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Abstract The semantic segmentation of point clouds in power distribution networks is of great significance for en-
abling unmanned inspection and intelligent grid operation and maintenance. Although existing methods have made
some progress in spatial modeling and structural enhancement, they still face prominent challenges in spectral fea-
ture extraction and the efficiency of large-scale point cloud processing. To address these issues, this paper proposes a
structure spectrum-aware framework (SSAF) to enhance the expressive capability of point clouds in long-distance
distribution network scenarios. In the data preprocessing stage, a structure-guided hierarchical filtering strategy and
a structure-aware sample partitioning method are designed to reduce redundant background points while preserving
the structural integrity and continuity of key objects such as poles and wires. During the semantic segmentation
stage, a spatial-spectral collaborative semantic segmentation network is constructed, in which local polar coordin-
ates are introduced to enhance direction-sensitive feature modeling. Furthermore, a dynamic fusion mechanism
based on attention maps is employed to enable adaptive interaction and information enhancement between spatial
and spectral features. Experimental results show that SSAF achieves higher segmentation accuracy and inference ef-
ficiency on real-world distribution network point cloud datasets. It outperforms existing representative methods
across multiple key metrics, demonstrating its practicality and engineering generalization potential in complex scen-
arios.
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The structure spectrum-aware framework
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Spectral-spatial collaborative semantic segmentation network
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g= U(MLP([ds;dz])) (13)

A, o) RARBILEM Sigmoid BE AEL.
B2, A 45 FER BT =USE B, B

Ffusion =g ® ﬁspat + (1 o g) ® I/p\spec (14)
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(a) BRI = Bl S NS/t 7

(a) Raw point cloud data with train/test partitions
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Fig.5 Visualization of the constructed distribution
network scene dataset
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P I 255 HEBESE G BI/E#53 NVIDIA RTX 4090
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JEPRAE TE S BUE S AR B bR, 2R B AE
FHBENLE e« ROBEHLAN AN w5y 17 e 75 3 N S 3008 1 ot
FWE, DURFBAR N B S R ). 28t
H AdamW, #4652 RN 1 x 1074, BEIER R
N 0.05, FR R TXIR KRB 3 25 TR B 2 ) 26
AL E L AE 1075, 1072] X2 m v S 5l &
B e, TE WSSO 5 7 B0K B 2 18] B A5 B £~ 1
BN ZREEECN 100, #EKCK/NEN 16.

e BVHG fL = B T E R RE, AR SCR
K (overall accuracy, OA). “FHIHERHZE (me-
an accuracy, mAcc) LA FIAZFF L (mean inter-
section over union, mloU) = FARHEPEAN TR bx.

FEARRG B T4 8 A 28000 0 SRR s
Rt Howe R
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(15)

C
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mAcc=— Y —S— (16)
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Horbr, € AR EB, Neomeet R ¢ HIEM 43
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B 2 S e R 7 AR R PR (e 2.

Z I (intersection over union, ToU) & &
o EIRG FE R B AR bR, SRS AY AR IR B AR A E AL
12 I R I, ot SRy

TP,

T TP, f FP, f FN;

Hrfr, TP FP; M FN; 73 R0 i (AT
TR PR PE A B PR A KL

A I L E OB JE5) ToU #4948, H
TERE O 0 SRR AR e, Hort SR Oh

IoU; (17)

C
1
mloU = = ; IoU, (18)
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BRI AT X L SL5G, I 75 KPConvPY, PointNext-
XL PointMetaBase-XLEl, DeLAPY, PTv3?,
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Table 1  Experiment on semantic segmentation of distribution network point cloud (%)

VRS OA mAcc mloU & ToU H/14k ToU ML ToU ZH& (M)
DeepGCN!M™ 98.26 71.29 78.92 98.20 63.10 75.46 3.60
DGCNNE 98.89 78.88 83.36 99.03 62.13 88.92 1.30

PointNet++"! 98.40 86.04 84.75 99.62 67.48 87.14 1.00
KPConv?! 98.90 87.91 85.51 99.90 65.71 90.91 15.00
PointNext-XL 98.27 91.40 88.54 98.65 74.72 92.25 41.60
PTv2™ 98.36 92.63 88.42 99.28 80.04 85.93 11.30
PointMetaBase- XL 98.38 94.21 93.62 99.11 92.35 89.40 15.30
DeL AP 96.87 95.34 93.65 96.89 92.69 91.36 7.00
DeLA + X-3D™ 98.59 96.81 94.29 96.36 94.30 92.22 8.00
PTv3® 98.64 97.11 94.37 96.56 94.42 92.12 —
PCM® 98.79 97.27 95.69 96.96 96.17 93.93 34.20
SSCNet (43) 98.74 97.99 96.20 97.85 94.36 96.40 12.54

T AR OR bR B R L g R

DeLA + X-3DP! Fl PCMPY 535 4F R AE B =18 X
Iy BB RIS AL 2 ik, R 1R T &0
ER S BIPEERS, 6 R T IS A5 TR
P R ARTE

WEARYERE R , AT IETE E BV 84 L
ARG R, H, mIoU &% 96.20%, OA N
98.74%, mAcc N 97.99%. £85I /21, SSCNet 7
B RS 26 5 FEUAS 96.40% 1 ToU, 1EFTA 772
rhiR e 7EHL 2628051 |, 5T Mamba [ PCM™ 3545

JE IR H PRELE R PointNext-XL PTv2

PointMetaBase-XL

96.17% (%] ToU, Tl SSCNet N 94.36%, BEKT- PCM™,
{HTE mIoU Lt F PCMPY. 5 PointMetaBase-
XL A1 DeL AP ZEARERNE T LA b, AR SCHEHL 728
FHHL JTAF R P OB S5 40 19 ToU $5 B B2+,
2 B T 1R 5 R A0 TR R A AE A A R AN B 2k
IR F % ) 7 10 5 B

Kl 6 AT AL 2SSt — P e T ARSI
Wt AR 2R 1EFE X 3, PointNext-XLP 5 Point-
MetaBase- XL #5843 552 75, S B R AR5 =)

DeLA DeLA + X-3D PTv3 PCM SSCNet

=g
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(a) Distribution-pole scene with low vegetation on undulating terrain
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(b) Dlstrlbutlon pole scene with low vegetatlon on flat terrain
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(c) Distribution-pole scene with tall vegetation
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(d) Distribution-pole scene with guy wires
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Fig.6

Visualization of cloud semantic segmentation results for distribution network point cloud
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Fe3 e NI RIRNE, A RR R 26 B E T
PE. RS FASICAL, PTv2R By 4h B 5 Bk %
B TSR, R B 2504 X 43 B 1A JE 1 ) B
PR A =S A ATE R AE, W T B % B R
SCEEAERE Sy, o> B0 G OIS . A A A X A,
DeLA +X-3D™5 DeLAPY J7ikfrfE i £ 5 i 14k
RERIEN, FEBRTHRERESESEH - BA
B ARALYE, BH RIE A6 T R i X . AT
2R, RSCEINEE S LA B AL, ST 45 R ) B
77, A4y B 45 B 5 N ThRE R R — 2

2.4 HEASCEY

2.4.1 FIFETNIES FHAR] 5 SRAGSEIE

N RGP FTHR ) S s TACEE 5 REARI 4y 5
WS PRI M, AR SCHE B R B AR P L = A AR
TP X FL 2R (S1 ~ S3) P selh. &4k, Al
F G54 5] S 102 20 85 2 IR 5 106 SR A6 it AT 8
B, ARG REENE RS, ME 2R K24
= AR LR BRTE R A 5 A5 I8 s s A (S LR
giitaE R, AT ez m it RS SR 56
JIFFEE . 2S5 5k B AR 28 i o 0 A IR ALARFAE.
TEARFSAET, 1Z RS SEBUE R 70% 11 5508
Bk, B miA E] 98.9%, KR BRAR T 5 20 15 AL U 2k
M. BlE, 45 G450 5] SRR R 0 51, Kk
JAR X IR K o M 45 T35 SGE SR R R TR
RN GRS R

R 2 BIRIEBATE A G (AL TR
Table 2  Category-wise point cloud statistics before and

after filtering (Unit: 10* points)

UEEEN

IR A 5 e

¥ e

S1 86.9 16.4 4890.0 86.1
52 67.9 1625.0 4042.0
S3  117.6 1090.4 3162.0

15.7 1415.0 71.1
65.7 1622.1 45.9 98.9
116.8 1087.5  397.0 87.5
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XA BT IR 500K, 956 Tl Ak 3 5
W P e 1, A SCHE Bk =R E R 2 B3 SSC-
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W ahi), B 7 5 T ARIBCE R =R 7771 mloU
SHEER KT R, il 7 FiR, &l XY
FUEBE + FEARRN 3 ST 5, & 5k R
INF 1) 347 9 35 R B, T mIoU B4k S /NIE 4 Bl 3k A
¥R ; Hrh PTv3) R H 8 i U R AR R HY
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SSCNet 7E R FF i e 7 FIkE B 1 [A) B A7 2 A5 e 1Y)
TR 3RO B TG B R 55 ) 4% &5 1) 75 2 4%
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Fig.7 Comparison of segmentation accuracy and
runtime at different processing stages
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S VR A AT RFAE, A7 B T3 T DRI 73 9630
FHEM . BGF B BRAEES 5R A&
A, R AR A 18] 5 0 73 SO TR LT T Rl
12, SEILES RERFIE s T4, 38 008 1 30
A U DX Al Py ) S — P 7E S BEC B b, IR
GRS E TS BB ARV R E— D3R T, PRST Ha
HH I8 FURFEZE i BGF 45 44 o o BRI 1721
AT AL, AITPETC /5 91 NBUAMT SR 2 L K AT
PR BIEe ). %4 R, PRST 424t
Y 254 S B8 E 73 ST R T AR P A DU R OR B A
F, TR LIRS AR A g FE R ) 25 440 51 5 R B LA

® 3 HMSELR (%)
Table 3  The ablation experiment results (%)
Trik PRST BGF OA mloU mAcc
1 98.12 94.13 91.74
2 v 98.57 95.86 96.84
3 v 98.78 95.47 93.06
4 v v 98.74 96.20 97.99

Bl 8 Fir 7 BARFAEMA S P RRAK 7R T AN A ASE ER iT
BIEG M E S0 SRR 7 M 2 5. B
(K 8(a)) TE HL ) R R3S i 8 X S s 59 B AN
s, RO A B RE AR T 45 R 20 Y AR 1 S PR A
I\ PRST (K 8(b)) Ja, BT GG s, 45
P — B B R T Ul B A B T R g K

ik [

(a) Baseline

‘ , * 4 ’ .u
o ﬁﬁ(b)& i | iz

Baseline + PRST

(d) SSCNet

8  AFIMCE TR BOE A
Fig.8 Feature activation heat maps under

different configurations

SER I LTS BGE ik (] 8(c)) MIFEL 5
DX I SR I IR , St i e I . e BE MO B
(¥ 8(d)) dia i e, iEW] 7 AR AR IS5 1]
FERLEHLH] A0 Rk, R I R st JLT 45 M 5
B SGH IR AL RE

2.5 1HELZ WWMHIIE

NUGIE SSCNet 7EAERC 375 B HIA ik, A
LAEARHEE N S =B S3DIS BT AR, %5
PEEE 6 ANX Ik, 271 (A J5 0], A 13 R
W H bR, B S5 B RNE LA A A . s
IR H Area-5 XI5 5ms, PL Area-5 X3 AE il
£, HARXEH T I

AR T ZMARER M TTIEAE S3DIS i 4
B Sy B RE. W% 4 o, SSCNet ££ mIoU
Al mAce BTURZ O 18 bR EXIE B A mT L, AL
RIFHEY Sz e ). AR, REZK
RUNEEHL I &S =51 E, H PRST 5 BGF #ithfE &
FENRER MR B R EEN. 5 PTv2?
tt, SSCNet ) mIoU $& -2 2.4%, HAEZHHNL
R /NS L T S BB ARG B A% DeLA 51
P& X-3D 45#), SSCNet [FFEAE R 15 5 B 1 BT 2
IR RAANERE. PTv3® 5 PCMP 43 5 5] A
EROE R P S Mamba 288y, BAA BORE AR
71, BTELE A Fa bR _LATIE b T SSCNet, i#E— B IGUE
TR TR ATE EEAORN ] 45 @A 7 TH 25 R RL
M558 N

F 4 TRJTHAE S3DIS Hd4E Xt hgh R
Table 4 Comparison of mainstream methods on
the S3DIS dataset
I ZHE (M) OA (%) mAcc (%) mloU (%)
PointNet++!" 1.0 83.0 — 53.5
DGCNN®I 1.3 — — 47.9
KPConv?! 15.0 — 72.8 67.1
PointNext-XL" 41.0 91.0 7.2 71.1
PTv1E — 90.8 76.5 70.4
PTv2™ 11.3 91.6 78.0 72.7
PointMetaBase-XL 15.3 90.6 — 71.5
DeLAP! 7.0 92.2 80.0 74.1
DeLA + X-3D¥! 8.0 92.2 80.1 74.3
PTv3™ — — — 4.7
PCMP 34.2 92.9 81.6 74.1
SSCNet 12.5 92.3 82.1 75.1
3 HEWRE

BT HL R JBR 5 25 1 L B S5 AR K 45
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