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Abstract: Objective Unmanned Aerial Vehicles (UAVs) have rapidly emerged as pivotal and ubiquitous tools across
diverse fields, including intelligent surveillance, urban traffic monitoring, crowd management, and rapid disaster

response. This widespread adoption is largely credited to their exceptional spatial mobility, cost-efficiency, operational
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flexibility, and superior comprehensive data acquisition capabilities from aerial vantage points. Despite these profound
advantages, automated Video Anomaly Detection (VAD) in UAV-captured footage remains a formidable and unresolved
challenge in the computer vision domain. The inherent complexity of this task is driven by a multitude of adverse aerial fac-
tors: highly dynamic and moving backgrounds, drastic and sudden perspective variations, camera jitter, varying flight alti-
tudes, and the highly subtle, irregular nature of anomalous behaviors often obscured within high-density crowds or complex
topographical environments. Furthermore, traditional deep learning models—particularly those relying heavily on standard
Transformer architectures with global self-attention mechanisms—often struggle to strike an optimal balance between
achieving high-precision detection and adhering to the stringent resource constraints characteristic of onboard edge devices.
To systematically bridge this critical gap between high-performance sequence modeling and real-time edge deployment, this
paper proposes GSFMamba, a highly sophisticated yet deliberately lightweight UAV video anomaly detection method funda-
mentally based on a novel Gated Spatial-Frequency Mamba architecture. Method The proposed methodology is engineered
from the ground upto prioritize edge-optimized hierarchical feature representation without compromising modeling depth.
The pipeline initiates by utilizing a lightweight Convolutional Neural Network encoder, specifically leveraging ResNet18 or
ResNet34 backbones, to extract rich, multi-scale spatial features from the input video frames. These extracted features are
subsequently processed by a custom-designed Bottleneck Fusion Layer, which functions to efficiently aggregate cross-scale
temporal dependencies while aggressively compressing the channel dimensions to reduce the subsequent computational
overhead. At the structural core of the GSFMamba method lies a meticulously crafted dual-branch parallel Mamba architec-
ture. This core is explicitly designed to overcome the quadratic computational complexity inherent to traditional self-
attention mechanisms, thereby maintaining robust and continuous long-range temporal modeling capabilities essential for
video analysis, but with strictly linear complexity. The architecture bifurcates into two complementary processing streams.
The first stream, the Spatial Mamba branch, is dedicated to capturing the global spatial evolution and structural correla-
tions of the scene over lime, leveraging the State Space Model (SSM) formulation to process long video sequences seam-
lessly. Concurrently, the second stream, the Frequency Mamba branch, innovatively integrates the Discrete Wavelet
Transform (DWT) directly into the state space modeling process. This transform projects the spatio-temporal features into
the frequency domain, decomposing the signal into distinct frequency sub-bands. This allows the network to effectively iso-
late and scrutinize high-frequency noise and subtle, abrupt motion disturbances that are highly indicative of microscopic
anomalous activities, which might otherwise be smoothed over in the purely spatial domain. Finally, the features generated
from these dual domains are adaptively synthesized and fused through a sophisticated Gated Spatial-Frequency (GSF) mod-
ule. This module employs a data-driven, dynamic gating mechanism to evaluate the scene context in real-time, assigning
learned attention weights to selectively emphasize the most informative diagnostic cues from either the spatial or frequency
domain. The entire proposed GSFMamba is kept exceptionally compact, featuring a total trainable parameter count of only
2.8M, which significantly minimizes the memory footprint and ensures viable deployment on resource-constrained plat-
forms. Result Extensive and rigorous experiments were conducted on two highly challenging, mainstream UAV video
anomaly detection benchmarks—Drone-Anomaly and UIT-ADrone—to comprehensively evaluate the detection perfor-
mance, generalization capability, and operational robustness of the proposed GSFMamba method. The quantitative results
conclusively demonstrate that our method achieves highly competitive Area Under the Curve (AUC) scores, reaching
72.8% and 60.7% on the Drone-Anomaly and UIT-ADrone datasets, respectively. Compared to the baseline model
ANDT, our proposed method achieves performance improvements of 4.2% and 0.2% on the respective datasets. While
maintaining linear computational complexity, it realizes a significantly more efficient long-sequence modeling capability
than standard Transformers, thereby exhibiting heightened sensitivity to anomalous events. When analyzing the perfor-
mance across the five distinct sub-scenarios of the Drone-Anomaly dataset—namely Highway, Bike Roundabout, Vehicle
Roundabout, Railway Inspection, and Solar Panel Inspection—our model consistently demonstrated superiority, achieving
AUC values of 86. 0%, 84.5%, 76. 6%, 69. 6%, and 80. 8%, respectively, thereby outperforming the majority of existing
state-of-the-art methodologies. Furthermore, on the UIT-ADrone dataset, recent weakly supervised methods such as
MMVAD can reach a detection accuracy of 67. 4%, ASTNet achieves 61. 4%, and the UAV-based VAD method ASTT real-

izes 65. 5% accuracy. However, these existing approaches heavily rely on either complex multi-modal information fusion or
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the extensive stacking of model parameters to trade for high accuracy. Consequently, this heavy computational burden ren-
ders them ill-equipped to meet the stringent real-time requirements of low-altitude UAV patrol and inspection tasks in prac-
tical scenarios. In stark contrast, beyond merely top-line accuracy, detailed ablation studies unequivocally confirm the
indispensability of our frequency-domain modeling approach, which provides a statistically significant boost in detecting
subtle behavioral irregularities. Most notably, GSFMamba exhibits exceptional inference efficiency: with its minimal
parameter count of 2. 8M, it achieves an ultra-high-speed processing rate of 102 Frames Per Second (FPS) when equipped
with the ResNet18 backbone, and 89 FPS with the ResNet34 backbone. This outstanding performance establishes an opti-
mal trade-off between discriminative modeling power, hardware memory efficiency, and execution latency. Conclusion
The comprehensive experimental evidence confirms that GSFMamba's innovative dual-domain modeling strategy and adap-
tive spatial-frequency gating mechanism provide a robust, highly scalable, and structurally elegant solution for high-
efficiency, real-time anomaly monitoring deployed directly on UAV edge computing platforms. By effectively resolving the
tension between structural simplicity and requisite modeling depth, our proposed linear-complexity architecture avoids the
heavy hardware dependencies of contemporary models. Ultimately, this work establishes a formidable new baseline for
resource-constrained aerial video surveillance, offering significant practical value and technical foundational support for the
next generation of real-world autonomous security, smart city management, and proactive disaster mitigation applications.

Key words: unmanned aerial vehicle; anomaly detection; low-altitude object; gated attention; state space model
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Fig. 2 SS2D-based spatial and frequency mamba architecture.
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3.1 HEESITMIER

ASCHETE AWML VAD FEAEEHE £E Drone-Anomaly
(Jin % ,2022) Fl UTT-ADrone ( Tran %, 2023 ) i 17 1
REVEAL . R 1S 1SR MR AR ZE B L
XF TR IREE AL & T 5 U0, il i 4R 0 55 1F
HALATURN S H PR, A 5l (1 2 , X T Drone-Anomaly
Bimde , A& 7 AP 135

x1 ZTANBERNEBREESITHE
Tablel Statistics of the UAV anomaly detection dataset

I B

AT R

" FL )
HRA i) CE /53 R
Drone—Anomaly 371/22 51,635 /35,853 10
UIT-ADrone 41/51 59,186 / 147,005 10

55w 57— 30 (Jin 55,2022 Liu 55, 2026)
Ao T A T O A B (R A 2 52U AR
(receiver operating characteristic, ROC) i1 £ , 2R J5 11
B ROC il 2 F /1 X (area under curve, AUC)TE N
WAL FE AR . BLAR, SLEGA BTSN T T Drone-Anomaly
BAEE T 1943 1% (Recall) K JE (Precision) (F1 43
BL(F1 score) AR AER E (Overall Accuracy, OA) o
IR AR A (R U R AR A B R A | D
AT BT DI AR A I i R 25 R i e, LR g
1R 22 P S (RN T fi 22 (B 1) S
3.2 ZWiRE

JIE A7 2 56 3 T 515K Nvidia Geforce RTX 4090 &t
+, i PyTorch #EA7T I R A RE . 78 FAL R B B,
KBRS IUBTAY K/ NS 224 x 224, AR5 R A
—A4kFI[ - 1, 1], 7E Drone-Anomaly 1 UIT-Adrone %
B LB = 0. 91 Adam f AL, HHE 7R/
N BB BE n B 4, T8 0 JR B4 A S 1)

RAR 51, T 56 S ot 2 > R R s
2e — 4, JF Al F A2 5% AR Ak 75 35 647 5 98 (Loshchilov
4%,2016) .
3.3 5EMBRERNGXER

FEATT B8R vk 5 i W VAD FIE T
T AALVAD B 05 04T T AT xt t . g2 iR,
& H J7 35 7F Drone-Anomaly 1 UIT-ADrone P4~ 3& 4
Bl A 12 ST 72. 8% F160. 7% 9 AUC 6
PEBE . MR TR A ANDT, AR 3005 643 5 2 7
T 4.2%F10. 2%, FEARFFL MR 22 B R IRl B, SE 3L T
Lt Transformer 5 155 24 14 3 51 AR BE 7, DA A 57
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P X ek ik B T e B . 1 FE UIT-ADrone
Bn A I A I = R 2 A AR B, 55 B
7 MMV AD £% 6 0 32F B2 7] DA g 38 67. 4%, 84 1 i 28
55 W B R AE USRI BEB )T BN A AL 4wk i 2%
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Table 2 Comparison with other VAD methods on AUC (%)

Ik Drone—Anomaly UIT-ADrone

Frame—Pred (Liu%§, 2018) 57.9 53.6
MNAD(Park %, 2020) 52.5 57.1
AMMCNet (Cai %, 2022) 62.4 60.7
Cluster—AF (Chang4%, 2022) 63.6 58.4
ASTNet (Le %, 2023) 63.2 61.4
HuTh Wi R VAD TEVAD#* (Chen,5%, 2023) 67.4 63.5
MGFN* (Chen, %, 2023) 68.9 64.3
MAAMNet (Wang%%, 2023) 61.5 60.1
VADCLIP* (Wu %%, 2024) 68.1 66.3
VADMamba (Lyu 4§, 2025) 65.2 63.9
LGN-NET (Zhao %, 2025) 64.3 62.7
ANDT (Jin %, 2022) 68.6 60.5
ASTT (Tran %, 2024) 67.8 65.5

HSTforU (Le %, 2025) 67.0 -

T AHLVAD

MMVAD* (Biswas %, 2025) 70.8 67.4
AR H7 1 (ResNet18) 71.9 59.3
AR 3CH 1 (ResNet34) 72.8 60.7

TE IR RS B2t Rk 59 M T 1k

F 3R L TR RI 7 A AR R S B R I
(IFE . AT VAD T ¥E A A 18 1 HE B 2 B0 BORS
J& 4l Frame-Pred, AMMCNet il ASTNet 3155 &4
T 140 GFLOPs, X A3 FiC Jo A L35 W HH 3 5t .
MNAD £ 35 2| 65FPS, {H S5 AT W e fib , A F1 T34
MR E . AR TR E AR R A L5
WA J7 1 TEVAD W2t H 3 Y11 5k 13D [ 25 4 ORI At
SFstE A, SECFLOPs 1k, M R ek $
Jrik I T = TSSO IS AY ResNet18
1l ResNet34 $ 52 B T VERE 5 Ak, BEAL S 40
HAUH S, 6M A1 10. OM . R i 4 ot Al A AR 1 4 P 3kt

JiE f 75 43 ) AT 1K 102FPS F1 89FPS, 78 S 4 51155
TR AR G A W 2 AR S 5 T Y
SRR R R o

it — VAR AR SO IR TR RE , R4 RN T 1E
Drone-Anomaly % #5 % # F K [l 3 5t~ & T
ResNet34 Pl 2k gatith 45 1) 2 Fp P REFE A o

$ 4 J7 5 7E Drone-Anomaly 5045 45 19 HAS T 3%
SR ZAEAR R T A% . A H GANomaly |
MNAD 2555 %6 |, 3 7 F AUC , Recall B2 OA %5 4%
O FE bR BB KRR T, R & 7E Highway 3 5t
T, AUC {515 86. 0%, F1 4350 5 1% 90%., 52 56 45 I
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Fig. 3 We present the visualization of anomaly scores for five scenarios in Drone-Anomaly. The red image above represents the spe-

cific anomaly event. ((a)Highway;(b)Bike Roundabout; (c)Vehicle Roundabout; (d)Crossroads; (e)Solar Panel Inspection)
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Table 3 Comparison of model efficiency and inference

speed for other methods

; BBH FLOPs
WIRFS o (1\%{ © FPS
Frame—Pred(Liu %%, 2018) 24.2 148.1 25
MNAD (Park %, 2020) 15.6 46.6 65
AMMCNet (Cai %, 2022) 25.1 169.5 40
ASTNet (Le %, 2023) 150.1 590.8 -

TEVAD* (Chen,%, 2023) 28.4 582.7 -

ASTT (Tran 4§, 2024) 63.2 18.9 35
AICH 1 (ResNet18) 5.6 5.2 102
A7 (ResNet34) 10.9 10.0 89

TE IR A RS iR L4 2R, A 58 W B T i .

PRSI, 7800 UE B T 42 40 4 8] 40 A7 5 000 25 0 iy
Z I B AME B A se i . 2
S TIEOC I NECL I I B N Y = B = Tl e o
S, B IR T AL LE [ 8 I I8 1 B A5 AR Ak AT
Tl T A W S T Y BLBRTR FERE T o AR X SE
BRIZ T TR T 5 T 1 R F SENet
FCBAM, #F— L B0iiE 7 HAE SR 248 UAV A58 R AT
FEOERLG BT X S D0 . NI 36 R T i e 2
FERULE UAV S8 K AT 45 i A v S we bk
J T #E— 2 MR R 25 CNN Zi B 25 9 F
TIE 42 HURE 77 A6 J0 AL S8 Rl ) v ge s i, 7E
Drone-Anomaly $0H5 £ 1) = A>3 50 F SF 47 13 Al 5
B, 132 6 T/ . ResNet50 FEM RS BB RIE £
g BUS T AR AUC KB, {5 i T 9 i
Wit €y, ={256,512,1024 ), SHEZS 5L S
VO 2 40, 2M, X B E T S A R
TSI R AR BE S AR A AL LTS
()% . M , MobileNetV3 B HA Y &5 5 A 1
FOEZRFREEMBBERLEC, ={24, 40, 112},
FLARRAE FRAE B8 7 e LAAT R0 A P vy 258 B RN 2 24 00
B JC AMLIE G, S B AUC FEAG . 75 B0 9 2,
Vehicle Roundabout 3% 5t T , ResNet34 (9 25 FAK T
ResNet18, 32 2 Jif K AE (3% Jin % B 1 R 7 e 3
(") ResNet34 7 iz 5t T B 5 7 AR LG, BRI 5
WA KXW ZIEE . MELZ T, SHEEEN
ResNet18 HA B 47 (B IE WAL AR o 1fif ResNet50
A 3 0 D 2% e AR T T 2 R i AR AERE

MG SE 5 AR T T WA T8, PR R
T

FEE T L R I R 10 | 78 25 A AU PE e
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T4 EBHAESEMFETE Drone—Anomaly #3iEE T EN G = FRIRIMIIT T EIFMALL R, HIEHE TAUC. BRIR
R F1 58 B A=,
Table4 Compare the proposed method against other methods on five scenes of the Drone—Anomaly dataset, evaluating met-

rics such as AUC, Recall, Precision, F1 score, and overall accuracy (OA).

GANomaly S(}j\pl\‘_ MemAE “E[Eif MKD  SSPCAB  ANDT K
Yt HELHY (Akcay %, (Akcay (Gong %, e k(Salehi k(Ristea (JinZE, Sk
2018) 2 2019) 2019) 2020) 4E2021)  4%,2022)  2022)
AUC(%) 62.7 64.8 67.2 66.9 64.3 67.8 68.7  86.0
Recall(%) 65.1 63.7 67.3 65.9 62.8 67.5 68.4  88.6
Highway Precision(%) 62.9 66.7 68.2 66.5 65.3 69.7 669  84.4
Flscore(%) 64.0 65.2 67.7 66.2 64.0 68.6 67.7  90.9
0A(%) 61.5 64.6 66.1 65.7 63.9 66.3 659  83.8
AUC 71.7 77.7 79.5 77.4 74.8 76.8 822 845
Recall 70.2 735 74.8 72.4 70.6 74.6 785 803
Bike roundabout Precision 77.5 743 73.4 75.2 75.1 76.0 790 825
F1 score 73.7 73.9 74.1 73.8 728 75.3 788  78.1
0A 69.3 67.7 75.2 69.8 73.2 70.4 76.7 (792
AUC 55.1 58.5 64.1 61.9 62.7 62.3 613 76.6
Recall 58.6 59.3 60.8 57.9 59.7 59.7 57.8  71.8
Vehicle roundabout Precision 55.7 62.8 59.0 61.6 63.7 63.8 64.1  71.8
F1 score 57.1 61.0 59.9 59.7 61.6 61.7 60.8  72.8
0A 54.0 57.1 59.2 59.4 58.7 60.4 580 744
AUC 61.7 65.8 58.9 58.0 62.4 59.1 594 69.6
Recall 55.7 60.7 58.0 61.3 59.7 62.0 60.7  65.0
Railway inspection Precision 56.2 64.6 58.4 56.1 60.3 58.7 61.3  70.8
F1 score 56.0 62.6 58.2 58.6 60.0 60.3 61.0  67.7
0A 53.8 60.3 58.0 57.1 60.8 59.4 574 634
AUC 64.6 65.7 65.8 64.7 63.5 65.0 642  80.8
Recall 59.1 58.8 62.1 58.6 57.6 59.2 612 643
Solar panel inspection Precision 63.7 57.5 57.6 58.0 54.7 60.9 66.0 79.2
F1 score 61.3 58.1 59.8 58.3 56.1 60.0 63.5 - 747
0A 57.3 60.2 57.7 59.6 56.5 58.7 60.8 705

T L P AR BT R LA 2R
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Table5 Results of module ablation experiments

B (1 gk iy
1 — ¥ — 5958 7750 6675
2 —  — V5986 8082 70.99
3 — vV 6554 81.06 80.02
4 SENet Y v 69.05 8144 82.45
5 cBAM Y VY 6892 8277 82.34
6 N vV 6919 8391 82.87

W R R T

Table6 Results of ablation experiments with different pre—trained encoders

£6 FETIISHDENHRLRESR

SR (M)

TBEAY (L) Railway inspection Highway Vehicle roundabout
MobileNetV3 2.9/03 60.15 79.51 73.24
ResNet18 2.7/2.8 69.19 83.91 82.87
ResNet34 8.1/2.8 69.65 86.08 7661
ResNet50 8.5/40.2 73.72 88.94 85.53

T IR B (NI ARG R =2 S8, S B 29 5 S8R 172 ~ 173,
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