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Abstract

It is a difficult task to remove haze from a single input image. In this paper, we present a neural
network model called PD-Net for dehazing single image. In this model, Pyramid Pooling Module is
introduced into Dehaze-Net model, and Residual blocks are added. The pyramid pooling module
enhances the extraction of global information, and the residual block effectively suppresses the
disappearance of gradient. In the simulation experiment, we use the indoor synthetic foggy pictures
in the RESIDE set as the experimental set, quantitatively analyze and compare the defogging results
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of various defogging methods on the experimental set, and the PD-Net model shows good perfor-
mance. In the real experiment, we defog and analyze the images which is the outdoor real foggy pic-
tures in the RESIDE set. The results of real experiments show that compared with other algorithms,
PD-Net model has better effect in large-area sky area and details of picture.
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1. 51§

B2 T KEMER, ERERMNRNE ST, BURR NS85 BB . fhbE
E TR, RRGRERITEE, SR TEHERRIME LI, EFFRIT, B0 RSEH
DA 73 S 55 58 BURL AR AE, A RTEAR NBEUECRAE R &I Re i 2k, FECREM BB ORRR . BOA
e FHER, KENERFAZEEESL. FHBGEZHRNRSHE, TUE—eRE LIkEEIG
M5 B BUE R ZAE R RN S SUR R Z R AAT S5, SR SERE UL B PRI ST 45 A
HEIM.

FI AT A0 25 25 Vi 98 05 1) B2y g =288 T MGG s i T4 BRASEAY () J 1k A S ik
TFURBE I 7k 58— R T BUEIGSR 0 7 IR RE S R A Hh M B A I LU S B IR B R I A5
S LR 3 o A AR R 2, B Pizer S5 AE SCRR[L] P A 3E B LT IR 7%, Adelmann
FESCHR[2] 2 A B (R A 9% (1) 7 ¥, Finlayson 7F SCER[3] 74 H 9 2R Retinex BG83, 28
TR T B (7, X R A B AR 32 B4 Narasimhan ZE57E SCHR[4] PR S OO AR, XK
SR () D AE A0 — 5 A SR 38 A 1 DK A BRSHASE 2RY Hh f 79 /R R S 0% S 3R AR S0ORIRE, 9 anf]
YIS AE SCHR[S] R H RSB SR 00 £ E k. =IO TR S S T R EE R AR B T kR £ (1) B
W, 51 R I P R IR S IR SR 2555 . SO SR SRR AR T E AN TR %
F BRI M2 B Dehaze-Net. Dehaze-Net ¥ /56 (5 S N W 248 B [RRF SR EUZ F, B B RUZ
A 2RSS S, M EGREE R E, AR KBS T 5 B . o, B TIRE S
SIS 22 55 500 J VRt 2 17K 8 Ren Z5E SCRR[ 7] B it 7 —Fh 22 RS 36 AU 42 X 48 45 MSCNIN
HFEG 25, Li S7ESCRR[B]FH& T 1 vty 15 1 45 B 48 I 2 55 AOD-Net.

Dehaze-Net #ARU/E MG 225 Hp R T RIFHIPERE, SR L E G ELE R, THEMS, BH
R NIRf &% H Dehaze-Net BEAIE5 K /NG, I8 ATAN T 5 AR NAE, T ERERN® &, H
TES R 35t , Dehaze-Net #5806 S5 B SRIGEA 75y, 255 5 BUG AT A Boie s FL7E KT
PR XS, —RFEME A I TSR BN SR AR 8, kT Dehaze-Net, #
BT &AL 9] 252 1) Dehaze-Net (Pyramid pooling Dehaze-Net, PD-Net)#i % . PD-Net B/ 1
i ik (Pyramid Pooling Module, PPM)JFAIAM I 1 Bk ZE 8. TR IIH) PPM 1958 1 AR 58 5 1%
(4 R s B IAE 775 SINIFRZE S 7 RS R, MR TR IA B, S0 45 F AL B, PD-Net
BRI 25 55 1) UG A R TET AR R 2 X 3 T RE AR B IR AR R (%, R T 5 4 N IR I o
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2. IRBIE=R
21 REHEHER

TERUME 5 Z 0, 55 R MR 0 AR 5 R — ROl KB Y (AR R, KBRS 28 Bkt RO
(% y)=3 (X Y)t(xy)+A(l-t(xy)) (1)

Forbt, 1(x,y) MIES RRAE SR BIBTERLE (x, y) I HBZAE, 3 (xy) JR it 2 B ok T
PRI ARG (x, y) AR, A KA, t(xy) NHEEHE, TURTEA:

t(x,y)=e", 2

Horh g RRAHU REL d(x,y) NRIIIREE.
B RS BUR SRR AT AR e, ] DS 21300 K SO AR
B (I (x,y)—A(1-t(x, y)))

Hx)= t(xy)

i KO B Q) T, PR T D R AR IS BRI A DA R BB Ao
t(x,y) O, #5 N SEDTIRS R B MR 3 (x,y) o AFT 00K SRR oh = sk A 7 R
R, MR TRt (x, ) HOMEL T AT LSRR BRI T, FRT MR O (x, y) AT AR

2.2. Dehaze-Net &8

BEEIRIE S MR IE, BTG L FHIEPIRIRHE, Cai % A[6]32H T Dehaze-Net %Y, %45
TR TAS A RBEH R 1(x,y), FRERDEE S50 IS 5T K CHRE A, BT A Rt(x, y) A
RSO R BRI AT 5 TE % 15 i A

Dehaze-Net HH % 2GR 2 At 2 4Lk, R — 525K H 1 id U SR 2 ME0E iR % . Dehaze-Net
KFRHESREL, 2 R, R E R B i soE % t(x, ), BARG M aniE 1.

Dehaze-Net 15— ZRHEFRIUZ R A T Maxout BUE R EL, Maxout B0 bR £ A8 IE 75 7 147 B K AR
VeV, I PR B KA T O 4L 3% GoogLeNet [10]H inception 2244/ f5 %, Dehaze-Net )55 — 2
% REBS 2 A FR/ NS R AT AT BRUE 5B, T HEUE 2. ARYE B AU 42 9 2% (Convolutional
Neural Networks, CNN) [11]1£ 80284, 6 e Rt mT DA s B Sk i, A, B S5iE 5%
JREB— BB —FL, i Dehaze-Net 5 =2 R H S ORIAKIZ 5 B TR ARY 4 Hh D fili T 1132 5 26
t(x,y), BOAZEHITEQ, 1), Mk, #EHT BReLU #ui& ki ( 2)1k K Dehaze-Net ({15 — 2

®)

0
padding

3x16%16 16+12+12 412412 | GOV, | 4gi10412 48+6+6 1+1x1
16+3+3 i

Conv Maxout Conv Maxpoo| Conv | Brelu | t(x)
16+5%5 4 16+5%5 77 1%6+6

Conv

B

16%7+7

Figure 1. The architecture of Dehaze-Net
[&] 1. Dehaze-Net £5# &
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Figure 2. Bilateral rectified linear unit

[E 2. Mg kLS TE

Dehaze-Net % B -8 L % B & A 25 R, BRI 2 ) 10 & ol & -HR 5 IE 0T =%
IRV SR AR, 0 LS 55 BB RGBS R AT AL T, P AR IR T S0 9 B G DA S R U R R K R
T FiEMT IS, Dehaze-Net #7825 22 () — B RE ILIA 3.
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Figure 3. Process of using Dehaze-Net to remove fog
[#] 3. Dehaze-Net £ E5RIEE

3. ANEA

A LL Dehaze-Net yFEmt AT E, 24 PD-Net %1, PD-Net 7 Dehaze-Net [ 5 — E4FE IR EUE
FEE = J2 J A AL J2 2 ) T B BRI N AR ZE B 45 445 F Dehaze-Net (155 )2 2 R MU 2 (15K
EHEA BN AT, EFEIEBEEZ M S FEm R, A&EE NN EEer bk,
BN ZERR, B= 4 PD-Net #57,

3.1 &FIEMIER

PPM [9]7] LLiE— 58/ D AN 7 X 4k 1) 25 (45 B E 2%, B2 RE R EE, RS ARRREE.
ANFF XK M5 B . 7E Zhao ZF[9142 H i) 4 T 1537 S @b X 4% (Pyramid Scene Parsing Network, PSPNet)
B, PPM iR T RIUFIERE. &7 bk AR B AN [F) )2 IR R REAIE B B Pt ok, 36 N R S 2%
PLATHE— 0 1015 BIREL . & 3 i i) BAA 25 4 W1 4.
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Figure 4. The architecture of PPM
B 4. &FEBUIERE

3.2. BER

TERRZEHAR 2 BT, BREETH R — BB IRE 5 ) L — AN DA R I ) . B W28 2, —ug
SRR I T BA BV R IR, 3 SRR IR0 R B T A G 7 B AR RY , % 2 T A A
R, #2241 E B BB . ERITYLEE T ResNet [12], #4251 E 4043 T 152 5. ResNet
[12]5T VGG19 [13] M £%i3k4T &2k, It BkERIER I ThR 25 M, FRERGEM K 5. FRAEPRT)
B ERIEFAN G T AEIR JZ W 2% TR B 75 5 B BR BEVE R I A a2 tHILIBML I RN, Bk Rz 42 Rt 4 )
28N 5y ] B E S

]
F(x) BT R
i ]
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Figure 5. Residual block
5. REREHE

3.3. PD-Net

XtE1%F Dehaze-Net 768 2435 x4 s BRSREUA 78 0 W fE, A SC$HEH T PD-Net. PD-Net 7
Dehaze-Net [3Efili E NN T PPM [Q]FEAAMNAIN T iR ZEER[12] 4589 . PPM & T G A F XA E S, f#
WY RENE B 78 0 AR IR & R (B B o TR ZE IR EE M U 16 LS R 25 1B B G, el T A7
HIVIZRMERE . 7F Dehaze-Net 25 — /2 22 RS w2 b i FH I SR 78 B 4 O {HIE 7S o T 1A 545 B RIR
Hy,

FARP g5/ WA 6, % )2 BN R Wk 1.
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Figure 6. The architecture of PD-Net
[#] 6. PD-Net Z5#J[E]
Table 1. The parameter settings of the PD-Net
%z 1. PD-Net & B4R
Type Input size num Kernel size pad Output size
Convl 1 3*16*16 16 5*5 0 16*12*12
Maxout 16*12*12 4 / 0 4*12*12
Conv2_1 4*12*12 16 1*1 0 16*12*12
Conv2_2 4*12*12 16 3*3 1 16*12*12
Conv2_3 4*12*12 16 5*5 2 16*12*12
Conv2_4 4*12*12 16 ™7 3 16*12*12
Maxpool 80*12*12 / 5*5 0 80*8*8
PPM 80*8*8 / / / 80*8*8
Conv3_1 80*8*8 20 5*5 0 20*4*4
RelLu 20%4*4 / / / 20%4*4
Conv4_1 20*4*4 1 4%4 0 1*1*1
BReLu 1*1*1 / / / 1*1*1

PD-Net #7555 55 R b AT U 45 IIRBUR SR IR IN 55 Ja (K = 9 A A RS I B 55 B s

FRAHOH RS B s, sk B A 2+ %, $0, 1) P70 AN X TE, BN ZFt(x) A
AN DX ) L BEATLUE . BRI P IR

i (7]

H—b: HIEHIRLE. i PD-Net BLBY, M RRAR K s BRI R AL 25 -

b KRR A R % B A AR

F=0D YIRS AL, TR D PR R S ESE R t(x) Z 1A K R

VUL IRAEHURREG A R AL R AT R R SRR, Sl AR TR R K S K
B, HESKRREURD.
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Table 2. Quantitative results on RESIDE in terms of full-reference image quality assessment
% 2. 22FEGREITLIEIRE RESIDE HIEE LHEEER

Al RR CLAHE [14] SSR [3] DCP [5] Dehaze-Net [6] PD-Net
SSIM 0.6101 0.6217 0.8447 0.8003 0.8187
PSNR 13.12 8.54 17.46 16.99 17.44

®
Dehaze-Net [6]

(2)
PD-Net

Figure 7. Defogging results on indoor synthetic dataset
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4. SKRREERFSTHR

AT W FIE KR EAE GPU 55 MX450. 2478 2GB, Z#4i 4 Windows10 x64 % iC A H
fiwi L, Jfid Anaconda *F & ¥ Python i 5, f#/H PyTorch. OpenCV. Numpy %555 =77 FESLILI

TEAS B Hg il 58 B 20 AR 96 IE PD-Net BE8U7E B 2255 L IPERE . A 5 A8 FH I PPAG SR AR 5 42 2
2 G 5B VR FE A% PSNR 1 SSIM [15], PSNR #J LA /R -

MSE &

PSNR =10xlog,,

For MSE 48 5 BUR 5 A B 5 BB (Rl I35 7 iR 2

U4k, AR KE PD-Net 5 Hofth 25 % 757 8 1 31 RESIDE ¥4, x5 45 Bt T b, i a4
LIRS 1, BLFEFE T bl B A2 BRI 3 2 7 B #4014k 25 55 B3 (Contrast Limited Adaptive Histogram
Equalization, CLAHE) [15], &1 5 retinex 2355 57%(Single Scale Retinex, SSR) [3], %1% ifiHE St 4%
()2 55 573 (Dark Channel Prior, DCP) [5] VA ¢ J&T-1 & %% 2] [¥) Dehaze-Net 2 A7

(b)
AEEEG

(b)
CLAHE [14]

©
SSR [3]

(d)
DCP [5]

(e)
Dehaze-Net [6]

®
PD-Net

Figure 8. Defogging results on the outdoor real fog picture
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%2 s T 2T PSNR {E A1 SSIM {8, 5] 7 J@o7R 1 % 7772 LA & PD-Net #2417 RESIDE %
WEFHENERGEFR LEZERR. W& 2 /LAEE], PD-Net #HAI7EsSeiG i 48 L5387 R
¥ SSIM fH AT PSNR {8, XK DCP 532, {HMSEFRFUR B, PD-Net BAY (1 £ 5 AR W] 248 T DCP
Hike MEI7(c)TLAER], 4id CLAHE HykX% 5 1 E A R B f s AR e R B A, B AT Bl
ME 7(d)rTLAE S, Zid SSR HkEFEME B mE, EFIFAMIE, IFHATERLIIS: WA
T(e)rLAE R, &1t DCP HikEZ% EHE AL AR, ZERIT B AL A B R EINR, RSP RE
1AL TERE S A 7(H) LA F], Dehaze-Net 571 2225 5 (1 B A AT K B AVE, (HABAEEBU (A LI
G B BORWER ] 7(g)HIgiT, T LAE B4 PD-Net #5578 22 55 5 OB R 405 S8 in5e 35, H A5 i B
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R RORELT, B Dehaze-Net 584 2% J5 & v v (370 R I I 7 BBV R IR . 25 B FTiR,
PD-Net #5204 2: 25 S R AR 242 B R 1
5. 45

ASCLA Dehaze-Net Ay2&fili, 5| A&7 RIRZ, #i& T PD-Net. SCIRIUFRH, PD-Net

RN R DI G205 O A BERCR B, A BR S Y A TE T A, i . o0 USRS ED], PD-Net
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