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& 1J& 347 M 4% PDF Net (Parallel Network for Object Detection and Image Fusion) " & &5 4 1k 87 4% & (1)
R e BR . BERR ] YOLOVSs ™ Al = J2 1 Oh 28 AR REAE 42 U 25 ) T 42 I RGB 15 JA 2180 PR 10 32 4
ik, i th o RGB BUR AR E B Frop FUAZLANEMGFEIEE Fro Frop M Fr BT ) 352 ZBSRRE Al B B4
PSS B A G RAE K Fro SEH S0t bORAEFIBEERE 209 i DL E RS RRAE ] F L 20 0 i A R Rl &
T4 HARK I R 2%, (6] 20 5747 b 58 iR G 5 BARK AT 55 o A SCEE$E YOLOvVSVE SN H AR Il £
IF5 B ek B A 45 AT X RS BG . Bl X PDF Net #E 47 9 By BE A9 5 &% DL 58 WA 78 (4 e 45 , ok J B4
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Ry T AR AN TR REAS B R AE B 6% T g b R B AR A9 05 R4S B0 R SCH N T R AR 1A, B T
TR R b A5 4% Bt (Channel Attention Feature Fusion, CAFF ) %4 T R AR 28 69 B 10 &, A= g T [®] i T b
AR AT 55 (4 BT AR AR & . an il 1R, CAFF B8 ty 7S A6 BUZ A1 — -l i e . Sl e
Bt & A 2 12 2 M — - 2t 4k 2 R H Softmax pREUE A 30 pREL . 7F CAFF Bie i A K Fyop Al
For, by ik e 70 R BARAE T IR AL S A5 B0 w28, e Xt Fron LK Fo AT (8] BAR R FONIEAS B F o, 355 R 38
TEVE A9 B0 308 I ACE W e AP RNRRE B AT AL . i o, TR AR Dy

Fu= ConV(Conv(FRGP,))@Conv(Conv(FT))# (1)
W .ion = Softmax < Avgpool ( Fe ( Fc(F.) ) ) ) # (2)
Ffus:(FT<()1’;® Wanen)@(FT® Wallen)# (3)

A, Conv () RREBFUZ , Avgpool (+ ) Fm FEMALE , Fe( « ) RMABELE D RMITREIIME,QFR
TR e o A M 25 Gk T TR 7 B RE A8 5 o) B Ak P o R 8 G S 2 AT 55 A OC, AT s 4R T
E/ S (i Sl TR A
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Fig. 1 Overall architecture of PDFNet
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TR DY ANk AT DL g B A, B3 T LR A Y 38 D 4% BY A (Filter Pruning via Geometric Median, FPGM) ., 4%
SCXF IR 5 B9 PDF Net #5289 3547 0 K B KL, 5 58 XTIl 25 )5 B9 PDF Net SR BUIRE T 1.2 35 5000 55 A%, 1 36 I s 5
AT B O LR e A L DR B R B AL R g 5 4 AT 20 (4) B2 A (5) AT 3 T W S 0 BT A
BERERB MBI RIC N F,, Foy oo, Fyy oo, BV PO a IR /) Fo— Fo /) R UEE
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55 LA T AT AZ 0 B U A% 1) BT IR TG R B 0 3R IR S /N = T fﬂ%{}t‘ﬁ%‘%ﬁmﬁi WHERS &%, a 5l
2 BT IR S Fe /N R TUAY L R B A U A g RS O T R B R S AR B AT SRR I 25 DA S B K B AR AR
KRR E
D(F)=>",  J/F.—F.//, (4)
a = argmin ., ,,D(F,) (5)
1.2 ZESKEET
FAT R EMER Rl G 5 B bRk 22 AT 55 W 2% 1 I SRR AE FNAT: 55 96 A )2 1 %) op 28 m) . 76 SRR AE 2 0, G Rl &
o e 3 R AT R AR S IR R G A B AR R AT 55 T B A i SR B S A 28 SOE L, A T
REAE T R FAEAE — 8 v M AEAT 55 2 T, BRUR Al 1E W2 80T 55, oAk B AR 5 B AR I X — &5 )2
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SC LA 5 ROBE Bk B 3 422 L LA 38 5B OAS [R) )22 SRR AE 9 45 8L 28 L, [ BF SR 1 368 07 A 55 458 2R AL 5 s X 4% 4T 55
Y2 ik B AT B 254, DA T B8 FHASE A0 B A iy e Pk S5 PR B SR BE .
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AT 24T 55 190 45 B 458 5 v 85 e 19 30 0 AL B« RV Rl 3 % F0 BB A I £ 82 L 9 3ol SC Ry
Li=a Lo T Lo T a3 Ligim (6)
L4=B1Lupox T B2Loss T Bs Loy (7)
L Loty Lo T Lo 53 B2 AR RO  BCHL AR 2 45 44 41 L2 (Structural Similarity, SSIM) 48125,
S oy, a0 as ] IEEH[4,4,2]0 Lo BEMKFEHTHEMAG EGS LG EGRRIN LM 2ER H
TGS W G AE 15 R R 5 H AR BRI 5 £ SO0 G 38 i 138 FEGOBR A 22 S5 o (R 15 T % i S 7R
YT RN AT D, 5 Lo INFEBE K HUBE 454G = A 2 13 i TR GOR AU | o il £ MR O AR B N HIR AL i JER A £
R G BEARGERE o Lopons Lo Loy 73 B R 58 DL R 53 FA0 8 FVE A5 IR, B S 8081, B, B:] 5 YO-
LOVS fRF5F—50, BB H[0.05,0.5,1.0] 0 Loy 58 A7 155 FH 17 15 000 341 5 AE 15 0 ST 300 SR 194 437 58 i 25 o 790
0 A B 2 67 51 E AR AT B 5 L e S0 A0 R T A B 0 28 50 5 S 2 A 25 S A A R A AR R ) E B B 2 1
Loy BEAF BE R FH 7k Y000 HE TR S A bR I R TR BRI IX Ay SR RN L DR . R 2T
%24 3] Y K TRUAT 45 M OGP B AR I, Do AR KT . MR A S B RS AR T AT: 55 EL A AN TR A6 I 2 B R
W SA G ot R T A N A O AN A LT A R AT 55
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ci /(L) k=2

T=3—2(k—1)/K (9)

K e BRI R RG] KRR B GA R, TRAIRE S8, 1 T2 6 AT 55 50 (0958 B 2881,
e Bk e LR
L= Ly + /lkﬁr (10)
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2)SCERAN NI B, W AR R 8 R 640 X 64018 %, b K/ K 16, 2% 2 R R A 5408 A g
M5 X 10 PR 5 X 10 4. BRI REALES B R M (SGD) AL a8 Je I 25k 300 %8 o BY A% 5 =8 Il 2k o B,
AR RSE SR R /NAAS 3] R T X 10 2 & 2 1 X 107 [6) iF R FH BEALES B R B (SGD) 4L 2% YIl 25
4005, IZHB 43 S 56 5 F U B NVIDIA GeForce RTX 2080 GPU S£H .

3) BT % - vk 45 3 RK3588 5 H Y Orangepi5Ultra ik A T &, X5 Bt BT Y 9 4 455 84 15 47 i
MBS AR B AR SRR GPUES R B IEM 8 bR, 6B 5 HE P B 5
R BEAT R A3 BT, AT 28 8 1 DAy T 44 A5 A0 7 552 o o 00 358 38 37 55 T I T A 1 o

4)VEY F8 bR - VB 10 20T (KR Rl 5T 6 4 b 45 A8 A BLPE SSTML, 3 T 3 2% Ok B 19 2 i 958 A1 (Quiality metric
based on edge preservation, Q™) , 4 (Entropy, EN) Fl 45 #f 22 (Standard Deviation, SD) ¥ P Al &% @il & 24
SR AR A AR LR mAPSOE A H AR I BE A PEAG 8 A, I BE LA 105 8 SR T EHR A
JiT G b o
22 HELKI

BETE T I Rl S 50 DL I ) 4 A A RS A At . 3R 1 TR, PDF Nety, 28 7 Sl )1 25 B8 i & 5 H
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PDF Net., fC# fill A5 ACE B AR F 18 DA 55 04 R A .
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Table 1 Ablation experiments

Multitask Channel Skip Adaptive
Method ) . ) A

learning attention connection loss weight
PDF Net,, X NG N X
PDFNet, v X v v
PDF Net,, v v X v
PDFNet,, v v v X
PDFNet v v v v

W 2 fron , AT Bl 5236 45 S5k B , PDF Net . PDFNet, &2 PDFNet, 75 fil 4 (10 & W0 45 b1 b 19 28 B4l #
T, 2 B I 4656 EL AR (8 R A i 5 1 L SR S R AN [ G SR s X AP BB S A B, D 4 2 R LA
— B, M2 T, PDF Net, 95 (bG8 900 520, JU 78 QP 8 hR 9 T REHEON 3%, F# s R
J3 K K3 2 A O B R RS 4 5 BB By R ¥R AR R . AE AR AR DU 45 5 5 T, PDF Net 54U H
BE Rl BURE 25 25 44 1) PDF Net, A1 L, PDF Net P g 42 7+ BH &, 1fi PDF Net,, 55 PDF Net, #4%  P4 G 35 H BLA 7] 7
FEF MR LR g Ui aA , 5 R Bk BR G4 B2 25 0 BB 5 AT A% 3 ik 22 )2 GURRAE 10 {5 80T Bl T 1 R 7 AR AE
ALY BT 58 OCHEE AR B MR TUAYRRAE | 3 A U IR 1 T o A5 A A pA P B LA B Tk . R L 4
4 PDFNet, .PDFNet., 5 PDFNet i P 68 XF Fb 45 e mT LAAS T, 2S5BS al & 5 B bR DT 55 5k A BRI Y 45
AU TR A YIRS ek B, ) 265 e LA - A5 R AT 55 i A A B AR, S B0 2Rl B v S 80K . i 38 2o X 24T 45 46
SRAVE JEAT G FRA R AN RE 0 A7 RCZE M AT 55 (8] %) R AIE o 5 ()8, 38 AT LAAE — 2 F B b S 9AT: 55 R] i A B
s Al E— 2R TR B R E M S A PR RE . SR A R WY Bl A AT 5 BT B B 2B AN AE RE A R KG
AT 55 B2 A3 5 5L 0 S0 1 1) i A R AGE 3 7 2 T 4 A S O 1 i

F2 EMIBER

Table 2 Ablation experiments result

Model SSIM Q™ EN SD mAP50
PDFNety 0.709 0.659 6.830 34.952 0.883
PDFNet, 0.707 0.649 6.841 35.299 0.876
PDFNet,, 0.705 0.579 6.849 35.366 0.875
PDFNet,, — — — — —
PDFNet 0.705 0.651 6.869 35.921 0.901

The best results are shown in bold, and the second —best results are underlined

I J5 i o AT Ak V% e PDF Net, 5 PDF Net A5 784 (1) 481 2% il i #5P . Hof PDF Net, 455 79 5 B3 4%
BT S A AR R AR A AR AN [ 5 1) A% Bl i 2 BN ) AR A 1T PDF Net 458 589 I 75 rbrogs DX 5l 9 3 7™ T 48
J5E B4 SF- JHRE I 6 BH A0 RS Bk BR 3% 32 19 PDF Net 8T 5 it 4k , i — 25 50 UF T PDF Net #5 BY 35 11 19 &
FE
2.3 XLEEE

SRy 5 UE T B L B A RPE SO0 B T R G R b S, B B e ek 4G 2 M e i R LA
% TarDAL™  SwinFusion™  DetFusion” . MetaFusion'" \PSFusion"*' . SDCFusion""* & SeAFusion"* {f 4 %}
b BE U E S — S0 IR N O R e v S e 0 G R G S SR LG A B . FE UL ER R [, 51 B A A ) A R
YOLOv5s 1 PEAl R I 5% , X5 4 58 12 A= e i mil & MR 4T B A A 0 P BB T LG, DA 3 9 98 A 55 i B i — 20
50 TF Filt A 5 AR 00 52 A0, DT 4 T 9 TE JUT 418 B30 v A 48 T R Rl & o o 55 1 i H s a1 68 ) T A B
231 BAfmbEE5EMT

1 3 A A, fir 4 PDFNet 5 k7 2 WOCHPEAN 8 br 1 R0 R 47, 5 Y A 405l oy S 2k 09 il 7 G & 55
: SwinFusion J B & B A AT LMk o BRI 5, 76 4 6 R 25 0 Of B0 19 4544 A 8L BE (SSIMD) 48 4% I+ PDF -
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Fig. 2 2D visualization of the loss surface of PDFNet,, and PDFNet

Net ik 2] 0.705, A48 T HAW S P 00 1 o i 76 e e BRE B F & B 095 B (EN)F8 45 |, PDFNet HtfH
6.869 Y W &t , B 55 T SwinFusion 9 6.839, 38 B A SCBETH 9 T A7 I 45 45 74 fig % T 58 43 b ) B8 U8 UG b i A
RE B o X — S5 R R WY A Bt 09 IR 47 0 26 235 0 7 e IS U AT 55 19 [l i), 2L 45 R 47 1) AR R A 4 B 5 O B g
1 REN T 5L RS N4 A S (S PERE K #E . MELTF TarDAL, PDFNet 7E SSIM A Q' I 42 7+ B & ; f# #5 14
B, R TarDAL EE H B8 AR i 22 (SD) , {0 25 & HAR K SSIM H 207, % & SDE FZ TN FH
G0 Bl A 2 R AR A AR X L EE o Tl PDE Net 78 SR iE = 25 74 £ 1B 1 [m) e Sife LA 33 g X L B, 45 1) 1 o
Yo AR T . AR T HAB R G 552 PDF Net 6] #F BAA S8IGM 9 1ERE . 72 Q™ 46 #8 I+, PDFNet B BE L T
SDCFusion, {H fm T HoAth 22 Fok b5 ik | 38 B Rl 5 R 00 €% — S0P T 4R Ur ol o 57 B 3 78 EN F8 b
I, PDFNet & A M MetaFusion #il PSFusion, {0 i # = T TarDAL, H 5 SwinFusion.Se AFusion 258 & 4b T
[ — DX I, PROUE T Rl PR £ B 58 B 1 5 7 SD 4 A5 |, PDFNet &b T & B [l , Bl 62 T TarDAL \Meta-
Fusion . PSFusion %8 5 2 5 SDE 7 & 1 R e B, e 1 R B % be B8 55 oK, S8 T 45 4 ) 1 5 0
FU R B V- B 2 A AT IR AR R RS 00 A T AT 5% 5 oK B Rl AR o
£3 FEEEEGRAHTN L

Table 3 Comparison of image fusion metrics for different algorithms

Algorithm SSIM Q™ EN SD
TarDAL 0.384 0.303 6.628 42.924
SwinFusion 0.704 0.660 6.839 35.486
Detfusion 0.646 0.502 6.987 37.935
Metafusion 0.602 0.389 7.340 45.882
PSFusion 0.626 0.593 7.366 49.115
SDCFusion 0.674 0.686 6.952 36.405
SeAFusion 0.686 0.614 6.875 35.661
PDFNet 0.705 0.651 6.869 35.921

The best results are shown in bold, and the second —best results are underlined.

K32 T 2R M BUR Rl G S AR AR L H AT N SO B AT N5 2 28 SR g 5 T W Rl 45 R vl A
FEXF LG . WEE AT DL, PDF Net A= 59 il 6 G A8 B AR 00 5 I o 1 R B0 Wb 35 0 B v | EL ARk B B4R 1) 45 4
PR LR N 4 S0 405 1 56 Ok B8 DL ORI DO 5 20 AMBEAS AR B0 1 SR w6 45 T T T At X Ll T vk A e A
FE 3P 1 O LU BN 2 AT 25 0 B0 B2 1R A5 1), G 2 7E Detfusion J7 2 i il B 1 5 3k 19 2R (B PR 52, X
el SEE A MG I T K AR K X 5 22 B bR 5 rE AR T AR S — AT AR
1T R 5, PDE Net 3 78 J5 7 A ACRL it Sr 3 |l T8 7% i B2 AT AT, 20 60 HE Bk 3 04 J8% 2% 8 IX 38 v H
A B BM T 2R EE ;M Z T, PSFusion Ml SeAFusion 45 J7 3 W) H B A7 5 A0 ol 2 (6 2k B0 . 76 %R
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P& Rl 52 FH A 65 T A9 A Rk o

$b - o 34

TarDAL SwinFusion Detfusion Metafusion PSFusion SDCFusion SeAFusion PDFNet

M3 FRyEHhmasER
Fig. 3 The fusion results of different methods

2.3.2 BAREMNZELSE AT

F AT ARG EURAE 2 200 B ARK AT 55 1A PERe X e g 1 . AIRIR PR RESK A L $2 1 1
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HAFE RS, 2T RGB B YOLOVS,, fIEEF L4 EME 1 YOLOVS, 76 [F] 28 51 1 32 B 0 &
[ AME : YOLOVS, o, 75 22 50288 A I b 26 LA 4f , 1 Y OLOvVS, 64T AR b o B 3 X — B4 o — 2B i3
T ZHSEGRE M LEM . MEZ T, PDFNet RB42 78 43 Ml & W1 A AL 19 B AME B 78 Br A 200 35 4%
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Table 4 Comparison of object detection metrics for different algorithms

Algorithm Person Car Bus Motorcycle Lamp Truck mAP50
YOLOVS5,, 0.744 0.922 0.919 0.823 0.900 0.855 0.860
YOLOVS5, 0.826 0.906 0.905 0.785 0.807 0.848 0.846
TarDAL 0.830 0.920 0.917 0.807 0.853 0.863 0.865
SwinFusion 0.731 0.912 0.942 0.968 0.762 0.801 0.869
Detfusion 0.779 0.916 0.929 0.832 0.773 0.841 0.845
Metafusion 0.759 0.912 0.935 0.844 0.766 0.856 0.845
PSFusion 0.785 0.922 0.92 0.862 0.765 0.843 0.85
SDCFusion 0.786 0.922 0.932 0.873 0.78 0.851 0.857
SeAFusion 0.779 0.921 0.942 0.83 0.788 0.844 0.851
PDFNet 0.871 0.935 0.937 0.881 0.912 0.871 0.901

The best results are shown in bold, and the second —best results are underlined

AATI b R A o Y BT B AR T A I

M JLAP S i 0 il 8 1 A8 B A Rl A MR A T A 7 T AT T B i st o SR T, 7E 25 R IR BREE K B 4R
% 0 5 2 A B A 5 T, PDF Net filt 6 B8 52 30 e B e 09 285 0 O B0 B2 R0 L A Wl 38 1, I 3 2 T 7 il 28 1y
JEAHNBE 7, 1 L RE A E B | 50 B AR R AT N S AR AR B T KT AE DGR E AR Y 20 BERE I Al b T vk
DUJ 3K 38 A7 7 A 75 AR L3k~ T A [R) R, S BOHR 43 5 5 10 IR A B A 25, JC & SwinFusion 53515 21 Y il
G ERAESE 14T LA RS 247 KGR W 3 50T B SR A0 B fin 4 1, HR th B T 18 20 K D AT A8 i 22 19 1
B BRILZ AN, TESE 34T R ML AL /N H Ar3% 55 T, Metafusion DA & PSFusion i H 8 747 AR K B4, [R]
FF G 0 HE 4 T — 7 19 I 22 , T PDF Net SR 77— B2 2 B T A, (HL S B0 1 B v R RS 00 5 26 0L Ml 7655
2AT Y BEIE 5 T, PDF Net i35 ) 7O % T 4008438 17 B RS , A4 T TarDAL Hl SeAFusion 45 77 i
P A A R L X s Al AL 25 SR EOULERIE T PDF Net 78 & & B 42 TH 5 R W 9038 AT 55 B s sin
J7 18 A B R AR S PR BRI R e b i BRI T ) S

Bounding Box YOLOVS,,I, TarDAL SwinFusion Detfusion Metafusion PSFusion SDCFusion SeAFusion PDFNet

E 4 KRk AR AR
Fig. 4 The detection results of different methods

24 BRENUMELR
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5 YA T, 8 2o 2R — B B Y B A 18 G ) B R (rate-norm) 5 58 B BE A il 1 99 A5 R (rate—dist) 5
i B AR Y ) 2 R SR B RT3 0 B BB AL 4 JB I S, S (] BT R 2 B 1) A B SR A i
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Table 5 Comparison of results with different pruning rates
) Model GPU model
Rate—norm Rate—dist Number of parameters/MB ) ) . mAPS50
size/MB inference time/ms
1.0 0 8.80 17.592 22.9 0.901
0.93 0.1 6.34 12.802 19.8 0.898
0.9 0.1 5.28 11.604 18.1 0.893
0.9 0.15 4.59 9.361 16.3 0.884
0.9 0.2 2.94 6.282 15.7 0.872
0.9 0.55 0.96 2.314 11.1 0.837

M 26 S AT, & ik 250 505G, Bl A5 BY A 58 BB 9 28 A5 3 0, S S0 S R R SH HRRSE T B, GPU ity 4f
FIF TR 7 45 62, 2 WY T R P 1940 57 S 55 Wk R 6% A 20 I AIRABE R0 & 2 B O SR HHE SR A% . TEAN B AL FE B R 1Y)
15§ 80T (rate—norm = 0.93, rate~dist = 0.1) , B 8 Z: ¥ & ih J5U AR A AL 19 8.80 MB U8 /b 2 6.34 MB, B I R~
TF&ZE 12.802 MB, GPU #f: U ] 47 48 & 19.8 ms, i mAPS50 1% /1 0.901 B 430 F B 2 0.898 , & W i JiF A g
o B A X ARG I BE R B/ o IE— 220 rate—norm [ Z 0.9 [E) BF AR HF rate—dist 758 0.1 B, A 58 2 5 5 3 #E
B ) 24 2 T B, mAPS0 4 7 7F 0.893, W /R 3 T L2 Yo B0 A U8 I #5 Y AL 7E — @ Ju N A B IF iy S k. Y
R FE rate—norm = 0.9 J 38 25 18 K e T H 25 A0 BT &7 LL 4 B, AR AR R g 5O R o — AR . B35 rate—dist A\ 0.1
PETEZE 0.15, 8558 S 50 R 58 R SF 4 B & 4.59 MB Hi1 9.361 MB, GPU 4 B i) i) 47 45 & 16.3 ms, 11
mAPSO A PR HFAE 0.884 K BT R i B AH X AT 4% . {H Y rate-dist 4k 23 K 5 0.2 J 0.55 B, f SR A5 0 B0 455 il
I B () 1 — 25 R ARG, (EURG IUORS BT B b B4 B S0, 3o iR 11%) 485 4 BY R 4 AR AR R AIF 26 38 BB ) i LR R R
LA R IR B R 45 5 R TR 48 R30CR 2Z 8] B A A f 28 B B R PDEF Net, A9 B & M rate-norm = 0.9 .rate—
dist = 0.15, 7E ML BT A e B R, 45 B2 A9 B8 D% 2% 50 BV HH R AiE 1) 308 18 50 % A A 07 110 0k, 4955 780 B i il )5

TR 3 B8 0 7 (L 00 PR 5 7
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Layer Index (Conv2d)

Channel Counts Comparison: Original vs Pruned
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Fig. 5 Comparison of the number of filters before and after pruning
O 38 U B S A4 28R o L B S S A Y A TR AR R S E ARSI AT 55 rh B PR BE XN AY 2 R AR AR AN 3K 6
B
SEHAE R, A SR Y Ay U7 S AR R A e Y R PR AR RE R O AR . LR RS
A, 5 RSB PDFNet # HE , 35BS B9 PDF Net, 75 2 8 FIAS 5 LR )y 17 44 52 B0 1 K e 40 , T 45 L 491 43
UL 4806, A AR T T R e i AL AR B o AE A I P RE DT T, PDF Nety # mAPS50 A 0.901 B Bl T F 2 0.884,
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Table 6 Comparison of models before and after pruning

Model mAP50 SSIM Q™ EN SD
PDF Net 0.901 0.705 0.651 6.869 35.921
PDFNet, 0.884 0.707 0.543 6.790 33.184

PERE T 5 R 2 /0N, 38 B B9 RCZE £ B8 S B0 0 68 1 04 [ B O 2 X Ak D00 A 2 3 10 ) b O . 7 il T o
WA 8 45 7 1, PDF Net, 76 SSIM 6 b I 5 JEU AR B A G5 — 350, Ud W B A J5 A5 70 A 28 A0 AR (L4 £ 45 5 1 477
ELA R AR 7 5 1 Q' VEN I SD 45 45 11 81— B2 B2 9 R B, B it ity B A X i {5 B IR FE AL B it R A A7
— R . BT, PDF Net, 76 47§44 /0 & il A 5 86 00 v BE M AT 42 T, 3% BRI T B8 S B0 5 47 i IT
B, AE TR A2 IR i A 20 3 S e BT B R B A 1 R S A

B e 5 A B S B R R 3 1 R 47 16 5 31 PDF Net, Ml PDF Nety - #8 8 7E RK3588 #k AR X%, B L
4 PyTorch # 20 (.pt) ¥ 4#8 y ONNX, # 3 — 20 B 45 o 38 e 19 RKNN A& 2.y il 42 Jay INT 8 £ 4k 5 B RS
FER R AR SR R A AL SR W« 0 2 b ] A 5 25 B K e g )2 (i R s R i A 2 5 &
b, AT G B 92 o A6 W] H2 32 S PRl o e 200 RIKNIN B R 35 25 28 RK 3588 i Ml , 52 A A 76 4 3 4G I 3k 1 )5
Ab R K FEBRVEAL , ARAT I UE A A B G R

F TR T RIR AR B R R A L DL R &t B RS AR M S R AR TR R, Bk
A T R AE DR IR AT 55 4 5 1) 8 S0 B MR I T B T 8 R BRI R DG AR 0 BB B O R AR TR R A AL
AT R HE B R B BT ST S N AE L RN TE i A ST B GE TR T S

x7 ETFikaexttt

Table 7 Operator performance comparison

Operator .
CPU/ys NPU/ps Total time/us
performance
Unquantified 21771 437 984 459 755
Mixed quantization 9 310 268 912 278 222
Pruning and quantization 6416 159 796 166 212

22 S XL T B A R 5 Y Ak AR R R A FR 1 RK 3588 i A 201 4 b i3 B B . 8785 Y PDF Net,
B AG: T 3 R 8.36 i /s, A AR TR B AL A Y PDF Net,, 9 4.76 Wi /s #E BRAL AR TF T 75.6% . 5 itk [\ i
PDF Netp, B mAP50 7 0.879 {04 PDFNet,, F & 1.7 % , k5 B 46 26 b T ] 43252 35 Y o
£8 HHEEHEYLRIL

Table 8 Comparison of deployment performance before and after pruning

Model mAP50 Frame/s
PDFNet, 0.896 4.76
PDFNetpq 0.879 8.36

ARG AR W] i B A S IR G AT 4 G R A SR AR IR A1 s 00 S 2 7 S v RE A AR BRI B
THAfi PR E B TR, B e PR A AR IR BE o 400 R 7E RK 3588 1X 28 LA NPU Iy 2355 8150 i ik A 50K
A b, BRUE AR R A S AT AR R A R AE G854 o B 0 A IS A B IR T AR SO AL S
T SAE TP I G 5 R AT S A R

3 it

AR SO — B T TF RO SR & 5 B ARG I 89 9747 24T 55 5 > R 4% o 550k S R IB B AL ) I 45 AT EE
IFAT Z AT 55 W0 2% - A5 0 15 i 2= USR5 A 55 A 2 EL AR AR DA 55, 7 DR SIE RS J3E 9 [ I A7 80k T
HWRITAR, b 2 B O6 LA BRY s B [R) kb PR HE T —Fhn] £7 07 %8 o e RO 5 Fik A =0 & B S ie
SR, AT Ab BERR Bl S 5 E bR A I AT 55 BB A% [ IR B T T IUAE: 55 69 1R BE , S0 IE T AR SEBR O HL B AR
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Parallel Network for Dual-band Image Fusion and Object Detection
with Lightweight Deployment

LIU Yuhang"**, LT Wenbo"*’, YANG Ke"**, SUN Bin"*’, WANG Zijun"**, JIANG Da-
gangl.2.3
(1 School of Aeronautics and Astronautics, University of Electronic Science and Technology of China, Chengdu
611731, China)
(2 National Laboratory on Adaptive Optics, Chengdu 610209, China)
(3 Aircraft Swarm Intelligent Sensing and Cooperative Control Key Laboratory of Sichuan Province , Chengdu
611731, China)

Abstract: The purpose of this study is to address the limitations of cascade—based dual light object detection
frameworks by developing a parallel multi—task learning network capable of jointly performing dual-band
image fusion and object detection. Instead of enforcing a strict sequential dependency between fusion and
detection tasks, the proposed approach aims to achieve collaborative optimization through shared feature
learning while preserving task—specific representations. By mitigating the common error propagation and
task interference in traditional cascade architectures, this study aims to leverage the advantages of dual—
optical feature complementarity to improve detection accuracy and fusion quality in complex lighting
scenarios, while maintaining deployability on resource—constrained edge computing platforms. To
accomplish the stated objective, a novel parallel multi—task network architecture is designed, in which dual
light image fusion and object detection are simultaneously learned within a unified framework. Unlike
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conventional cascade—based approaches, the proposed architecture enables both tasks to share intermediate
representations while retaining task—specific feature pathways, thereby reducing error accumulation caused
by sequential processing. A pseudo—twin feature extraction module is first introduced to process RGB and
thermal inputs separately, enabling the network to capture modality—specific characteristics while
maintaining structural consistency between feature streams. This design ensures that each modality
preserves its inherent representational advantages during early—stage feature encoding. To further enhance
cross—modal representation learning, a channel-attention—based feature fusion module is incorporated,
allowing the network to adaptively emphasize informative channels and suppress redundant or noisy
features across modalities. Through learned channel-wise weighting, the fusion module facilitates effective
inter-modal interaction and improves the discriminative capability of the shared feature space. Considering
the heterogeneous feature requirements of the two tasks, the proposed network explicitly differentiates
between shared and task-oriented feature representations. The shared backbone focuses on extracting
robust cross—modal representations, while dedicated task heads are designed to accommodate the specific
objectives of image fusion and object detection. For the image fusion branch, cross—scale skip connections
are employed to preserve fine—grained spatial details and high—frequency structural information that are
critical for generating perceptually informative fused images. These connections enable low—-level texture
features to be effectively propagated and integrated with higher-level semantic representations, thus
enhancing visual quality and structural consistency in the fused outputs. In parallel, the object detection
branch prioritizes higher—level semantic features and multi-scale contextual information to ensure robust
object localization and classification under varying illumination and environmental conditions. To mitigate
potential optimization conflicts arising from joint learning, an adaptive task loss weighting strategy is
further designed. Instead of relying on fixed loss coefficients, this mechanism dynamically adjusts the
relative contributions of fusion and detection losses during training based on task learning dynamics. By
continuously balancing the optimization objectives of both tasks, the proposed strategy improves
convergence stability, prevents dominance of a single task, and promotes coordinated multi—task learning
throughout the training process. Comprehensive qualitative and quantitative experiments are conducted on
the MPFD dual light dataset to evaluate the effectiveness of the proposed parallel multi-task learning
framework. Experimental results demonstrate that the proposed method consistently outperforms baseline
cascade—based models in both object detection accuracy and image fusion quality. In terms of detection
performance, the proposed network achieves a relative improvement of 2.8% on visible-light images and
4.2% on thermal images compared with the baseline method. Qualitative evaluations further indicate that
the fused images generated by the proposed approach exhibit clearer structural contours and enhanced target
saliency, which are beneficial for downstream detection tasks. Furthermore, to reduce model complexity
and improve deployment efficiency, structured pruning is applied to the trained network, followed by
sufficient retraining to obtain a lightweight model. Experimental results show that the pruned model retains
only 52.1% of the original parameters, while reducing the GPU inference latency from 22.9 ms to 16.3
ms, with a detection accuracy drop of only 1.7%. Compared with the baseline YOLOv5s model, the
proposed lightweight network achieves a detection accuracy improvement of 2.4% while reducing the
parameter count by approximately 4.5 million, demonstrating its superior compactness and efficiency. In
addition to algorithmic performance, deployment experiments are carried out on an edge computing
platform equipped with the RK3588 chip to assess real-world applicability. The results show that the
proposed model can be successfully deployed and executed under limited computational and memory
resources, while maintaining satisfactory detection accuracy. These research findings validate that the
proposed parallel multi—task architecture achieves a good balance between performance and computational
efficiency, making it suitable for practical complex lighting scenarios. The proposed parallel multi—task
learning network effectively realizes the joint optimization of dual light image fusion and object detection,
demonstrating superior performance and deployment feasibility on resource—constrained edge platforms.
Key words: Dual-band images; Image fusion; Object detection; Multi—task learning; Model
lightweighting
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