and faster (Wang et al. 2025). In this case, a learn-
ing framework translates natural language instructions into actionable robotic behaviour which enables intuitive
cobot interactions (Du et al. 2023). It could be built based on a (i) Transformer model for executing complex/
steps tasks, (ii) a Diffusion model for generating the trajectories of robots to enhance the handling of complex
tasks with data efficiency, with (iii) a multimodal fusion network to align visual inputs with verbal instructions
in order to ensure a comprehensive understanding of the environment, and (iv) a sophisticated policy model gen-
erating optimal actions for efficient and safe task execution (Ju, Wang et al. 2024a, b, ¢, d, ). LfD is a paradigm
in which robots acquire task policies by observing and reproducing human demonstrations rather than through
explicit programming. A LfD system can simplify the integration of cobots into manufacturing by addressing
re-programming challenges which can occur due to the changes in product features. LfD can also utilize multi-
modal demonstration interfaces, including natural language instructions, visual observations, and hand-guiding,
to enable robots to learn both the mechanics and semantic contexts of tasks to enable them to adapt to varying ini-
tial conditions and align task performance with specific customer requirements, streamlining customization and
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operational efficiency (Lu et al. 2022). An improved vision-language model for dual robot systems or bimanual
robotic manipulation is Vision-Language-Action (VLA), which integrates vision for scene understanding with
language comprehension, translating human instructions into executable code which generates physical actions
(Gbagbe, Cabrera et al. 2024).

In a vision-based cobot, the integration of YOLOv4 with point cloud data, combined with a Natural Language
Processing (NLP) module for interpreting voice commands and converting them into robot instructions, enhances
the robot's control and interaction capabilities, enabling more efficient and intuitive task execution (Hsu et al.
2023). Features such as MobileNet and ViT can be used to enhance robotic perception. MobileNet provides a
lightweight and efficient framework for real-time perception, ensuring smooth operation on resource-constrained
robotic systems (Cheng et al. 2024), while ViT excels at capturing global contextual information, making both
ideal for tasks requiring a detailed understanding of complex visual scenes for multi-robots collaboration (Li et
al. 2024) and/or human-robot collaboration (Subasi¢ et al. 2025).

NLP enhances cobot interaction by enabling robots to better understand and execute tasks based on human
commands, thus fostering a more seamless HRC (Rickert et al. 2007). This capability can be extended to support
offline programming through large language models (LLMs) to enable automated code generation for various
robotic tasks (Luo et al. 2024a, b, c). Implemented within a closed user-in-the-loop structure, LLMs allow for
continuous operator input and feedback, ensuring adaptability and precision in collaborative task execution (Kon-
stantinou et al. 2024). The use of Bidirectional LSTM-SRF and Bidirectional Encoder Representation (BERT)
enables a high level of collaboration with robots through voice or text commands, addressing the limitations of
programming skills among operators and facilitating more intuitive interactions (Park, Wang et al. 2024a, b, c,
d, e).

The integration of a control system employing a Diffusion Policy with GPT-4 as the NLP model and OWL-ViT
as the visual perception model enables precise robotic control when using the Robot Operating System (ROS)
(Choi et al. 2024). This structure effectively converts verbal commands into actionable instructions, ensuring the
robot accurately understands user intent and engages with its environment. GPT-4 processes and interprets natu-
ral language commands by utilizing the Chain of Thought technique to enhance intent recognition and contextual
accuracy. These commands are then aligned with the vision system where the OWL-ViT model identifies and
verifies the presence of necessary objects. Upon confirmation, the robot executes tasks guided by the Diffusion
Policy (Ju, Wang et al. 2024a, b, c, d, e), delivering efficient task execution in cobots applications.

The utilization of OpenAl's GPT-3.5 Turbo better enables natural language communication between humans
and robots in industrial settings. By addressing the limitations of pre-programmed commands, this integration
facilitates dynamic, conversational exchanges, making robotic systems more intuitive and accessible (Dimitro-
poulos et al. 2024).

Autonomous robots that understand human instructions can significantly enhance the efficiency of human—
robot operations, particularly where robot assistance is required to cope with unknown objects and/or provide
on-demand assistance. 3-D object reconstruction and pose determination via neural object field modelling, facili-
tates object manipulation using a visual-based servo-driven mobile robotic system with navigation guidance. The
LLM model provides text-based logic reasoning and high-level control command generation for natural HRI
(Liu, Zhang et al. 2024a, b). It also, integrates language and vision into a unified framework that enables cobots
to better interpret and act upon visual and textual inputs improving their ability to understand complex, multi-
modal instructions and improving HRC in dynamic environments (Fan and Zheng 2024) and to better interact
with environment.

To enhance interaction with the environment using vision-language guidance, a Reinforcement Learning (RL)
motion control policy can be used for mobile manipulators. The RL is a machine learning method in which an
agent learns a control policy by interacting with the environment and maximizing cumulative reward; Deep RL
uses neural networks to approximate the policy and/or value functions (Yun et al. 2025). The RL motion con-
trol policy can ensure successful task completion in varied unstructured manufacturing scenarios. Such a RL
framework significantly improves task execution and communication efficiency between human operators and
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robots by enabling mixed reality head-mounted displays (MR-HMDs) for data collection, communication, and
state representation (Niu et al. 2025). Such integration significantly improves collaboration, enabling robots to
dynamically adapt to complex tasks while enhancing the user experience for operators (Zheng et al. 2024).

Such an advanced multi-modal foundation model, built around an LLM core and visual encoders, enhances
embodied Al capabilities by enabling robots to plan and execute complex tasks such as the Franka kitchen
(Gupta et al. 2020) in physical environments through integrated visual and language understanding. One of
most important is the development of large data sets for this task such as the EgoCOT dataset that pairs videos
from the Ego4D dataset with high-quality language instructions providing a richer training milieu. Such models,
employing prefix tuning around the Mistral-7B LLM, could offer an efficient training approach that supports
embodied planning. By integrating high-level planning with low-level control, the system forms a strong closed-
loop framework for executing tasks with minimal error in dynamic environments. In this context EmbodiedGPT
has demonstrated significant improvements in various embodied tasks, including planning, control, generating
descriptions of an image, with the capacity to answer questions regarding the image (Mu et al. 2024).

An LLM can also access robot logs to gain a deeper understanding of the scene and context. The design of
the Vision-Language Model (VLM) can allow the robot to answer questions with improved comprehension,
combining both visual and contextual data. This capability enables more informed and context-aware responses,
further improving the robot's interactive and operational efficiency (Sobrin-Hidalgo et al. 2024). Vision and lan-
guage capabilities can provide the capacity of learning discrete concepts from sensory data and ground language
(n-grams), and induce a grammar for the language describing the perceptual world. This is achieved incremen-
tally and in a loosely-supervised manner, without storing all the previous data. Additionally, the robot can be
guided through automatic sensing and interpretation of human actions, further facilitating collaboration. This
capability allows the robot to anticipate and adapt to human intentions in real-time, enhancing efficiency and
safety in shared working environments (Guo et al. 2023).

Embodied Question Answering, a transformer-based framework for robot navigation and question answer-
ing can align vision and language information via three key components: (1) an information fusion model using
object tags as reference points to align vision and language, (2) a dedicated transformer block to capture exten-
sive dependencies within visual scenes, and (3) integration of these components into a cohesive system (Luo
et al. 2024a, b, c). Additionally, the implementation of large-scale VLMs can help robots map observations to
actions while demonstrating emergent semantic reasoning capabilities. This approach expands task generaliza-
tion, enabling robots to handle new objects, better comprehend complex commands, and perform basic reasoning
tasks. By bridging visual perception and language understanding, VLMs significantly improve adaptability and
efficiency in varied and dynamic environments (Brohan et al. 2023). A recent model in this area is the Visual Lan-
guage Aligned Information which enables an agent to develop a more comprehensive global perception by using
previously saved visual observations to enrich the semantic map around frontiers. For long-term goal prediction,
the retrieved visual data is processed using the Chat Describer, a novel Visual-to-Language tool combining a
LLM and a VLM with visual question-answering capabilities. This tool generates detailed frontier object descrip-
tions and can calculate semantic similarity between target and frontier object categories. By integrating these
semantic similarities with the frontier descriptions, the agent achieves more accurate long-term goal predictions,
improving navigation and task efficiency (Luo et al. 2024a, b, c).

Multimodal planning and problem specification in robotics can be improved by combining language instruc-
tions with scene observations. This enables symbolic planners to operate within a language-guided framework.
For example, the Vision-Language Interpreter framework combines LLMs and vision-language models to gener-
ate problem descriptions that incorporate a refinement mechanism. This mechanism can processes anomalies in
input messages (Cao et al. 2024), scenes (Jiao et al. 2023), or inspections (Li et al. 2025) providing feedback from
the symbolic planner to iteratively refine the generated problem descriptions. As a result, both the accuracy and
robustness of planning are improved (Shirai et al. 2024).

LLMs are not restricted to human—robot interaction, they can be extended to communications between mul-
tiple robots (Chen et al. 2024) which can be further extended to independent task assignment in distributed robots
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using fuzzy logic control (Khelifa et al. 2024) or multi-agent reinforcement learning (Dong et al. 2024). The per-
formance of LLMs can be substantially improved using prompting techniques such as in-context learning, which
places greater emphasis on the token budget for the context window (the maximum number of tokens, i.e., sub-
word units, that the model can consider at once) of multi-robot task planners (Chen et al. 2024). This approach
has been shown to be applicable to augmented guide vehicles (Wang et al. 2024a, b, c, d, e). Additionally, robots
equipped with LLMs have been shown to be capable of collaborative reasoning to develop task strategies (Liu
et al. 2025). They can generate sub-task plans and task space waypoint paths, which are then used to optimise
trajectory planning by, say, a multi-arm motion planner. The process is refined by incorporating environmental
feedback, such as collision detection. This feedback prompts the LLM agents to adjust their plans and waypoints,
resulting in improved task execution and adaptability to dynamic environments (Mandi, Jain et al. 2024).

Figure 12 presents the key concepts underpinning the current state of the art in natural-language-to-robot
development in unified closed-loop architecture. A single pipeline links (i) natural-language intent capture from
a human supervisor or peer robot, (ii) an LLM-powered code-synthesis module that translates those intentions
into robot-executable C++ scripts, (iii) a vision backbone that continuously reconstructs scene state, and (iv) a
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Fig. 12 Natural-language-to-robot pipeline combining vision, reinforcement learning, and a code-generating large language
model in robotics lab at IAI-KIT. A human operator (left) specifies a high-level task in plain language through a “Robot Task
to C++ Generator” interface (e.g., “write the code to control two robots in parallel”). The generator uses “LLM mode for
example Codelama”, consults “Multi agents RL Policy” for feasible motion plans, and takes scene state from the “Vision
Model.” In the workspace image, red boxes indicate the cameras and the green box marks the task workspace; in the execu-
tion image, the yellow box highlights the target. The generated C++ code is deployed to the robot, linking scene understand-
ing, policy guidance, code synthesis, and physical execution in a closed loop. Overall, the framework integrates natural-
language intent, LLM-based code synthesis, visual perception, and online reinforcement learning within a single closed loop,
allowing commands to flow to the robots while perception and reward signals feed back into planning
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multi-agent reinforcement-learning layer that refines trajectories online. High-level commands flow downward,
while dense perceptual feedback and reward signals flow upward, allowing the LLM and the policy to co-adapt.
Vision corrects language ambiguities, and policy steers the LLM toward feasible action sequences, and both
components close the loop with the physical robot. In this way the diagram captures the current emphasis, from
isolated perception or language modules toward tightly integrated, multimodal architectures that can be re-tasked
in minutes rather than hours, while highlighting open research frontiers such as safe LLM grounding, vision-
language reward shaping, and scalable multi-robot coordination. This architecture is modular and upgradeable,
so newer LLMs, vision models, or policies can be dropped in as they emerge.

3.3 Vision-VR/AR approach

In the area of cognition-augmented human-centric robotics and collaborative robots, where human flexibility is
paired with robotic assistance for mass personalization, computer vision can be used to address cognitive chal-
lenges (Li, Xie et al. 2024a, b, c, d). This subsection emphasizes that frequent changes in this procedure present
cognitive hurdles, particularly in small and highly customized tasks (Pang et al. 2025).

Human-robot collaboration utilizing digital twin technology can enhance safe, flexible, and efficient collab-
oration in shared workspaces via the construction of a digital twin scene, mapping between real and virtual
spaces, and planning and executing collaborative strategies. This could be built using a robust human mesh
recovery algorithm to improve the reconstruction of occluded human bodies, and employ uncertainty estimation
to enhance the action recognition algorithm while preserving risk controllability (Zhang et al. 2024a, b). The
digital twin system could be extended to the remote operation process to guide cobots systems via augmented
reality (AR) (Loy et al. 2025) and metaverse (Soliman et al. 2024). It maps the digital twins of industrial robots
to their physical counterparts and visualized them through AR glasses, enabling intuitive control and interaction
by human operators to improve multi-robot coordination. A key component of the system is the design and imple-
mentation of a multi-robot, multi-client communication mechanism that ensures synchronization across different
operational states and clients (Li et al. 2022a, b). Additionally, it should not be restricted to HRI but should also
enable better visualization and analysis of layout designs, task scenarios, robot programming, cycle time estima-
tions, and safety analyses. Such an immersive interface is crucial for improving the setup and operational phases
of collaborative robots generally used in applications with low payload limits (Dianatfar et al. 2021).

In the area of robot programming by demonstration, integrating AR interfaces into the manufacturing process
can streamline and enhance the efficiency of programming industrial robots. Within the context of manufacturing
tasks such as pointing and line tracing this could be done via three AR-based input methods: hand ray, head gaze,
and eye gaze (Chu and Weng 2024). AR can also be used to assess which type of sensory cue (visual or tactile)
is more effective in conveying the robot's intentions to a human operator, thereby improving safety, trust, and
productivity in collaborative tasks (Chu and Liu 2023).

In the area of implementation head-mounted AR (HMD) displays, such as Microsoft's HoloLens Mixed Real-
ity, integrated with the open source Robot Operating System (ROS) (Chovet et al. 2025) provided a good basis
for interaction between operators and robotic arms to extend the number of workers able to use robotics in
manufacturing by allowing operators to control robots through intuitive gestures without the need for extensive
training or deep knowledge of robots, reducing the complexity traditionally associated with robotic program-
ming (Lotsaris et al. 2021a, b). The application of AR enables better communication and interaction between
human operators and robots by providing intuitive tools for direct instruction and real-time information exchange
about the robot's status and the broader system's state. This is achieved through a ROS-based system that ensures
good integration and communication between the AR headset and the mobile robotic platform (Lotsaris et al.
2021a, b). The integration of Brain-Computer Interface (BCI) technology with robotic systems through AR could
improve control of brain-controlled robots. BCI technology allows direct control of devices using brain signals,
notably electroencephalograms (EEG), and has two primary control methods: direct and shared. Direct control
without HMD suffers from low efficiency and high user fatigue while shared control uses AR to enhance system
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interaction and reduce cognitive load on the user (Hu 2024). AR can also be integrated with deep reinforcement
learning to enhance the flexibility and intelligence of industrial robots in manufacturing environments (Liu, Tang
et al. 2024a, b) and installed in multi-agent robotic systems (Timofeev 2001). This could be enhanced by integra-
tion of multi sensor structures which could introduce dynamic environments to cobots (Khatib et al. 2021).

Digital twinning of the real and virtual spaces has been proposed to facilitate planning, mapping and execut-
ing collaborative strategies (Wang et al. 2025a, b, c, d, ). A bespoke human mesh recovery algorithm employing
uncertainty estimation was used to enhance reconstruction of occluded human bodies, while maintaining risk
controllability (Zhang et al. 2024a, b). Integration with LLM (see Sect. 3.2) facilitated clear and intuitive commu-
nication between human operators and robots, integrated seamlessly with Digital Twins technology for real-time
data processing and employment of behaviour-based control mechanisms (Gkournelos et al. 2024). A multimodal
DL model to support human-robot collaboration provides user-centric manufacturing information in a mixed
reality environment, correlating visual data with workers’ queries. The system offers real-time, relevant infor-
mation to enhance productivity and adaptability in changing work environments. The implementation of digital
twinning can be done by integrating vision and text dual encoders to analyse the visual input from smart glasses
and text queries from workers. The information is displayed on the smart glasses, enabling a smooth interaction
between workers, robots, and the manufacturing process (Choi et al. 2025).

4 Recent challenges, potential solutions, and future approaches

Figure 13 illustrates a state of the art holistic perception framework for cobots and points to emerging future
directions in this field. The figure shows the integration of the three main components: Vision, Vision-Language,
and VR/AR. Starting with Vision, we see object localization, human pose estimation, object pose estimation, and
various cooperative operations (for instance, rope manipulation) that rely on accurate perception and tracking
of scene elements. The Vision-Language pathway emphasizes multimodal fusion, combining visual input with
linguistic descriptions to enhance contextual understanding for tasks such as command interpretation or complex
scene analysis. Finally, VR/AR systems provide an immersive layer, enabling interactive visualization and real-
time feedback loops that aid cobot operation and training. Collectively, these interconnected modules enable a
more robust, flexible, and efficient cobot perception pipeline. For legibility, the individual vision, vision-language
and VR/AR methods populating each pathway are not reproduced in the figure; they are listed with their sup-
porting references in Table A.1. Collectively, these interconnected modules constitute a more robust, flexible and
efficient cobot perception pipeline.

4.1 Safe collaboration in cobots system

Safe collaboration between humans and robots in shared workspaces progressed substantially with the integration
of advanced vision, sensor fusion, and real-time motion control. Currently, many cobot systems employ depth or
multi-camera setups to detect and track human presence and behaviour (Terreran Barcellona et al. 2021) using,
for example, skeleton-based tracking or gaze detection in real time to avoid danger zones (Terreran Barcellona
et al. 2021). By accurately determining a person’s position and motion, the robot can adjust its speed or perform
a safe stop, ensuring worker safety without sacrificing efficiency (Lacevic et al. 2023). Additional methods, such
as facial recognition or motion-speed analysis help predict potential collision scenarios and prevent hazardous
movements (Sadrfaridpour and Wang 2018).

Despite these advances, several obstacles remain. High-volume, high-resolution vision data can be demanding
computationally, especially in dynamic or cluttered backgrounds, where occlusions and changes in lighting or
environment layout are frequent (Terreran Barcellona et al. 2021). Moreover, few-shot or zero-shot object detec-
tion techniques, key to rapidly handling a novel object or person, remain challenging in industrial settings. The
defined algorithms for sensor fusion such as combining data from RGB cameras, depth sensors, IR sensors, etc.
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Fig. 13 Holistic perception frame-
work for collaborative robots. As
shown, Vision, Vision-Language,
and VR/AR are not separate topics
but complementary modules of a
single, more robust cobot percep-
tion pipeline
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can also be slow or computationally heavy if not optimised, affecting real-time responsiveness. In addition, effec-
tively combining a multi-camera system, where different robots or workstations each have their own cameras,
introduces synchronization, calibration, and data overload issues.

Beyond these technical obstacles, it is important to recognise that safe collaboration is not only a perception
and control problem but also a human machine coordination problem. A core requirement for safe coordination is
that the human can anticipate what the robot will do next. A recent human automation research formalises this as
the ability to answer the question "what will the automation do next?" and shows that it depends on how the joint
system is designed and made observable to the operator, not on perception accuracy alone (Post et al. 2025). This
requirement becomes critical because highly autonomous, high authority systems can act confidently on an inter-
nal model of the manufactures that no longer matches reality, behaving in a "wrong, strong, and silent" manner
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when their model and the actual situation diverge (Dekker and Woods 2024). Such failures are manifestations of
brittleness which is the sudden collapse in performance when events push a system beyond the boundaries of its
design envelope. Resilience engineering argues that safety in open, changing environments depends not only on
ever-more-accurate sensing, but also on graceful extensibility. This refers to the capacity to anticipate developing
problems and adapt at the boundaries of competence(Woods 2018; Woods and Alderson 2021). Although these
insights were developed largely in aviation and critical-infrastructure settings, they transfer directly to cobots.
Therefore, future safety benchmarks should assess not only detection accuracy, but also the legibility and predict-
ability of robot behaviour from the human's perspective. They should also evaluate the system's ability to degrade
gracefully when its perceptual model is challenged.

Looking ahead, more powerful DNNs will cope better with occlusions, partial visibility, and changes in light-
ing (Zhang et al. 2020). Few-shot and zero-shot detection methods are expected to advance, making cobots
more suited to unstructured environments. Real-time modelling of human motion using advanced filters, such as
Kalman, and penalty-function-based speed optimization will enable robots to continually adjust their movement
based on proximity or predicted human trajectories (Chan and Tsai 2020). Regarding data-processing, LLMs
could integrate recordings from robots and machines which would assist the real time co-ordination of vision
systems with multi-camera data streams and better interpret such contextual cues as warning signals. By reading
or summarizing these recordings, each robot could, for example, be fed up-to-date information about potential
hazards, thus increasing safety. Lastly, advanced multimodal frameworks that combine visual and speech cues
with operator motion or attention analysis, could improve human—robot trust and reduce accidents, as the robot
could modulate speed or behaviour when it detects stress or fatigue in the human operator.

4.2 Multi-robot and robot-machine interaction

Currently, multi-robot systems and robot-machine interactions are gaining traction for tasks (Fang et al. 2016)
such as assembly (Chang et al. 2021) and manipulation of deformable objects (Suzuki et al. 2021). Using vision-
driven coordination, often powered by CNNs (Hong, Dong et al. 2024), auto-encoders (Pei, Chen et al. 2024a, b)
or LSTM (Tang, Dong et al. 2024) networks, each robot or machine obtains real-time information about object
location, part geometries, or fault conditions (Fang et al. 2016, Chew et al. 2024). This enables specialized task
division, reducing redundant movements and increasing throughput. In additive manufacturing processes, vision-
based 4D reconstruction can even track an evolving 3-D-printed structure and detect deviations early for correc-
tive action (Chew et al. 2024).

An important bottleneck is the shortage of high-quality, annotated data for less common tasks or unusual object
interactions, though synthetic data generation may mitigate this data scarcity (Kim, Choi et al. 2024). Sensor
fusion has to be implemented with care or the merging of different streams, such as depth, RGB, etc., can become
burdensome with slower processing which inhibits real-time performance (Fan et al. 2025). Additionally, a multi-
camera system across different robots or integrated with machines can generate synchronization and calibration
problems for high precision assembly. It is noted that even small calibration errors can grow into large misalign-
ments or even collisions (Suzuki et al. 2021).

Solutions to such problems usually include the adoption of advanced Al-driven techniques for real-time com-
munication and dynamic synchronization of robots. To cope with large influxes of data without bottlenecks, sen-
sor fusion is expected to develop algorithms which are more computationally efficient including, for example,
lightweight neural networks and/or optimised inference pipelines. LLMs that integrate robot and machine log
sheets would help orchestrate a network of robotic cameras, one for each mobile or stationary unit would unify
the system’s perception and enable more robust fault diagnosis and location tracking. Over time, these LLM-
based frameworks might facilitate natural language queries such as “Identify the part that failed in Machine A”,
aligning multiple camera feeds for rapid diagnosis. This approach unlocks higher-level planning, more efficient
handovers between robots, and better fault tolerance, ultimately streamlining robot-machine integration.
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4.3 Multi-robot and human interaction

When multiple robots share tasks with one or more human operators, current best practices frequently centre on
LfD or DIL, where a human demonstrates how to perform a complex task such as knotting a rope, and dual-arm
or multi-robot setups learn by observing hand motions and object trajectories (Kim et al. 2024a, b). Gaze-based
attention can filter out irrelevant background details and narrow the learning scope (Kim et al. 2024a, b). Such
methods significantly reduce training overheads and improve success rates.

Generalizing each user’s demonstration to different robot configurations or tasks remains difficult, particu-
larly when the environment is dynamic or contains complex backgrounds. Combining sensor data from multiple
robots, each with its own camera and different vantage point, can also pose synchronization issues. Real-time
analysis becomes more demanding if each robot and operator rely on different data fusion pipelines. However,
LD is frequently constrained by both the quantity and quality of available demonstrations, especially in high-
mix, low-volume production environments (Kim, Choi et al. 2024).

Progress in advanced neural architectures offers the possibility of improved data fusion from cameras, depth
sensors, event camera (Guan et al. 2024) and inertial measurements (Kang 2025). For real-time pose estimation
and action prediction, Kalman filters (Xiao et al. 2025) or similar methods help minimize latency and reduce
the noise in noisy data streams. LLMs integrated into imitation-learning pipelines could combine not only the
operator’s motions but also textual or verbal instructions, machine logs, and other robots’ operational states. This
multi-modal approach allows for a more complete understanding of tasks and workspace conditions, thereby
enabling robots to better adapt to sudden changes such as new product variants or modifications in operator
intent. Real-time analysis of operator emotion and attention signals could further boost safety and efficiency; if
a human appears stressed, the system might slow robot speeds, adjust force thresholds, or alert other robots to
proceed with caution. Having each robot use an LLM to access and interpret shared logs increases safety margins
because all agents become aware of potential hazards or changes in real time.

4.4 Cobots in highly dynamic and changeable environments

In industries characterized by frequent design changes or custom orders, currently available cobots struggle with
repeated reprogramming and labour-intensive data gathering. Vision systems must cope with dynamic scenes
with unstructured layouts, moving objects, cluttered scene (Back et al. 2025) and unpredictable workflows while
facing background complexity and partial occlusions (Guo, Zhang et al. 2024a, b) that necessitate sophisticated
object detection (Terreran et al. 2021). There are few-shot (Kasaei and Xiong 2024) or zero-shot (Debnath et al.
2025) models, capable of recognizing novel items or tasks on-the-fly.

A significant limitation inherent in reliance on large, high-quality datasets is that they often quickly become
obsolete (Kim, Choi et al. 2024). Additionally, real-time data processing can be hindered by complex sensor-
fusion pipelines, merging RGB, thermal, and depth streams that can slow inference unless algorithms are con-
tinuously optimised. Multi-robot or multi-camera setups aggravate these performance concerns, as each new
data source must be calibrated and synchronized. Ensuring safety while maintaining agility under these dynamic
conditions remains an ongoing challenge.

Approaches that blend synthetic data generation for object pose estimation (Konstantinou et al. 2025) and
human actions recognition (Knapp and Bohacek 2025), few-shot learning, and continual learning, provide the
opportunity for lowering the overheads when retraining models for new tasks such as object pose estimation
(Felice et al. 2025), human pose estimation (Ying et al. 2025), human action recognition (Wang et al. 2024a, b,
¢, d, e). While multi-modal perception that integrates thermal imaging, depth sensing, and standard RGB inputs
can enhance scene understanding even in cluttered or poorly lit environments (Castilla-Arquillo et al. 2025),
it also requires precise calibration, time-synchronization, and real-time fusion to be reliable on the shop floor.
Notably, LLMs would be pivotal in fusing inputs from robots, machines, and sensor streams to coordinate large
fleets of cobots under rapidly shifting conditions. By reading the logs of other robots, such as completed tasks,
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encountered errors, and environment changes, each cobot could update its internal model and anticipate new
product variants. It could also adopt different motion strategies to improve overall system adaptability and safety.
Real-time operator feedback, including emotion and attention recognition, could trigger dynamic speed adjust-
ments or force limits, ensuring safer and more efficient workflows. In the future, as LLMs become more deeply
integrated with IL frameworks, cobots will be able to interpret not only visual and sensor cues but also high-level
language instructions or constraints, drastically speeding up the reconfiguration process for new tasks or product
lines.

4.5 Potential enhancements of cobots systems

4.5.1 Cobot perception fusion

Future cobots will coexist with humans, other robots, and constantly shifting clutter. Their perception core must
therefore fuse heterogeneous depth cameras, LIDAR and neuromorphic event streams without flooding the shop-
floor network or overloading edge GPUs. An information-aware fusion pipeline, where every sensor first broad-
casts a self-estimated credibility map and a cross-view attention graph selects only the most informative voxels
within a strict bandwidth-and-latency budget, offers a compelling way forward. By feeding the pruned data into
a square-root information filter, sub-millimetre object-pose estimates become possible even as arms occlude one
another. The open challenge, and opportunity, is to prove that such on-the-fly weighting outperforms today’s
brute-force “fuse everything” approach by an order of magnitude in compute and traffic, turning high-precision
collaboration into a commodity feature rather than a premium add-on.

This proposal sits within an active line of uncertainty- and resource-aware fusion research, and it is worth
contrasting it with the established alternatives. Classical perception stacks usually fuse sensors with deterministic
estimator methods such as the Kalman filter, or by simply concatenating all modalities in a single network. Both
of these methods perform well in structured settings but degrade under real industrial conditions such as sensor
noise, occlusion, and modality dropout, and the brute-force variant scales poorly in compute and bandwidth.
Recent work has therefore moved toward learned, reliability-weighted fusion that mirrors the credibility-map
idea advocated here, such as the Cocoon study (Cho et al. 2025), which performs object-level and feature-level
uncertainty quantification so that each modality is weighted by its estimated reliability, outperforming both static
and adaptive fusion under natural and artificial corruption. A parallel line targets precisely the bandwidth and
latency budget emphasized here by fusing selectively rather than exhaustively, such as the study of HydraFusion
(Malawade et al. 2022), which performs context-aware selective sensor fusion, the study of EcoFusion (Mala-
wade et al. 2022), which makes that selection energy-aware, and SAMFusion (Palladin et al. 2025), which adapts
the fused sensor set to operating conditions. The pipeline proposed here can be read as a synthesis of these two
threads, combining per-sensor reliability weighting with resource-aware voxel selection and a square-root infor-
mation filter for numerical stability, with its distinctive element being the explicit bandwidth-and-latency budget.
The open question, as the surrounding text notes, is empirical. It is whether such credibility-gated, selective
fusion can demonstrably outperform exhaustive fusion by a large margin in compute and traffic without sacrific-
ing pose accuracy under heavy mutual occlusion.

4.5.2 Cobot task planning and smooth motion

Most industrial stacks still bolt a symbolic planner onto a separate motion controller, a division that can add
unwanted delays (latency) and brittle hand-tuning. A single neural architecture that encodes plain-language com-
mands, reasons about an object-centric scene graph, and simultaneously denoises a diffusion trajectory could
erase that seam. In such a model, cross-modal reasoning layers emit discrete sub-goal tokens, e.g., “grasp,”
“insert,” “tighten”, which condition a diffusion decoder to generate jerk-bounded, continuous joint paths. Early
evidence suggests that co-training planning tokens with trajectory smoothness lets the network “think and glide”
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in one pass, meeting the decision quality of top symbolic planners while rivalling the polish of handcrafted dif-
fusion controllers. For cobots, that means spoken or text instructions could translate directly into collision-free,
human-friendly motion with latencies low enough for shared workspaces.

This unified planner controller proposal should likewise be positioned against the established alternatives. The
modular pattern it critiques remains the classical task and motion planning paradigm. In this paradigm, a sym-
bolic task planner is bolted onto a separate motion controller. This approach offers strong guarantees, but it suffers
from the latency and brittle hand tuning noted here. At the other extreme, end-to-end behaviour cloning struggles
with multi-modal action distributions. This is precisely why diffusion based visuomotor policies (Chi et al. 2025,
Cho et al. ) have become the dominant learned-controller approach. These policies usually use a generative model
to capture the full distribution of expert behaviour. The specific idea of emitting discrete sub-goal tokens that
condition a diffusion trajectory decoder is closely related to recent hierarchical diffusion methods. Hierarchical
Diffusion Policy (Ma et al. 2024) chains a high-level, language-guided agent with a low-level, kinematics-aware
diffusion policy. The high-level agent predicts the next-best end-effector pose, while the low-level policy respects
joint constraints. SkillDiffuser (Liang, Mu et al. 2024) and ChainedDiffuser (Xian et al. 2023) similarly couple
discrete skill or keypose prediction with trajectory diffusion. The proposal’s distinctive ambition, relative to these
methods, is to collapse the two levels into a single jointly trained pass rather than using separate high- and low-
level agents. Its principal risk is also well documented. The inference latency of diffusion sampling is a recog-
nised bottleneck for real-time control. Therefore, the claim of sufficiently low latency for shared workspaces is
exactly the point that would require empirical demonstration.

4.5.3 Reinforcement learning utilization in enhancing cobot vision-language model

Reward engineering remains the bottleneck that keeps reinforcement learning out of most cobot deployments. A
practical alternative is to freeze a large vision-language backbone such as Contrastive Language-Image Pretrain-
ing and attach a tiny projection head that contains the robot’s proprioception. Trained on a modest “universal
progress” corpus, the head outputs a scalar that rises monotonically as the live scene better satisfies a single Eng-
lish instruction. Because only the final layer is tuned, the module generalizes: swapping in a new sentence “align
the two gears,” “wipe the table”. Off-the-shelf RL algorithms such as Soft Actor-critic or Proximal Policy Opti-
mization can begin learning immediately, no bespoke metrics, no human clicks (typing inputs). If this approach
proves suitable, it could widen substantially skill acquisition for small and medium-size enterprises that lack large
annotation budgets.

This formulation is not isolated where it belongs to a rapidly growing family of foundation-model reward meth-
ods. It is therefore worth positioning it against the established alternatives for avoiding hand-crafted rewards. The
seminal example is VLM-RM (Rocamonde et al. 2024), which uses the cosine similarity between a CLIP embed-
ding of the current state and a natural-language prompt as the reward. It can also project the representation onto
the direction between a baseline prompt and a target prompt. This lightweight projection is essentially equivalent
to the mechanism proposed here. Work in 2025-2026 has scaled this idea beyond a single similarity score. It
has moved toward dense and temporally grounded reward signals. The Vision-Language-Action-Critic Model
(VLAC) (Zhai, Zhang et al. 2025) adapts a large vision-language model into a process reward model. Given
paired observations and a language goal, it outputs a dense progress signal and a completion flag. It also rejects
irrelevant prompts. Another model which, termed as ReWiND (Zhang et al. 2025), learns a language-conditioned
reward that generalises to unseen task variations. It does so from only a small grounding dataset and without
per-task demonstrations. Frozen foundation models have also been used as online, frame-level reward engines
for closed-loop policy refinement. They extract supervision directly from unlabelled video trajectories (Wu et
al. 2026). The same recipe has been applied to safety—critical control, for example VLM-RL for autonomous
driving (Huang et al. 2025). The shared appeal is that goals are specified in natural language, the backbone’s
internet-scale priors transfer zero-shot to new tasks, and only a small head is trained, making this the cheapest of
the three paradigms to deploy.
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This contrasts with the two classical routes to avoiding manual rewards. Inverse reinforcement learning
(Ng and Russell 2000, Ziebart et al. 2008) recovers a reward from expert demonstrations, but the problem is
inherently under-determined, often requires an expensive inner reinforcement-learning loop, and scales poorly
to high-dimensional visual states. Preference-based reinforcement learning (Christiano et al. 2017, Lee et al.
2021) instead learns a reward from human comparisons of trajectory segments. It aligns well with human intent,
but is limited by the cost, noise, and ambiguity of human queries, which recent work such as PRIMT (Wang
et al. 2026) addresses through multimodal feedback and foundation-model trajectory synthesis. The frozen
vision-language reward sidesteps both the demonstration requirement of inverse reinforcement learning and the
human-query burden of preference learning by reading the reward from a pretrained model. However, it has two
known weaknesses. First, its reward granularity can be coarse because vision-language models have limited
spatial and fine-grained reasoning, making the signal less reliable for contact-rich manipulation. Second, it can
be susceptible to reward hacking when the policy exploits the projection head. Importantly, the paradigms are
complementary rather than mutually exclusive. A vision-language model can supply the preference labels used in
preference-based reinforcement learning, as shown by (Wang, Sun et al. 2024) and (Liu et al. 2025). Therefore, a
frozen-model reward can serve as a cheap, generalisable prior that is later refined by a small amount of human- or
model-generated preference feedback. The frozen vision-language reward is best positioned not as a replacement
for inverse reinforcement learning or preference learning, but as the most deployment-efficient starting point,
with preference-based refinement as a natural second stage.

4.5.4 Towards an end-to-end perception-action loop

Taken together, these three directions sketch a future cobot stack with almost no handcrafted glue. Adaptive
fusion supplies trustworthy geometry; the hybrid VLA network turns natural-language goals into smooth, safe
trajectories; and the zero-shot reward head closes the loop by eliminating manual tuning. Such an ecosystem
would let integrators add new tasks via a sentence and a few demonstrations rather than weeks of sensor calibra-
tion and controller coding, moving collaborative robots closer to true plug-and-play versatility on the factory
floor.

Figure 14 highlights how three emerging research threads, information-aware sensor fusion, language-condi-
tioned planning plus control, and zero-shot reward estimation, can be combined into a single cobot stack that all
but eliminates bespoke engineering. By pushing credibility assessment to the sensor edge, the fusion layer deliv-
ers trustworthy geometry without saturating factory networks. The hybrid VLA model then transforms high-level,
human-readable intents into smooth, safe joint commands in one GPU pass, avoiding the latency and brittleness
of traditional planner-controller seams. Finally, the zero-shot reward head acts as an automatic supervisor, using
the same fused perception to measure task progress and drive continual policy refinement. Together these com-
ponents form a self-contained perception—action loop that lets integrators deploy new tasks with little more than
sentence-level description and a handful of demonstration runs, an essential step toward truly flexible, plug-and-
play collaborative robotics on the factory floor.

In addition to what is described in Fig. 14, two further considerations are worth raising, and they relate to the
loop in deliberately different ways. The first, cybersecurity, is best understood not as a general concern bolted
onto the system but as a direct extension of safe perception itself: adversarial perturbation of visual input, sensor
spoofing, and tampering along the perception-to-action chain attack the very signals the loop depends on, and
such risks grow increasingly unavoidable as cobots are networked (Balasubramanian et al. 2025). Recent security
surveys of robotic systems catalogue these threats, from LiDAR and camera spoofing to perception manipulation
along the operator-robot channel, and report that many have already been demonstrated on deployed platforms
(Cao et al. 2019, Sabouri 2026). Next-generation cobots should therefore be shipped with an IEC 62443-aligned
"security spine" in which every depth camera or joint drive is assigned its credibility map and streams across
only those micro-segmented, mutually authenticated channels negotiated with handshakes; the per-sensor cred-
ibility maps already computed for fusion then double as an integrity check, so that spoofed or tampered inputs
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Fig. 14 Conceptual end-to-end perception-to-action loop for plug-and-play collaborative robots: RGB-D cameras, spinning
or solid-state LIDARs and ultrafast event cameras (left column) stream heterogeneous data into an Adaptive Multi-Sensor
Fusion block that produces per-pixel/beam credibility maps and a sub-millimetre 6-DoF scene estimate. Combining that
geometry with a Natural-Language Input command (top right), conditions a Hybrid Vision-Language-Action Neural Net-
work which simultaneously plans discrete sub-goals and denoises a jerk-limited trajectory. Executed motions propagate to
the Zero-Shot Vision-Language-based Reward Head (bottom right), which converts live camera views plus the original goal
sentence into a dense success signal. Two feedback pathways close the loop: (i) a blue arrow supplies fused geometry to the
reward head for more precise scoring, and (ii) a yellow arrow feeds the scalar reward back to the hybrid network, enabling
real-time reinforcement or adaptive fine-tuning without manual intervention

are down-weighted before they can reach the planner. This would close the attack chains already demonstrated
on cobots, replace today's flat VLANs with per-task enclaves, and let integrators treat cybersecurity as a built-in
service rather than an after-market patch (Hollerer et al. 2021). Securing the perception pipeline is, in this sense,
a genuine next step for the loop itself, which is why it is shown as a cross-cutting layer in Fig. 10. The second
consideration, quantum Al, is of a different character: it is a longer-horizon, general-purpose enabler rather than
an immediate next step for the loop, and its relevance to cobot perception remains largely speculative at present
(Devadas and T 2025, Sun, Sun et al. 2026). In principle, Quantum Machine Learning (QML) superposition could
evaluate many candidate grasps, poses or motion primitives in parallel, shrinking trajectory-planning time, while
entanglement could let a variational quantum circuit model the tight, non-linear correlation across heterogeneous
sensors such as depth, LIDAR and event streams, so the fusion block converges on a sharper 6-DoF scene esti-
mate from fewer frames. Early quantum reinforcement learning, in which a parameterised quantum circuit serves
as the function approximator within an otherwise classical loop, has begun to demonstrate quantum agents for
robot navigation and control, though so far only in simulation and on small-scale problems (Hohenfeld et al.
2024, Kaldari et al. 2025). Such approaches could in turn reduce jerk, torque and collision risk and accelerate
reinforcement-learning updates that would otherwise stall on large state spaces, with global optimisation tasks,
such as policy search, reward shaping and rare-failure simulation, off-loaded to a cloud Quantum Processing Unit
(QPU) via a hybrid algorithm such as the variational quantum eigensolver, while the low-latency control loop
stays on classical edge GPUs. These gains, however, remain contingent on a level of quantum hardware maturity
that is not yet available; we therefore present quantum Al as a broader, forward-looking direction rather than as
a component of the loop proposed here.

Artificial Intelligence Review &)\ Springer



Article in Press https://doi.org/10.1007/s10462-026-11708-1

5 Conclusion

This review delivers a forward-looking, state of the art appreciation of advanced visual-perception algorithms
for collaborative robots (cobots). It traces the field’s evolution from single-camera, task-specific vision to het-
erogeneous pipelines that fuse RGB-D, LiDAR, neuromorphic event streams, large vision-language models and
AR/VR feedback, showing how this multimodal stack supports object localization, human-action recognition,
language-conditioned planning, diffusion-based motion generation and zero-shot reward shaping. Four research
topics frame the discussion, (i) the current state of the art, (ii) enabling algorithms and datasets, (iii) open prob-
lems and (iv) prospective solutions for cobot perception.

Although multimodal perception and language-conditioned control have advanced rapidly, seven critical short-
comings still stand between today’s prototypes and true plug-and-play cobots on the factory floor:

1. Large-scale sensor fusion has yet to show that credibility-weighted pruning of RGB-D, LiDAR and event
streams can keep pose errors below a millimetre when cutting bandwidth and edge-GPU load by a factor of
ten.

2. Safety remains reactive; no benchmarked pipelines fuse frame-based and neuromorphic data to predict human
motion early enough to prevent collisions in shared HRC assembly bays.

3. Few- and zero-shot perception break downs when parts arrive deformed, damaged or heavily occluded,
emphasising the need for richer synthetic-plus-real datasets and tougher domain-adaptation techniques.

4. Cross-robot perception sharing is still confined to the laboratory because lightweight, trustworthy algorithms
for auto-synchronizing multiple cameras and arms in cluttered, reconfigurable cells are not production-ready.

5. Reinforcement learning is blocked by reward engineering; frozen VLM and tiny proprio head reward heads
have not been proven stable or sample-efficient beyond toy demonstrations.

6. Open, highly-granular multimodal datasets are missing, specifically a body of pair time-synchronized visual
logs with language, proprioception and operator state, plus affect-aware benchmarks to test how well cobots
adjust speed or force when humans appear stressed.

7. Quantum-accelerated solvers remain unintegrated; routing data over a hardened QPU link combining fusion
and trajectory networks in trusted hardware roots which protects every packet must be achieved without
introducing the latency, bandwidth overheads, or attack surface that would cancel out the promised speed-ups.

This review finds that multimodal, credibility-weighted perception, coupled with vision-language models, enhance
high-precision object localization, reliable human-action recognition and language-conditioned task planning in
collaborative workspaces. This review integrated stack enables cobots to translate plain-language goals into
smooth, high speed, collision-aware trajectories while simultaneously generating self-supervised reward signals
that drive online policy refinement. At the same time, this review is scoped to visual perception, and several
studies surveyed here show that vision alone can be insufficient for safety—critical and contact-rich human-robot
collaboration. Occlusion and physical contact are precisely where camera-based perception is weakest (Lee et
al. 2019, Liu et al. 2024, Jiang et al. 2025). Accordingly, several works have combined vision with haptic, force/
torque, tactile, and audio sensing to support safer physical interaction (Bdiwi 2014; Tannous et al. 2020; Guo et
al. 2023; Wong et al. 2024). Therefore, multimodal perception is increasingly regarded as a prerequisite for safe
physical interaction, rather than an optional extension.

Future research should converge on an end-to-end perception—action architecture that delivers plug-and-play
deployment without bespoke tuning. At the sensing layer, credibility-aware fusion must be implemented on
embedded GPUs, with head-to-head benchmarks that quantify bandwidth, latency and sub-millimetres without
posing accuracy problems under heavy occlusion. Building on this foundation, predictive-safety modules that
combine RGB-D, LiDAR and event streams should learn to forecast human motion and pre-empt collisions in
cluttered, reconfigurable cells. Perception robustness demands synthetic-plus-real datasets and domain-adapta-
tion schemes that can generalize to include deformed, damaged or novel parts with few- and/or zero-shots, while
dynamic-calibration algorithms must auto-synchronize multi-camera, multi-robot setups on-the-fly. A hybrid
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VLA network, co-training scene-graph reasoning, language-conditioned sub-goal tokens and diffusion-generated
trajectories, can then translate sentence-level instructions into smooth, jerk-bounded motion within 50 ms deci-
sion cycles. Reinforcement learning should be driven by lightweight, proprio-aware reward heads grafted onto
frozen vision-language backbones to accelerate skill acquisition without hand-crafted metrics. Finally, publicly
available, high-granularity multimodal datasets, complete with time-synchronized visual logs, operator affect
labels and robot states, are essential for benchmarking cross-robot perception sharing and affect-aware speed
modulation. Together, these directions would yield agile, human-centred cobots capable of commissioning new
tasks in minutes rather than weeks across FMS assembly/disassembly cells and inspection lines.

6 Appendix A: Detailed graphical summaries of visual perception foundation studies

in Sect. 2

See Tables 2, 3, 4 and 5.
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