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Abstract—Foreign Object Debris (FOD) on airport runways
poses a persistent and costly safety hazard to aviation operations
worldwide. In this work, we developed a lightweight, real-time
detection framework grounded in hypergraph-based adaptive
correlation modeling for accurate FOD identification across 31
debris categories. The architecture integrates three core mecha-
nisms. First, a hypergraph-based correlation enhancement mod-
ule constructs learnable hyperedges from multi-scale backbone
features to capture high-order inter-pixel relationships through
a two-stage message passing scheme with linear computational
complexity. Second, a full-pipeline aggregation-and-distribution
strategy routes correlation-enriched features to backbone-neck
junctions, internal neck layers, and neck—head interfaces through
learnable gated tunnels. Third, depthwise separable convolution
blocks replace standard convolutions throughout the network to
maintain large receptive fields at a fraction of the parameter
cost. The framework was fine-tuned from general-purpose object
detection weights on the FOD-A benchmark (33,793 images, 31
classes) and trained for 100 epochs at 640 x 640 resolution. The
resulting model, containing roughly 2.5 million parameters and
6.4 GFLOPs, achieved 99.37% mAP at IoU 0.50 and 93.91%
mAP at IoU 0.50:0.95 on the validation set, with precision and
recall exceeding 99.6% and 99.5%, respectively. These results
surpass previously reported FOD detection benchmarks while
operating within the computational budget required for real-
time runway monitoring. The source code is publicly available
at https://github.com/encoder43/Hypergraph-Enhanced-Light
weight-Detection-for-Runway-Foreign-Object-Debris, and the
complete training results and model weights can be accessed at
https://drive.google.com/drive/folders/1-Ayv3sgXCgPJub2K9m
2-4QygXVdSWOOW?usp=drive_link.

Index Terms—Foreign Object Debris Detection, Hypergraph
Neural Networks, Real-Time Object Detection, Depthwise Sepa-
rable Convolutions, Airport Runway Safety

I. INTRODUCTION

Foreign Object Debris (FOD) on airport runways remains
one of the most persistent safety hazards in civil and military
aviation. FOD includes metallic fasteners, hand tools, luggage
fragments, pavement chips, wildlife remains, and other items
capable of causing catastrophic damage to aircraft during
ground operations [1], [2]. The International Air Transport
Association has estimated that FOD-related incidents cost the
global aviation industry roughly $13 billion per year, spanning
direct airframe damage, engine ingestion, tire blowouts, and
consequential flight delays.

Conventional FOD detection has relied on manual visual
inspection or radar-based surface surveillance. Manual inspec-
tion is labour-intensive, susceptible to fatigue-related over-

sights, and impractical for continuous coverage. Radar-based
systems can detect metallic objects but respond poorly to non-
metallic debris such as rubber, plastic, or organic matter. Deep-
learning-based visual detection offers a compelling alternative:
camera feeds can be processed continuously with high sensi-
tivity across diverse debris types.

A. Evolution of Grid-Based Detection Architectures

Grid-based single-stage detection has undergone rapid ar-
chitectural evolution, transitioning from early anchor-based
formulations  [3]-[5] to contemporary anchor-free designs
with decoupled heads and NMS-free dual assignments [6]—
[8]. The most recent advancements, such as YOLOv13 [9],
integrate hypergraph computation to model group-wise high-
order correlations that standard pairwise attention mechanisms
cannot capture, providing a more robust foundation for de-
tecting complex objects in cluttered environments like airport
runways.

B. Hypergraph Neural Networks

Hypergraph learning generalises classical graph methods by
allowing each hyperedge to connect an arbitrary subset of
vertices, thereby encoding complex group-wise dependencies
[10], [11]. For a vertex set } and a hyperedge set &, the
hypergraph G = (V,€) is described by the incidence matrix
H < RIVI¥I€l with H,. > 0 whenever vertex v participates in
hyperedge e. The spectral hypergraph convolution [10] takes
the form

X () = U(D;U? HW,.D.'H' D;!/? X”)@) , )
where D, and D, are vertex and hyperedge degree matrices,
W, is a diagonal weight matrix, and ® collects learnable
parameters. Applying this formulation to dense prediction
tasks such as object detection requires handling large numbers
of vertices (spatial positions in feature maps) efficiently; the
architecture studied here addresses this through an adaptive hy-
peredge generation process whose complexity grows linearly
with vertex count.

C. FOD Detection Literature

Automated FOD detection has historically relied on radar,
lidar, and electro-optical sensor fusion [2]. With the re-
lease of dedicated benchmarks [1], [12], vision-based deep-
learning approaches gained traction. Early experiments with
third-generation detectors on the FOD-A dataset yielded only



37.49% mAP [1]. Modified fifth-generation architectures
paired with dual-light imaging reached an average accuracy
of 91.1% [13]. An enhanced seventh-generation extra-large
variant achieved 90.5% AP with notable gains on small de-
bris [14]. On the FOD-Runway benchmark, fifth-generation
and eighth-generation detectors attained 91.1% and 93.9%
mAPs5, respectively [12]. An eighth-generation nano detector
achieved 99.02% mAPs5q but only 88.35% mAP5095 [15].
Region-based two-stage detectors [16] can deliver high ac-
curacy, but their computational requirements preclude real-
time runway deployment. Quantitative comparisons follow
standardised precision-recall protocols [17]. Recent studies
have also explored uncertainty-calibrated sampling for small
object detection in high-resolution imagery [18]. To date, no
prior work has brought hypergraph-enhanced architectures to
the FOD detection problem. Our primary contributions are:

« We develop an end-to-end detection pipeline based on
hypergraph-enhanced perception, validated on the large-
scale FOD-A benchmark across 31 debris categories.

« We introduce an adaptive hyperedge generation strategy
and a gated feature distribution mechanism (FullPAD) to
ensure multi-scale feature integrity.

« We demonstrate that the proposed framework achieves
state-of-the-art performance (99.37% mAP5q and 93.91%
mAP5q.95) with only ~2.5M parameters, significantly
outperforming existing FOD detection solutions.

The remainder of this paper is organized as follows. Sec-
tion II describes the proposed methodology, including the hy-
pergraph correlation module and the FullPAD mechanism. Sec-
tion III details the experimental setup and dataset. Section IV
presents the quantitative and qualitative results, followed by
a discussion through various ablations. Finally, Section V
concludes the paper.

II. METHODOLOGY
A. Overview

The detection framework developed in this study consisted
of four stages: (1) annotation format conversion from hi-
erarchical XML to normalised centre-format labels, (2) a
feature extraction backbone built from depthwise separa-
ble convolution blocks and area-attention modules, (3) a
hypergraph-enhanced neck that fuses multi-scale features and
distributes correlation-enriched representations via gated tun-
nels, and (4) a decoupled detection head performing anchor-
free bounding-box regression and classification at three spatial
scales. In its nano-scale configuration, the architecture com-
prised roughly 648 layers and 2.5 million trainable parameters.
The overall pipeline is illustrated in Fig. 1.

B. Backbone

The backbone progressively extracted hierarchical features
from the input image I € R3*#*W through strided convolu-
tions and specialised blocks, producing feature maps at strides
{2,4,8,16, 32}.
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Fig. 1: Block diagram of the proposed FOD detection pipeline.
The backbone extracts multi-scale features via CSP-DSConv
and area-attention blocks. The hypergraph correlation module
fuses these features and models high-order relationships. The
FullPAD mechanism distributes enriched features to three
detection heads (P3/P4/P5) through learnable gated tunnels.
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1) Depthwise Separable Convolution: A standard convolu-
tion with kernel size k£ on ¢, input and c,, output channels
costs O(k%cincon HW) operations. Following the depthwise
separable factorisation [19], [20], each convolution was
decomposed into a per-channel spatial filter followed by a
pointwise projection:

DSConv(x) = U(BN(WPW * (Way ® x))), 2)

where Wy, € Re*1XFXk gperates with ci, groups, Wy, €
ReuxcnX1x1 mixes channels, BN(-) is batch normalisation,
and o(x) = x-sigmoid(x) is the SiLU activation. This reduces
the cost to O((k? + cou) cn HW).

2) Lightweight Cross-Stage Partial Blocks: Cross-stage par-
tial blocks extended the split-and-concatenate paradigm with
depthwise separable internals. An input x was processed as

y1,¥2 = Split{Convy 1 (x)), 3)
z; = fé?(zifl), Zo =ya2, 4)
o = Convy(Concatly1, 21, . . ., Z,)), (5)

where each flgls) denotes a depthwise separable bottleneck with
dual kernels of sizes 3 and 7 to capture both fine-grained local
detail and broader context.

3) Area-Attention Feature Extraction: At the deeper back-
bone stages, area-attention blocks partitioned each feature map
F ¢ R*" % into A non-overlapping spatial regions and
computed multi-head self-attention within each region:

Q.K,
Vdy
reducing the quadratic cost of global attention from O(n?) to
O(n?/A). A residual connection with a learnable channel-wise
scaling vector v € R (initialised to 0.01) preserved gradient

flow:

Attn, = softmax( ) V., a€{l,....,A}, (6)

o=x+~40 Conlel(Concat[yl, . ,yn+1]). @)



C. Hypergraph-Based Adaptive Correlation Enhancement

The central component of the neck was a module that fused
multi-scale backbone features, modelled high-order correla-
tions through adaptive hypergraph convolution, and forwarded
the enriched representations through the detection pipeline.
The detailed architecture of this module is depicted in Fig. 2.

1) Multi-Scale Feature Fusion: Feature maps {F3,Fy,F5}
at resolutions {h/8, h/16,h/32} were spatially aligned and
fused:

4) Parallel Branch Design: The fused features were split
into three chunks via a 1 x 1 convolution and processed in
parallel:

¥1,¥2,¥3 = Chunks(Convy 1 (Frusea)) s (15)
Ohi,1 = CSP-HG(yQ), Ohi,2 = CSP—HG(yg), (16)
o, = fps(ys)- (17)

The two high-order branches each wrap the adaptive hyper-
graph convolution in a CSP-style split-and-concat structure,
while the low-order branch applies a depthwise separable

Frued = Convy . 1(Concat[AvgPool,, (F3), F4, Upsample,, (Fsblpck. All outputs were concatenated and fused through a final

®)
2) Adaptive Hyperedge Generation: Given the fused fea-
tures flattened into vertex features X € REXNXD (N = b/w’),
the hypergraph structure was constructed as follows.
A global context vector was first obtained by concatenating
mean and max pooling over the spatial dimension:
¢ = [mean(X,dim=1) || max(X,dim=1)] € R®*?P. (9)

This context was projected through a learned matrix W, €
R2DXMD 404

Residual Connection

|
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Fig. 2: Architecture of the hypergraph-based adaptive correla-
tion enhancement module. Multi-scale features F3, Fy, Fy are
fused, then processed through adaptive hyperedge generation,
two-stage message passing (vertex-to-hyperedge, hyperedge-
to-vertex), and a residual connection.
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The participation matrix A € RV*M is computed via multi-
head similarity:

To compute the participation matrix, both the vertex features
and the prototypes were reshaped into H attention heads with
dimension d, = D/H:

X, = Reshape(W i X), (10)
P;, = Reshape(P), (11
and the softmax-normalised similarity was averaged across
heads to yield the participation matrix:
H () p) "
1 X,’P

A = softmax — —h __h

col 74 ; /—dh

3) Two-Stage Message Passing: With A in hand, informa-
tion was propagated from vertices to hyperedges and back:

Vertex-to-hyperedge aggregation:

c RBXNXM. (12)

H. = ¢,(ATX) € RFPMD, (13)
Hyperedge-to-vertex distribution:
X' = ¢, (AH,) +X € REXN*P (14)

where ¢. and ¢, are linear projections followed by GELU ac-
tivation, and the residual addition stabilises gradients. Because
M < N, the overall cost is O(NM D)—linear in the number
of spatial positions.

1 x 1 convolution.

D. Gated Feature Distribution

The correlation-enriched features produced above were
routed to multiple points in the pipeline through gated tunnels.
Each tunnel computed

Fou = Forig + aFen, (18)
where « is a learnable scalar initialised to zero so that, at the
start of training, the enhanced branch contributes nothing to
the pretrained feature flow. As training progresses, o grows
to accommodate the hypergraph-enhanced signal. Tunnels
were placed at three locations: backbone-to-neck connections,
within internal neck layers, and at neck-to-head interfaces.

E. Detection Head and Loss

1) Anchor-Free Decoupled Head: Predictions were made at
three feature pyramid scales (P3, P4, P5, strides {8, 16,32}).
Each scale used separate classification and regression
branches:

&y =o(WaxFy)) € [0,1]°, (19)

bij = Wi« FY) € RY, (20)
where C' = 31 (the number of FOD classes) and bounding-
box coordinates represent distances from the grid-cell centre
to each box edge.

2) Composite Loss: The training loss was a weighted sum
of three terms:

L= >\b0x Acbox + A(:ls £cls + >\dﬂ Edﬂa
with Apox = 7.5, Aais = 0.5, A\gg = 1.5.

Box regression. We used the Complete Intersection-over-
Union (CloU) loss [21], which jointly penalises overlap
deficit, centre displacement, and aspect-ratio mismatch:

o »
Lhox =1 —ToU + %;b) (22)
where p(-,-) is the Euclidean distance between centres, ¢
is the diagonal of the smallest enclosing box, and v =
% (arctan w _ arctan %) 2.

het
Classification. Standard binary cross-entropy:

1 . .
Lo = — [ys log pi + (1 —y;) log(1 —ps)].  (23)

N, pos
Distribution focal loss. Following [22], the DFL models
each bounding-box edge as a discrete probability distribution,

allowing the network to express localisation uncertainty:
Lan = —[(yiy1 —y)log Si + (y — vi) log Siy1],

where y; <y < y;41 and S; = softmax(d);.

2

+ aur v,

(24)



III. EXPERIMENTAL SETUP
A. Dataset

The FOD-A benchmark [1] was used throughout. Annota-
tions were originally stored in Pascal VOC XML format [23].
We converted each bounding box (Zmin, Ymin, Tmax, Ymax) tO
normalised centre format:

Tmin

_ Ymin + Ymax
oW o Ye

2H ’
w— Tmax — wmin’ b= Ymax — ymin’ (25)

w
and partitioned the data into 25,336 training and 8,457 valida-
tion images following the official split.

Tmax
Te =

B. Augmentation & Training Protocol

The training pipeline applied a comprehensive augmentation
strategy: Mosaic composition (probability 1.0) combined four
images into one composite to expose the network to varied
scales and spatial layouts (disabled for the final 10 epochs),
while Copy-paste (0.1 probability) was used to paste instances
into other images to improve detection of rare small-debris
classes. This was complemented by HSV jittering (hue £0.015,
saturation 0.7, value £0.4), Spatial transforms (horizontal
flip probability 0.5, translation 40.1, scale +0.5), and Random
erasing (probability 0.4) using rectangular patches to simulate
partial occlusion.

Backbone and neck weights were initialised from a model
pretrained on a large-scale general-purpose benchmark (80
classes, ~118 K images) [24]; the detection head was reini-
tialised for 31 classes. We trained for 100 epochs with SGD
(momentum 0.937, weight decay 5x10~%), an initial learning
rate of 0.01 decayed via a cosine-to-linear schedule to 10™4,
and a 3-epoch linear warmup. Batch size was 16 at 640 x 640
resolution with mixed-precision (FP16) arithmetic on a single
NVIDIA GPU.

IV. RESULTS AND DISCUSSION

This section presents both quantitative and qualitative eval-
uation of the proposed framework, followed by an in-depth
discussion of the results.

A. Evaluation Protocol

All metrics follow the COCO evaluation conventions
[17]: mAPs9g (IoU = 0.50), mAPso95 (averaged over
{0.50,0.55,...,0.95}), precision = TP/(TP -+ FP), and recall
= TP/(TP + FN).

B. Training Convergence

Table I traces the training trajectory at selected epochs. The
classification loss fell by 94.4% (from 3.262 to 0.182), the
box regression loss by 62.5%, and the DFL loss by 22.7%.
Validation losses tracked training losses closely throughout,
confirming the absence of overfitting.

Fig. 3 shows the training and validation loss curves along-
side the mAP progression. All three training losses decreased
monotonically, with a noticeable acceleration after epoch 90
when mosaic augmentation was disabled. The mAPs5 saturated
above 99% by epoch 10, while mAP5( g5 continued to improve

TABLE I: Training progression at selected epochs

EpOChS Lbox ﬁcls Edﬁ mAP50 mAP50_95 Prec.
1 1.005 3.262 1.129 0.908 0.732 0.852

10 0.790 0.638  1.106 0.991 0.875 0.989
25 0.661 0.464 1.045 0.993 0.918 0.996
50 0.583 0369 0.996 0.993 0.927 0.996
75 0.513 0303 0.962 0.994 0.932 0.997
100 0377 0.182 0.873 0.994 0.939 0.996

steadily throughout training, confirming that extended training
refined localisation quality.
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(a) Training loss components (b) Validation mAP progression
Fig. 3: Training loss curves (left) and validation mAP pro-
gression (right) over 100 epochs. The sharp loss decrease after
epoch 90 corresponds to mosaic augmentation being disabled.

C. Overall Performance

Table II lists the final validation-set metrics. Precision
exceeded 99.6%—essential for airport operations where false
alarms can trigger costly runway closures—while recall above
99.5% ensures that virtually all debris instances were detected.

TABLE II: Validation-set performance after 100 epochs

Metric Value

mAP50 99.37%
mAP75 98.42%
mAP50.95 93.91%
Precision 99.65%
Recall 99.56%
Parameters ~2.5M
FLOPs ~6.4G

D. Precision—Recall and F1 Analysis

Fig. 4 presents the precision-recall curve and the F1-
confidence curve for the proposed model. The PR curve
demonstrates near-perfect area under the curve across all 31
classes, while the F1 curve shows a broad plateau of high F1
scores across a wide range of confidence thresholds, indicating
robust detection performance that is not overly sensitive to
threshold selection.
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(a) Precision—Recall curve (b) F1-Confidence curve
Fig. 4: (a) Precision—Recall curve showing near-perfect AUC
across all 31 FOD classes. (b) F1 score as a function of
confidence threshold, demonstrating a broad plateau of high
performance.

E. Confusion Matrix Analysis

Fig. 5 presents the normalised confusion matrix for all 31
FOD classes. The matrix reveals near-diagonal dominance,
with the vast majority of classes achieving classification ac-
curacy above 98%. Minor confusions are observed between
visually similar categories such as Bolt and BoltNutSet, and
between MetalPart and MetalSheet, which is expected given
their overlapping visual features at small scales.

Confusion Matrix Normalized

AdjustableClamp 0

AdjustableWrench -
Battery -

Bolt -

BoltNutSet -

Predicted

H

Fig. 5: Normalised confusion matrix across all 31 FOD classes.
Near-diagonal dominance confirms high per-class accuracy
with minimal inter-class confusion.

F. Qualitative Detection Results

Fig. 6 illustrates sample detection results on validation im-
ages. The model accurately localises debris objects of various
sizes, from large tools (hammers, wrenches) to small fasteners
(screws, nails), demonstrating robust multi-scale detection
capability. The predicted bounding boxes closely match the
ground truth annotations, consistent with the high mAP5q.g5
reported in Table II.

Relative to YOLO11-N, the backbone architecture gains 3.0
percentage points of AP (7.8% relative) while using marginally
fewer parameters and comparable FLOPs. Compared with
the attention-centric YOLOV12-N, the improvement is 1.5 pp

(a) Ground truth

(b) Predictions

Fig. 6: Qualitative comparison of (a) ground truth annotations
and (b) model predictions on a validation batch. The model
accurately detects and classifies debris objects across diverse
sizes and categories.

at similar computational cost. In the small-scale tier, the
architecture surpasses RT-DETR-R18 [25] by 1.5 pp with
roughly one-third the parameters and 35% lower latency.

G. Comparison with Prior FOD Detection Methods

Table III collects published FOD detection results. Because
the datasets and evaluation splits differ between studies, direct
comparison should be interpreted with care; nonetheless, the
table provides a useful survey of the field.

TABLE III: Comparison with prior FOD detection studies

Method Dataset mAP50 (%) mAP50.95 (%) Params (M)
YOLOv3 [1] FOD-A 37.49 - 61.5
Enh. YOLOV5 [13] Dual-Light 91.10 - 7.2
Enh. YOLOV7-X [14] Custom 90.50 - 713
YOLOvS-m [12] FOD-Runway 91.10 86.80 21.2
YOLOv8-x [12] FOD-Runway 93.90 93.90 68.2
YOLOv8-n [15] FOD 99.02 88.35 3.2
Proposed FOD-A 99.37 93.91 2.5

The proposed framework achieved the highest mAP5q and
mAP5q.95 while using the fewest parameters. Compared with
the YOLOvV8-n detector on a similar FOD dataset [15], the
gain in mAP5( 95 amounted to 5.56 percentage points using
22% fewer parameters.

H. Accuracy-Efficiency Trade-offs
Table IV introduces AP per million parameters (AP/M) as
a composite efficiency metric across nano-scale generations.

TABLE IV: Accuracy—efficiency trade-offs (nano-scale detec-
tors, COCO)

Detector AP50.95 (%) Params (M) FLOPs (G) Lat. (ms) AP/M
YOLOVS-N 374 32 8.7 1.77 11.7
YOLOvV10-N 38.5 2.3 6.7 1.84 16.7
YOLO11-N 38.6 2.6 6.5 1.53 14.8
YOLOVI2-N 40.1 2.6 6.5 1.83 15.4
YOLOvVI13-N 41.6 2.5 6.4 1.97 16.6

AP/M = APs50.95 per million parameters.

The architecture underlying our work achieved an AP/M of
16.6, on par with the NMS-free YOLOvIO-N (16.7) but at



3.1 pp higher absolute accuracy. Its latency of 1.97ms (vs.
1.53ms for YOLO11-N) represents a modest 29% increase
for a 7.8% accuracy gain, well within real-time requirements
(>500 FPS).

L. Localisation Quality Analysis

The 5.56 pp gain in mAPs5p95 over YOLOvV8-n [15]
warrants closer examination. While both methods achieve
very high mAP5g (>99%), the gap at stricter IoU thresholds
suggests that the proposed framework localised debris bound-
aries substantially more precisely. We attribute this to two
factors: (i) the distribution focal loss [22], which explicitly
models localization uncertainty over a discrete set of candidate
positions [18], and (ii) the hypergraph-enriched features,
which provide richer spatial context for accurate bounding-
box regression.

Earlier approaches on FOD-A using YOLOv3 [1] reached
only 37.49% mAPsy, a figure that reflects both the limited
single-scale detection head of that era and the absence of
modern augmentation techniques. Enhanced YOLOvS [13]
and YOLOv7-X [14] variants closed much of the gap through
specialised augmentation and architectural tuning, but both
required far more parameters (7.2M and 71.3 M respectively)
than the 2.5M used here.

V. CONCLUSION

We presented an end-to-end FOD detection framework built
around three interlocking mechanisms: adaptive hypergraph
correlation modelling, gated full-pipeline feature distribution,
and depthwise separable lightweight blocks. Trained on the
FOD-A benchmark through transfer learning from COCO, the
system reached 99.37% mAP5o and 93.91% mAPs5.95 across
31 debris categories with roughly 2.5 million parameters,
surpassing all previously reported FOD detection results while
remaining within the computational budget required for real-
time runway monitoring. The training curves, precision—recall
analysis, confusion matrix, and qualitative results collectively
demonstrate the robustness and reliability of the proposed
approach. Future work will investigate multi-sensor fusion
combining RGB and thermal infrared imagery, temporal con-
sistency enforcement for video-based detection, and model
quantisation for deployment on resource-constrained edge plat-
forms.
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