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Research on image preprocessing and enhancement framework for
low-altitude UAYV detection
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Abstract: Low-altitude unmanned aerial vehicle (UAV ) detection is a critical research direction in the fields of pub-
lic security and low-altitude airspace management. To address the inherent detection challenges of UAV targets,
including small size, high mobility, and weak imaging features, most existing studies focus on the optimization of
detection algorithms, while generally ignoring the negative impact of image degradation issues (including edge blur-
ring and contrast reduction caused by noise, haze, and rain streaks) on detection performance. To fill this research
gap, this paper constructs a multi-module integrated preprocessing enhancement framework, which mitigates im-
age degradation through three targeted strategies: a denoising module combining smoothing filtering and evidence
theory, a dehazing module based on an improved feature fusion attention network, and a deraining module using a
hill-shaped single-stage restoration network. Comparative experiments are conducted using traditional image pro-
cessing algorithms and mainstream deep learning image restoration models, with quantitative evaluations performed
across three dimensions: image quality, object detection accuracy, and single-frame processing time. Ablation and
comparative experiments verify that the proposed framework can effectively improve image quality, enhance target
saliency, and boost the performance of UAV detection tasks.
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Fig.2 Overview diagram of a preprocessing—enhanced

framework for drone target detection in
low—altitude airspace
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Fig. 3 Schematic diagram of the improved feature fusion
attention—based defogging network architecture
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B % /9 PSNR ., SSIM 43 5l K 14. 46~14.56 Fl
0.235~0. 267, 28 UF 95 B 25 M 5, W 245 4 40 i)
T & 21.29~21. 39 F1 0. 541~0. 618, F W % %
MR ASE e X 95 B B A B B R, 7EE IR
b3 5o FRERL G TR B T M 256 PSNR (SSIM &
Th % 19. 64~20. 66 1 0. 719~0. 729, {H K BH ¥ 5%
T 5T Y B T R A T L M T R, BEEH 2ok
WSS R AT PT fE X B — 3 5 0 ML 3 B — 2 ) 2 o
TET 2R 3 5 A SCIEMB IR S I 2 R B2 4
PSNR M 19.86~20.56 #& J} & 24.12~24.56,
SSIM M 0. 650~0. 677 $& T+ 2 0. 839~0. 853, K iiE
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Tab.4 Object detection results

Tab.3 Image quality evaluation results for different back- . N Preci- Recall/ mAP®@
1— L= 3
grounds BiHR Tk sion/% % 0.5/%
BieYs ik T PSNR SSIM A4 75.2 66. 4 68.3
111 Hly 14.46  0.235 E U8 D 82.8 68.5 70.1
I 7 R
Ak B i} 14.56  0.254 FFDNet'?! 83.4 68.8 70.9
KIHPE  14.56  0.267 SUE 3 23 5 M 84.3 69. 2 72.7
M 7 R AL
11 i 21.29  0.589 A Ab 3 68.7 55.1 61.4
UE 45 236 25 1 T 1 21.30  0.541 11 3 8 2l g 118 71.4 62.3 68.5
%R 1k
KIH%ESE  21.39  0.618 DehazeFormer %! 79.2 72.4 76.6
111 b 12.43  0.387 FRIERL A B M4 81.6 75.8 79.6
7 b B T T 13.60  0.413 e hb 3 68.5 59.8 63.2
KFE®E  11.85  0.353 JINUE A e 77.2 66.4 73.8
% gk 1k MR 1k
[ITE 20.66  0.729 MPRNet?# 82.3 78.6 81.6
FRAERL A E R I 20.40  0.722 ARICEMGIE Y 87.5 82.1 86.4
KB 19.64  0.719
-~ 000 oo 2L BB Y R AR SCIT A SR R T A P B
. . Do
. . s 0650 55w YOLOv8n A5 il #5 AH A #5237 I 2k 5 4
b2 b . .65 . " YL Y N N
PR R S A RO o TR B T SRR AL
KIHE  20.56  0.677 ™ § . N
2R i A e AR BV T G ) 0 % 0 B 5 ok Ik
1 b 24.33  0.847 R NN ‘ b
11t Y Gty e i Am 78 A 38 0 -5 2 01 XU
A SC RGN 45 T T 24.12  0.839

KWL 24.56  0.853
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FE R DU 4 BB D7 T, A g A B 4 5 0 IK 45 TG
A AL H bR HE00 3R B — o AR S 1E A (dn sk 4
J7R) o

Xob T W AR IE 5 B O A M B vk BE AT Ak
il 5 5 B AL A5 S RO R B, 8 7S i R
M) e AR AR RS R 84.3% . A 1 & 69.2% .
mAP@O. 5=72. 7% , 1 % J T 4b F KL £ 5 B A I
PEfE MR T . X T o5 g 5, AL W 41
5T JC AL E AR 5 RS 5 A X L R A
A i FEROR 9 3 BE B H bR T S R I 2% IR, A
Wl B4R 55. 1% $2 7 & 75. 8%, mAP@O. 5 ik
F79.6% . X T K5, B8 L S BB R
B0 1k 52 0 24 R AT 485053 5 RN 3 S0 B 5 T A HLAS 1R

HE— 25, AR SCHET T 3 IR LS ) 2R
4k H A5 (B KL PSNR/SSIM) 2 75 45 [6] T L #%
K AT 55 B 5 B Be A R AE o P2 2 R A XF HemT i,
TEA A 5256 4 4F F ,PSNR .SSIM #1712 [ R
AR s KRG, —F R IEAMHC . (AfFEM B
R 9] < W P 3 S rp M (E E B PSNR Ry 22, 75dB, X
F FFDNet f£ 0. 32dB, mAP@0. 5 I & % 0. 8%
(70.1% vs 70.9% ) s M K375 /NI 2 PSNR
S 20. 16dB, B A 5% 4. 05dB, mAP@0. 5 F
% 12.6%(73.8% vs 86.4% ). Z&EHFEMH, AR
ME LA B0 /N R T i 25 = A TR A
MERFFAE S, f e mT WL, PSNR &5 SSIM R EESE
G A R RGO G I AT 55 14 A G BB, oK O T 4G
W51 51 A S ) 4%, 55 BT 55 3K 3l 1 &4 T
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Nt — LRI R AR R 5 IR R TR
GEALPRRE ), AR SCH I TR 425 MRS IR S
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Tab.5 Object detection results in mixed scenarios

S Precision/ Recall/ mAP@ #Em}/

% % 0.5/% ms
A #E 58.2 54.4  51.3 0
TIE A HH G 2K g 70.5 60.8  64.7 14.6
REIE G R T T 2% 75.2 67.5  72.6 20. 8
LT SR B AR AL R 2% 82..0 74.8  79.3 26. 4
Y 84.6 77.3  81.7  62.5

g5 R AR S0 = B 58 K HE BRAE Preci-
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84.6% .77.3% F181. 7% , i b . — R He 545 gk —
T, AR T TR TE R IR G B R
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T4.800 FNT79.30, e A T IZ NI AR B
R SN AR . R e L W T
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