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Abstract: Objective With the rapid proliferation of unmanned aerial vehicles (UAVs) in civil and commercial fields, the
demand for robust low-altitude security, airspace management, and intelligent visual surveillance systems has grown expo-
nentially. Precise and real-time visual detection of UAV targets in continuous video streams is the core link of these sys-

tems. However, in practical uncontrolled surveillance scenarios, UAVs are usually located at extreme distances from the
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camera, occupying only a tiny fraction of pixels on the imaging plane, thus lacking clear morphological outlines, observ-
able textures, and structural details. They are highly susceptible to being obscured by complex and dynamic backgrounds
such as moving clouds, fluctuating lighting, and cluttered ground landscapes. Traditional single-frame object detection
algorithms segment continuous video streams into isolated static images for frame-by-frame processing, fundamentally ignor-
ing the crucial temporal motion information between frames. This leads to severe representation limitations when facing
extremely small targets, with persistently high missed detection and false alarm rates. Existing temporal detection methods
based on 3D convolution or Transformer can capture temporal features, but their huge parameter amount and computational
overhead make them impractical for deployment on resource-constrained real-time security systems. This paper aims to
break through the performance bottleneck of pure spatial detection frameworks and achieve high-precision and real-time
detection of tiny UAV targets in complex backgrounds. Method This paper proposes a Temporal Motion-Aware Dual-
Branch Network (TMAD-Net). A dual-branch decoupling design is adopted at the data input end to physically separate spa-
tiotemporal multimodal information. Specifically, the spatial semantic extraction branch processes multi-frame stacked raw
RGB images to extract rich spatial appearance, local texture, and global contextual semantic features of the target and its
surrounding environment. The parallel explicit motion prior branch is dedicated to processing inter-frame difference images
between adjacent frames that have undergone absolute value operation and morphological denoising filtering. This branch
filters out static background interference, camera jitter, and sensor noise, and generates a high-purity motion saliency map
that highlights the high-frequency temporal motion trajectory of the flying UAV. The two data streams independently pass
through the shallow network to complete high-dimensional feature extraction, and are then cascaded and concatenated
along the channel dimension to maximally preserve multimodal spatiotemporal information. Subsequently, a motion-spatial
adaptive fusion module is introduced to perform adaptive weight calibration on the fused features from both motion and spa-
tial dimensions, so-as to enhance the feature response of weak target signals and suppress irrelevant background noise.
Finally, 1X1 convolution is applied to accomplish cross-channel dimensionality reduction and feature mapping, and the
calibrated spatiotemporal features are seamlessly fed into the subsequent backbone network to complete target detection.
Result Extensive comparative tests and ablation experiments were conducted on the public ARD-MAV dataset and two pri-
vate UAV datasets (Phone and DJT) collected in real-world scenarios, which are characterized by small target scales, vary-
ing illumination conditions, and low signal-to-noise ratios. Quantitative experimental results show that, compared with the
standard baseline model, the proposed method achieves steady performance improvement on' the ARD-MAYV dataset: the
mean average precision at 50% intersection over union (mAP50) increases from 0.264 to 0. 588, and the mean average
precision over the intersection over union range of 50% to 95% (mAP50-95) increases from 0. 155 to 0. 334;0n the Phone
dataset: the mAP50 increases from 0. 802 to 0. 887, and the mAP50-95 increases from 0. 590 to 0. 638. On the highly chal-
lenging DJI dataset, the proposed model achieves a remarkable performance improvement: the mAP50 surges from 0. 316
of the baseline to 0. 822, with a performance gain of over 160%, and the mAP50-95 jumps from 0. 083 to 0.266. Com-
pared with mainstream lightweight detection algorithms including YOLOv9s, YOLOv1ls, and YOLOv12s, the proposed
model achieves optimal detection accuracy on all three datasets. Even compared with the larger-scale RT-DETR-L model
based on the Transformer architecture, the proposed model still achieves better overall performance in both detection accu-
racy and inference speed. Meanwhile, the proposed model has a parameter count of 11. 33M, which is basically consistent
with the 11. 13M of the baseline model. It reaches an inference speed of 122 frames per second (FPS), maintaining excel-
lent real-time inference capability while realizing a steady improvement in accuracy. Ablation experiments further verify
the effectiveness of the dual-branch architecture, spatial semantic extraction branch, and motion-spatial adaptive fusion
module respectively, proving the rigor of the design logic of the proposed architecture. Conclusion The TMAD-Net pro-
posed in this paper successfully compensates for the inherent limitation of insufficient feature extraction capability of tradi-
tional single-frame detection algorithms when facing tiny targets. Through explicit separation and in-depth fusion of multi-
frame RGB spatial appearance features and computationally optimized motion features, combined with the precise calibra-
tion capability of the motion-spatial adaptive fusion module, this method effectively isolates real targets from heavily clut-
tered and dynamic backgrounds, and effectively alleviates the long-standing performance bottleneck of video small target

detection in complex real-world environments. Empirical results confirm that the proposed model significantly improves the
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detection accuracy and algorithmic robustness of UAV target recognition under non-ideal conditions, and provides a fea-

sible, effective and novel visual detection paradigm for real-time video surveillance, public safety monitoring, and

advanced low-altitude defense systems.

Key words: video object detection (VOD) ; unmanned aerial vehicle (UAV) ; tiny object; motion decoupling; temporal

motion perception; spatial semantic extraction
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0.02%. FLrf 12 A0 FH F I 2R MR IE , 2 4> 945
FHFM . DIVEE 46 6 DI & 4A 48, J6A 144
WARF 51, 8387 T, 43 B % 24 1920%1080, H A1 X ~F
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0.01%. e 12 A0 FH F I 2 MR IE , 2 A4S 9045
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AR L HE T e/ , B RES T o2 B
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(147 2505 B2 40 (mAPS0) Al ToU BI{EAE 0. 5 % 0. 95
DX ] 9 22 BT B8RS B 2 (mAPS50-95) 7 %L
PN TR
3.2 XWHEESHIRE
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2 4 A G RSE 2492k 1 640 23 3% 7E Phone 55 DJ1
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T 2SS I A 10 8 2 SR, AN SO i 252 22 it
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S5 0im s (] J LA 1 0 28030 1 i s
3.3 EREEMNEGES MR X

AR SCTE SE 5 H R L YOLOvSs A5 A% by 3+ )
25 X T TMAD-Net B PERE . b 42 T ¥ fl TMAD-
Net (R M g 5 T RE 95 #b n] 470% , 262 JF 9 ARD-
MAV 4% 5 L)L K2 #4741 Phone 5 DITEUR 4 I K
TMAD-Net 5 >4 {if 32 i Y 42 8 2 00 By BOAS I 5 32
YOLOv8s.YOLOv9s,YOLO11s.YOLO12s LA M Trans-
former 22 A4 A6 I 4475 RT-DETR-L 45 J& HF X LE AL 56
S5 0k B B A 0 @5 A% O RS B 98 AR mAPS0
mAP50-95 VE A K ISR PPAN ARG | [R5 | ABEHY 2
# i (Parameters ) 5 & FPHE R MU (FPS) (2 75 Ak
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REAT 55 v A9 ROPE SO AE , BAR T i T .
TERS BE 2 1 1 SEAE ST B 45 ARD-MAV I,
TMAD-Net 1 mAP50 F1 mAP50-95 43 5Il34 % T 0. 588

F10. 334, AHEE T IR YOLOV8s 28 MR TF T4y
122. 7% F1 115. 5%, #7280 & i1 3 15 1Y Trans-
former 224571 RT-DETR-L(mAP50=0. 573),

2 HiEE AImmRE5)

Fig. 2 Sample video frames of datasets
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XK S B R (W RT-DETR-L) 52 B 1 .
FRRJEAE TS B 2% L BRI IR 50, TMAD-
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Table 1 Comparison of different MAV datasets

R /R FBIR

FIEIE S %k F F +
NPS-Drones 70250  6.6e-04 8.2e-05 0.05%
FL-Drones 38948  1.4e-01 2.6e-04 0.07%
DUT Anti-UAV 10109 7e-01 1.9e-06 1.3%
Drones—vs—Bird 104760 2.5¢-02 7.2¢e-06  0.1%
ARD-MAV 106665 3.5¢-03 1.4e-05 0.02%
Phone 8397 9.7e-04 1.4e-05 0.02%
DJI 8387 53e-04 1.9e-06 0.01%

3.4 ZWHESBEREIE

T R B AL (B RISy S, 22 ot 38
B B LB E A AR SCTE AL (YOLOVSs, HR
Wit A ) B JE A b, R S ECk A AN TR IR, DA R
B W (55—t v [a] R e J — ) TR TR Y
SN . AE DITECYE 45 5 Phone BUG4E b 1) 5L 56 4%
MFE3 PR,

XF LU R LA 55 22 i HE B 1) F I AT RN, %S )
3 0% PRSI AE T F AR BN LT R B 49 DL
B £R B AEAE ™ YRR IE R AE 2K 2L (mAPS0 X
0.316,mAP50-95 k% 0. 083) . 1fij 5] A £ i i M
BJ5, TR MM ECE BRI LR A AR T
W1 42 (mAP50 3% 348 B+ 2 0. 55~0. 73 Z[A] ) . iX
SRA JIHIAE] T, 24 B s B B 2 ] LA REAE AR Hf
S, ZWHR LR s sh R SRR B S R
R RMEELR,

SEEEHE R, 5] ATER BB B HIF Rk
PEBE A FFEEIE [0 3 45, K25 ) 38 iR P 0 . #E
Phone 40 52 1, k=5 5 %% 119 B =5 mAP50 (0. 862)
K BE BB k=3 (U5 (0. 872) ; 76 5 E. 9k ik 1Y DIT £k
P, k=5 1 25 0TS Ar T2 10 B0 i [l 9% (=5 1
B 5 — W mAPSO % 2= 0. 556) . H: A FAL B¢
T X TARBEOR LI Z 3 B N AL E bR, K )
SWieE 251 A R M H be AL #8225 ol 4 g
SR 2 A 38 T A R A S )RR X 5 PR
Sz gh Bl i3 WA ARt T AN R A
1o AH P B iz B SR A7 B, R AR AR R 55 B AR RRAE Y A
FERT 1R

52 k=3 B E AR WEUS , LA 51— i/
FLAH (Ground Truth) P17 W58, XA AR A [0] 5 BE 71 7=
AT BB . fE Phone BUHE 5, W B B JE — o
AT T S5 0 B9 R B, mAPSO 35 8 T e B
0. 872, FH 4 5 W B 55 — WUFN b 8] Wi 43 5 £ T
18. 3%, 10. 2%; mAP50-95 113k 2] T ¥R i {H 0. 613,

R2 AREENTTERERERS KIS

Table 2 Performance comparison of different detection methods

ARD-MAV Phone DJ1

Hethod mAP50 mA;SO_ mAP50 mAP50-95 mAP50 mAP50-95 Parameters,| &
YOLOv8s 0.264 0.155 0.802 0.59 0.316 0.083 11.13M 233
YOLOv9s 0.229 0.135 0.819 0.557 0.327 0.058 7.17TM 208
YOLO11s 0.284 0.159 0.761 0.553 0.469 0.131 9.41M 227
YOLO12s 0.290 0.167 0.709 0.469 0.306 0.071 9.23M 141
RT-DETR-L 0.573 0.310 0.840 0.553 0.255 0.059 31.99M 52
D-FINEs 0.308 0.156 - - - - 3.73M 69
DEIM 0.259 0.133 - - - - 38.54M 53
TMAD-Net 0.588 0.334 0.887 0.638 0.822 0.266 11.33M 122

T L 7 AR B9 e LA
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Fig. 3 Visual comparison of detection results among different models
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e/ N iz Bl H R RRAE SRR ME AR ST, A kg, AR 3C
TE“3 Wi A, B R i e R i AR Al B 5
AL ) 8 2GE S e s oy 32 s -3 ] A 3 N

R3 MHHEESEERMEIEREITEXE
Table 3 Performance comparison of different frame stack-

ing and supervision strategies

Phone DI

Heg ikl WRER
k e mapso M0 mMapso ™
Base(k=1) 4Hfii 0.802  0.590 0.316  0.083
K=3 H—Wi 0737 0540 0701  0.248
K=3 Rl 0791 0.564  0.609  0.180
K=3 Jami 0872  0.613 0730  0.220
K=5 H—Wi 0.862 0599  0.669  0.248
K=5 R 0.798  0.617  0.577  0.162
K=5 AW 0.840  0.560 0556 0.126

E IR A B8 R A (E

FlA B B T Az B R A3 S R 2%
Ay 565 I JIT 1 AR R 45 A% 0 2R 1) P B Bk 5 R
£, 78 C7E ARD-MAV, Phone 5 DJT =448 4E |,
PLYOLOv8s Sy JEZ A5 7 T Ji i il 50 56, S 3 45 S
FKAPIR,

TE 0N FF FE AE BUHE 45 ARD-MAV L, 3 28 4 7Y
YOLOv8s &Z /N B ARFHIE i 5 5 22 sh A8 s T4k
(R 24, 4G TS D AIK , mAPS0 5 mAP50-95 {34351
H0.264 F10. 155, 51 A A U S KT
Z Wit AR P BN SCHEBERE T, IS AR 43 5l

FETFZ 0. 301 F10. 163, IESE Z Wi 74 A BERE A R4
FRAN TN B AR CRAEA S BFG . 7F LR
NS YN T ) Bt s s i 1 B o Yag = - U 1 et
TR AL S A 800 2 HbRiz 338, mA P50
5 mAP50-95 KM 5 0. 552 110. 280, HJ ik Ais
Bl - 23 [a] [ 35 W Rl A AR, [ 3 R 2 2] W S 2
AR B A0, VAR 7 Bl ke (3 SO 5%
M2ZES5mAEARNFT o m s, E— 2K ERAE
0. 588 F10. 334, FEAT I UE T 45 4% 0 L {432 G o ik
P 25 A T2 4 . 7E DITS Phone B854 I, 45
BEHAR TH AR — B P R B THIL AR , DUy SR 35
A RGBT R B 25 A UE T TR AN TR T
SR R B AR R s iz A 3ok

A5 7 A, W28 3 e 50 4 X 7E ARD-
MAV 5 DJTEHE 45 I3 25 3%, {HFE Phone £0 5 42
FRFAAR, ZOETFARSIEET R SBES
T REE EAMEN 2 e — T, R AT RS R
s A AR S 2 Wil 1 9™ 518 SRR 5
FHIEIRE , 85028 843 3 vl il 4 2 H b =5 4052 8
B3l 5 8 S ARAE 3 X 43 5 i Phone B4l SRR 2 &
BHCE 25 [l X533 O RE A S il M iz 85 52
FMESE B RMEHN G o Sy — T, SRR S 0 Ak
GG e hEe” 38 SRR EAE Al S R ]
A B 5 17 Phone 04 525 S T 5 GE PR D i
BIRFIEIE 25 A B

o 1 T Al S0 SRR I E T TSR AR R
() P TEME 5 A B Y B < 28 (R SRRy S0h
N B ARSI AR T R A I R SR R A
T Wi T U BARE E B DI
W53 3232 3 fiff AR AL i ok 1 s B R sk T s
SSRGS, SCH T s SRR 5 H AT 50 A U
5 1328 2)y-725 (8] 13 30 0 il B A ) S 90 T 2 Ry

F4 HEZR
Table 6 Ablation study results

ZE X Bsgh  iszh-a3 6 [l

ARD-MAV Phone DJI
B R i
i3 iy Rl B LR mAP50  mAP50-95  mAP50  mAP50-95  mAP50  mAP50-95
— — - 0.264 0.155 0.802 0.590 0316 0.083
N 0301 0.163 0.872 0.613 0.730 0.220
0.552 0.280 0.877 0.633 0.745 0.230
N 0.588 0.334 0.887 0.638 0.822 0.266
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