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Abstract: Target detection algorithms have been widely applied to defect detection in unmanned aerial
vehicle(UAV) inspection images of transmission lines. However, existing methods remain limited in
representing irregular defects during feature extraction. Large variations in target scales can cause fine
details of small defects to attenuate during cross-layer feature fusion, while complex background
interference can lead to confusion between defect features and background responses. To address these
issues, a lightweight detection algorithm, termed CSF-DEIM, is proposed based on geometry awareness
and a spatial-frequency gather-distribute mechanism. A lightweight geometry-aware module is constructed
to redesign the backbone network, where dynamic geometric sampling and low-cost linear feature expansion
are combined to improve the adaptive representation of irregular defects. A spatial-frequency collaborative
gather-distribute network is then developed based on the gather-distribute mechanism, incorporating wavelet
transform and multi-scale progressive channel attention to strengthen cross-scale feature interaction and
reduce the loss of fine details of small defects. Furthermore, an efficient discriminative frequency-domain
feedforward network is introduced into the intra-scale feature interaction module, where spatial-domain local
enhancement and frequency-domain adaptive filtering are employed to improve defect discrimination under
complex backgrounds. Experimental results show that CSF-DEIM achieves an mAP@0.5 of 92.6%,
representing an improvement of 4. 3 percentage points over the baseline model, while reducing the number of
parameters to 3. 37 M. Supplementary experiments on a public dataset further verify the applicability and
generalization capability of the proposed model under different data distributions. On the NVIDIA Jetson
Xavier NX platform, CSF-DEIM achieves a real-time inference speed of 42. 3 FPS, enabling lightweight,
high-accuracy, and real-time defect detection for transmission-line inspection.

Key words: transmission line inspection; defect detection; DEIM; geometry awareness; spatial-

frequency collaboration; gather-distribute mechanism
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Fig.7 Transmission line defect dataset
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Tab.1 Experimental environment

W

# e 7 M R A

GPU NVIDIA GeForce RTX 4090
RS Ubuntu20. 04. 6L.TS
CUDA JA CUDA 12.1
TR 2 2] HE L PyTorch 2. 3.0
Python 345 Python 3. 10
E[ RV NN 32
AR 160
i A G R 640X 640
AL AdamW
23] 58 0. 0001

3.4 FFLESEI AT

R EE AT VAW ZAS SORRE R 7 im0 i A 3 5
RGN R BE L o g R B B B i )
i K 00 A 1 2 % [+ 37 S Bl A S R AT X B, 45 A

AUV AE A SCRCHE B R T e — 19 B5Hi Jal 43 Al
kB EHING SN SRR 2R, £5%
SSD Fll Faster-RCNN 7 £ Wl K Ji2 5l A5 A1 57 % JiE
W AR — & R R, YOLO £ 51 B A7 & i 1 1%
L ABTE R 475 50 5 2 RO B 3% 5 T Rl
W EANA T2 . RT-DETR-R18 fil RT-DE-
TR-R50 H- A7 %5 %5 (9 46 0 58 L (0 2 80 ft 3
FEHY A K .

55 TH 1) A 2k B B S 0k RS R A LE
GOLD-YOLO-ASF"™ iy mAP@0.5 & 91.0%,
Z R Mt B Rk 6.25 M M 11,2
GFLOPs, i A CH A i mAP@O. 535 %) 92. 6%,
SN 3.37 M, 5 & R 6.8 GFLOPs, %
P ARG B 5 & 4% i P #f . DDME-DE-
TR™ITS 92.9% 1 mAP@O. 5, 7 SC #5551 &
0.3 43 s, B H 2 805 A58 & 43 )k 2
14.7 M Ml 44.3 GFLOPs, 5 %t 4 DEIM-D-
FINE-N # o , & ¢ CSF-DEIM Y mAP@0. 5 42
A3 ESA,FN S8 EH 3. 73MBER
3.37 M, it & & i 7.1 GFLOPs [ £ 6.8
GFLOPs. ZiGRE A SCH A H] T % IR 32
R (1) | T 38046 JE A WLHIL R i 4 50

F2 TREEBLME R

Tab.2 Comparison of detection results of different models

iR P/% R/% mAP@0. 5 S /M TR /G

Faster—RCNN 84.6 79. 2 83.5 41.5 205. 3
SSD 81.2 74.5 78.6 24.0 60.0
YOLOv8n 87.5 80. 6 87.2 3.15 8.7
YOLOv1ln 89.1 82.8 89. 8 2.58 6.5
YOLOv12n 89.6 83.2 90. 4 2.65 6.6
RT—DETR—RIS8 90. 2 83.7 90. 2 20.0 60.0

RT—DETR—R50 90.8 84.5 91.2 42.0 108.0
DDME—DETR' 91. 4 86.1 92.9 14.7 44.3
GOLD—YOLO—ASF" 89.7 84.2 91.0 6.25 11.2
DEIM—D—FINE—N 88.1 82.4 88.3 3.73 7.1
Ours 91.5 85.8 92.6 3.37 6.8

3.5 ARLERSH

S E W4 B EDFFN B 78 B 24 350 T A9 15
M EE J) A SR Grad-CAM AR X
JEAE AT 307 AT AR A AT $ T P
N 8 FT 7R o FE LAY /e W AR SUHE S B %35 R 4

W T A7 B S A 5 SO L R DX
S35 51N EDFFN 5 #5608 36 57 78 6k | 1% L% H
A X S 7 S AR A O P
/b, 32 P U A 005 4 R Dk R T 5 0 e
{3340 51
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A EDFFN,
Fig.8 Heatmap visualization comparison. (a) Original
image; (b) Baseline model; (c¢) Baseline model
with EDFFN.
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BE oAb, S B R A B A B L e 45 4 AR AL
(1 55 H bs X B (1 25 B 25 04 RAERE S 42 Hh T
B ER

A Z TR, 2R SCRE RS AE 1] 9 T 8 7 1ty i 750 300
TR TP 8 08 o 1 U0 AH N B BR H bR O S AR

(a) (b)

B9 AN IR Ao ARG 45 2R TR AR X B o () B 5 (D)RT-DETR 5 (¢) SEZAE AL 5 (d) CSF-DEIM.
Fig. 9 Visualization comparison of detection results of different models. (a) Original image; (b) RT-DETR; (c) Base-
line model; (d) CSF-DEIM.
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FLAR B il s 56 g5 J a0 3R 3 s, I 2kt AR

mAP A5 A6 XF H i 2 an 1 10 fiw .

51 A CGA-Block J5 , B A Z 4 it iy 3. 73 M
% % 3.05 M, [d] if mAP@O0. 542 7+ 0.8 4> A 43
A, R WZBLIRE 08 7E AR 2 B0t 0[] B 3 A
FILOU) Bl B RRAE 4R CBE 1 o 91 A SFGD-Neck J& ,
mAP@O. 5#& T+ 2. 14~ H 40 s, U FAM 5 IFM
o TR E B £ R 2R E IR /D R BB
U K o) 8, JF — 25 A FAFL J5 , fw & 458 Al
mAP@O. 53k %] 92. 6% , H il 5 & 22 15 2] i —
A, Bk = AR IR IR A G B R R R 2
mAP@O0.5 24 TH4. 3 M H A A . S8 K
3.37 M, 5E & 4 6.8 GFLOPs. i fill 52 56 (1) 45
SRS AR T 4% 1k 7 B B i) B A B TEUE W]
T H A AE Y [R5 fe 26 S T — /> 3 i TS AL
L 43 o e R A A T 2

K3 EHBMEIBHER
Tab.3 Ablation experiment results
. P 4 A
CGA- SFGD-
Group FAFI mAP@ mAP@O.5— .
Block Neck P/% R/% EE/G ZHiE/M
0.5/% 0.95/%
1 88.1 82.4 88.3 63.9 7.12 3.73
2 N 88.8 83.2 89.1 64.8 6.18 3.05
3 N 89.6 84.1 90. 4 65.3 7.21 4.17
4 J 89.2 83.4 89.9 65.1 7.05 3.61
5 N N 90. 1 84.7 91.1 66. 1 6.26 3.49
6 N N/ 90. 4 84.9 91.5 66.5 7.13 4.05
7 J N 89.8 84.2 90. 2 65.8 6.11 2.93
8 N N N 91.5 85.8 92.6 67.4 6.83 3.37
1.0 0.7 .
0.9 . TRESEES
0.6 L
0.8 Py )
0.7 0.5 5
g 0.6 g 04 e
Fow rou| 0.3 os Srou;
i Sy | ] g PN N ot
roup3’ Group3
03iF zruug4 02 " " e - Grougél
02 L o Copom " “ groups; Group3
group6 0.1 Group6
0.1 ~ = - group7, - = Group7,
group8 Group8
00 ; ; i i i : 00 i i ; ;
0 25 50 75 100 125 150 75 100 125 150
Epochs Epochs
(a) (b)
E 10 YRt i DEIM B9 mAP 284k % HE i 26 . (a) mAP@O. 55 (b)mAP@0. 5:0. 95,

Fig. 10 Comparison of mAP variation curves during training of the improved DEIM. (a) mAP@O0. 5; (b) mAP@0. 5:0. 95.



RAREA 2 < JL A SRR 5 2 ) — T 3R TR AL ) ) i i L R R o A 00 7 2k 13

3.7 AAHBEBEZHRIEELR

Ry i — 20 IR AR SCRE A AR i ) R 3 R
Hz AL e 1, B EUA FF ) PTL-AT Furnas Dataset
BRI AN L, EBIR AT L% T

(i) R A | B i R | B A L R B S S B
Bro TERFF FE NS — B 540 T X DE-
IM-D-FINE-N 5 4 3¢ CSF-DEIM #E 47 5 3 JIl
AN, 5236 45 R a3k 4 R .

#& 4 PTL-AI Furnas Dataset #& il &5 R
Tab.4 Detection results on the PTL-AT furnas dataset

LAY P/% R/% mAP@0. 5/ % SR /M /G
DEIM-D-FINE-N 87.8 82.2 88.1 3.73 7.1
CSF-DEIM 89. 2 84.7 90.9 3.37 6.8

B2 4 AT A, 7E N 1 B 48 PTL-AT Furnas
Dataset I , CSF-DEIM # 4 F 3 4 # A 7 P R
M mAP@O. 5 F4r5l$& T+ 1.4.2. 5/ 2. 84~ H 47
R U B AR SO AR A L T RS H A 4 L A L
A I B ARG I R RN — A 1 B B i 4R 02 Tk g
3.8 MGHMELR

oy U6 F T B AR AR T 7 G A b ) S BR E E
PEBE , A% ik Al NVIDIA Jetson Xavier NX 1E A
NG B4, % YOLOvI2n .DEIM-D-FINE-N
Fe A CSE-DEIM #4738 28 | A 330 2 v 38
EFBWE 1L o DCHT R I i A ik B 400
K A HL 2 B ARG PRI AE Sy B B R A A A
YIAE AR [ 3h 2k 6 AR F & 058 — HE P T R AT
& R TensorRT 51 88 HEAT ikl |, #E FEAY B %
# 4 FP16, batch size 50 1, I 5% ] H 5K K& &
W B 7 XL B T e B A ] A 4 3 AR R T e
AR, N R AL LS R AR PR FPS NI 3
5 8 B K I AR Y S PR AE AT A R G, R R
T B B E] RN FPS X FE &5 R ANE SR .

HH 22 5 AT HT, #5452 70 3 3% B A 8 e 114 S o
FEHE 77 . DEIM-D-FINE-N £ 4 2 I % Jy 40. 7

K11 kil E 5
Fig. 11 Edge-side deployment platform

FPS, A& X CSF-DEIM ik %] 42. 3 FPS, % Wi fif §
HE A R AL SO RE 8 AT A AR AL TR TR 4 L OF
AR N Gk g LS PR IE AR B . St
[y, CSF-DEIM 5% 5 2 Y OLOv12n i 2 it
O M 42,3 FPS M 41. 1 FPS, 16 {545 %5 5 52
R}k B RE 7 Y (] Bf B A I A A DR B A R
BT RS BE AR R T

x5 HMEXRER

Tab.5 Experimental results of the edge deployment

B mAP@  HERL ]/
A FPS
0.5/% ms
YOLOv12n 90.5 23.2 41.1
DEIM-D-FINE-N 87.9 23.7 40.7
CSF-DEIM 92.3 22.5 42.3

Bl Xt f L R T A RS v T I A B o R
P23 SN oS WV S R 7y O N WL S L B NS 'S
P DEIM-D-FINE-N 32k 38 T il A LA 2k
W5 s ] -0 55 R B Y B A A N AR Y
CSF-DEIM. #£ i CGA-Block I &+ 3=+ R 4% ,
TEAS 38 0 B3 7 G B B R R 3R T X AN B D)
W 5 B LA BE 71 5 22 T GD AL % i1 T SFGD-
Neck, & 7+ T 5 J2 FRAE 58 B AL 3R M 55 15 SCRFE
f IR RE T, A e T 2 RO ol B ) A I
e s 7E ML L AL |, 51 A FAFTAE B, 38 5 28 B R 30
i 5 IR A JR) D A B B, R T i ) S e
fEZRIL . Lo g L £ Y], CSF-DEIM i mAP@
0.5 FL LM 4.3 E 7l R S5 [ &
3.37 M, > 04 4 1 &b 78 58 56 F — 2P B0 4iE
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