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Abstract

Real-time detection of small obstacles is a critical
challenge for autonomous systems such as
self-driving vehicles, unmanned aerial vehicles
(UAVs), and mobile robots. These small obstacles
(e.g., road debris, fallen branches, cables) pose
significant safety risks due to their low visibility
and irregular appearances. This paper presents a
comprehensive systematic review of 117 technical
articles published between 2016 and 2025, focusing
on the techniques and deployment strategies for
real-time small obstacle detection using fused
multidimensional information. We summarize and
analyze developments in small obstacle definitions,
sensing hardware, detection algorithms, fusion
methods, and real-time optimization techniques.
Our findings reveal a growing trend toward
integrating multiscale learning, multimodal
fusion, and lightweight models for deployment
in resource-constrained environments. However,
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challenges such as performance consistency across
platforms, lack of standard definitions, and
insufficient deployment practices persist. This
review identifies future research opportunities
and provides recommendations to guide further
advances in robust, scalable, and deployable small
obstacle detection systems.
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multidimensional information, fusion,
lightweight models.
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1 Introduction

Small obstacle detection is a major challenge for
autonomous vehicles, robots and unmanned aerial
vehicles (UAVs). Despite advances in sensing systems,
obstacles smaller than 20 centimeters in size (e.g., road
debris, fallen tree branches, or construction debris)
remain a significant threat. The NHTSA report, “Safety
Challenges for Automated Driving Systems,” states
that between 2022 and 2023, approximately 84 percent
to 89 percent of automated driving system (ADS)
out-of-control events are caused by active human
driver interventions. These interventions are often

Citation
Zhang, Y., Qian, Z., & Cai, J. (2025). A Systematic Review on
Real-time Detection of Small Obstacles Based on Multidimensional
Information Fusion. Chinese Journal of Information Fusion, 2(4),
313-339.

© 2025 by the Authors. Published by Institute of
Central Computation and Knowledge. This is an open
access article under the CC BY license (https://creati
vecommons.org/licenses/by/4.0/).

313


http://dx.doi.org/10.62762/CJIF.2025.500710
http://crossmark.crossref.org/dialog/?doi=10.62762/CJIF.2025.500710&domain=pdf
https://orcid.org/0000-0003-4290-9098
https://orcid.org/0009-0000-3743-1363
https://orcid.org/0009-0009-8496-3851
https://orcid.org/0000-0001-5603-796X
http://dx.doi.org/10.62762/CJIF.2025.500710
mailto:junyancai2023@163.com
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Chinese Journal of Information Fusion

ICJK

driven by safety concerns, especially if the system is
unable to reliably detect potential obstacles [1]. In
addition, a study revealed that two-thirds of manned
aircraft pilots failed to spot nearby drones, especially
stationary ones, indicating the difficulty in detecting
small, static obstacles [2]. These accidents highlight
the urgent need for a robust real-time detection system
that can address the unique challenges posed by
small obstacles: low visibility (e.g., low light or
occlusion), dynamic behavior (e.g., moving animals or
wind-blown debris), and environmental disturbances
(e.g., rain, fog, or uneven terrain).

Traditional single-modal approaches (e.g., camera
or LIDAR) have inherent limitations in real-time
small-scale obstacle detection [3]. Intramodal
enhancement techniques such as multiscale feature
extraction (e.g., hierarchical convolution) and
attentional mechanisms (e.g., spatial channel
weighting) can improve local detail capture and
contextual awareness [4]. Multimodal fusion (e.g.,
vision-LIDAR-radar) compensates for sensor-specific
blind spots, while multi-view systems (e.g., stereo
cameras or UAV swarms) enhance spatial perception
through cross-view analysis [5, 6]. Despite these
advances, integrating multiscale learning, multimodal
synergy, and multiview coordination under real-time
constraints remains challenging due to computational
complexity and hardware resource limitations [7].

Based on various research results, a systematic review
is necessary to conclude the current phase of research.
Existing reviews on real-time detection of small or
tiny obstacles report the current status, but the
summarization of some key points is still insufficient:
1) There is no accurate definition, classification, and
summary of small or tiny obstacles. 2) There is
no complete update of small or tiny obstacle target
detection algorithms and improvement methods. 3)
There is no summary of the current state of the art of
accelerating the small or tiny obstacle detection model,
and deploying the system in real-time. 4) There is no
multimodal and multidimensional feature related to
the summarization.

This paper presents a systematic review of real-time
detection of small obstacles based on multidimensional
information in response to current limitations,
with the following objectives: 1) to review the
evolution of small obstacle detection systems, with
a focus on algorithmic advances and deployment
challenges; 2) to assess trends in multidimensional
approaches, including intra-modal multi-scale
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learning, cross-modal fusion, and multi-view
coordination; 3) to identify key gaps in the existing
literature, such as fragmented sensor co-analysis and
inadequate real-time optimization frameworks; and 4)
summarize effective methods for real-time detection
of small obstacles. Therefore, the main contributions
of this paper are 1) proposing the definition of small
or tiny obstacles and refining the classification of
obstacles; 2) summarizing the latest algorithms for
real-time detection of small obstacles and the ideas
for improvement; 3) comprehensively sorting out the
system implementation of real-time detection of small
or tiny obstacles; 4) analysing and summarizing the
multi-dimensional information processing methods
of small obstacles; and 5) summarizing the methods
for improving real-time detection of small or tiny
obstacles and the methods for deploying them.

The structure of this paper is organized as follows:
Section 2 reviews existing survey literature on small
or tiny obstacle detection and outlines the core
research questions of this study. Section 3 details the
methodology of this systematic review, including
the literature search strategy and screening process.
Section 4 addresses six research questions through a
structured analysis, covering application scenarios,
definitions and classifications of small or tiny obstacles,
sensing and hardware systems, detection algorithms
and enhancement strategies, multidimensional
information processing, and real-time deployment
and model optimization. Section 5 summarizes the
main findings and challenges in the current research.
Section 6 discusses the limitations of this review and
future research directions. Finally, Section 7 concludes
the paper.

2 Literature Review

2.1 Definition of small or tiny obstacles and related
research

At present, for the way of defining small or tiny
obstacles, the relevant definitions of small targets
can be referred to, which can be roughly divided
into two categories: one category is the absolute size
definition, for example, in the MS-COCO dataset, the
target smaller than 32x32 pixels is categorized as a
small object; whereas in the USC-GRAD-STDB dataset,
the target with a size smaller than 16x16 pixels is
regarded as a small object [8]. Another category is the
relative size definition, according to the standard of
the International Society of Photo-Electrical Engineers
(SPIE), a small target is defined as a target area smaller
than 9x9 pixels in a 256x256 pixel image; i.e., if the size
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Table 1. Overview of the related reviews.

Author Year Review Definition Hardware Datasets DeeP Obst.ac!e Multimodal applicaftion Deploym.ent
years and Sensors Learning Description Domains Analysis
Tong et al. [11] 2022 2019-2021 v v v
Liu et al. [12] 2021  2016-2020 v v
Muzammul et al. [13] 2021 2014-2021 v v v
Lu etal. [14] 2023 2010-2022 v v v v
Yadikar et al. [15] 2023 2018-2022 v v
Badrloo et al. [16] 2022 2002-2022 v v v
Iqra et al. [17] 2024 2004-2024 v v v v v
Risti¢-Durrant et al. [18] 2021  2003-2020 v v v v v v
Wei et al. [19] 2022 2001-2021 v v v v v
Mirzaei et al. [20] 2023 1991-2023 v v v v
Ours 2025 2016-2025 v v v v v v v v

of an object is less than 0.12% of the original image area,
it is considered as a small target. In addition, Krishnal
et al. [9] stated that when an object occupies less than
1% of the image area, it can also be considered as a
small target.

However, the above definitions are still insufficient
when dealing with the widespread presence of small
obstacles in real scenes. For example, power lines,
large protective nets, or tree branches with large
pixel sizes but very low reflectance at the perceptual
level are often not accurately recognized in an image;
conversely, certain targets that appear at long distances
but do not actually affect path planning (e.g., a vehicle
a few hundred meters away) may be misidentified
as obstacles. This type of misidentification not
only affects the labeling of obstacle categories in the
construction of the dataset, but may also mislead the
obstacle avoidance and path planning system, which
in turn affects the overall detection performance.

Therefore, a more reasonable definition should focus
on targets that pose a potential stability threat to
unmanned systems (e.g., self-driving vehicles, drones,
or robots) within their effective sensing range. For
example, one study used “detecting targets less than
5cm in height with a low error rate within 20 meters”
as a criterion for determining small obstacles [10].

2.2 Related reviews

After performing a database search using the terms
“small obstacle detection”, “small target detection” and
“small or tiny obstacle recognition”, we selected 10
review papers on small obstacle detection systems in
the past 5 years. Table 1 summarizes the research
topics, research focus, and analysis of the selected

reviews.

In terms of the application scenarios and domain
challenges of small obstacles, existing research mainly
focuses on the generic problem of small target
detection. Liu et al. [12] systematically summarize

the main challenges and strategies of small target
detection, and analyze them in depth with the research
in multiple fields, such as generic target detection, face
detection, remote sensing image analysis, and instance
segmentation, etc. Muzammul et al. [13] focus on
the cross-domain adaptation problem, and verify the
effectiveness of multiple domain adaptation methods
on typical datasets such as Cityscapes and KITTIL
Irga et al. [17] comprehensively analyze the existing
datasets covered in the previous review articles,
and explore the diversified application scenarios of
small-target detection in different industries, and Wei
et al. [19] clearly define or tiny the task requirements
of 2D and 3D target detection for the autonomous
driving environment. They clearly define or tiny
the task requirements of 2D and 3D target detection
in autonomous driving environments. Although
small object detection has been comprehensively
summarized and researched in the above mentioned
tields, there is a lack of systematic review and research
on the detection of small obstacles specifically used in
obstacle avoidance scenarios. This gap also highlights
the urgent need and research value of this direction in
practical applications.

In terms of definition and classification of tiny
obstacles, Tong et al. [11] explored the quantification
criteria of small/tiny targets in different scenarios
based on 30 datasets, such as targets smaller than
32x32 pixels defined in COCO. Lu et al. [14] focused on
MAV non-cooperative obstacle avoidance technology,
and categorized obstacle representations into the
categories of features, distance fields, point clouds,
maps and events. Badrloo et al. [16] proposed a
spatial definition of narrow obstacles (width <15cm)
and emphasized that the algorithm should be able
to recognize multiple types of obstacles, including
moving and omnidirectional obstacles, but the current
dynamic characterization is still insufficient. Existing
studies mostly use relative or absolute scales to define

315



Chinese Journal of Information Fusion

ICJK

or tiny small or tiny obstacles, but there are limitations.
For example, distant targets need not be detected even
though they are small, while large targets with low
reflectivity such as protective nets and glass should
instead be included in the detection range. In addition,
there is no clear delineation of obstacle categories and
a unified definitional framework is lacking.

In terms of sensors and hardware technologies, Lu
et al. [14] systematically compared MAV obstacle
avoidance sensors, pointing out that event cameras
have faster response (10us) than traditional RGB
(30fps); LiDAR has high accuracy but is susceptible
to weather, and ultrasound is low-cost but has
limited range (<5m). Risti¢-Durrant et al. [18] point
out that obstacle detection sensors in railways are
similar to those in cars, covering both active and
passive sensors, while Wei et al. [19] analyze 2D/3D
detection tasks in autonomous driving, emphasizing
the complementary nature of radar’s immunity to
interference and vision’s high resolution. Although
studies have summarized commonly used sensor
types, the hardware of detection systems also includes
specific deployment environments and platforms.
There is still a lack of systematic analysis of the
hardware differences between autonomous driving
and UAV system.

In terms of algorithm improvement and technology
optimization, Tong et al. [11] systematically reviewed
seven aspects of small target detection methods,
including super-resolution, context information,
multi-scale learning, anchor frame mechanism,
training strategy, data enhancement, and loss function,
etc. Liu et al. [12] evaluated the performances of
YOLOV3, Faster R-CNN, and SSD on several small
target datasets, and pointed out that the overall
detection accuracy was low, with Faster R-CNN
being the best, but did not mention its lack of
real-time performance. Liu et al. [12] evaluated the
performance of YOLOvV3, Faster R-CNN and SSD on
several small target datasets, and pointed out that the
overall detection accuracy is low, among which Faster
R-CNN is the best, but did not mention its real-time
insufficiency. Muzammul et al. [13] reviewed the
latest methods of deep domain adaptation and small
target detection, and proposed the strategies of
multi-scale fusion, data augmentation, and GAN
assisting, but did not deal with the integration and
optimization of the multidimensional information
processing methods, such as multimodal.

In terms of multidimensional information processing
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strategies, there is a lack of systematic summarization
of multimodal fusion, multiscale feature fusion,
multisensor fusion and multiview fusion. Except for
Wei et al. [19] who pointed out the complementary
nature of radar and vision in autonomous driving
(e.g., radar is strong against interference, and camera
provides high-resolution images), the related research
generally analyzes superficially and lacks in-depth
discussion and practical comparison.

In terms of real-time optimization and deployment
challenges, Tong et al. [11] only briefly mention
lightweight models such as YOLOv3-tiny and do
not systematically analyze model compression
techniques. Yadikar et al. [15] provide an overview
of knowledge distillation methods in target detection
from the perspective of isomorphic and heteromorphic
distillation, which covers the roles of three types of
knowledge: features, responses, and relationships,
and points out that background features are beneficial
for detection, and that the main focus is on combining
features and responses for distillation. distillation by
combining features and responses. However, they
did not explore the specific application of lightweight
models (e.g., MobileNet, SqueezeDet) and strategies
such as pruning and quantization in small target
detection, and other reviews have similar gaps.

2.3 Research question

Based on the review in Section 2.2, to address the
research shortcomings of the above review papers,
the following research questions are proposed, and
the discussion encompasses small or tiny obstacle
application scenarios and challenges, small or tiny
obstacle definitions and classifications, detection
hardware systems, algorithms and improvement
methods, multi-signal processing strategies, model
acceleration and deployment, as shown in Table 2.

3 Search Strategy

A search across four online databases identified 476
records. After removing duplicates, 455 studies
remained for title and abstract screening. Following
full-text review, 117 articles met the inclusion criteria,
as shown in Figure 1.

3.1 Search strings and source searched

Between 2016 and 2025, electronic database searches
were conducted on ScienceDirect, Scopus, and IEEE
Xplore. These databases were selected because
they offer extensive, multidisciplinary coverage of
high-quality, peer-reviewed literature in engineering,
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1. Not research articles
2. Not English articles

3. Full-text not available

Reports excluded:
(n=73)

1. No technical implementation
2. Lack devices or methods
3. Not related to multidimensional

information processing methods

Figure 1. PRISMA flowchart.

computer science,
Additionally, we manually searched the reference lists
of the linked articles and databases using the terms
listed in Table 3. It summarizes the number of retrieved
papers from different databases using predefined
search strings. ScienceDirect contributed the largest
portion (298 papers), while IEEE Xplore and Scopus
contributed 102 and 75 papers, respectively.

and transportation research.

3.2 Inclusion and exclusion criteria

To systematically evaluate the selected articles,
inclusion and exclusion criteria were established, as
shown in Table 4. Only studies meeting all inclusion
criteria and none of the following exclusion criteria
were retained. An article was excluded if it met at least
one exclusion condition.
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Table 2. Research questions and motivations.

Research question

Motivation

RQ1: What are the core real-time detection tasks and
application demands for small obstacle detection in
autonomous driving and UAV scenarios?

RQ2: How are small or tiny obstacles defined and
categorized?

RQ3: What sensors and hardware are typically required
for real-time detection of small or tiny obstacles?

RQ4: What algorithms and improvement ideas are
currently used to detect small or tiny obstacles?

RQ5: How to extract and fuse multidimensional
information about small or tiny obstacles?

RQ6: How to accelerate real-time detection of small or
tiny obstacles?

To identify the core tasks and challenges of real-time
tiny obstacle detection in autonomous driving and UAV
scenarios.

To clarify the definition and categorization of small or
tiny obstacles to facilitate the construction of rigorous
datasets.

To explore hardware systems for small or tiny obstacle
detection.

To analyse and summarize the latest algorithms to
advance small or tiny obstacle detection.

To summarize the multidimensional information fusion
methods for small or tiny obstacles.

To summarize the deployment methodology for small
or tiny obstacle detection.

Table 3. Search strings and results.

Database Results

Keyword search and other applied filters

ScienceDirect 298

(“Small objects detection” OR “Small obstacles avoidance”) AND (“Multi-” OR “Fusion”

OR “Multimodal” OR “Multi-scale”) AND ("Autonomous Driving" OR "UAV") AND
(“Real-time” OR “lightweight”) AND affective Year: 2016-2025. Article type: Research

articles
Scopus 75

(“Small objects detection” OR “Small obstacles avoidance”) AND (“Multi-” OR “Fusion”

OR “Multimodal” OR “Multi-scale”) AND ("Autonomous Driving" OR "UAV") AND
(“Real-time” OR “lightweight”) AND affective Year: 2016-2025. Article type: Research

articles

IEEE Xplore 102

(“Small objects detection” OR “Small obstacles avoidance”) AND (“Multi-” OR “Fusion”

OR “Multimodal” OR “Multi-scale”) AND ("Autonomous Driving" OR "UAV") AND
(“Real-time” OR “lightweight”) AND affective Year: 2016-2025. Article type: Research

articles

Table 4. Inclusion and exclusion criteria.

Inclusion criteria

Exclusion criteria

IC1: The publication year is
within 10 years.

IC2: Articles are written in
English.

IC3: Articles are related to
small obstacle detection.

IC4: Articles use data or
feature fusion approaches.

IC5: Articles are related to

EC1: It's a duplicate paper.

EC2:Itis areview article, book
chapter, patents, or conference
paper.

EC3: The full-text article is not
available.

EC4: This article only focuses
on normal size obstacle
detection.

EC5: This article only focuses

the real-time application on normal size obstacle
scenarios detection.
4 Results

This section presents the results of the systematic
review with reference to the research questions. These
results are summarized by the following article, which
focuses on the last 10 years. As shown in Figure 2, it
can be seen that small target detection is a research
hotspot in the past two years.
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number of study

2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

Figure 2. Research trends in small obstacle real-time
detection.

To facilitate a quick understanding of the review,
Figure 3 presents a classification framework for
real-time small obstacle detection based on existing
references. The framework integrates the main
aspects covered in this study—application demands,
obstacle definitions and categories, sensor modalities,
edge computing platforms, detection algorithms, and
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Multimodal Fusion Quantization

Super-resolution Distillation

Figure 3. Taxonomy of real-time detection of small obstacles.

real-time considerations—while establishing links to
the statistical results presented in later sections.

4.1 RQ1: What are the core real-time detection tasks
and application demands for small obstacle
detection in autonomous driving and UAV
scenarios?

While most existing reviews provide a broad overview
of small object detection across diverse domains—such
as low-altitude surveillance, urban monitoring, fire
inspection, and search and rescue—they often lack
a focused summary of real-time detection tasks
and specific application requirements related to tiny
obstacle detection in autonomous driving and UAV
environments. This gap highlights the need for a
more targeted analysis of the operational challenges,
performance constraints, and real-time processing
needs unique to these critical scenarios.

Inside the selected reviews there are 80 articles
focusing on autonomous driving application scenarios
and 37 articles focusing on UAV scenarios, as shown
in Figure 4.

In the field of autonomous driving, real-time tiny
obstacle detection mainly serves the two core tasks
of driving safety and path planning. Studies have
shown that multi-sensor fusion methods based on
stereo vision and millimeter-wave radar are capable of
detecting tiny targets such as ground debris and tire
chips up to 5-10 cm within a range of 20 m, and meet
the demand for low latency at high speeds with a frame
rate of >20 Hz [21, 22]. In addition, modern deep
learning networks (e.g., NVRadarNet) utilize sparse
radar signals for real-time segmentation of dynamic

® UAV ® Autonomous driving

Figure 4. Integer of two application scenarios.

obstacles and drivable areas under BEV viewpoints,
which not only improves the detection accuracy of
small targets, but also achieves beyond-real-time
inference speed on embedded GPUs [21]. In
low-speed or congested scenarios (parking lots, slow
urban roads), lightweight RGB-D fused semantic
segmentation networks (e.g., RFNet) can accurately
identify low obstacles such as curbs, ground locks, and
speed bumps, and assist the automatic parking and
valet parking systems to complete fine positioning and
obstacle avoidance [23].

In UAV scenarios, the core objective of small
obstacle detection is to ensure vehicle navigation
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and obstacle avoidance, and reduce the risk of
collision. Ultrasonic and small LiDAR sensors are
commonly used to reduce on-board load and power
consumption, while monocular/binocular vision and
depth estimation algorithms are used to achieve
10-20 Hz detection and tracking of small targets in
the range of 5-30 m [24, 25]. For example, the
real-time obstacle avoidance method based on image
processing can recognize small obstacles such as
thin lines and cables in indoor and outdoor complex
environments in a timely manner, and adjust the flight
trajectory through the “Sense-and-Avoid” system,
which significantly reduces the number of “blow-ups”.
The “Sense-and-Avoid” system adjusts the flight
trajectory, which significantly reduces the occurrence
rate of “blow-up” accidents [25]. Meanwhile, the
lightweight target detection algorithm (e.g., the
improved model based on YOLOv3) can achieve high
recall and low false alarms for small static and dynamic
obstacles in front of the flight path under the premise
of >30 fps, which effectively improves the autonomous
navigation capability of UAVs in GPS-restricted or
dynamic environments [26]

4.2 RQ2: How are small or tiny obstacles defined
and categorized?

The current review does not have a clear definition of
small obstacles, this paper fills this gap and gives the
following relevant definitions with reference to small
target detection and gives common classifications.

4.2.1 Definition of small or tiny obstacles

In our review of 117 papers, we counted the datasets
used in each study (see Figure 5): 22 self-built datasets,
52 VisDrone datasets, 17 UAVDT datasets, 5 DOTA
datasets, 9 MS-COCO datasets, 9 Cityscapes datasets,
14 KITTI datasets, and 3 Lost and Found datasets.

These datasets have their own definitions of “small
objects” (summarized in Table 5), and common criteria
include: (i) pixel size less than 32 x 32 px (e.g.,
MS-COCO, DOTA, etc.); and (ii) the target area
accounts for less than 1% of the total area of the
image (e.g., VisDrone, UAVDT) [11]. In view of
the high similarity between small or tiny obstacles
and small targets in terms of size, texture, reflectivity,
etc., this paper refers to the above definitions while
noting that the current definition of small targets is
still insufficient to cope with the wide range of small
or tiny obstacles that are widely present in real scenes.
For example, power lines, large protective nets, or
tree branches that are large in pixel size but have
very low reflectance at the perceptual level are often
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Autonomous Driving-related

Figure 5. Datasets related to small or tiny obstacles.

not accurately recognized in an image; conversely,
certain targets that appear at a long distance but do
not actually affect path planning (e.g., a vehicle a
few hundred meters away) may be misidentified as
obstacles. This kind of misclassification not only affects
the labeling of obstacle categories in the construction
of the dataset, but also may mislead the obstacle
avoidance and path planning system, which in turn
affects the overall detection performance. Therefore, a
further definition of “small obstacles” is proposed:

e Size threshold: at 1920 x 1080 resolution, the
surround box area is less than 2000 pixels (about
0.1%) and less than 50 pixels on either side of the
length/width [27, 28];

o Low-reflective features: even if the pixel area
exceeds the thresholds, objects like electric wires,
large fences, and branches may still be considered
small obstacles. Due to their material properties
or angles, these objects often have low contrast
or weak signals in grayscale or thermal images,
making them difficult to detect and distinguish
from the background using conventional models;

e Effective interaction distance: only targets that
may be within the autopilot (5-20 m) or UAV
obstacle avoidance buffer zone (2-10 m) are
considered as obstacles to avoid false alarms for
long-distance, no-real-impact targets [10].

4.2.2 Classification of Small or Tiny Obstacles

Based on the above definitions, we classify the small
or tiny obstacles in different states into the following
categories, as illustrated in Figure 6. Figure 6 provides
visual examples of representative obstacles, helping
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Table 5. An overview of some datasets about small or tiny
objects.

Dataset Definition of Small/Tiny Objects
MS-COCO  The target occupies less than 322 pixels
[27] area in the image (area <1024 pixels).
VisDrone  Target height in image < 20 pixels.

(28]

UAVDT Target height in image < 25 pixels.

[29]

DOTA [30] Target actual pixel area < 10? (area < 100
pixels).

KITTI[31] No specific definition of “small objects”;
the assessment is divided by difficulty
(easy/moderate/hard), with the hard
category usually containing smaller and
partially obscured objects.

Cityscapes The dataset does not categorize objects by

[32] size; it focuses on semantic segmentation
without explicit small/medium/large
object classification.

Lost And Small obstacles down to the height of

Found [10] 5cm can successfully be detected at 20m

distance at low false positive rates.

to clarify the classification scheme described in the
following subsections.

s Y

C I'é"‘“‘ Structural defect

Figure 6. Representative examples of small or tiny obstacles.
The nine categories include: (1) Dynamic obstacle —
pedestrian; (2) Static obstacle — lamp post; (3) Dynamic
obstacle — small drone; (4) Static obstacle — ground lock
(parking wedge); (5) Point obstacle — bolts; (6) Linear
obstacle — power line; (7) Biological threat — raptor (bird
of prey); (8) Surface obstacle — net; (9) Structural defect —
pothole.

Dynamic vs. Static Obstacles

e Dynamic obstacles. Refers to objects that have
motion in the environment, such as pedestrians,
animals, other vehicles, or drones. Due to its
constantly changing position and speed, the
detection system needs to track and predict its
movement trajectory in real time to ensure safe
avoidance.

e Static obstacles. Refers to objects that are stationary
or have a constant position for a short period of
time, such as curbs, ground locks, utility poles,
etc. Despite their fixed position, these obstacles
may still pose a challenge to the detection system
due to their small size and low reflectivity.

Geometric Forms

e Point obstacles. Smaller in size, usually objects with
a diameter or minimum side length of less than 10
centimeters, such as bolts, debris, etc. This type of
obstacle is small in size, but may cause damage to
the equipment, need to be detected and avoided.

e Linear obstacles. Slender objects whose length is
much greater than their width, such as wires and
cables. Due to its small cross-sectional area, and
may be suspended in the air, detection is more
difficult.

e Surface obstacles. Objects with a certain area but
thin thickness, such as protective nets, plastic
tilms, etc. Such obstacles may affect the normal
operation of the sensor and require special
attention.

Potential Hazard Source Category

e Biological threats. For animal obstacles, they
can be further classified as non-aggressive (e.g.,
small birds, domestic animals) and potentially
aggressive (e.g., wild boars, dog packs). The
former may briefly affect the sensor’s field of view,
leading to perception barriers; while the latter may
not only obscure the field of view, but also actively
attack equipment or personnel, posing a direct
threat and requiring special vigilance. Structural
defects in road surfaces.

o Ground defects. such as potholes and cracks
are static surface obstacles. These defects
may be further enlarged by vehicle loads
and environmental factors, and even lead to
roadway collapse, seriously affecting traffic safety.
Therefore, depending on the depth and width of
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the defects, their risk level to vehicle or drone
traffic needs to be assessed in a timely manner and
appropriate avoidance or repair measures taken.

4.3 RQ3: What sensors and hardware are typically
required for real-time detection of small or tiny
obstacles?

Very few reviews exist that comprehensively
summarize hardware systems used for small obstacles,
and this paper summarizes edge computing platforms
in addition to input sensors.

4.3.1 Input Sensors

Real-time detection of small or tiny obstacles presents
distinct technical challenges due to the low profile,
weak reflectivity, and potential for occlusion of such
objects. Sensor choice is critical to ensure accurate
perception under varying environmental conditions
and computational constraints. Based on their working
principles, the sensors used in the reviewed studies can
be broadly categorized into active and passive types,
as shown in Figure 7. Then, Figure 8 summarizes their
adoption frequency across the collected studies.

Input

Sensor

Active Passive
—  LiDAR — s
Camera
| mmWave || | Infrared
Radar Camera
| Ultrasonic || | Stereo
Sensor Camera

Figure 7. Input sensors for small or tiny obstacles detection.

Active Sensors

Active sensors emit energy signals (e.g., light, sound,
electromagnetic waves) and analyze their reflections
to reconstruct spatial and depth information. These
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Figure 8. Input sensors for small or tiny obstacles detection.

sensors are particularly advantageous in detecting
objects under variable lighting or environmental
conditions.

e LiDAR sensors provide high-resolution 3D point
clouds, making them particularly effective in
identifying small obstacles with subtle vertical
structures such as road debris, curbs, and dropped
cargo. Their performance is robust across varying
lighting conditions, but they are limited by high
cost, relatively slow frame rates, and difficulty
detecting low-reflectivity materials [19].

e Millimeter-Wave Radar sensors are valued for their
robustness in adverse weather (fog, rain), but
their relatively low spatial resolution limits their
standalone application for detecting fine-grained
or small static objects. In most reviewed studies,
radar plays a supporting role in multimodal
systems [19].

o Ultrasonic sensors offer simple and inexpensive
obstacle detection in low-speed scenarios.
However, they are highly limited in range and
angular resolution, and thus rarely serve as
primary sensors in dynamic or high-speed
environments.

Passive Sensors

Passive sensors rely on ambient environmental signals
(e.g., light, thermal radiation) and are widely used
due to their low power consumption and compatibility
with vision-based Al algorithms.

e RGB cameras is the most commonly used (68
studies, 60.2%) sensor type. RGB cameras provide
high-resolution visual data that is well-suited
to deep learning methods for object recognition.
However, monocular setups lack depth perception
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Table 6. List of commonly used GPU-based computing platform.

Specification Jetson Nano Jetson TX2 Jetson Xavier NX

Al Performance 0.5 TFLOPS 1.26-1.33 TFLOPS Up to 21 TOPS

GPU 128-core Maxwell 256-core Pascal 384-core Volta architecture
architecture architecture with 48 Tensor Cores

CPuU Quad-core ARM Dual-core Denver 2 6-core NVIDIA Carmel
Cortex-A57 + Quad-core ARM ARMVvS.2 64-bit

Cortex-A57

Memory 4GB LPDDR4, 25.6 GB/s 8GB LPDDR4, 59.7 GB/s 8GB LPDDR4x, 59.7 GB/s

Storage microSD slot 16GB eMMC 5.1 16GB eMMC 5.1

Video 4Kp30 encode/decode 4Kp60 encode/decode 8Kp30 decode, 4Kp60

Encode/Decode encode

Camera Support  1x MIPI CSI-2 interface

Up to 6 cameras, 12x MIPI
CSI-2 lanes

Up to 6 cameras, 14x MIPI
CSI-2 lanes

USB 3.1, HDMI 2.0, PCle
Gen3, GPIO, 12C, SPI
10-15W (configurable)

69.6mm x 45mm
High-performance edge
Al, complex multi-sensor

Interfaces USB 3.0, HDMI, GPIO, I12C, USB 3.0, HDMI, PCle Gen2,
SPI GPIO, I2C, SPI

Power 5-10W 7.5-15W

Consumption

Dimensions 69.6mm x 45mm 87mm x 50mm

Suitable Education, lightweight Industrial robots, drones,

Applications robotics, low-power vision embedded Al devices
applications

fusion systems

and can be unreliable in poor lighting or highly
reflective environments. These weaknesses are
often mitigated via multimodal sensor fusion or
data augmentation.

e Stereo cameras offer both visual texture and
depth estimation, making them useful for 3D
localization of small obstacles.  They are
more affordable than LiDAR and suitable for
embedded systems, although their performance
suffers in textureless or low-light regions. Song
et al. [34] utilized stereo vision to achieve
end-to-end real-time obstacle detection by jointly
learning semantic segmentation and parallax
maps through the RODSNet network.

o Infrared/Thermal cameras are particularly useful
for detecting living obstacles (e.g., animals,
pedestrians) in low-light or nighttime conditions.
However, their utility in detecting non-thermal
small objects such as debris is limited, and they
are often used in conjunction with other sensor
modalities [33].

4.3.2 Edge Computing Platforms

In a real-time detection system for small obstacles,
in addition to sensing hardware, edge computing
platforms determine whether detection systems can
perform real-time inference within the latency and

energy constraints of embedded deployment. In
the literature counted, there are several studies that
explicitly report on the use of NVIDIA’s Jetson family
of edge computing modules. Seven of these articles
deployed a small obstacle detection system to the
Jetson Nano edge computing device, 2 to the Jetson
TX2, and 9 to the Jetson Xavier NX, as shown in the
Figure 9. The performance of each edge computing
device is shown in Table 6.

e Jetson Nano is suitable for resource-constrained
application scenarios such as educational
programs, lightweight robotics, low-power vision
tasks, and simple detection tasks. Its low cost
and small size make it ideal for entry-level Al
projects, but may be limited in computational
power when working with complex deep learning
models. Rawlley et al. [35] utilized the nano
edge computing platform for traffic video stream
analysis and obstacle detection tasks, improving
accuracy by up to 20%, reducing training time to
less than 60%, and increasing real-time inference
speed by up to 30 FPS compared to the baseline
model under different autonomous driving
environments.

o Jetson TX2 delivers greater computational
performance than the Nano, as shown in
Table 6, and is suitable for industrial applications
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Figure 9. Edge computing platforms for small or tiny
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obstacles detection.

requiring moderate computational resources,
such as drones, industrial robots, and embedded
Al devices. Its higher memory bandwidth
and diverse interface support allow it to
excel in multi-sensor data processing. Wu et
al. [36] utilized the Jetson TX2 edge computing
platform for the insulator defect detection task in
UAV-assisted power inspection, with a mAP of
81.3% in detection accuracy, and a frame rate FPS
of 49.7 in real-time, realizing a low-latency and
high-precision detection effect.

Jetson Xavier NX delivers powerful AI computing
capabilities while maintaining a small footprint for
complex applications requiring high-performance
edge computing, such as autonomous driver
assistance systems, intelligent surveillance and
multi-sensor fusion robotic systems. Its Al
performance of up to 21 TOPS and rich interface
support make it the first choice for high-end
embedded Al projects. Other detailed parameters
can be found in Table 6. Min et al. [37] utilized
the Jetson Xavier NX platform for real-time UAV
target detection. The LWUAVDet-S model has a
mAP of 26.5% and an mAP@0.5 of 46.7% on the
VisDrone dataset, and the detection speed reaches
44 .8 FPS on this platform.

4.4 RQ4: What algorithms and improvement ideas
are currently used to detect small or tiny
obstacles?

Real-time detection algorithms for small obstacles
have not been updated as summarized in several
reviews, this paper summarizes the real-time detection
algorithms in the last 10 years and introduces them
into two categories: one-stage and two-stage, and
also summarizes the latest and effective improvement
strategies.

4.4.1 One-Stage Detection Framework

Among the 117 technical papers we researched, 100
of them adopted one-stage methods, accounting for
about 85%, as shown in Figure 10 and Table 7.
one-stage detectors have become the mainstream
choice for real-time detection of small obstacles due to
their end-to-end structure, which eliminates the need
for a separate candidate frame generation phase, and
possesses the advantages of compact modeling and fast
inference. This class of methods is especially suitable
for application scenarios with very high response time
requirements, such as autonomous driving and robot
navigation. The current one-stage models mainly
include the YOLO series and the DETR series.

B one-stage ¥ two-stage

Figure 10. Detection framework for small or tiny obstacles
detection.

YOLO (You Only Look Once) series, as the most
representative one-stage method shown in Figure 11,

has been widely used for small obstacle detection
since YOLOV3 [42, 44, 45, 50, 52]. YOLOv4 [48, 53,
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Figure 11. Algorithm models for small or tiny obstacles detection.
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Figure 12. Improvement ideas for small or tiny obstacles detection.

Table 7. Research paper statistics for small obstacle
detection algorithm framework.

Algorithm  Studies

Framework

One-stage [39],[40],[42], [44], [45], [47], [48],
[50], [52]-[57], [59]-[77], [79]-[89],
[91]-[117], [119]-[134], [136]-[143],
[145], [148], [150]

Two-stage  [38], [41], [43], [46], [49], [51], [38],
[78], [90], [118], [135], [144], [149]

54, 61] improves the accuracy while maintaining the
real-time performance through the introduction of
CSPDarkNet [42, 54], PANet, and Mish activation
function; YOLOVS [59, 62, 63, 66, 85] further optimizes
the network structure and introduces techniques
such as AutoAnchor mechanism and Mosaic data
enhancement. YOLOvV7 innovates in lightweight
design and detection head structure to improve the

adaptability of small target detection [68, 69, 72, 79].

And YOLOVS, as the latest generation, has been
deeply optimized in terms of backbone, Neck structure
and NMS strategy to make it more robust to tiny
obstacles in complex scenes [82-84, 92, 93]. In small
obstacle detection tasks, researchers usually combine
multi-scale detection heads, attentional modules (e.g.,
CBAM, SE), and context-aware modules to enhance
the YOLO series model’s ability to perceive tiny targets.
In addition, improving the loss function (e.g., CloU,
Focal Loss) has also become a key means to enhance
the detection accuracy of YOLO small targets.

DETR (Detection Transformer) series. The DETR model
introduces the Transformer structure into the target
detection task for the first time, which no longer
relies on the NMS with anchor frame mechanism, and
realizes the direct prediction of the target through
sequence modeling. Although the original DETR has
certain advantages in accuracy, its slow convergence
speed and insensitivity to small targets become the
main problems limiting its practical application [89,
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98, 143, 145].

4.4.2 Two-Stage Detection Framework

Compared with one-stage methods, two-stage
methods focus more on detection accuracy and
usually include a Region Proposal Network (RPN)
with a classification regression network. Among
the 117 papers we investigated, only 17 papers
adopted the two-stage structure, accounting for
about 15%. Although it is relatively weak in terms of
real-time performance, it still shows advantages in
certain high-precision detection tasks, especially in
small-sample scenarios and applications requiring
fine-grained feature recognition.

Faster R-CNN, as the earliest model to introduce an
end-to-end RPN mechanism, establishes benchmark
performance in a wide range of detection tasks. Its
regression and classification of candidate regions
through shared convolutional features enable
significant improvement in detection accuracy. In
small obstacle detection tasks, researchers usually
combine the feature pyramid (FPN) to enhance
feature extraction of high-resolution small targets,
while adjusting the anchor frame size and positive
and negative sample matching strategies of the RPN
to make it more adaptable to the size distribution of
tiny objects. In addition, its recognition ability for
small targets is also further optimized by introducing
post-processing methods such as IoU-balanced
Sampling strategy or Soft-NMS [49, 90]. To solve
the problem of regression error accumulation in
traditional two-stage detectors, Cascade R-CNN
adopts a multi-stage step-by-step optimization
strategy, which raises the IoU threshold at each stage
to optimize the quality of candidate frames layer by
layer. This mechanism has a natural advantage in
small-target detection, as it can refine the low-quality
candidate region multiple times to improve the
detection accuracy.

However, the two-stage approach is often not
applicable to mobile or real-time systems with very
high latency requirements due to its complex structure
and high computational overhead. This is the main
reason for its relatively low percentage in our research
sample.

4.4.3 Improvement Ideas for Small Obstacles Detection

In order to overcome the challenges of small-size
obstacles in the target detection task, such as small
target size, blurred texture, strong background
interference, and easy to be occluded, researchers
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have proposed various improvement strategies around
mainstream detection models. These improvements
mainly focus on feature extraction, information
aggregation, loss modeling, structural design, and
multi-source information utilization to improve the
detection accuracy and robustness of the models in
real-world scenarios. According to our statistics of 117
papers, the main improvement methods and frequency
of use are shown in Figure 12.

Multi-scale feature fusion. Small obstacles often occupy
only a very small pixel area in the image and are easily
lost in the high-level semantic features, so fusion of
features at different scales becomes one of the key
strategies to improve detection performance. The
most common approach is to introduce a feature
pyramid structure (FPN), which combines shallow
detail information with deep semantic information by
means of bottom-up feature aggregation to enhance
the perception of small targets [51, 94]. BiFPN
further introduces a weighted fusion mechanism
with bi-directional connectivity, which improves the
efficiency of the feature flow and retention of key
features [56, 59]. Nghiem et al. [137] improved the
Feature Pyramid Network (FPN) to enhance small
target detection by adding a P2 header and adjusting
the number of ELAN blocks in the PAFPN architecture
to extract small target features using a high-resolution
feature map.

Attention Mechanisms. To enhance the network’s
ability to attend to small obstacles, attention
mechanisms have been widely introduced into
detection frameworks. Channel attention mechanisms
such as Squeeze-and-Excitation (SE) [97] and
Efficient Channel Attention (ECA) [112] enhance key
information expression by enhancing the channel
feature responses associated with small targets; spatial
attention mechanisms such as CBAM (Convolutional
Block Attention Module) [59, 65, 112, 121] and PAM
(Position Attention Module) [52, 113] pay more
attention to the spatial saliency localization of small
targets, thus improving the localization accuracy. In
addition, there have been studies designing joint
attention modules that fuse channel and spatial
attention for finer local area modeling. These
mechanisms are often embedded into backbone or
Neck modules, which work in concert with multiscale
fusion strategies to significantly improve the
detectability and classification discriminative power of
small targets. Yao et al. [112] integrated four attention
mechanisms, namely, Convolutional Block Attention
Module (CBAM), Efficient Channel Attention (ECA),
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Stochastic Attention (SA), and Global Attention
Mechanism (GAM), into a YOLOvS8-based road
indicator detection model, which enabled the model to
achieve significant improvement in the S2TLD, BSTLD
datasets in terms of the mAP@0.5 and mAP@0.5:0.95
metrics are significantly improved. Yu et al. [113]
proposed a multi-path attention mechanism (MPAM)
to enhance small target detection, which consists of
multi-dimensional pooling and self-attentive feature
extraction module, which enables the model to reach
86.1% mAP@0.5 value on TT100K dataset, which is a
9.6% improvement compared to YOLOv8n.

Loss functions in standard target detection (e.g.,
intersection and concurrency ratio IoU, categorical
cross-entropy) suffer from positive and negative
sample imbalance and large regression bias when
dealing with small targets. Therefore, some studies
have proposed loss function improvement strategies
applicable to small obstacle detection [38, 39, 44,
45, 53]. Hu et al. [86] replaced the CIOU loss
function of YOLOv5s with Inner-SIOU loss function to
improve small target detection, and the mAP@0.5 of
the improved model was improved by 0.6% and 5.2%
on CCTSDB2021 and TT100K datasets, respectively,
and the detection speed was accelerated. Niu et
al. [138] used Task-Aligned Assigner to improve the
loss function by combining BCE Loss, DFL Loss
and CIOU Loss. Among them, BCE Loss measures
the classification difference, DFL Loss improves
the regression flexibility, and CIOU Loss considers
multiple geometric factors to stabilize the training,
so that the mAP@0.5 of VSTDet-1 on VisDrone2019
and AI-TODv2 datasets reaches 50.3% and 63.3%,
respectively, which effectively improves the detection
of small targets.

Contextual semantic enhancement. Due to the lack
of information about small obstacles themselves,
leveraging the contextual information around
them becomes an effective means of recognition.
Common practices include the introduction of Dilated
Convolution to expand the sensory field or the
integration of context-aware modules (e.g., ASPD,
Context Encoding Module) to model the semantic
associations between the target and the environment.
Some studies have also employed Graph Convolutional
Networks (GCNs) to construct structural relationships
between pixel nodes in the feature graph, thereby
enhancing the fusion of small targets with their
semantic regions [91, 92, 95, 109, 113]. Ahmad et
al. [123] proposed DSFF-Net, which enhances the
context-awareness of the network by introducing

the DynamicConv (DC) module and generates an
attention map using the Smooth Attention (SA)
module to highlight target features and suppress
background interference. The method achieves
76.6% and 87.8% mAP on DOTA v1.0 and HRSC2016
datasets respectively, which significantly outperforms
most of the compared models, and performs well in
the small target detection task.

Multimodal information fusion. Single visual modality
has limited ability to recognize small obstacles in
harsh environments such as low light, rain and fog,
so multimodal information fusion has become a hot
research topic in recent years. Common fusion
approaches include the alignment fusion of LiDAR
point cloud and RGB images, cross-attention modeling
of millimeter-wave radar and visual features, and joint
decoding of feature maps for infrared and visible
images [49, 57, 82, 99]. By introducing structural
complementary information or temperature-sensitive
features, the model maintains good perceptual stability
for small targets in complex scenarios such as
nighttime, rainy day, and occlusion. Yang et al. [111]
enhanced small target detection by fusing image
and LiDAR data. Image semantics compensate for
point cloud sparsity, while a cross-modal attention
mechanism focuses on small targets and adaptively
balances feature contributions. On the KITTI dataset,
their method improved mAP from 52.3% to 61.7%,
demonstrating a significant performance boost.

Image super-resolution. Since small obstacles have
sparse pixels in the original image, it is often
difficult for detectors to extract effective features. To
solve this problem, some studies have used image
super-resolution (Super-Resolution) techniques to
preprocess the input image so that the small obstacles
region can be enhanced in spatial resolution. Common
methods include reducing low-resolution images to
high-quality feature maps based on super-resolution
reconstruction networks such as ESRGAN and EDSR,
and performing target detection on this basis. This
strategy is especially suitable for small obstacles
detection tasks under working conditions such as
long-distance shooting and supervision of low-altitude
cities [120, 136, 144, 145]. Yang et al. [145] employed a
super-resolution approach based on the EDSR network
to enhance image resolution using residual learning,
Pixel Shuffle, and multi-scale training. They also
applied data augmentation techniques such as noise
injection and geometric transformations to enrich
training samples. This strategy improved small target
detection performance, achieving a 3.8% gain in both
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mAP@0.5 and mAP@0.5:0.95, while also enhancing the
model’s adaptability to complex environments.

Overall, multi-scale feature fusion and attention
mechanisms are undoubtedly the two most widely
used and effective classes of methods in small obstacle
detection at present, and they have been validated
in most mainstream detection architectures. Other
improvement strategies show unique advantages
in specific scenarios, constituting a diverse and
complementary research pattern.

4.5 RQ5: How to extract and fuse multidimensional
information about small or tiny obstacles?

In the small obstacle field detection algorithms,
there are many research papers using a variety
of multi-dimensional information extraction and
processing methods, but there is no review to
systematically summarize, this paper on this gap to
develop the part of the review.

Small obstacles usually have the characteristics of small
size, weak texture, and easy to be occluded, leading
to the fact that single modal information (e.g., RGB
images) is often insufficient to support the detection
task with high robustness and high accuracy. For this
reason, more and more researchers have begun to
try to fuse multi-dimensional information and utilize
data from different sources to comprehensively portray
small obstacles, in order to enhance the perceptual and
generalization capabilities of detection models. As
shown in Figure 13 is the statistical frequency of using
multidimensional information processing strategies.

data fusion

" attention fusion

u feature fusion u hybrid fusion

Figure 13. Fusion methods for small or tiny obstacles
detection.

Multiscale feature fusion is currently the most commonly
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used method for extracting multidimensional
information, with a total of 87 papers dealing
with related strategies, accounting for nearly 53%
of the total. The core idea of this method is to
simultaneously utilize deep semantic information
and shallow spatial details to construct cross-level
multiscale representations, thus enhancing the
model’s responsiveness to targets of different sizes
(especially small targets). Typical structures such as
Feature Pyramid Network (FPN), PANet, BiFPN, etc.,
have been widely integrated into mainstream detection
models such as YOLOv5/YOLOvVS, RetinaNet and
EfficientDet [125, 128, 136].

Attention mechanisms provide fine-grained perceptual
capabilities for multidimensional information
extraction, and have also been frequently employed
in small obstacle detection tasks, with a total of 47
papers addressing them. Fusion attention strategies
generally model feature importance in both the
channel and spatial domains, highlighting the
response of weak target regions. For example,
lightweight channel attention mechanisms such as SE
(Squeeze-and-Excitation) and ECA (Efficient Channel
Attention) can be used to enhance the saliency of small
targets, while CBAM (Convolutional Block Attention
Module) and PAM (Position Attention Module)
take into account both spatial position perception
and feature enhancement. In practice, this class of
methods proves to be particularly effective for small
obstacle detection in extreme scenes such as visual
blur, low contrast, and heavy occlusion [97, 112, 113].

Multimodal fusion methods use information from
radar (LiDAR, millimeter-wave radar), infrared
thermography, and depth maps to enhance the ability
to model weakly textured or occluded targets. A total
of 23 of the papers we researched use multimodal
information fusion techniques. Among them, one
class of methods uses early fusion, where data from
different sensors are spliced or encoded at the input
level (e.g., projecting a point cloud onto the image
plane and fusing the channels); another class of
methods uses intermediate fusion, where semantic
information extracted from the image and the point
cloud, respectively, is fused at the intermediate feature
layer through an attention mechanism or a two-branch
network; and some other work uses a late fusion
strategy, where, at the level of detection results
Joint decision making of multi-source information is
performed to improve the stability and reliability of
detection. The multimodal fusion method performs
particularly well in complex weather, low-light,



ICJK

Chinese Journal of Information Fusion

reflection interference and other scenes, and has
gradually become a key component of highly robust
detection systems [49, 57, 82, 99].

4.6 RQ6: How to accelerate real-time detection of
small or tiny obstacles?

Current reviews rarely analyse and summarize the
deployment of small obstacle detection algorithms,
and the summarized lightweight methods are not
comprehensive enough. In this paper, we first
comprehensively summarize the lightweight methods
of small obstacle detection algorithms in the past 10
years, and then further analyse and summarize the
real-time performance of the current models.

In practical applications, the detection system of small
obstacles not only requires high accuracy, but also must
have good real-time performance, which is especially
critical in time-sensitive scenarios such as autonomous
driving, robot navigation and unmanned devices. In
order to speed up model inference and reduce the
consumption of computational resources, researchers
have proposed and widely applied a variety of model
lightweight techniques. According to the statistics of
the literature in this review, as shown in Figure 14, a
total of 69 articles use model structure optimization
methods, 15 articles use parameter sharing techniques,
13 articles apply pruning strategies, 8 articles use
model quantization, and only 3 articles use knowledge
distillation. Each of these methods has its own
advantages and disadvantages and is applicable to
different practical demand scenarios.

other, 2, 2%

distillation, 3, 3%

quantization, 8, 7%

pruning, 13, 12%

architecture
optimization, 69, 63%

parameter sharing, 15,
13%

= architecture optimization ™ parameter sharing ™ pruning ® quantization ® distillation ® other

Figure 14. Lightweight methods for small or tiny obstacles
detection.

Architecture optimization is one of the most mainstream
real-time enhancement tools, and its core idea
is to reduce computational complexity and
model size by designing lightweight network
structures. For example, network architectures such as
MobileNet [111, 116], ShuffleNet, EfficientNet [121],
and GhostNet [110, 119, 137] significantly reduce
model size and inference time while maintaining
high accuracy. In addition, techniques such as
deep separable convolution, channel reorganization,
and dynamic convolution have been introduced to
further reduce computational redundancy. Structure
optimization is widely adopted mainly because it
reduces the computational burden from the source, is
suitable for designing lightweight models from scratch
or replacing the original complex model structure,
and has good migrability and platform adaptability.

Parameter sharing achieves the goal of compressing
model size and reducing storage overhead by reusing
some parameters (e.g., convolution kernel, attention
module, etc.) in the network [58, 126, 134]. This
approach is more common in Transformer structure
and multi-scale feature fusion networks, which can
reduce memory consumption while maintaining a
certain expressive power. Since this method imposes
certain restrictions on model design and has limited
optimization space, it is used relatively infrequently.

Pruning is a method to reduce model complexity by
removing redundant parameters or channels under
the premise of maintaining the original structure or
performance of the model, which is mainly categorized
into the following two types: structured pruning
cuts channels, convolution kernels, layers, or feature
maps as a unit, and the pruned model still has a
clear structural advantage, which makes it easy to
be deployed on hardware. For example, channels
that contribute less to a convolutional layer can be
evaluated and pruned to make the model lighter. This
approach is widely used in real-world deployments
and is especially suitable for embedded platforms.
Unstructured pruning, on the other hand, sparsifies
for individual weights or connections, and reduces
the model computation by threshold filtering to zero
out connections with smaller weights. Although
this approach can achieve higher compression rates,
it is less friendly to hardware due to its irregular
sparse structure, and often needs to be combined with
sparse matrix optimization tools to get the desired
acceleration effect [128, 136, 139].

Model quantization is used to reduce storage and
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Figure 15. Box diagram of real-time metrics for small or tiny obstacles detection.

computation requirements by compressing model
parameters from a high-bit (e.g., 32-bit float) to a
low-bit (e.g., 8-bit int) representation. Common
techniques include symmetric or asymmetric
quantization of weights and activation values, or even
exploring extreme compression methods with even
lower bit counts (e.g., 4-bit, binarization). However,
in small obstacle detection tasks, quantization
may lead to degradation of detection performance,
especially the ability to capture edge details with
weak features [64, 120, 136]. As a result, the method
is applied relatively rarely and is often combined with
strategies such as quantization-aware training (QAT)
to minimize the accuracy loss.

Knowledge distillation improves the performance of
a small model (student model) by allowing it to
imitate the output behavior of a large model (teacher
model) [121]. This method is more common in image
classification tasks, but in small obstacle detection, due
to the sparse distribution of targets and the complex
design of the distillation mechanism, there are fewer
studies using this method, mainly focusing on its use
in combination with structural optimization.

In order to further understand the practical
deployment performance of current small obstacle
detection methods, this review provides statistics on
the model inference metrics disclosed in the collected
literature, which include frame rate (FPS), model
size (in MB) and floating point operations (GFLOPs).
The statistical results are shown in the box plots in
Figure 15, and the statistical characteristics are shown
in Table 8.

Frame rate (FPS) is one of the key indicators to measure
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Table 8. Statistical characterization of real-time metrics for
small or tiny obstacles detection.

. Model
Metrics FPS Size(M) GFLOPs
Count 93 63 48
Mean 74.4 16.16 52.58
Standard Deviation 69.22 19.29 70.77
Minimum 2 1.08 1.9
25th Percentile 23.91 3.61 13.40
Median 50 7.9 28
75th Percentile 89.5 22.5 68
Maximum 312 90 407

the real-time performance of a model. Overall, the
average frame rate of the 93 papers is 74.4 FPS,
which indicates that most models have basically met
the real-time processing requirements on specific
hardware platforms (more than 30 FPS is usually
considered as real-time). However, the standard
deviation reaches 69.22, the maximum value is as
high as 312 FPS [75], and the minimum value is only
2 FPS, indicating that some high-precision models
have the problem of slow inference, and it is still
difficult to be applied to the scenarios that are highly
sensitive to delay. Further observing the quartiles:
25% of the models have a frame rate lower than
23.91 FPS, which is suitable for quasi-real-time tasks;
the median is 50 FPS; and 75% of the models have
a frame rate higher than 89.5 FPS, which has the
potential for efficient deployment. This distribution
reflects that although some models are obviously
lightweight, their reasoning ability has not been
fully optimized, especially when introducing complex
attention mechanisms or multi-scale processing in
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target detection, which is prone to cause frame rate
degradation.

Model size. Among the 63 papers that disclose the
model size, the average model size is 16.16 MB,
the minimum is only 1.08 MB, and the maximum
is 90 MB. the median is 7.9 MB, indicating that
most models have good compression performance
and can be deployed in edge devices or embedded
platforms with limited memory resources. In general,
smaller models tend to achieve higher inference speeds
(measured in FPS) due to reduced computational
complexity. However, model size alone does not
fully determine inference performance. Lightweight
models may still suffer from low frame rates if
they lack proper operator-level optimization or
hardware acceleration. Conversely, larger models
are not necessarily slower—when well-optimized and
executed on compatible hardware, they can also deliver
real-time performance. Therefore, inference speed
is ultimately influenced by a combination of model
size, architecture design, optimization strategies, and
hardware support, rather than being dictated by size
alone.

GFLOPs (floating point operations per second)
are used to measure the amount of theoretical
computation in the inference phase of a model.
48 Relevant literatures show that the mean value
of GFLOPs is 52.58, the median is 28, but the
standard deviation is as high as 70.77, and the
maximum value is 407 GFLOPs. This suggests that
a large number of high-complexity structures in
the current tiny obstacle detection models (e.g., the
Transformer structures, feature pyramids, attention
mechanisms) are used to enhance the recognition
of tiny targets. However, in practical deployment,
high GFLOPs models usually bring more pressure on
latency and power consumption, so more and more
researches are turning to designing model structures
with low GFLOPs but efficient feature extraction
capabilities, such as introducing dynamic feature
fusion, channel selection, hierarchical cropping, and
other mechanisms.

5 Discussion

This review systematically analyzes 117 technical
research papers on real-time small obstacle detection
based on multidimensional information over the
past decade, covering a wide range of dimensions
from definitions, sensors and hardware platforms,
detection algorithms, improved methods, multimodal
processing strategies to model acceleration and

deployment optimization. The research results show
that although the field has made significant progress in
method innovation and system integration, it still faces
many challenges in terms of robustness, efficiency, and
generalization ability to cope with complex real-world
environments.

First, in terms of the definition and categorization
of small obstacles, existing studies mostly refer to
standards in the field of small target detection, but
often fail to consider the degree of influence of
obstacles on path planning in practical applications.
This study proposes a definitional framework that
combines size thresholds, reflective properties and
interaction distances, which can more effectively
identify small obstacles that truly threaten the
operation of unmanned systems, especially
low-reflective thin lines, mesh structures or translucent
objects.

Second, in terms of sensing hardware, RGB cameras
are still the most commonly used sensors, but they
perform poorly in extreme environments such as low
light or rainy foggy conditions. Therefore, researchers
have started to introduce a variety of sensors such
as millimeter-wave radar, infrared thermography,
binocular vision with LIDAR to build a multimodal
fusion system in order to improve the system’s ability
to detect weak texture or occluded targets. However,
how to realize the efficient fusion of multimodal data
without adding too much computational burden is still
a technical difficulty.

Third, in terms of detection algorithms, one-stage
models (e.g., YOLO series) have become the
mainstream choice due to their end-to-end structure
and fast inference speed, especially performing well
in resource-constrained scenarios. However, they are
still inferior to some two-stage models in terms of
detection accuracy. The former generally improves
the perception of tiny obstacles by sacrificing a
small amount of real-time to introduce the attention
mechanism and multi-scale structure. In the future,
we can consider further exploiting the lightweight
potential of two-stage structures while maintaining
real-time performance.

Fourth, for multidimensional information processing,
multi-scale feature fusion and attention mechanisms
are the most common and effective strategies.
Especially, the attention mechanism (e.g., CBAM, SE,
ECA, etc.) plays a key role in improving the model’s
responsiveness to small obstacle regions. Meanwhile,
multimodal fusion (e.g., vision-radar, RGB-depth,
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infrared-visible, etc.) is gradually becoming a
mainstream trend, which demonstrates stronger
stability in complex environments. However, there is
a lack of a unified fusion framework and a systematic
comparison of the advantages and disadvantages of
fusion strategies (early/mid/late) in different tasks.

Fifth, regarding real-time deployment and accelerated
optimization, researchers have proposed rich
lightweight methods, including structure optimization
(e.g., MobileNet, GhostNet), parameter sharing,
pruning, quantization and knowledge distillation, etc.,
and some of them have been successfully deployed
on embedded platforms such as Jetson Nano, TX2
and Xavier NX. Although most models have achieved
inference speeds above 30 FPS, they still suffer from
elevated latency when introducing complex structures
such as Transformer or BiFPN. In addition, there is
still a lack of a deployment standard and performance
evaluation system that is common across different
hardware platforms.

In summary, although the current real-time small
obstacle detection system based on multi-dimensional
information has made significant progress, further
in-depth research is still needed in defining standards,
multi-modal fusion, model optimization and
cross-platform deployment. The future development
direction should be more focused on the unity of
practicality and generalization ability, and promote the
technology to really land in the real-world scenarios
such as autonomous driving, low-altitude aircraft and
mobile robots.

6 Limitations and future work

Despite the comprehensive review of real-time small
obstacle detection systems based on multidimensional
information over the past decade, several limitations
still exist in this study: First, there may be blind spots in
the literature collection. Although this review covered
three major academic databases—ScienceDirect,
Scopus, and IEEE Xplore—with carefully designed
keyword search strategies, some unpublished or gray
literature (e.g., technical reports, industrial white
papers, patents) may not have been included. This
could result in the omission of certain cutting-edge
engineering practices.

Second, the evaluation of performance metrics lacks
unified benchmarks. When analyzing the real-time
performance of detection models (e.g., FPS, model
size, GFLOPs), inconsistencies in hardware platforms,
datasets, and evaluation protocols across studies limit
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direct comparisons. Although this paper attempts to
mitigate such issues through statistical methods (e.g.,
medians and quartiles), it cannot entirely eliminate
the performance variations caused by heterogeneous
experimental setups. Third, there is a lack of
quantitative analysis of fusion strategies. While this
review categorizes multimodal fusion methods (e.g.,
early, mid, late fusion), most studies do not publicly
share code or provide detailed ablation studies.
Therefore, it is difficult to perform fine-grained
quantitative comparisons of fusion strategies in typical
real-world scenarios.

Fourth, practical deployment cases are not
comprehensively summarized. Although this paper
discusses deployments on platforms such as Jetson
Nano, TX2, and Xavier NX, few industrial-grade
cases are publicly available. As such, it remains
difficult to present a complete picture of the transition
from lab-scale prototypes to real-world engineering
deployments.

Based on these limitations, future work could be
advanced in the following directions. 1) Establish
standardized evaluation benchmarks and open-source
testing platforms; 2) Explore deeper cross-modal
perception and fusion frameworks; 3) Promote
platform-aware model adaptation; 4) Expand research
on real-world deployment in practical scenarios.

Overall, the research on real-time small obstacle
detection systems is evolving from model design
to holistic system-level integration and deployment.
The intersection of “multimodal fusion + lightweight
optimization + scenario generalization” will likely
define the next key direction of progress.

7 Conclusion

This paper presents a comprehensive systematic
review of 117 studies on real-time small obstacle
detection using multidimensional information over
the past decade. It synthesizes the field’s key
developments across definition frameworks, sensor
systems, detection algorithms, enhancement strategies,
multimodal fusion techniques, and deployment
optimization. =~ By addressing six core research
questions, this review not only outlines the strengths
and trends of current solutions but also identifies
critical limitations that hinder practical adoption.

Findings reveal that while single-modality systems
suffer from robustness issues in complex environments,
strategies such as multiscale feature fusion, attention
mechanisms, and multimodal perception significantly
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improve detection performance for small and weakly
textured targets. Meanwhile, lightweight model
architectures and deployment on edge hardware
platforms (e.g., Jetson series) have demonstrated
encouraging real-time capabilities. However,
balancing accuracy with speed and ensuring platform
adaptability remain key bottlenecks for large-scale
applications.

In conclusion, the field is steadily transitioning
from model-centered research to system-level
integration that includes perception, computation,
and deployment. Future research should emphasize:
(1) establishing standard definitions and evaluation
metrics; (2) exploring deeper mechanisms of
multimodal fusion; (3) designing efficient yet accurate
architectures; and (4) advancing field deployment
in real-world scenarios. As intelligent autonomous
systems become increasingly pervasive, building
robust, efficient, and deployable small obstacle
perception systems will be a foundational capability
across domains such as intelligent transportation,
urban management, and industrial automation.
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