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Abstract—Complete automation of industrial processes, often
described as “lights-out” manufacturing, requires robots that can
sense, interpret, and act upon unstructured and changing envi-
ronments without human supervision. Perception has therefore
become the principal bottleneck separating today’s largely pre-
programmed industrial robots from truly autonomous production
cells. This paper reviews the state of the art in robot perception
for industrial automation. We first survey the sensing modalities
in use, including 2D machine vision, active and passive 3D
sensing, force/torque and tactile sensing, and their fusion. We
then examine the core perception tasks that enable autonomy:
object detection and segmentation, 6D pose estimation, grasp de-
tection and bin picking, visual inspection and anomaly detection,
contact-rich assembly, perception for safe human–robot collab-
oration, calibration, and localization for mobile manipulators.
We further discuss the learning paradigms that underpin recent
progress, namely simulation-to-reality transfer, synthetic data,
self-supervision, and vision–language foundation models, together
with system integration through ROS 2 and digital twins. Finally,
we identify open challenges, including transparent and reflective
objects, deformable materials, data scarcity, uncertainty quantifi-
cation, certification of learned components, and benchmark gaps,
and outline research directions toward reliable, fully autonomous
industrial robotic systems.

Index Terms—Robot perception, industrial robotics, machine
vision, 3D sensing, pose estimation, grasp detection, anomaly
detection, Industry 4.0, deep learning, complete automation.

I. INTRODUCTION

Industrial robots have been a cornerstone of manufacturing
for more than five decades, yet the majority of deployed
systems still operate in a narrowly defined manner: they repeat
taught trajectories on parts that are presented at precisely
known positions by fixtures, feeders, and conveyors. This
paradigm is highly productive for high-volume, low-variety
production, but it is expensive to reconfigure and fragile in
the face of variation. The vision of Industry 4.0 [1], [2] calls
for flexible, connected, and largely self-organizing production,
in which robots adapt to new products, mixed batches, and
unexpected situations with minimal human intervention. The
International Federation of Robotics reports that annual in-
stallations of industrial robots have exceeded half a million
units in recent years, with an operational stock of several
million units worldwide [3]; the share of these robots that can
genuinely perceive and adapt, however, remains comparatively
small.

The gap between a programmed robot and an autonomous
one is, to a large extent, a perception gap. A robot that must
pick randomly oriented parts from a bin, inspect a surface
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Fig. 1. The perception–action loop of an autonomous industrial robotic cell.
Perception converts raw sensor data into task-relevant state estimates that drive
planning and execution; feedback from the environment closes the loop.

for millimeter-scale defects, insert a connector with sub-
millimeter tolerance, or share a workspace safely with people
must build and continually update an internal model of its
surroundings from noisy sensor data. Classical machine vision,
based on hand-crafted features and carefully controlled light-
ing [4], [5], solved many constrained problems but generalizes
poorly. Since 2012, deep learning [6], [7] has transformed
what is achievable, while new commodity 3D sensors [8]
and high-resolution tactile sensors [9], [10] have widened the
range of signals a robot can exploit. More recently, large-
scale foundation models [11], [12] and generalist robot policies
[13]–[15] have begun to shift the field from task-specific
perception modules toward broadly capable systems.

Several surveys cover individual parts of this landscape,
for example grasp synthesis [16], [17], visual defect detection
[18], human–robot collaboration [19], and the general limits
of deep learning in robotics [20]. This review aims to give a
single, connected picture of how perception enables complete
automation in industrial settings. Its contributions are:

• a structured overview of industrial sensing modalities and
their trade-offs (Section III);

• a task-oriented review of the perception capabilities re-
quired for autonomous industrial cells, from detection and
pose estimation to inspection, assembly, and collaborative
safety (Section IV);

• a discussion of the learning paradigms and data strategies
that drive current progress (Section V) and of system-
level integration (Section VI);

• a synthesis of open challenges and future research direc-
tions (Section VII).

Fig. 1 illustrates the perception–action loop around which
this review is organized.



II. SCOPE AND REVIEW METHODOLOGY

This review focuses on perception for industrial manipula-
tion and production tasks, including manufacturing, assembly,
machine tending, inspection, and logistics (order picking and
depalletizing). Literature was identified through IEEE Xplore,
ScienceDirect, the ACM Digital Library, and arXiv using
combinations of the terms robot perception, industrial robot,
machine vision, bin picking, 6D pose estimation, grasp de-
tection, anomaly detection, tactile sensing, and human–robot
collaboration. We prioritized (i) peer-reviewed journal and
major-conference papers, (ii) works that introduced widely
adopted methods, datasets, or benchmarks, and (iii) recent
work (2018 onward) that reflects the transition to learning-
based and foundation-model approaches. Foundational clas-
sical works are included where they remain in industrial
use. Perception for autonomous driving and purely domestic
service robots is outside the scope except where methods
transfer directly to industrial settings.

III. SENSING MODALITIES

A. 2D Machine Vision

Monochrome and color area-scan and line-scan cameras
remain the workhorse of industrial perception owing to their
low cost, high resolution, and mature tooling. Early robot
guidance relied on template matching, blob analysis, and local
feature descriptors such as SIFT [4]; a comparative review of
these techniques for industrial robot guidance is given in [5].
Accurate intrinsic calibration [21] and hand–eye calibration
[22] are prerequisites for converting image measurements into
robot coordinates. Closed-loop visual servoing [23], [24] uses
image features directly as feedback, reducing sensitivity to
calibration errors. The principal limitation of 2D vision is
the loss of depth, which makes pose estimation of arbitrarily
oriented parts ambiguous.

B. 3D Sensing

Three families of 3D sensors dominate industrial use.
Structured-light systems project coded patterns and triangulate
depth [25]; they achieve sub-millimeter accuracy at short range
and are widely used in bin-picking cells, but are sensitive to
ambient light and specular surfaces. Time-of-flight (ToF) cam-
eras measure the phase or delay of modulated light [26]; they
are compact and fast but suffer from multipath interference
and lower resolution. Active and passive stereo, exemplified
by the Intel RealSense family [8], offers an inexpensive com-
promise and has made RGB-D sensing ubiquitous in research.
Laser line scanners and LiDAR complement these for large
workpieces and mobile platforms. Point clouds from these
sensors are processed with classical registration such as ICP
[27] or with learned point-set networks such as PointNet and
PointNet++ [28], [29].

C. Force/Torque and Tactile Sensing

Vision alone cannot resolve the contact state during in-
sertion, polishing, or grasping of slippery parts. Six-axis

TABLE I
COMPARISON OF INDUSTRIAL SENSING MODALITIES

Modality Strengths Limitations

2D camera Low cost, high
resolution, mature
tooling

No depth;
lighting-sensitive

Structured
light

Sub-mm accuracy at
short range

Ambient light, specular
and dark surfaces

Time-of-
flight

Compact, high frame
rate

Multipath, lower
resolution

Stereo (ac-
tive/passive)

Inexpensive, works
outdoors (passive)

Texture dependence, depth
noise at range

LiDAR /
laser line

Long range, large parts Cost, sparse data (LiDAR)

Force/torque Direct contact forces Global only; no spatial
contact map

Tactile Local contact
geometry, slip

Wear, integration, limited
coverage

force/torque (F/T) sensors at the wrist are standard for force-
controlled assembly. Tactile sensing [30] provides spatially
distributed contact information at the fingertip. Vision-based
tactile sensors such as GelSight [9] and the low-cost DIGIT
[10] image the deformation of an elastomer membrane, yield-
ing high-resolution contact geometry and shear estimates,
and are increasingly being evaluated for industrial grasp and
assembly tasks.

D. Multimodal Fusion

Robust autonomy usually requires combining modalities:
RGB for appearance, depth for geometry, and force/tactile
for contact. Learned fusion architectures, for example Dense-
Fusion for RGB-D pose estimation [31] and self-supervised
vision–touch representations for contact-rich manipulation
[32], consistently outperform single-modality baselines. Ta-
ble I summarizes the trade-offs among modalities.

IV. PERCEPTION TASKS FOR COMPLETE AUTOMATION

A. Object Detection and Segmentation

Locating and identifying parts is the entry point of most
perception pipelines. Two-stage detectors such as Faster R-
CNN [33] and single-stage detectors such as YOLO [34]
provide real-time bounding boxes, while Mask R-CNN [35]
adds instance masks that are essential when parts overlap in
clutter. These architectures, built on deep backbones [7], have
largely replaced hand-crafted pipelines in new installations.
Their weakness in industry is the need for labeled data for
every new part; this has motivated promptable segmentation
models such as the Segment Anything Model (SAM) [12]
and open-vocabulary recognition built on vision–language pre-
training such as CLIP [11], which can recognize or segment
previously unseen objects with little or no task-specific anno-
tation.

B. 6D Object Pose Estimation

Many industrial operations, such as machine tending, kit-
ting, and assembly, require the full 6D pose (3D position and
orientation) of a known part, typically available as a CAD



model. Classical approaches include template matching for
texture-less objects (LINEMOD) [36] and point-pair features
(PPF) [37], refined by ICP [27]. The texture-less, symmetric,
and often metallic nature of industrial parts makes this problem
difficult; the T-LESS dataset [38] was designed specifically
to capture these properties, and the BOP benchmark [39]
established a common evaluation protocol across datasets.
Notably, early BOP results showed well-tuned PPF variants to
be highly competitive with learned methods, a finding relevant
to practitioners who value robustness.

Learning-based methods have since closed and surpassed
this gap. PoseCNN [40] regresses pose directly from RGB;
PVNet [41] votes for keypoints to achieve robustness to
occlusion; DenseFusion [31] fuses color and depth per pixel;
and DOPE [42] demonstrated that networks trained solely
on synthetic data can achieve accuracy sufficient for robotic
grasping. FoundationPose [43] represents a recent shift toward
model-agnostic pose estimation and tracking of novel objects
from a CAD model or a few reference images without object-
specific training, an important step toward reducing the engi-
neering effort required per new product variant.

C. Grasp Detection and Bin Picking

Random bin picking, i.e., picking parts directly from un-
structured bins, is a canonical benchmark for industrial au-
tonomy because it removes the need for part-specific feeders.
Grasp synthesis approaches are commonly divided into an-
alytic and data-driven methods [16]; [17] gives a review of
vision-based grasping for parallel grippers. Deep learning for
grasp detection was popularized by Lenz et al. [44] and by
real-time CNN-based rectangle detection [45], [46]. GG-CNN
[47] produces pixel-wise grasp quality maps fast enough for
closed-loop reactive grasping.

Two influential strategies emerged for obtaining training
data at scale. The Dex-Net line of work [48] trained grasp-
quality networks on millions of synthetic point clouds labeled
with analytic grasp metrics, and was later extended to am-
bidextrous policies that select between suction and parallel-
jaw grippers, achieving high picking throughput on diverse
objects [49]. In contrast, Levine et al. [50] collected hundreds
of thousands of real grasp attempts across multiple robots,
and QT-Opt [51] used large-scale off-policy reinforcement
learning to achieve high success rates on unseen objects
with emergent re-grasping behavior. Moving from planar to
full 6-DoF grasps, GraspNet-1Billion [52] provides a large-
scale benchmark, and Contact-GraspNet [53] generates 6-DoF
grasps directly from scene point clouds in clutter.

The Amazon Picking Challenge exposed the gap between
laboratory and warehouse conditions; analysis of the first
challenge [54] highlighted perception as a key failure source,
and the winning MIT–Princeton system [55] combined multi-
affordance grasping with cross-domain image matching to
pick novel objects without object-specific training. Table II
summarizes representative grasping methods.

TABLE II
REPRESENTATIVE LEARNING-BASED GRASPING APPROACHES

Method Input Data source Key idea

Lenz et al. [44] RGB-D Real, labeled Two-stage cascaded
detection

Dex-Net 2.0 [48] Depth Synthetic Analytic labels at
scale

Levine et al. [50] RGB Real, self-
collected

Servoing via success
prediction

QT-Opt [51] RGB Real, self-
collected

Off-policy deep RL

GG-CNN [47] Depth Real, labeled Pixel-wise,
closed-loop

Contact-GraspNet
[53]

Point
cloud

Synthetic 6-DoF grasps in
clutter

D. Visual Inspection and Anomaly Detection

Automated quality inspection is a prerequisite for closing
the production loop without human checkers. A survey of
visual defect detection in industry [18] distinguishes statistical,
structural, filter-based, and learning-based approaches. A key
practical difficulty is that defects are rare and diverse, so super-
vised training sets are hard to collect. Unsupervised anomaly
detection, which learns only from defect-free samples, has
therefore become the dominant paradigm, catalyzed by the
MVTec AD dataset [56]. Methods based on pretrained feature
embeddings, such as PaDiM [57] and PatchCore [58], model
the distribution of normal patch features and achieve near-
saturated image-level detection performance on MVTec AD,
although localization of subtle and logical anomalies remains
challenging. Mounting inspection cameras on robots enables
viewpoint planning for complex parts and integration of in-
spection directly into manufacturing cells.

E. Contact-Rich Manipulation and Assembly

Assembly tasks such as peg-in-hole insertion, connector
mating, and screw driving involve tolerances below the ac-
curacy of typical vision-based pose estimates. Successful
systems therefore combine vision for coarse alignment with
force/torque or tactile feedback for fine alignment. Lee et al.
[32] showed that a self-supervised, multimodal representation
of vision and touch substantially improves sample efficiency
of policy learning for peg insertion. High-resolution tactile
sensors [9], [10] enable in-hand pose estimation and slip
detection, which are needed when the grasped part shifts
during transport.

F. Perception for Safe Human–Robot Collaboration

Complete automation does not imply the complete ab-
sence of people; maintenance, changeovers, and hybrid work-
flows still bring humans into robot cells. Safety require-
ments are defined by ISO 10218 [59] and, for collaborative
operation, ISO/TS 15066 [60], which specifies speed-and-
separation monitoring and power-and-force limiting. Speed-
and-separation monitoring depends on reliable human detec-
tion and distance estimation. Villani et al. [19] survey safety,
interfaces, and applications of industrial collaboration, and



Halme et al. [61] review vision-based safety systems. Human
pose estimators such as OpenPose [62] enable fine-grained
tracking of body parts and intention inference, but their use
in safety functions is constrained by the need for certifiable,
deterministic performance, which deep networks do not yet
provide.

G. Calibration and Localization

Every perception output must ultimately be expressed in the
robot frame. Camera calibration [21] and hand–eye calibration
[22] remain foundational, and drift in these parameters is a
frequent cause of failure in long-running cells, motivating on-
line self-calibration [63]. For autonomous mobile manipulators
performing machine tending or intralogistics, simultaneous
localization and mapping (SLAM) is required; Cadena et al.
[64] review the field, and ORB-SLAM2 [65] is a widely
used visual SLAM baseline. The accuracy of mobile-base
localization is typically insufficient for manipulation, so a
local visual re-registration step against fiducials or workpiece
features is commonly added at each workstation.

V. LEARNING PARADIGMS AND DATA STRATEGIES

A. Simulation-to-Reality Transfer and Synthetic Data

Labeled real data is the most expensive resource in in-
dustrial perception. Domain randomization [66] trains models
on simulated images with randomized textures, lighting, and
camera poses so that the real world appears as another varia-
tion. DOPE [42] and Dex-Net [48] demonstrate that purely
synthetic training can produce deployable pose estimators
and grasp planners. Because industrial parts usually come
with CAD models, synthetic data generation is particularly
attractive in manufacturing, and it integrates naturally with
digital twins [67].

B. Self-Supervised and Large-Scale Robot Learning

Self-supervised approaches let robots label their own data,
for example by recording grasp success [50], [51] or by
predicting contact from vision [32]. This shifts the cost from
human annotation to robot time, which can be scheduled
during idle shifts in a factory.

C. Foundation Models and Generalist Policies

Since 2021, foundation models pretrained on internet-scale
data have reshaped perception. CLIP [11] aligns images
and text, enabling open-vocabulary recognition; SAM [12]
provides zero-shot segmentation; and self-supervised visual
features such as DINOv2 [68] transfer well to dense tasks.
In robotics, RT-1 [13] showed that a transformer trained on a
large real-world dataset can execute hundreds of instructions,
RT-2 [14] transferred web-scale vision–language knowledge
to robotic control, and the Open X-Embodiment collabora-
tion [15] pooled data across many robot platforms to train
cross-embodiment policies. Diffusion Policy [69] offers an
expressive visuomotor policy class well suited to learning from
demonstrations. These approaches blur the boundary between
perception and control. Their industrial relevance is significant,

as they promise rapid onboarding of new tasks, but inference
latency, precision, and verifiability currently limit deployment
in high-throughput production.

VI. SYSTEM INTEGRATION

Perception modules deliver value only when integrated
into reliable cells. The Robot Operating System (ROS) [70]
became the de facto research middleware; ROS 2 [71], built
on DDS, adds real-time, security, and multi-robot features that
make it suitable for industrial deployment. Digital twins [67]
provide a virtual replica of the cell for offline programming,
synthetic data generation, and validation of perception changes
before rollout. Edge computing with embedded GPUs allows
deep models to run beside the robot with deterministic la-
tency, while integration with manufacturing execution systems
(MES) lets perception outputs, such as inspection results, feed
traceability and process control, closing the loop envisioned by
Industry 4.0 [2].

VII. OPEN CHALLENGES AND FUTURE DIRECTIONS

Despite rapid progress, several challenges stand between
current research and reliable, fully autonomous industrial cells.

1) Difficult materials: Transparent, reflective, and dark ob-
jects corrupt the depth measurements of common 3D sensors.
ClearGrasp [72] showed that learned depth completion can
recover usable geometry for transparent objects, but metallic
and shiny parts, which are ubiquitous in manufacturing, remain
a persistent failure mode. Deformable objects such as cables,
textiles, and food require state representations far richer than
a 6D pose [73].

2) Data efficiency and changeover: High-mix production
demands that a new part be handled within hours rather
than weeks. Model-free pose estimation [43], open-vocabulary
models [11], [12], and CAD-driven synthetic data [66] are
promising, but few studies measure end-to-end changeover
time as a metric.

3) Reliability and uncertainty: Industrial cells target avail-
ability well above that demonstrated in research. Perception
systems should know when they are wrong. Bayesian and
ensemble-based uncertainty estimation [74] and the broader
agenda outlined by Sünderhauf et al. [20] remain underused in
industrial perception pipelines, where uncertainty could trigger
re-sensing, alternative grasps, or human assistance.

4) Certification and safety: Safety standards [59], [60] were
written for deterministic systems. Methods for verifying and
validating learned perception components, and for establishing
their safety integrity, are an open research and standardization
problem.

5) Benchmark gap: Benchmarks such as BOP [39],
GraspNet-1Billion [52], and MVTec AD [56] have driven
progress, but they rarely capture long-horizon operation, cycle-
time constraints, sensor drift, or recovery from failure. Bench-
marks that measure throughput, mean picks between failures,
and changeover effort would better reflect industrial needs
[54].



6) Foundation models at the edge: Vision–language–action
models [14], [15] offer generalization but require substantial
computation and do not yet reach the precision of specialized
pipelines. Hybrid architectures, in which foundation models
handle task understanding and novelty while specialized, ver-
ifiable modules handle precise localization and control, are a
likely near-term path.

7) Multimodal and active perception: Few deployed systems
exploit tactile sensing or actively choose viewpoints. Combin-
ing vision, force, and touch [30], [32] with active viewpoint
selection could resolve occlusions and ambiguities that static
sensing cannot.

VIII. CONCLUSION

Perception is the enabling technology for the transition from
programmed industrial robots to fully autonomous production
systems. This review traced the field from sensing hardware,
through core perception tasks of detection, pose estimation,
grasping, inspection, assembly, collaborative safety, and lo-
calization, to the learning paradigms and system-integration
practices that support them. The evidence shows a clear
trajectory: from hand-engineered, part-specific pipelines to-
ward data-driven, increasingly general models trained with
synthetic data, self-supervision, and internet-scale pretraining.
Complete automation, however, demands more than accuracy
on benchmarks. It demands reliability over months of oper-
ation, rapid adaptation to new products, robust handling of
difficult materials, calibrated awareness of uncertainty, and
verifiable safety. Addressing these requirements, through better
multimodal sensing, uncertainty-aware and certifiable learning,
industry-relevant benchmarks, and hybrid systems that com-
bine foundation models with precise specialized modules, is
the central research agenda for the coming years.
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