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ABSTRACT 

Small traffic sign detection is an important visual perception task in autonomous driving, advanced driver-assistance 

systems, and intelligent transportation systems. In road scenes, traffic signs are often distant, small, weakly salient, and 

degraded by low illumination, weather, occlusion, glare, or motion blur. This review synthesizes representative studies on 

lightweight attention-related mechanisms for small traffic sign detection. Instead of treating attention as an isolated plug-

in, it interprets attention-related design as feature-resource allocation within complete detection systems. The review 

summarizes definitions and challenges, organizes mechanisms into five functional families, evaluates dataset and metric 

comparability, and discusses ablation and deployment evidence. The analysis shows that reported gains should be 

interpreted under source protocols because datasets, metrics, baselines, and hardware settings differ across studies. Future 

work should emphasize scale-aware metrics, standardized ablations, scenario-stratified benchmarks, and reproducible 

edge-device evaluation. 
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1. INTRODUCTION 

1.1. Background and Problem Characteristics 

Traffic sign detection is a fundamental perception function in intelligent transportation, autonomous driving, and driver-

assistance systems. Traffic signs encode speed limits, warnings, prohibitions, and mandatory directions through shape, 

color, symbol, text, and placement. CCTSDB2021 frames traffic sign detection as a component of autonomous driving 

and emphasizes requirements for real-time performance, precision, and robustness [1]. 

In natural road imagery, traffic signs often occupy only a small image fraction. The TT100K benchmark was introduced 

to reflect traffic signs in realistic street-view scenes, where signs are small, numerous, and embedded in cluttered 

backgrounds [2]. A recent small-object detection survey further notes that small objects contain limited spatial and 

contextual information and are strongly affected by low resolution, occlusion, background interference, and class 

imbalance [3]. For traffic signs, these issues are aggravated by road-specific clutter, long-distance imaging, night scenes, 

glare, rain, fog, and motion blur. CURE-TSD-related research also shows that challenging visual conditions can 

substantially affect traffic sign detection reliability [4]. 

Lightweight design is necessary because traffic sign detectors are expected to operate on vehicle-mounted, roadside, or 

embedded platforms. However, deployment performance is not determined by parameter count or theoretical FLOPs alone. 

MLPerf Mobile demonstrates that real mobile inference depends on hardware, numerical format, framework, accelerator, 

run rules, and reproducibility conditions [5]. Therefore, small traffic sign detection must balance small-object representation, 

robustness, and deployable efficiency. 

1.2. Scope, Research Gap, and Contributions 

Existing traffic sign reviews summarize conventional, deep-learning, and hybrid approaches [6], while general small-object 

surveys cover broad domains such as remote sensing, surveillance, medical imaging, and transportation [3]. These reviews 

provide useful background but do not fully separate attention mechanisms from adjacent detector components, nor do they 

consistently evaluate attribution strength, dataset comparability, and deployment evidence. Following the view that 

literature review can synthesize prior research and build conceptual frameworks [7], this paper adopts a structured narrative 

review perspective rather than a systematic review or meta-analysis. 
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The contributions are fourfold. First, this review defines the task characteristics of small traffic sign detection and maps 

the main challenges to mechanism families. Second, it classifies lightweight attention-related mechanisms into spatial-

channel recalibration, large-scope spatial attention, dynamic deformable sampling, cross-scale feature fusion, and 

composite collaboration. Third, it distinguishes attention mechanisms proper from collaborative components such as 

lightweight backbones, necks, heads, losses, enhancement paths, and deployment backends. Fourth, it evaluates evidence 

through dataset protocol, metric sufficiency, ablation granularity, and deployment readiness, avoiding cross-paper ranking 

based on heterogeneous results. 

2. DEFINITIONS, CHALLENGES, AND REVIEW PROTOCOL 

2.1. Definition of Small Traffic Signs 

Small traffic signs should be defined through pixel scale, relative scale, and scenario scale. Pixel scale refers to limited 

object area, which weakens edges, symbols, text, and color cues. Relative scale describes a sign that occupies a small part 

of a large road image and competes with sky, road surface, vehicles, poles, buildings, trees, traffic lights, and lane markings. 

Scenario scale refers to distant signs, occluded signs, low-light signs, blurred signs, and degraded signs in rain, fog, or 

glare. COCO-style definitions provide a useful small-object reference, but traffic signs require traffic-specific context 

because localization, class detail, and road semantics interact [8]. 

2.2. Key Challenges and Mechanism Mapping 

Seven challenges recur in the reviewed literature: limited pixel representation, background clutter, scale variation, down 

sampling loss, illumination/weather/motion degradation, occlusion or spatial misalignment, and edge deployment 

constraints. These challenges do not map one-to-one onto individual modules. Instead, they motivate families of attention-

related mechanisms that reallocate feature resources under computational constraints. 

Table 1. Challenge-to-mechanism mapping for lightweight small traffic sign detection. 

Challenge Detection consequence 
Related mechanism 

family 

Weak saliency and cluttered 

background 
Sign responses may be suppressed by visually 

similar road structures. 
Spatial-channel 

recalibration 

Distant signs and weak local texture 
Local color, edge, and symbol cues are 

insufficient. 
Large-scope spatial 

attention 

Occlusion, deformation, and spatial 

mismatch 
Fixed sampling may miss the effective sign 

region. 
Dynamic deformable 

sampling 

Downsampling detail loss 
Shallow details and deep semantic features are 

difficult to align. 
Cross-scale feature 

fusion 

Low light, adverse weather, and 

deployment constraints 
Multiple degradations and runtime limits appear 

together. 
Composite collaborative 

design 

Note: The table is a conceptual guide and does not imply performance ranking. 

2.3. Evidence Evaluation Protocol 

This review evaluates source evidence along two dimensions. Domain relevance indicates whether a study directly 

addresses traffic sign detection, a nearby road-scene task, a broader small-object scenario, or only a foundational 

mechanism. Attribution strength indicates whether a reported gain is supported by isolated component ablation, stepwise 

ablation, full-model comparison, or qualitative mechanism evidence. This distinction is necessary because many detectors 

modify attention, backbone, neck, head, loss, and training settings simultaneously. 
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Table 2. Evidence interpretation framework used in the review. 

Tier Meaning Interpretive use 

D1 Direct traffic sign detection evidence Task-specific support 

D2-D3 Mixed traffic-scene or related small-object evidence Near-domain support 

D4-D5 Cross-domain or foundational mechanism evidence Mechanism reference only 

A1 Isolated attention or target-component ablation Relatively strong attribution 

A2 Stepwise multi-component ablation Useful but coupled attribution 

A3-A4 Full-model comparison or visualization evidence System-level or plausibility evidence 

Note: D-tiers describe domain relevance; A-tiers describe attribution strength. They should not be merged into a single 

ranking. 

3. LIGHTWEIGHT ATTENTION-RELATED MECHANISMS 

3.1. Spatial-Channel Recalibration 

Spatial-channel recalibration addresses weak saliency and background clutter by emphasizing informative channels or 

spatial regions. CBAM is a representative channel-spatial attention reference [9], while SENet provides the classical 

channel-reweighting formulation [10]. Coordinate Attention further embeds positional information into efficient mobile 

attention [11]. In traffic sign detection, these mechanisms help preserve sign-related responses when small signs compete 

with poles, lane markings, lights, or building edges. 

Representative detectors usually combine recalibration with other lightweight components. For example, YOLO-SMM 

uses coordinate-style attention together with SlimNeck and localization-oriented loss, so its reported gains should be read 

as collaborative system evidence rather than a pure attention-only effect [12]. 

3.2. Large-Scope Spatial Attention and Dynamic Sampling 

Distant signs often lack sufficient local texture. Large-scope spatial attention uses broader context to compensate for weak 

local cues, but dense global attention can be expensive. Large Separable Kernel Attention reduces the cost of large-kernel 

modeling by decomposing spatial kernels into efficient one-dimensional operations [13]. CSW-YOLO illustrates how such 

large-scope modeling can be embedded into a lightweight traffic sign detector, together with feature extraction, small-

object prediction, and loss redesign [14]. 

Dynamic deformable sampling changes where features are sampled according to input content. Deformable DETR shows 

the general value of sparse, content-dependent sampling for reducing the limitations of dense attention and improving 

small-object behavior [15]. DAYOLO applies deformable attention in traffic sign detection and reports a separate C2f-

DAttention ablation, which provides relatively stronger target-component attribution than full-model comparison alone [16]. 

3.3. Cross-Scale Fusion and Composite Collaboration 

Cross-scale feature fusion addresses the mismatch between shallow spatial detail and deep semantic information. ASFF 

motivates the need for adaptive fusion when different feature scales contain conflicting or inconsistent information  [17]. 

ESA-YOLO represents traffic sign evidence in which dense multi-scale fusion, context-aware gating, and scene-aware 

detection are combined under an efficient scale-aware design [18]. 

Composite collaborative attention-related design addresses the fact that real traffic scenes often contain multiple coupled 

degradations. AutoTriNet-YOLO, for example, uses a triple-attention block and a dynamic fusion strategy, but its accuracy, 

ablation, and efficiency evidence should be interpreted separately under the source-reported settings rather than merged 

with standard TT100K or CCTSDB rows [19]. This example illustrates why complete detector improvements require careful 

evidence boundaries. 
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Table 3. Condensed taxonomy of lightweight attention-related mechanisms. 

Mechanism family Main problem addressed Representative sources 

Spatial-channel 

recalibration 
Weak saliency and background clutter 

CBAM, SENet, Coordinate Attention, YOLO-

SMM 

Large-scope spatial 

attention 
Distant signs and weak local texture LSKA, CSW-YOLO 

Dynamic deformable 

sampling 

Occlusion, deformation, spatial 

mismatch 
Deformable DETR, DAYOLO 

Cross-scale feature fusion 
Shallow-detail and deep-semantic 

mismatch 
ASFF, ESA-YOLO 

Composite collaboration 
Coupled degradation and deployment 

constraints 

AutoTriNet-YOLO and related multi-

component designs 

Note: Representative sources are selected to reduce the reference list and do not exhaust all reviewed detectors. 

Figures 1 and 2 summarize the evidence-positioning logic and the collaborative deployment-flow interpretation. 

 
Figure 1. Evidence map of domain relevance and attribution strength. The figure applies the review protocol and should not 

be read as a performance ranking. 
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Figure 2. Conceptual deployment-flow pipeline of lightweight attention-related mechanisms and collaborative components. 

4. DATASETS, METRICS, AND EVIDENCE INTERPRETATION 

4.1. Dataset and Metric Comparability 

Dataset choice determines what a reported result can support. TT100K and CCTSDB2021 are full-image traffic sign 

benchmarks with realistic road-scene context [1,2]. GTSRB-like classification data, generated nighttime variants, self-built 

low-light datasets, and method-specific road-scene datasets do not have the same evaluation meaning. Therefore, dataset 

names alone are insufficient for comparing traffic sign detectors. Category filtering, train-test split, object-size definition, 

illumination condition, and benchmark status must be reported. 

Metrics also require careful interpretation. mAP50 remains useful, but small traffic signs are sensitive to localization error 

because minor spatial displacement can substantially change IoU. Metric-review literature highlights that object-detection 

metrics are not interchangeable and must be interpreted with respect to IoU thresholds and task context  [20]. Stricter 

measures such as mAP50:95, small-object AP, scale-stratified AP, or distance-based recall provide stronger evidence for 

small sign localization than mAP50 alone [21-23]. 

Table 4. Dataset roles and comparability limits. 

Dataset/source type Role Comparability note 

TT100K 
Full-image traffic sign detection 

benchmark 
Large realistic road scenes; protocols often differ 

by category filtering and split. 

CCTSDB2021 
Full-image benchmark with 

weather and size labels 
Useful for scenario-aware evaluation; subset usage 

should be reported. 

COCO-style small-object 

evaluation 
General object detection 

reference 
Useful for small-object metrics but not traffic-sign-

specific. 

Generated or self-built low-

light data 
Scenario-specific robustness 

evidence 
Should not be merged with daytime benchmark 

results. 

Method-specific mixed 

road data 
Auxiliary source evidence 

Useful only under its own protocol; not a unified 

benchmark. 

Note: All dataset evidence is protocol-aware and should not be used for cross-paper ranking. 
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4.2. Condensed Accuracy-Efficiency and Attribution Evidence 

The reported evidence should be read as source-reported and protocol-bound. The table below keeps only representative 

rows to reduce length. It is not a unified benchmark table because the methods differ in dataset, baseline, metric, input size, 

hardware, and inference protocol. 

Table 5. Representative protocol-bound evidence after reference reduction. 

Method Evidence role Interpretive note 

YOLO-SMM 
GTSRB detection-adapted; spatial-

channel recalibration 

Reports compact parameters, mAP50/mAP50-90, and FPS; 

evidence is system-level because SlimNeck, attention, and 

loss change together [12]. 

CSW-YOLO 
TT100K/CCTSDB2021; large-

scope attention 
Reports mAP50 and complexity; supports kernel-decomposed 

context modeling but includes multiple detector changes [14]. 

DAYOLO 
SDCCVP/TT100K; dynamic 

deformable sampling 
Provides a separate C2f-DAttention ablation and stronger 

target-component evidence [16]. 

ESA-YOLO 
TT100K/CCTSDB2021; scale-

aware fusion 
Reports scale-aware fusion and component ablations; still 

requires protocol-bound interpretation [18]. 

AutoTriNet-

YOLO 
Mixed traffic-scene settings; 

composite attention 

Accuracy, ablation, and efficiency values are reported under 

different source settings; not comparable with standard 

benchmark rows [19]. 

Note: NR, if used, means not reported in the source paper. Values from different datasets or hardware should not be ranked 

directly. 

4.3. Deployment Evidence 

Deployment readiness cannot be inferred from Params, GFLOPs, or GPU-side FPS alone. A reproducible deployment 

claim should report device, input size, latency or FPS, batch size, precision mode, inference framework, acceleration 

backend, post-processing, and ideally power or memory use. Many reviewed studies provide complexity values but omit 

embedded-device testing or precision-mode details. Therefore, lightweight claims should be separated into theoretical 

compactness, measured runtime, and deployment reproducibility. 

5. APPLICATIONS, OPEN CHALLENGES, AND FUTURE DIRECTIONS 

5.1. Application Scenarios 

Small traffic sign detection appears in several application scenarios. In ADAS and autonomous driving, the detector must 

support safe and timely road-rule perception. In nighttime and adverse-weather scenes, contrast, color, and boundary cues 

degrade. In highway and long-distance scenes, signs must be detected before they contain rich local texture. In vehicle-

mounted edge deployment, the detector must satisfy latency, memory, power, and operator-support constraints [24-26]. 

These scenarios show why attention-related mechanisms should be considered as collaborative design tools. Spatial-

channel recalibration helps suppress background clutter; large-scope attention supports context compensation; dynamic 

sampling improves spatial alignment; cross-scale fusion preserves shallow details and deep semantics; and composite 

design connects these functions with lightweight backbones, heads, losses, enhancement paths, and deployment backends. 

5.2. Future Directions 

Future work should move from model-name comparison to protocol-aware evaluation. First, benchmarks should define 

fixed category sets, train-test splits, small-object thresholds, weather/illumination labels, and scenario subsets. Second, 

evaluation should report mAP50 together with stricter and scale-aware metrics, such as mAP50:95 and small-sign AP. 

Third, ablation protocols should separate attention-only, backbone-only, neck-only, head-only, loss-only, and full-model 

configurations where possible. Fourth, deployment studies should report real device latency, precision mode, framework, 

backend, memory, and post-processing. Fifth, robustness should be tested under cross-weather, cross-light, cross-region, 

synthetic-to-real, and benchmark-to-vehicle transfer settings. 
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Table 6. Main evidence gaps and future directions. 

Evidence gap Current limitation Recommended direction 

Dataset fragmentation 
Dataset names do not guarantee 

identical protocols. 
Use scenario-stratified benchmarks with fixed splits 

and explicit small-object definitions. 

Metric insufficiency 
mAP50 alone weakly reflects 

small-box localization. 
Report mAP50:95, small-sign AP, and scale-stratified 

metrics. 

Attribution ambiguity 
Full-model gains often combine 

several changes. 
Use standardized isolated and stepwise ablations. 

Incomplete deployment 

evidence 
GPU FPS and GFLOPs do not 

prove edge readiness. 
Report device, latency, precision, framework, 

backend, memory, and power where possible. 

Limited robustness 

validation 
Cross-scenario results remain 

heterogeneous. 
Evaluate nighttime, adverse weather, cross-region, and 

real-vehicle transfer. 

Note: The future directions follow directly from evidence limitations and do not propose a new detector architecture. 

6. CONCLUSION 

This review examined lightweight attention-related mechanisms and collaborative design strategies for small traffic sign 

detection. Its central argument is that attention-related mechanisms should not be treated as isolated accuracy-improvement 

plug-ins. They are better understood as feature-resource allocation tools that operate within complete detection systems. 

Their value depends on the cooperation among attention, backbone, feature fusion, detection head, localization loss, 

enhancement, and deployment backend. 

The review also shows that reported performance must be interpreted within its source protocol. Dataset names, metric 

definitions, category filters, baselines, hardware, and runtime settings differ across studies. Consequently, cross-paper 

numerical ranking is not supported by the available evidence. Stronger future studies should combine scenario-stratified 

benchmarks, localization-sensitive metrics, standardized ablation protocols, and reproducible edge-device evaluation. This 

paper remains a structured narrative review rather than a systematic review or meta-analysis, and its conclusions are limited 

to the evidence reported in the selected sources. 
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