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Abstract
To address the requirements of vision-based
robotic manipulators for object detection
accuracy, real-time performance, and lightweight
deployment, this paper reviews lightweight
You Only Look Once (YOLO) object detection
techniques and their applications in robotic vision.
First, the main techniques, including structural
lightweighting, model compression, and edge
deployment, are summarized. Representative
algorithms for vision-based robotic manipulators
are then categorized into three groups: backbone
lightweighting, local structural optimization,
and model compression, with their detection
performance and lightweighting characteristics
analyzed. On this basis, the limitations of existing
methods are discussed in terms of the trade-off
between accuracy and efficiency, cross-scenario
generalization, coordination between visual
perception and grasp execution, and comprehensive
evaluation. Finally, future research directions are
outlined, including multi-strategy collaborative
optimization, cross-domain adaptation, and
system-level evaluation for robotic manipulators.
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1 Introduction
With the rapid development of intelligent robotics,
vision-based perception has become a key enabler
of robotic manipulation [1], and You Only Look
Once (YOLO) detectors have been widely used
in such perception tasks [2, 3]. YOLO integrates
object classification and bounding-box regression
into an end-to-end single-stage framework and
is characterized by a simple architecture and fast
inference [2]. In recent years, the YOLO series has
continuously evolved through network architecture
optimization [3–5], improvements in training
mechanisms [4], and end-to-end inference design [4],
achieving a better balance between detection accuracy
and inference efficiency. However, with the continuous
expansion of network depth, channel scale, and feature
fusion structures, the number of parameters and
computational cost of some high-performance models
has consequently increased. Vision-based robotic
manipulators need to identify and locate objects to be
grasped in real time, and their operating scenarios
often involve small objects, occlusion, stacking,
and pose variations. In such scenarios, excessive
lightweighting may lead to missed detections and
localization errors. This paper reviews the structural
lightweighting, model compression, and deployment
techniques of lightweight YOLO models, summarizes
their applications in robotic vision, and analyzes the
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Lightweight Strategy Key Techniques Representative
Methods

Key Advances

Backbone Lightweighting
Backbone replacement

Lightweight
feature extraction

YOLO-WasNet
HGCA-YOLO / ESP-YOLO

Reduced parameters
and computation
while maintaining
detection accuracy

Local Structural
Optimization

Backbone/neck/head
optimization

SP-RTSD
IDPC-YOLOv8
OBD-YOLO

Improved real-time
performance and
complex-scene
adaptability

Model Compression Pruning
Quantization

Channel /
Structured Pruning
INT8 Quantization

Reduced model size for
resource-constrained

deployment

Figure 1. Technical routes and research advances of lightweight YOLO for vision-based robotic manipulators.

applicability of different lightweighting approaches.

2 Major Techniques for Lightweight YOLO
2.1 Structural Lightweighting
Structural lightweighting mainly reduces redundant
computation by optimizing the backbone, feature
fusion network (neck), and detection head, thereby
reducing the complexity of YOLO models [6].
Lightweight networks such as MobileNetV2 [7],
ShuffleNet [8], and GhostNet [9] are commonly
used to replace the original backbone, while network
width adjustment and channel scaling can further
reduce model complexity to meet the throughput
requirements of edge hardware [10]. Lightweight
structures such as GSConv [11] can be applied to the
feature fusion network to reduce the computational
cost of multi-scale feature fusion, while lightweight
detection heads such as the ES-Head proposed in
PV-YOLO [12] can reduce the computation required
for classification and regression. Such methods can
reduce model complexity and facilitate deployment on
resource-constrained platforms; however, lightweight
structural design still requires a trade-off between
detection accuracy and computational cost [13].

2.2 Model Compression
Model compression can reduce the storage
and computational overhead of YOLO models
by removing redundant parameters, lowering
numerical representation precision, or transferring
knowledge [14]. Common approaches include
network pruning [15, 16], model quantization [17],
and knowledge distillation [18]. These compression
strategies have been applied in robotic manipulation
contexts, including augmented reality-assisted arm
control [19] and real-time grasp detection [20].
Specifically, pruning compresses the network
by removing redundant weights or structures,

quantization reduces storage and computational
requirements by lowering parameter bit-width, and
knowledge distillation uses a teacher model to guide
the training of a lightweight student model [14].
Model compression requires a trade-off between
complexity reduction and accuracy degradation; when
multiple compression strategies are jointly applied,
error accumulation and interactions among different
strategies should also be considered [21].

2.3 Edge Deployment
Edge deployment refers to deploying AI models on
end devices, embedded systems, or edge computing
platforms to perform local processing and real-time
inference close to the data source [22]. YOLO models
have been deployed on various resource-constrained
hardware platforms, including mobile terminals such
as Android smartphones [23], embedded devices
such as microcontrollers [24], and low-compute edge
AI systems-on-chip (SoCs) [25]. Edge deployment
can reduce data-processing latency and support local
real-time inference; however, practical deployment
performance is jointly affected by factors such as
hardware platforms, software frameworks, resource
constraints, model architectures, and optimization
strategies [26].

3 Typical Lightweight YOLO Object Detection
Algorithms for Vision-Based Robotic
Manipulators

Building on the structural lightweighting, model
compression, and edge deployment techniques
discussed in Section 2, we classify representative
lightweight YOLO algorithms for robotic manipulators
into three categories based on the primary source of
model complexity reduction: backbone lightweighting,
local structural optimization, and model compression.
When a method employs multiple strategies, it is
classified according to the strategy that contributes
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most to reducing model complexity. The main
technical routes, representative methods, and research
progress of the above three types of approaches are
shown in Figure 1.

3.1 YOLO Algorithms Based on Backbone
Lightweighting

Backbone lightweighting mainly reduces front-end
computational cost by replacing the original backbone
or reconstructing feature extraction modules.
Existing studies generally employ lightweight
convolutional structures to reduce the number
of parameters and floating-point operations
(FLOPs), while incorporating attention or feature
enhancement modules to mitigate the degradation in
representational capability. Wang et al. [27] proposed
YOLO-WasNet, which replaces the YOLOv5 backbone
with MobileNetV3-Small [28] and introduces the
SCBA module (a combination of spatial pyramid
pooling-fast and a convolutional block attention
module) and depthwise parallel triple-attention
convolution (DPT-Conv) to enhance feature extraction.
On their self-constructed waste classification dataset,
the model achieved a mean average precision at
an intersection-over-union (IoU) threshold of 0.5
(mAP50) of 96.8% with 4.89M parameters and
8.6GFLOPs. The model was subsequently integrated
into a robotic waste sorting system. In addition to
replacing the entire backbone, some studies have
further focused on lightweighting local feature
extraction structures. Zhang et al. [29] proposed
HGCA-YOLO, which reduces computational cost
through Ghost-based lightweight feature extraction
modules and introduces coordinate attention to
enhance object feature representation. Building on
this local restructuring approach, Chen et al. [30]
proposed ESP-YOLO, in which the Efficient Layer
Shuffle Aggregation Network (ELSAN) replaces
the C3 and CBS modules in the backbone to reduce
computational complexity while maintaining
detection accuracy. The model was further validated
on a UR5-based grape harvesting platform. Overall,
such methods integrate full backbone replacement
with local feature reconstruction and compensate for
the representational loss caused by lightweighting
through feature enhancement.

3.2 YOLO Algorithms Based on Local Structural
Optimization

Compared with backbone lightweighting, local
structural optimization focuses more on selectively
reducing redundant computation in the backbone,

neck, and head, while accounting for occlusion, small
targets, and pose variations in robotic manipulation
tasks. To address computational redundancy in the
feature extraction and prediction stages, Chen et
al. [31] proposed SP-RTSD, which employs C2f-Faster
and a parameter-sharing detection head to reduce
model computational overhead. On this basis,
some studies have further combined lightweighting
with pose perception requirements. Jiao et al. [32]
proposed IDPC-YOLOv8, which introduces rotated
bounding-box prediction based on efficient feature
extraction and detection-head pruning to meet the
orientation localization requirements of precision
grasping. For occluded and densely distributed
object scenarios, Cao et al. [33] proposed SRF-YOLO,
which enhances occluded-object perception through
C2PSA-SHSA and strengthens multi-scale feature
fusion using C3k2-RSCM. Dong et al. [34] proposed
OBD-YOLO, which collaboratively optimizes the
backbone and neck, reducing FLOPs from 22.5G to
19.3G while achieving a mAP50 of 84.0%. Overall,
such methods reduce computational overhead
through module reconstruction, detection-head
optimization, and feature enhancement while
improving adaptability to robotic manipulation
scenarios.

3.3 YOLO Algorithms Based on Model
Compression

Model compression mainly reduces redundant
parameters or lowers numerical representation
precision on the basis of existing YOLO networks,
making the compressed models more suitable for
rapid deployment in resource-constrained robotic
vision applications. Among these methods, pruning
is a commonly used compression approach. Chiu et
al. [35] reduced the parameter count of YOLOv5s from
7.02M to 2.83M through sparse training and channel
pruning. Compared with channel pruning based
on batch normalization (BN) scaling factors [15],
Han et al. [36] adopted structured pruning based
on the dependency graph (DepGraph) [16] to
compress YOLOv8, reducing detection overhead
while maintaining the overall network structure.
In addition to pruning, quantization reduces
model storage and computational requirements
at the numerical representation level. Almaliki
et al. [24] adopted INT8 quantization to reduce
the YOLOv7-tiny model size by approximately
75%, thereby enabling the integration of object
detection and six-degree-of-freedom (6-DoF) robotic
manipulator control on a single microcontroller.
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Table 1. Comparison of representative lightweight YOLO algorithms for vision-based robotic manipulators.

Category Representative
Algorithm

Main Lightweighting
Method

Detection
Metric

Lightweighting
Metric

Backbone
lightweighting

YOLO-WasNet [27] MobileNetV3-Small
backbone replacement

mAP50
96.8%

4.89M; 8.6GFLOPs

HGCA-YOLO [29] Ghost-based feature
extraction

mAP50
95.2%

Params ↓46.2%;
GFLOPs ↓48.4%

Local
structural
optimization

SP-RTSD [31] C2f-Faster; shared detection
head

mAP50
91.7%

Model size ↓40.3%

IDPC-YOLOv8 [32] Dual-backbone feature
extraction; head pruning

mAP50
97.8%

5.84MB; 126.59 FPS

OBD-YOLO [34] MDC backbone;
FasterBlock-based neck

mAP50
84.0%

19.3GFLOPs

Model
compression

Chiu et al. [35]
(YOLOv5s)

Channel pruning AP 99.4% Params: 7.02M→
2.83M

Almaliki et al. [24]
(YOLOv7-tiny)

INT8 quantization mAP50
88.2%

Model size ↓≈75%

Note: ↓ denotes a relative reduction with respect to the respective baseline model; AP, average precision; MDC, modulated deformable

convolution; FPS, frames per second.

Current Challenges Future Directions Evaluation Focus

Accuracy–Efficiency Trade-off Multi-Strategy
Collaborative Optimization Detection Accuracy / System Latency

Limited Cross-Scenario Generalization Cross-Domain Adaptation Cross-Scenario Generalization

Insufficient Perception–Execution
Coordination

Perception–Control
Collaborative Design Grasping Performance

Incomplete Evaluation Dimensions System-Level
Comprehensive Evaluation Energy / Resource Utilization

Figure 2. Main challenges, future directions, and evaluation focuses of lightweight YOLO for vision-based robotic
manipulators.

Compared with network reconstruction, model
compression generally does not require redesigning
the entire network; however, the compression intensity
still needs to be determined according to detection
accuracy, hardware support, and actual inference
efficiency.

3.4 Comparison and Analysis of Representative
Algorithms

From the perspective of lightweighting mechanisms,
the three categories have different focuses. Backbone
lightweighting targets front-end computation, and its
key challenge is to balance model complexity against
feature representation capability. Local structural
optimization offers stronger task adaptability because
it can further account for robotic vision requirements
such as occlusion, small objects, and orientation

variations. Model compression is applied on the basis
of existing networks and therefore mainly reduces
storage and inference overhead, which facilitates
deployment on resource-constrained platforms.
Overall, practical applications require comprehensive
trade-offs among detection accuracy, computational
complexity, inference latency, object localization
capability, and robotic execution performance. The
main characteristics of representative algorithms are
summarized in Table 1. Because different studies use
different datasets, detection objects, and experimental
platforms, and report detection metrics (mAP50 or
AP) and lightweighting metrics on inconsistent bases,
the performance figures in the table are intended to
reflect the lightweighting characteristics of individual
algorithms rather than to support direct cross-study
comparison.
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4 Existing Problems and Future Trends
Currently, lightweight YOLOmethods for vision-based
robotic manipulators still face trade-offs among
accuracy, efficiency, and deployment performance.
Excessive lightweighting may lead to decreased
detection accuracy and weakened feature extraction
capability [37], while cross-scenario generalization in
practical grasping tasks still needs to be improved [38].
In addition, coordination among visual perception,
grasp localization, and execution control still
requires further enhancement [39]. Existing
related studies continue to focus largely on model
computational complexity and inference performance,
whereas comprehensive evaluation of power
consumption, hardware resource utilization,
and system-level energy efficiency remains
insufficient [40]. Future research should coordinate
model lightweighting, cross-domain adaptation,
and perception–control collaborative design, while
establishing a comprehensive evaluation system for
practical robotic platforms that considers detection
accuracy, system latency, energy consumption, and
grasping performance. The main challenges, future
directions, and evaluation focuses of lightweight
YOLO for vision-based robotic manipulators are
summarized in Figure 2.

5 Conclusion
This paper reviews efficient YOLO object detection
techniques, including lightweight network
architectures, model compression, and edge
deployment, and further summarizes representative
lightweight YOLO algorithms for vision-based
robotic manipulators. Existing studies have made
certain progress in reducing model complexity,
maintaining detection accuracy, and adapting to
resource-constrained platforms. However, there
remains room for improvement in cross-scenario
generalization, coordination between visual
perception and grasping execution, and evaluation
of practical deployment performance. For practical
robotic manipulator applications, lightweight YOLO
still needs to balance detection accuracy, inference
efficiency, and overall system responsiveness.
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