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Abstract

Accurate detection of airport surface targets, including aircraft, tow tractors,
catering trucks, refueling trucks, baggage carts, and ground staff, is essential for
intelligent surface surveillance and automated ground operation management.
However, detection remains challenging because of complex and time-varying
backgrounds, large target-scale variation, a high proportion of small objects,
and frequent mutual occlusion. To address these issues, we propose AMFD-
YOLO based on the YOLO11 framework. First, a Multiscale Occlusion-aware
Attention Module (MOAM) is embedded in the detection head to enhance
responses to occluded targets while suppressing background interference. Second,
a C3k2 FDM module incorporating the Feature Distribution Modulation (FDM)
activation function is introduced to improve feature extraction under complex
lighting and weather conditions. In addition, a P2 detection layer enhances
the perception of tiny targets. Experiments on the Airport Surface Surveillance
(ASS) dataset show that AMFD-YOLO improves precision, recall, mAP0.5,
and mAP0.5-0.95 by 7.5%, 23.2%, 23.6%, and 12.5%, respectively, over baseline
YOLO11. Ablation studies further verify the contribution of each component.
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These results demonstrate the effectiveness of AMFD-YOLO for airport surface
target detection, particularly under adverse environmental conditions and visu-
ally crowded apron and taxiway scenes, and its potential for intelligent airport
surveillance.

Keywords: Airport Surface Surveillance, YOLO11, Small Target Detection,
Multi-scale Occlusion-aware Attention, Feature Distribution Modulation

1 Introduction1

With the rapid development of civil aviation systems, airport operation safety2

and efficiency have become increasingly important in modern air traffic manage-3

ment. Airport surface surveillance plays a critical role in ensuring safe and efficient4

operations by continuously monitoring aircraft, vehicles, and personnel. Traditional5

surveillance technologies, including multilateration (MLAT), automatic dependent6

surveillance–broadcast (ADS-B), and radar, can provide reliable target perception7

under all-weather conditions, but offer limited fine-grained semantic information about8

ground objects and operational activities [1]. Therefore, computer vision has become9

an important complementary modality for comprehensive airport surface perception.10

Deep learning-based vision methods have substantially advanced intelligent per-11

ception in airport environments, including object detection, tracking, and anomaly12

recognition [2]. However, practical airport surveillance remains challenging due to13

adverse weather, nighttime conditions, uneven illumination, and complex ground14

environments, which can significantly degrade visual detection performance [3]. More-15

over, aircraft, vehicles, and personnel often occupy only a small number of pixels in16

wide-area surveillance images, resulting in severe feature loss during network down-17

sampling. Large scale variations, occlusion, and background clutter further increase18

the difficulty of accurate target detection. The limited availability of high-quality anno-19

tated airport surveillance datasets also restricts the development of robust vision-based20

perception methods [4].21

Small-object detection has therefore attracted considerable attention, with exist-22

ing studies mainly focusing on feature enhancement and multi-scale representation to23

compensate for the limited visual information of small targets [5]. Transformer-based24

and state-space-based architectures have further been explored to improve contex-25

tual modeling and feature representation for small objects in aerial imagery [6, 7]. In26

airport-specific applications, improved YOLO-based methods have also been devel-27

oped for apron surveillance and ground-service-related object detection, demonstrating28

the effectiveness of task-oriented and lightweight detection frameworks [8–10]. FOD29

detection methods have additionally been investigated to enhance airport runway30

safety under complex environmental conditions [11]. Nevertheless, existing approaches31

still face challenges in simultaneously preserving discriminative features of small tar-32

gets, capturing contextual information, and maintaining computational efficiency for33

practical deployment.34
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Recent studies have shown that modules such as Poly-Kernel Inception (PKI) and35

Context Anchor Attention (CAA) can enhance feature representation through multi-36

kernel feature extraction and contextual modeling [12]. However, existing approaches37

may still struggle to preserve discriminative features of small and partially occluded38

targets while suppressing background interference in complex airport scenes. In39

particular, repeated feature down-sampling can lead to the loss of fine-grained infor-40

mation required for extremely small targets, while occlusion and complex backgrounds41

further weaken target representation. Therefore, improving occlusion-aware feature42

representation, enhancing foreground-background discrimination, and preserving high-43

resolution features for extremely small objects remain important challenges in airport44

surface object detection.45

Based on the above analysis, this paper proposes AMFD-YOLO, a small-object46

detection method for airport surface surveillance based on an improved YOLO1147

framework. The main contributions of this paper are as follows:48

(1) A Multi-scale Occlusion-aware Attention Module (MOAM) is introduced to49

enhance feature representation of occluded targets and improve robustness in complex50

airport scenes.51

(2) The FDM module is embedded into the C3k2 structure to form a C3k2 FDM52

block for enhanced foreground feature extraction and background suppression, and an53

additional P2 detection head is introduced to improve extremely small object detection54

in high-resolution airport surveillance images.55

Experimental results on the ASS dataset demonstrate that AMFD-YOLO achieves56

superior performance compared with other YOLO series detection methods in57

detecting aircraft, vehicles, and personnel under complex airport surface conditions.58

The remainder of this paper is organized as follows: Section 2 introduces related59

work; Section 3 describes the proposed network architecture; Section 4 presents exper-60

imental settings and results; Section 5 discusses limitations and future work; Section61

6 concludes the paper.62

2 Related Work63

2.1 Object Detection and YOLO Series Development64

Object detection, as a core task in computer vision, aims to classify and localize specific65

objects in images. With the rapid development of deep learning, convolutional neural66

network-based methods have become the dominant paradigm, replacing traditional67

hand-crafted feature extraction approaches.68

Object detection methods can be broadly divided into two categories: two-stage69

and one-stage detectors. Two-stage methods such as Fast R-CNN [13], Faster R-CNN70

[14], and Mask R-CNN [15] generally achieve high accuracy but suffer from high com-71

putational cost and limited real-time performance. In contrast, one-stage methods72

such as SSD [16], RT-DETR [17], and the YOLO series directly predict object classes73

and bounding boxes in an end-to-end manner, achieving a better trade-off between74

accuracy and speed, making them more suitable for real-time and resource-constrained75

scenarios.76

3



Since the YOLO series of algorithms was launched in 2016, continuous techni-77

cal iterations have been carried out. YOLOv1 uses the Darknet19 architecture to78

directly predict bounding boxes and class probabilities in one network, greatly improv-79

ing the detection speed [18]. YOLOv2 expands the system resolution, supports the80

detection of more than 9,000 object categories, and improves the model’s applica-81

bility and accuracy [19]. YOLOv3 introduces a multi-scale prediction mechanism82

and three sizes of detection kernels, enhancing the perception ability of different83

scale targets [20]. YOLOv4 adopts CSP connections and Mosaic data augmentation,84

improving the learning efficiency while reducing the computational load [21]. YOLOv585

optimizes the backbone, neck, and head structures, further improving the overall detec-86

tion performance [22]. YOLOv6 introduces a bidirectional connection module and an87

anchor-assisted training strategy, achieving a good balance between detection speed88

and accuracy [23]. The Efficient Layer Aggregation Network (E-ELAN) proposed by89

YOLOv7 enhances the network’s feature learning ability without disrupting the orig-90

inal architecture [24]. YOLOv8 replaces C3 with the C2f module with better gradient91

flow and combines a decoupled head with a task-aligned matching strategy to opti-92

mize the feature extraction and fusion efficiency [25]; YOLOv9 improves the model’s93

generalization ability in diverse scenarios through programmable gradient informa-94

tion technology and a generalized efficient layer aggregation network [26]. YOLOv1095

proposes a new real-time object detection method, addressing the post-processing96

and model architecture defects in previous YOLO versions [27]. While maintaining97

real-time detection capabilities, YOLO11 strengthens the extraction and expression98

of multi-scale features, providing a more solid foundation for detection in complex99

scenarios [28]. YOLOv12 introduces a regional attention mechanism and a residual100

efficient layer aggregation network, achieving higher detection accuracy while main-101

taining real-time performance [29]. YOLOv13 proposes the HyperACE and FullPAD102

mechanisms, enhancing multi-scale feature fusion and the ability to adapt to com-103

plex scenarios [30]. YOLOv26 is designed specifically for edge and low-power devices,104

simplifying the design architecture to achieve a lighter and faster deployment [31].105

2.2 Research Status of Airport Scene Object Detection106

Airport surface surveillance plays a critical role in ensuring aviation safety. Due to107

the elevated camera installation and wide monitoring coverage, most targets such as108

aircraft, vehicles, and personnel appear as small objects, resulting in limited feature109

information and increased detection difficulty compared with general object detec-110

tion tasks [1, 32]. Moreover, the complex airport environment, including large-scale111

background variations and diverse target appearances, further challenges the effec-112

tive representation of small objects. Apart from aircraft, ground vehicles, and on-site113

staff, runways and aprons may also contain intrinsically tiny foreign-object debris114

(FOD), further increasing the difficulty of fine-grained visual perception in airport115

surveillance [33]. Therefore, improving small-object feature representation while main-116

taining detection accuracy and computational efficiency has become an important117

research focus in airport scene object detection. To address these challenges, various118

improved methods have been proposed [12, 34, 35]. These approaches mainly focus on119

enhancing fine-grained and multi-scale feature representation, introducing attention120
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or Transformer-based mechanisms, and improving detection efficiency for practical121

airport surveillance scenarios.122

Based on the ASS dataset, Zhou et al. constructed ASSD-YOLO by introducing123

attention mechanisms and Transformer encoders into YOLOv7, improving detection124

accuracy in complex scenes [36]. They further proposed LAS-YOLO, which adopts125

lightweight modules and replaces heavy pyramid structures with SPPF to reduce126

computational cost while maintaining performance [37]. To enhance robustness under127

adverse conditions, ADH-YOLO introduces a decoupled detection head and coordinate128

attention to improve performance in haze environments [9]. For real-time requirements,129

AD-YOLO integrates Swin Transformer and channel-spatial attention mechanisms to130

improve feature representation efficiency [7]. For airport apron scenarios, He et al. pro-131

posed DT-YOLO by integrating Transformer attention and deformable convolution to132

enhance multi-scale and deformable object representation [38]. Xu et al. introduced133

SPD-Conv into YOLOv5 to improve feature extraction for moving ground service tar-134

gets [10]. In aerial surveillance scenarios, Li et al. combined multi-scale feature fusion135

and Wasserstein-based loss functions to improve small-object detection accuracy while136

maintaining efficiency [39]. For runway detection in remote sensing images, Wan et al.137

proposed CR-Mask R-CNN with rotated region proposals and attention mechanisms138

to reduce false and missed detections in complex backgrounds [40].139

3 Airport Scene Recognition Algorithm Based on140

YOLO11141

3.1 YOLO11 Network Architecture142

The YOLO11 model adopts the C3k2 module, the Spatial Pyramid Fast Pooling143

(SPPF) module, and the Cross-Stage Partial Spatial Attention (C2PSA) mechanism.144

With a lightweight design and strong adaptability, YOLO11 can be deployed on edge145

devices and cloud platforms for real-time detection in airport scenarios.146

Although YOLO11 performs well in general tasks, it has clear limitations in airport147

surveillance. The airport environment is complex and dynamic. Adverse weather such148

as haze, rain, snow, and low visibility degrades visible-light imaging, weakening feature149

extraction for aircraft, vehicles, and ground personnel, and reducing overall robustness150

for all-weather monitoring. In addition, airport targets vary widely in scale, from large151

aircraft to small vehicles and ground staff. The model tends to lose spatial details of152

small objects during deep feature extraction and lacks a dynamic multi-scale adapta-153

tion mechanism, leading to missed small targets and localization errors for large ones.154

Moreover, in cases of similar textures and occlusion on the apron, its discriminative155

ability is weakened, making it difficult to distinguish normal operations from abnormal156

intrusions, which fails to meet high-security and high-precision requirements.157

To address these issues, this paper proposes AMFD-YOLO. A multi-scale attention158

mechanism (MOAM) is introduced to enhance occluded target features and reduce159

missed detections. Meanwhile, the normalization layer is replaced with a dynamic160

Tanh-based activation (FDM), which is integrated into the C3k2 module to form161

the C3k2 FDM block. This design enables adaptive feature scaling and improves the162
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Fig. 1 AMFD-YOLO Network Architecture

model’s sensitivity to complex environmental variations. In addition, a P2 detection163

head is added to enhance small-object perception. The overall improved architecture164

is illustrated in Figure 1.165

3.2 MOAM166

To address target occlusion in airport surveillance scenarios, we propose a Multi-167

scale Occlusion-aware Attention Module (MOAM), as shown in Figure 2. The module168

enhances feature representations of occluded targets in the network, thereby improv-169

ing detection performance under severe occlusion conditions. It alleviates feature170

loss, localization errors, and local feature aliasing caused by object overlap, while171

strengthening salient foreground features and suppressing background interference.172

Consequently, it improves feature compensation for occluded objects and enhances173

localization stability.174

Given an input feature map:175

X ∈ R
B×C×H×W (1)

we construct multiple scale-specific transformation branches. For each scale pk,176

feature embedding is implemented via a convolution with stride equal to the patch177

size:178

E(pk) = BN
(
ϕ(Convpk×pk,s=pk

(X))
)

(2)
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Fig. 2 Architecture of the MOAM Module

where ϕ(·) denotes the GELU (or SiLU) activation function and BN denotes batch179

normalization.180

Each scale branch further performs feature refinement through stacked depthwise181

separable convolution blocks with residual connections. Specifically, given the input182

feature representation U
(pk)
t−1 of the t-th block, depthwise convolution is first employed183

to enhance local spatial information, followed by pointwise convolution for channel184

interaction:185

Ũ
(pk)
t = U

(pk)
t−1 + BN

(
ϕ(DWConv3×3(U

(pk)
t−1 ))

)
, (3)

186

U
(pk)
t = BN

(
ϕ(PWConv1×1(Ũ

(pk)
t ))

)
. (4)

After multiple stacked blocks, each branch produces:187

Y(pk) = F (pk)(X) (5)

To integrate multi-scale information, global average pooling is applied:188
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z(pk) = GAP(Y(pk)), z(x) = GAP(X) (6)

The overall channel descriptor is obtained by averaging the original and multi-scale189

feature statistics:190

z̄ =
1

K + 1

(
z(x) +

K∑

k=1

z(pk)

)
. (7)

Based on the aggregated descriptor, a lightweight channel attention mechanism is191

introduced to generate adaptive channel weights:192

a = σ
(
W2δ(W1z̄)

)
, a ∈ (0, 1)C , (8)

where δ(·) denotes the nonlinear activation function and σ(·) represents the sigmoid193

function. To further strengthen the response of informative channels under complex194

occlusion conditions, an exponential calibration strategy is adopted:195

w = exp(a). (9)

Finally, the output feature map is obtained via channel-wise modulation:196

X̂ = X⊙w (10)

which can also be written in compact form as:197

X̂ = X⊙ exp
(
σ(W2δ(W1 ·GAP(F (X))))

)
(11)

Overall, MOAM improves feature robustness by combining multi-scale spatial mod-198

eling and exponential channel reweighting, which is particularly effective in occluded199

and crowded scenes.200

3.3 C3k2 FDM+P2 Detection Layer201

The proposed C3k2 FDM module is built upon the original C3k2 architecture in202

YOLO11, which integrates multi-scale convolutional kernels and channel-splitting203

strategies to achieve efficient feature extraction under computational constraints.204

To improve robustness in complex airport surveillance scenarios, we redesign205

the feature modulation mechanism within C3k2 by introducing Feature Distribution206

Modulation (FDM), while preserving the original topological structure of the network.207

Let the input feature map be:208

x ∈ R
C×H×W , (12)

In standard YOLO architectures, feature modulation is implicitly performed via209

normalization layers and activation functions. However, this coupling leads to limited210

flexibility under severe distribution shifts in dense and cluttered scenes.211

To address this limitation, we introduce an explicit modulation function, Feature212

Distribution Modulation (FDM), defined as:213

FDM(x) = γ ⊙ tanh(αx) + β, (13)
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where α is a learnable scalar controlling the saturation strength of the nonlinear214

mapping, and γ, β ∈ R
C are channel-wise affine parameters.215

The identity branch in the C3k2 FDM module is defined as a direct shortcut path216

that preserves part of the input features without transformation:217

Identity branch: z1 = x, (14)

which enhances feature reuse and stabilizes gradient propagation.218

The transformation branch processes the remaining features through a sequence219

of Bottleneck or C3k blocks:220

zk+1 = F(zk), k = 1, . . . , n, (15)

where F(·) denotes either Bottleneck or C3k transformation.221

The modulated feature map is first projected via a 1× 1 convolution:222

z = Conv1×1(FDM(x)) ∈ R
2C′

×H×W , (16)

and then split into identity and transformation branches:223

z = [z1, z2]. (17)

Finally, features are fused via concatenation followed by a 1× 1 convolution:224

y = Conv1×1(Concat(z1, z2, . . . , zn+1)). (18)

The overall C3k2 FDM structure is illustrated in Fig. 3.225

This unified visualization avoids redundant depiction of the C3k2 architecture by226

integrating the C3k2 topology, the transformation branches, and the proposed FDM-227

based feature modulation mechanism into a single framework.228

Finally, to further enhance small-object sensitivity in airport surveillance, a P2229

detection head is introduced into the original YOLO11 detection pyramid, forming a230

four-scale detection structure {P2, P3, P4, P5}. The P2 layer preserves high-resolution231

spatial details and significantly improves the detection of small and densely distributed232

objects.233

The original design of YOLO11 uses an 8-fold downsampled feature map, which has234

a relatively large receptive field for tiny targets and is prone to losing detailed infor-235

mation during feature extraction. To alleviate the resulting missed detection problem,236

this paper adds a P2 detection head for tiny targets on the basis of the original three-237

scale detection heads of P3, P4, and P5, forming a four-scale detection architecture.238

The P2 layer is located in the shallow layer of the network and has a high resolution. It239

retains rich fine-grained features and spatial location information, and can effectively240

capture the contour and texture details of small targets. After adding the detection241

head, the model’s detection ability for targets of different scales is enhanced, and the242

overall detection accuracy and robustness are further improved.243
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Fig. 3 Schematic Diagram of C3k2 FDM

4 Experiments and Result Analysis244

4.1 Datasets245

The ASS (Airport Surface Surveillance) dataset is an open dataset constructed by246

Zhou et al. for the research on object detection in airport surface surveillance scenarios247

[36]. This dataset is collected based on a real airport surface surveillance system and248

can better reflect the characteristics of actual airport surface surveillance application249

scenarios compared to other publicly available aircraft datasets. The ASS dataset250

contains two subsets: ASS1 (Airport Surface Surveillance Dataset) and ASS2 (Airport251

Panoramic Surveillance Dataset), corresponding to different surveillance perspectives252

and scenario characteristics. In this paper’s experiment, the ASS1 dataset is mainly253

used. This dataset is constructed by collecting typical surveillance images from a254

real airport surface surveillance system, covering surveillance images under various255

environmental conditions such as sunny days, late nights, and rainy days. It contains256

a total of 2000 typical surveillance images, annotated with three common targets:257

airplanes, personnel, and vehicles, with a total of 8371 target bounding boxes. The258

ASS dataset is manually annotated using the Labeling graphical annotation tool and259

randomly divided into a training set and a test set in an 8:2 ratio.260
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4.2 Experimental Environment261

In this paper, PyTorch 2.0.1 is used as the deep learning framework, and the Python262

version is 3.10.12. The experimental environment is based on the Ubuntu 20.04 operat-263

ing system and the CUDA 11.8 computing platform. In terms of hardware, the model264

is trained using an NVIDIA GeForce RTX 4090 graphics card (with 25.2 GB of video265

memory). The training process is iterated 200 times, the batch size is set to 16, and266

the input image resolution is uniformly set to 640×640. The optimization algorithm267

uses Stochastic Gradient Descent (SGD), and the initial learning rate is set to 0.01.268

To ensure the fairness and reproducibility of the experimental results, all comparison269

methods and ablation experiments are executed under the above unified environment270

configuration and parameter conditions. By strictly controlling the experimental vari-271

ables, external factors can be excluded from interfering with the experimental results,272

making the performance differences solely attributable to the algorithm design itself.273

This approach enhances the credibility of the experimental results and provides a274

reliable basis for horizontal comparison between subsequent methods.275

4.3 Evaluation Metrics276

The experiment uses multi-dimensional metrics to systematically evaluate the277

improved model. In terms of detection accuracy, Precision (P), Recall (R), and Mean278

Average Precision (mAP, including mAP0.5 and mAP0.5-0.95) are selected as the279

evaluation criteria. Precision is defined as280

P =
TP

TP + FP
(19)

reflecting how many of the positive examples predicted by the model are real, and the281

higher its value means fewer false positives;282

Recall is defined as283

R =
TP

TP + FN
(20)

Recall represents the proportion of real targets that are correctly detected, and the284

higher its value means fewer missed detections;285

The average precision measures the average precision performance of a single-class286

detector at different recall rate levels by calculating the area under the P-R curve with287

recall rate as the horizontal axis and precision as the vertical axis,288

AP =

∫ 1

0

P (R) dR (21)

while mAP takes the arithmetic mean of the APs of all classes and is a com-289

prehensive indicator to measure the overall accuracy of a multi-class detection290

model.291

mAP =
1

N

N∑

i=1

APi (22)
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The degree of model lightweight is measured by the number of parameters292

(nParam) and the number of floating-point operations (FLOPs). The lower the FLOPs,293

the smaller the computational burden.294

4.4 Overall Model Comparative Analysis295

In the airport scene detection task, the performance comparison between the improved296

YOLO11 model and the traditional YOLO11 model is clearly presented through three297

curve charts, and the number of training rounds is 200.298

Fig. 4 Total loss

Figure 4 compares the total loss curves of the original YOLO11 model and the299

improved YOLO11: At the beginning of training, the loss values of both decrease300

rapidly, reflecting the efficient learning characteristics of the model. In the first 25301

rounds, the loss of the improved model decreases faster, and the parameter adapta-302

tion is more rapid. However, the loss value of the improved model is always slightly303

higher than that of the original model in the middle and late stages of training. On304

the one hand, the improved model has a higher complexity, resulting in a slightly305

higher absolute value of the loss; on the other hand, the results of subsequent abla-306

tion experiments and comparative experiments show that the improved model has307

higher accuracy and greatly improved generalization ability in actual detection tasks.308

This reflects the effectiveness of the improvement strategy in balancing fitting and309

generalization.310

Figure 5 compares the mAP@0.5 index of the original YOLO11 model and the311

improved model: In the early stage of training, the improved model learns faster. In312
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Fig. 5 mAP@0.5

the first 100 rounds, the mAP@0.5 value quickly rises to about 0.71, significantly313

higher than 0.53 of the original model, indicating that it can learn effective features314

faster; during the 100 - 200 rounds of training, the upward trend of the curve slows315

down, but the improved model always maintains a higher growth rate and reaches a316

higher index, verifying the continuous effectiveness of the improvement strategy; after317

about 200 rounds of stable training, the mAP@0.5 of the improved model stabilizes at318

about 0.76, a 20% increase compared to 0.56 of the traditional model. The improved319

model has achieved significant improvements in feature extraction and classification320

accuracy. Especially when IoU = 0.5, the matching degree between the detection box321

and the true bounding box has been significantly improved, achieving an efficient bal-322

ance between detection rate and accuracy, and significantly enhancing the recognition323

ability of complex airport scenes.324

Figure 6 shows that the improved YOLO11 model achieves higher mAP@0.5-0.95325

values than the original model throughout training. It exhibits faster performance326

improvement in the early training stage and finally reaches a stable mAP@0.5-0.95 of327

about 0.56, which is 13% higher than the baseline result of 0.43. The improved model328

13



Fig. 6 mAP@0.5-0.95

still maintains obvious advantages at high IoU thresholds, verifying its strong ability329

to locate target boundaries accurately for airport-scene positioning tasks.330

Overall, in the airport scene object detection, the improved YOLO11 has achieved331

significant improvements in both mAP@0.5 and mAP@0.5-0.95. Analyzing in combi-332

nation with the total loss curve, it verifies the advantages of the model in recognition333

accuracy, training generalization ability and fine positioning, fully demonstrating the334

effectiveness and application value of the proposed improvement, and providing strong335

support for the efficient service of the airport scene recognition system.336

4.5 Ablation Experiment337

To verify the effectiveness of each improved module for the system, a set of ablation338

experiments was designed in this paper. All experiments were conducted under the339

same parameter configuration to ensure the comparability of the results. The specific340

experimental settings are as follows:341

• Baseline model: YOLO11 was used as the baseline model, and its original perfor-342

mance on the target dataset was recorded.343

• The second group of experiments: The MOAM attention mechanism was added to344

the detection head part of YOLO11.345

• The third group of experiments: FDM was introduced into the C3k2 module and346

all C3k2 modules in the network were replaced with C3k2 FDM.347
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Table 1 Ablation experiment results

Model Category Precision Recall mAP@0.5 mAP@0.5-0.95

Baseline

all 0.774 0.528 0.563 0.435

airplane 0.974 0.952 0.974 0.882

person 0.486 0.0048 0.0111 0.00236

truck 0.861 0.628 0.704 0.42

YOLO11 + MOAM

all 0.678 0.609 0.621 0.471

airplane 0.962 0.97 0.979 0.896

person 0.323 0.119 0.107 0.0325

truck 0.748 0.738 0.776 0.484

YOLO11 + MOAM + FDM

all 0.849 0.76 0.799 0.56

airplane 0.965 0.97 0.981 0.907

person 0.761 0.475 0.55 0.225

truck 0.82 0.836 0.865 0.548

Through these ablation studies, this paper analyzed the impact of each improve-348

ment on the model performance item by item, thus verifying the effectiveness of349

the proposed method in improving the detection accuracy and robustness. The350

experimental results are shown in Table 1.351

The results of the ablation experiments show that each improvement measure has352

brought significant performance gains in the airport scene surveillance task. The overall353

precision rate of the original YOLO11 baseline model is 77.4%, the recall rate is 52.8%,354

and mAP@0.5 and mAP@0.5-0.95 are 56.3% and 43.5% respectively. The person class355

is almost impossible to be effectively detected, with a recall rate of only 0.48% and356

mAP@0.5 as low as 1.11%. In the second group of experiments (A), the MOAM357

attention mechanism was added to the baseline model. The experimental results show358

that the overall recall rate of the model is increased to 60.9%, mAP@0.5 is increased to359

62.1%, and mAP@0.5-0.95 is increased to 47.1%; especially the detection performance360

of the person class is significantly improved, the recall rate is increased to 11.9%,361

mAP@0.5 is increased to 10.7%, and at the same time, the detection effects of the362

airplane and truck classes are also slightly enhanced. In the third group of experiments363

(A+B), on the basis of A, the C3k2 module was further replaced with the C3k2 FDM364

module, and the model performance was more comprehensively improved: the overall365

precision rate reached 84.9%, the recall rate reached 76%, mAP@0.5 reached 79.9%,366

and mAP@0.5-0.95 reached 56%. Among them, the detection effect of the person class367

is improved most significantly, the precision rate is increased to 76.1%, the recall rate368

is increased to 47.5%, and mAP@0.5 is increased to 55%. At the same time, the recall369

rate of the truck class is greatly increased to 83.6%, mAP@0.5 jumps to 86.5%, and370

mAP@0.5-0.95 is increased to 54.8%, showing stronger robustness to vehicle targets;371

all indicators of the airplane class reach the best, with P, R, mAP@0.5, and mAP@0.5-372

0.95 stabilizing at 96.5%, 97.0%, 98.1%, and 90.7% respectively. The above results373

fully prove the effectiveness of the combined improvement of MOAM and FDM.374
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In summary, the improved YOLO11 shows a significant performance leap in airport375

surface surveillance tasks. Compared with the baseline model, the overall precision,376

recall, mAP@0.5, and mAP@0.5-0.95 are increased by 7.5, 23.2, 23.6, and 12.5 per-377

centage points respectively, reflecting the comprehensive optimization of the model in378

detection accuracy and robustness. In terms of sub-targets, the performance gain of the379

person class is the most prominent, with the recall rate jumping from 0.48% to 47.5%,380

and mAP@0.5 increasing from 1.11% to 55%. The detection robustness of the airplane381

and truck categories is also significantly enhanced. Among them, the mAP@0.5-0.95 of382

the airplane increases from 88.2% to 90.7%, and the mAP@0.5 of the truck increases383

from 70.4% to 86.5%. The above indicators fully demonstrate that the synergistic effect384

of the MOAM and C3k2 FDM mechanisms can effectively address the core challenges385

such as missed detection of small targets, target occlusion, and complex background386

interference in surface surveillance tasks, and have good practical application value.387

4.6 Comparative Experiments388

To further verify the effectiveness of AMFD-YOLO in airport surface surveillance389

tasks, this paper selects multiple YOLO series models for comparative experiments,390

and the experimental results are shown in Table 2.391

From the perspective of overall performance, the precision of the improved model392

reaches 84.9%, significantly higher than 72.1% of YOLOv9t and 68.8% of YOLO26.393

In terms of recall, the improved model is increased to 76%, far ahead of YOLOv5394

(54.3%) and YOLO12 (53.9%), achieving the coordinated optimization of precision395

and recall. In the comprehensive index mAP@0.5, the improved model reaches 79.9%,396

while YOLOv5, YOLOv6, and YOLO26 are only 56.6%, 57.1%, and 59.3% respec-397

tively. Under the more stringent mAP@0.5-0.95 standard, the improved model is also398

significantly better than YOLOv5 (44.1%) and YOLOv8 (45.4%) with 56%, fully399

verifying the comprehensive ability of the improved model in airport surface target400

detection tasks.401

In the airport scene surveillance task, the target scale of the person category is the402

smallest and the detection difficulty is the highest. Most comparison models perform403

poorly on such targets, while the improved YOLO11 shows obvious advantages. Its404

precision rate reaches 76.1%, far exceeding YOLOv9t (36.1%) and YOLO26 (43.4%).405

The recall rate jumps to 47.5%, while the recall rates of YOLOv5 and YOLOv12 for406

this category are both 0%, and YOLOv10n is only 0.168%. In terms of accuracy, the407

mAP@0.5 of the person category of the improved model reaches 55%, while those of408

YOLOv6, YOLOv8, and YOLOv9t are only 1.71%, 5.64%, and 1.15% respectively.409

The mAP@0.5-0.95 of the improved model reaches 22.5%, while those of YOLOv5,410

YOLOv12, and YOLO26 are only 0%, 0.164%, and 2.54% respectively. The above data411

fully demonstrate that the improved model effectively overcomes the problem of missed412

detection of personnel targets and can more reliably capture the position information413

of the scene personnel. In addition to personnel targets, the detection robustness of414

the improved YOLO11 for two common airport targets, airplane and truck, is also415

significantly enhanced. The mAP@0.5-0.95 of the airplane category reaches 90.7%,416

better than YOLOv10n (87.7%) and YOLO26 (87.9%); the mAP@0.5 of the truck cat-417

egory reaches 86.5%, significantly higher than YOLOv5 (71.9%), YOLOv10n (69.3%),418
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Table 2 Comparative experiment results

Model Category Precision Recall mAP@0.5 mAP@0.5:0.95

YOLOv5

all 0.944 0.543 0.566 0.441

airplane 0.982 0.963 0.980 0.889

person 1.000 0.000 0.000 0.000

truck 0.850 0.665 0.719 0.434

YOLOv6

all 0.949 0.544 0.571 0.451

airplane 0.983 0.966 0.982 0.902

person 1.000 0.00647 0.0171 0.00521

truck 0.865 0.660 0.715 0.446

YOLOv8

all 0.753 0.583 0.599 0.454

airplane 0.973 0.963 0.982 0.892

person 0.432 0.05700 0.0564 0.0143

truck 0.855 0.729 0.758 0.457

YOLOv9t

all 0.721 0.557 0.570 0.448

airplane 0.971 0.966 0.973 0.892

person 0.361 0.00671 0.0115 0.00320

truck 0.830 0.697 0.724 0.450

YOLOv10n

all 0.896 0.526 0.559 0.435

airplane 0.930 0.949 0.973 0.877

person 0.978 0.00168 0.0114 0.00407

truck 0.781 0.628 0.693 0.425

YOLO11

all 0.774 0.528 0.563 0.435

airplane 0.974 0.952 0.974 0.882

person 0.486 0.00480 0.0111 0.00236

truck 0.861 0.628 0.704 0.420

YOLO12

all 0.947 0.539 0.566 0.441

airplane 0.975 0.970 0.982 0.893

person 1.000 0.00000 0.00656 0.00164

truck 0.868 0.645 0.709 0.428

YOLO26

all 0.688 0.558 0.593 0.435

airplane 0.926 0.945 0.973 0.879

person 0.434 0.07550 0.0924 0.02540

truck 0.705 0.653 0.712 0.399

AMFD-YOLO

all 0.849 0.760 0.799 0.560

airplane 0.965 0.970 0.981 0.907

person 0.761 0.475 0.550 0.225

truck 0.820 0.836 0.865 0.548
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and YOLO26 (71.2%), and its mAP@0.5-0.95 reaches 54.8%, also leading YOLOv5419

(43.4%), YOLOv8 (45.7%), and YOLOv10n (42.5%). This shows that the improved420

model further enhances the anti-interference ability and overall robustness in complex421

scenarios while ensuring high recognition accuracy.422

4.7 Multi-Model Scenario Application Comparison423

Fig. 7 Comparison Results: (a) Original Image, (b) YOLOv5, (c) YOLOv6, (d) YOLOv8, and (e)
YOLOv9

To visually demonstrate the effectiveness of the improved YOLO model in airport424

scene object detection, five groups of typical scenario images were selected: apron refu-425

eling scenario, nighttime apron scenario, runway takeoff scenario, taxiway guidance426

scenario, and rainy-day taxiway scenario. The algorithm models include YOLOv5,427

YOLOv6, YOLOv8, YOLOv9, YOLOv10, YOLO11, YOLOv12, YOLO26, and the428

improved YOLO11. The results are shown in Figures 10 and 11. The detection results429

of each algorithm are output in the form of bounding boxes with the target category430

and confidence. Through analysis, it can be found that in the first four groups of typ-431

ical scenarios, all models effectively detected aircraft and vehicle targets, but only the432

improved YOLO11 model accurately detected tiny human targets. In the rainy-day433

taxiway scenario, YOLOv8 detected one person, while the improved model achieved434

accurate detection of two people. In the apron refueling scenario, the YOLOv6, v9,435

v10, 11 models had varying degrees of false detection and over-detection. In the night-436

time scenario, the YOLOv9 and YOLO26 models also over-detected a vehicle, and437

YOLOv10 and YOLOv12 misdetected the airbridge as a truck in the taxiway guidance438

scenario.439
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Fig. 8 Comparison Results: (a) YOLOv10, (b) YOLO11, (c) YOLOv12, (d) YOLO26, and (e)
Improved YOLO11

The above comparative analysis shows that through a series of optimizations, the440

improved YOLO11 model effectively enhances the object detection ability of the model441

under various complex scenario conditions. In contrast, other models such as YOLOv9,442

YOLOv10, and YOLO11 still have problems of over-detection, missed detection, and443

false detection in complex scenarios. In addition, the improved model also shows obvi-444

ous advantages in terms of confidence, bounding box accuracy, and adaptability to445

complex environments, thus demonstrating its superior reliability and effectiveness in446

practical applications.447

5 Discussion448

In this paper, aiming at the problem of small object detection in airport scene surveil-449

lance, through the introduction of the MOAM multi-scale attention mechanism, FDM450

dynamic activation module, and P2 detection layer, the collaborative optimization of451

feature extraction and target localization is achieved. The P2 layer retains the shallow452

detail features, compensating for the information loss of small objects in the downsam-453

pling process; the MOAM module and C3k2 FDM enhance the model’s adaptability to454

occluded targets and complex environments from the perspectives of spatial attention455

and dynamic non-linear transformation, respectively.456

Although the improved model performs well on the ASS1 dataset, there are still457

two deficiencies:458

First, the limitations at the data level. Although the ASS1 dataset covers various459

weather and lighting conditions, due to the limitations of the airport scenario, the460

image acquisition angles and heights are relatively fixed, there are insufficient samples461
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of extreme weather, and the actual operating conditions of the airport are not fully462

covered. Subsequently, we plan to cooperate with airport operation units to collect463

more diverse surface surveillance data and build an evaluation set covering a more464

comprehensive range of environmental conditions.465

Second, the challenges at the engineering deployment level. Current research466

focuses on optimizing the detection performance of static images and does not fully467

consider the real-time requirements and computational resource constraints in actual468

surveillance systems. The P2 detection layer increases the computational load while469

improving the accuracy, and its inference efficiency on edge devices needs to be further470

verified. In addition, the detection results are not deeply integrated with the airport471

surface surveillance system, lacking support for functions such as continuous target472

tracking, trajectory prediction, and abnormal behavior recognition. Future work will473

further optimize the network structure in combination with lightweight technologies to474

adapt to airborne or edge deployment environments, and at the same time introduce a475

multi-target tracking module to build an intelligent surface surveillance solution with476

real-time positioning and continuous monitoring capabilities.477

6 Conclusion478

This paper focuses on the small target detection problem in airport surface surveil-479

lance and designs AMFD-YOLO, a target detection algorithm improved based on480

YOLO11. Through the analysis of the characteristics of airport surface images, it is481

found that there are challenges such as dense small targets, complex and changeable482

environments, and easy occlusion of targets in this scenario. To address the above483

challenges, this paper optimizes YOLO11 from three aspects: introducing the MOAM484

multi-scale attention mechanism to enhance the feature expression of occluded targets;485

using the FDM dynamic activation function to construct the C3k2 FDM module to486

achieve feature adaptive modulation and improve the adaptability of the model under487

different lighting and weather conditions; adding a P2 small target detection layer to488

retain the detailed information of the shallow layer and enhance the perception ability489

of tiny targets.490

The experiments were carried out on the publicly available ASS1 dataset, in491

which the proportion of small targets reached 39.42%. The improved model achieved492

84.9%, 76%, 79.9% and 56% in the four indicators of precision, recall, mAP@0.5 and493

mAP@0.5-0.95, respectively, which were 7.5, 23.2, 23.6 and 12.5 percentage points494

higher than the baseline YOLO11 model. The ablation experiments showed that the495

introduction of the C3k2 FDM module and the P2 detection layer contributed signif-496

icantly to the improvement of the model performance, and their synergistic effect led497

to an order-of-magnitude improvement in the detection accuracy of the personnel cat-498

egory. Compared with mainstream algorithms such as YOLOv5, YOLOv8, YOLOv9t,499

YOLOv10n, YOLO11, YOLO12 and YOLO26, the method in this paper showed the500

best overall detection accuracy. Especially for small target categories such as person-501

nel, the mAP@0.5 reached 55.0%, while the comparison methods did not exceed 10%,502

fully verifying the superiority of the improved algorithm in the small target detection503

task.504
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To sum up, AMFD-YOLO in this paper can effectively address the problem of small505

target detection in airport surface surveillance, maintain good detection performance506

under complex environmental conditions, and provide an effective technical solution507

for high-precision real-time surveillance of airport surfaces. In the future, the surface508

surveillance data will be improved, and research will be carried out in the directions of509

model lightweight and multi-object tracking, etc., to further enhance the practicality510

and robustness of the algorithm and promote the intelligent development of airport511

surface surveillance systems.512
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