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Abstract: To enhance target detection accuracy in smart grid monitoring, especially under the challenging
conditions posed by complex outdoor lighting, a comprehensive {ramework for fusing polarized and intensi-
ty images was proposed. To improve the accuracy of detecting potential hazards in smart grid monitoring
systems under complex lighting conditions, this paper proposed a detection method based on the fusion of
polarization and light intensity dual-modal information. This framework addressed the inherent difficulties
of image analysis in diverse lighting scenarios, ensuring robust and accurate monitoring. Firstly, a dual-

path feature fusion network was designed, which used dense convolutional modules to extract features
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from polarized intensity images and polarization degree images separately, thereby enhancing the retention
capability of shallow information. Simultaneously, by constructing feature dependencies in both spatial and
channel dimensions, new feature maps were selectively generated, solving the feature aggregation prob-
lem in feature fusion. Finally, a multi-scale adaptive structural similarity loss function was introduced, and
a weighted algorithm was designed to optimize the quality of reference image generation, enhancing the
structural fidelity and target saliency of the fused images, and further improving their quality. Experimen-
tal results demonstrate that, compared to state-of-the-art image fusion algorithms, the proposed method
shows significant performance improvements across multiple evaluation metrics, compared to intensity im-
ages(S,). These improvements are not only statistically significant but also visually apparent, as the fused
images produced by our method are clearer, more detailed, and more informative. Ablation experiments
further validate the effectiveness and practicality of the network modules and loss function. In a custom tar-
get detection dataset, the fused images generated by this method achieve a recognition accuracy of
91.5%, with an mAP@QO. 5 score of 0. 916, These results showcase the superior performance of our meth-

od in objective evaluations and highlight its significant contribution to enhancing the detection accuracy of

subsequent target detection networks in smart grid monitoring.
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Fig.1 Overall framework of images fusion detection
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Tab.1 Comparison of similar datasets
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IPF (ours) 3000 1224X1024 Polar+RGB Electricity Scene
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Fig. 6 w on image fusion quality in SSIM loss functions
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MASSIM-II #l MASSIM-III .,

®3 SREBFRAQwIEGRERENFN

Tab.3 Effect of multi-scale w on image fusion quality in
MASSIM

SSIM-  SSIM-
DoLP S,

Method EN MG SD

MASSIM- 1 7.038 8.569 50.223 0.345  0.426
MASSIM-1I  7.155 9.547 55.968 0.355 0.411
MASSIM-I  6.902 9.108 46.199 0.381  0.432

T PR A R SR AL 4 2R

F 3R T MASSIM A [a] 45 FL 8 144 Y
TPERR , MASSIM-TIFE 45 30 45 b _E 35 38 31 e
SR PE K, A E B 48 br £L 2 R — % O
E‘fcﬁt%ﬁ‘é ﬁ'ﬁMASSIM-mLI%I/\ﬁzH” AR

ERE R M. DRI, B AR B MASSIM-TIE A 455 7l
unﬁéﬁhéeu%zo

TE Rl P 28 X5 b 52 56 b, PDBFNet 5 3L A
Sedk Oy B AT T 4w R, L g ik
(NSCT,CVT) F B % 2] 7 % (DIFNet, DDec-
GAN,PFNet) . k8 4 PFAk il A 208 765
e hr L ah b5l A E AR B (MD QYW 8 b, IF



1282 P

K TR

33 %

Ptk SSIM 5 5 2 2 43 5] L DoLLP 1 SO/E R 5
Z EMG 5 SSIM (H G BCEY . scgh 2b R an sk 4

®4 BEYFEERBEGHNEUAREITN

Tab.4 Objective quality evaluation of raw images from

W% 5 BT R AR T S R 10 S, o
Image EN SD MG
F Dol P E& 14 % S 5T 5 3 f 45 3 A1 B R e T S0 6. 143 59 397 25 162
fli BEUE s 3R SO T 4 SIAAE B A B 4 Yl DoL.P 5.771 32.919 72.400
G PG % 0 T o 7 25 5, 20 1 FZH 2 43 531 % i
TG Iy L IR BE 2 2 5k o W T4 T 2 & W Jox i PEA 45 R B AR X L o
x5 BMEERETEHERYBEELNEUREITM
Tab.5 Objective quality evaluation of fusion model on IPF
NO Fusion method EN SD MG MI QM SSIM
NSCT 6.920 67.307 82. 080 1.826 0. 401 0.513
! CVT 6.863 58.376 76.557 1.830 0.392 0.358
DIF Net 5.760 20. 828 46.199 1.167 0.383 0. 466
DDcGAN 5. 630 23.311 33.996 1.098 0.388 0.438
’ PFNet 7.116 59. 395 74.625 1.769 0.398 0.492
PDBFNet 7.206 76.917 66.170 2. 744 0.401 0. 469

TE ML R SRR T A SR, A+ T R IR R IR, 42 B 18 s 24 Syl ey Al

:; 80 Fgogolz:hod 2 SE
;| = 1 52
S7of SEC 2
mm DDcGAN &

§60 EaCe 202
2800 o
z 155
540 5
230 10%
250 2
3 05.5
£10 b
=0 _ﬂ:[.j] i L 00=

EN SD MG Ml QABF  SSIM

Metrics
7 R A A % 00T DT X L

Fig.7 Comparison of objective quality assessment of IPF

SEG 45 B B R, PDBFNet 75 0. 28 s PN 1 3 5¢
BUAL B IR AR 2 MR bR b 4 e s,
FLAE 0 2% 401 1Y e O FLOR B 5 M 0 A R0
Dy R, M2 T R4S NSCT 7 B 2e 48
b L B OB, LA 35 156. 70 s Y 4 B[R]
TGk S PE SR o i PFNet U KR F T 8%
R AR RHE DR T 1 S EGL & E B IR B A
g 754y, HOWF HC A T AR AT

AN K 8RR T &Rk A g . F0
Mve - NSCT 2 i (B 5] AR H &R 4L
HANY s CVT A h i &5 B S 8RR ™ &
iR 1L s DIF Net F 5 5 5% 25 B xf U B2 DoLP B1&

o I G T A ERERT . S DDcGAN g
flA 5 R R Sl TR A b . PR
Net 6t = A& I AP, 53 3 DoLP ¢ 4E 1| F AN
JE RS L ERRAR . fER)E — 4K, PDBF-
Net (il & EUE A AL R T 42004k 52+ i s 28
5 Gamy, BLA 401 UG 2 0 it TN B LY
PFNet [ 20 507 b7 , 33 ud B mil & A5 7 30 1)
M 5 T 2 0

6. K TME 9 RRT 12T EAEE i
IG5 R, 36 8 PolarLITIS ¥ ¥ 48 7 4 1% i %
WL 5T & PEA L 2 7 N A& il G BB TE PolarLITIS £
Pt 4 1 fl A R & B BP9 A T AR
& B Bl X . SEE A4S Y, PDBFNet 78 EN FI
SSIM F8 45 - 3k B e L, HoAth F8 A5 s #2230 Fe K
TR AR SRR Z M S T R AP
A

%6 PolarLITISHBEFBEEGHNEMNREITLMH

Tab. 6 Objective quality evaluation of the PolarLITIS
Image EN SD MG
SO 6.562 62.292 25.827
Dol.P 3. 363 40.420 34.619
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Fig. 8 Fusion samples of comparison algorithms. The area in the box region is enlarged to display the details
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Tab.7 Objective quality evaluation of fusion model on Polar.LITIS
NO Fusion method EN SD MG MI QM SSIM
1 NSCT 6.765 54.187 44.853 4.055 0.393 0.518
DIFNet 5.673 20.743 16.435 3.214 0. 381 0.472
) DDcGAN 5.751 22.706 23.424 1.831 0.371 0. 366
PFNet 6.707 41.557 39. 686 3.572 0.382 0.534
PDBF Net 6.787 52.328 39.024 3.780 0.383 0.537

TE RIS R e AR AR T RIS TR IR L, 4 BT 45 s 340 Sy g A

:; Fusion methods
. {1 mmSso
Ky 60 =3 DoLP
6] EINSCT -
mm DIFNet n
25 (01 ==DDeGAN

PFNet
o =
72} = PDBFNet

Z40] M
3301 é
D

EN

(=1

Metric a'l\LJles for E
(=]

[

=]

MG  MI
Metrics

QAB/F

SSIM

19 Polarl. ITIS 544 1) 7 WL 8 PFA X E

Fig.9 Comparison of objective quality assessment of Po-

larLITIS

3.3 HBhI
3.3.1 BEAZEMN AR E I

N6 E DFF 5 B 0 38 38 78 2 1 AL A9 A7 5%
PELARSCIRIT T AL A LS B E 585 R
ML SFR .

A 4S50 T RN TR TR A SR e A g
225, SCHG R A BT AT BRI A Bk P B R
J7 %5 DFF A5 53l a8 [ 35 1 %) 5% 58 18 1 %5 a) 2 B
4 il R, S BT R R A0 5 i R 1 {5 34
GARIE MRS B AN, B E T T RS TERE .
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Tab.8 Results of structure ablation experiment
SSIM
Group Description EN MG SD
Dol.P S,
Point Plus 7.127 9.359 53.189 0. 337 0.219
Concat 7.114 8.837 51.813 0.334 0.225
A
Only-Spatial Fusion 7.082 9.170 51.684 0.350 0.226
Only-Channel Fusion 7.005 9.212 49.755 0.347 0.223
No SE 7.151 9.307 54. 208 0.342 0.225
B
PDBFNet(ours) 7.155 9. 547 55.968 0.341 0.231

T I TR R i 45 2R

it FH 38 18 B8 2 1) fl A B B 35 3 BOME R T B UE S
T OBLYE I Rl A R 06 BEME . DFF 55 B 5
fiE 43 20 WL, 523 T 25 8] 5 58 G ACHE Y 20 57 f
b, DT AR A5 SO0 60 fil A BOR . B A SR IR B IR T
BB . LR AR BRI
I8 B S HLEN S, PDBF Net (9 557 1F 42 BUARE /)
R T . B HGE R Ak B AR P R AE
B O B {7 B HE— D GE T RS TR
3.3.2 MEBHE R ERE

AN A 58 %0 1 % eR B AT TR ACTRAR S
TE Lossss A H T 82— 11 Single (11X 11) 54
A H (Win-sets) i PERE 22 5 5 Loss, XF T 11
P Az B 7 5 ¢ S, A DoLLP (4 34 {8 fil & (aver-
age) il 1 0 (22) 15 2] 19 Jin AL A (weight) o 52
55 5 TR AL S Y I 28 RS A 2 923 7k P 3 1A
BT IEA

LG R B, FEHEA Lossyass Tl Loss,.,
B E R TE T B bR o 22 5 A R R R At

R MEAAYHMIBER

Tab.9 Results of Loss function ablation experiment

SSIM
Lossssiy Loss,.. EN MG Ssb —mm
DoLLP S,
Single Average 7.048 9.025 52.652 0.396 0.331

Win-sets Average 7.227 9.590 57.770 0.396 0. 360

Single  Weight 7.196 10.061 57.942 0.354 0.344

Win-sets Weight 7.248 10.118 55.158 0.442 0. 388

T = PR 7 AR B (L 4

Jo R A8 B b F R A KT o 3 Rl XU R Ak SR
HRCF-H T A0 R B S R T R R SR UESE T
JIT 4R 1k A o o
3.4 BRI L

Ry W R 3 G AR IS AT 5 04 A R T T 4%
St EF YOLO R84 317 T R GbE Al 46
YOLOv5-n/s/m, YOLOv8-n/s & YOLOv1l-s.
PEAl A8 b TR 5 090 2465 2 508 | A B D) L TR A
R H B mAP 0.5, 52878 IPF 504646
HEAT 2R HI 2 133 5K Ul 2k R N 432 5K 10 TE IR,
Fr A B 25 2131 2% 100 4~ epoch, HEFERY BO X B B
5 BB H 4 0.05,10U {4 4 0. 2, 3 1£ NVID-
IA GeForce RTX 3090 f & b il € 4f 2 pisf 8] , 2%
RAFE10FTR . LE R, YOLOVS-s 78 £ il 4
J3E R4 B B 2 () ST e A, B SR S 0 A
RULERG B AT /N T B LR S 40
S DTG A2 SRR AN 2R W R . B AR O

F10 FERRRREEGERSEGHNBEIRGNSER

Tab. 10 Object detection results of comparative periment

Network Params/ - Time Precision Recall mAP
M /ms
Yolov5-n 1.9 10.5 0.838 0.832 0.874
Yolov5-s 7.2 22.3 0.891 0.854 0.902
Yolov5-m 21.2 50.8 0.915 0.861 0.911
Yolov8-n 3.2 8.7 0.873 0.826 0.877
Yolov8-s 11.2 26.2 0.878 0.85 0.882
Yolovll-s 9.4 26 0.886 0.874 0.903
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FLLAIER 12 JBIR T 4% fl6 I 28 1 Ao i 4
A, 2% 11 08 FH O B D s PRS0 L s A D0 245
V] DEAR (0 JE v . 26 12 )8R T B4 EE 09 H A
B %5 5, Ho b PDBF Net 76 T 4 18 5 b 15 g
IR gs R UE S T H AR B il A R e SRR AR
PR R A AR R P RT AT 3 SRR TR il
4 B9 SO T DoLLP I o 4G I 245 5 AR Ay Lok
10 J s 1 ML A 37 55 R 1 R DU 28R < () X
T P Y 4 2% 7 H A, PDBF Net &8 3% 2 7t

F11 ERARKRESEGEBIRGQNX L ER

Tab.11 Target detection results using raw images

Image mAP 0.5 Precision Recall
S, 0.891 0.854 0.902
DolP 0. 852 0.843 0.873

SO DoLP NSCT CVT

x12 EARMSEGHBRQNXEER

Tab.12 Target detection results using fused images

Fusion method mAP 0.5 Precision Recall
NSCT 0.861 0. 866 0.898
CVT 0.851 0.871 0. 887

DIF Net 0.858 0.848 0. 885
DDcGAN 0.874 0.852 0. 889
PFNet 0.852 0.812 0.863
PDBFNet 0.915 0.873 0.916

T = PR 7 AR e L4

T H bR A 1% (b) 78 1 4% 2 5 T3, PD-
BFNet A &0 i 17 3 4 5 (o) 75 22 FE 25 2k 355 46 Il
HPDBFNet R 8 TH Z A MG E , LR T
100% Wy HbR A [l . ik #6545 R 5E5-EH] T PDBF -
Net 7E 5 22 5 5¢ T 1 U Bk P BE

DDcGAN PFNet

DIFNet PDBFNet

P10 TS T il 5 B0 9 2 0 P ) s A 0 45 2 75 1)

Fig. 10 Example of target detection results using different fusion algorithms to generate graphs
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