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A Defogging Algorithm for Aerial Image With Improved AOD-Net
LI Yong-Fu' CUI Heng-Qi' ZHU Hao' ZHANG Kai-Bi'

Abstract As the aerial images are easily affected by fog, the defogging image processed by AOD-Net is prone to
problems such as blurring of image details, excessive contrast and low brightness. A defogging algorithm for aerial
image with improved AOD-Net was proposed. We mainly improve AOD-Net from three aspects: network structure,
loss function and training method. Firstly, we add the feature image of the first layer to the second feature fusion
layer of AOD-Net, the traditional convolution method is replaced by the fully point-wise convolution, and the multi-
scale structure is used to enhance the ability of the network to deal with details. Then, in this paper, a composite
loss function including image reconstruction loss function, SSIM loss function and TV loss function is used to optim-
ize the contrast, brightness and color saturation of the defogging image. Finally, we use a segmented training meth-
od to further improve the quality of the defogging image. The experimental results show that the image defogged by
the proposed algorithm has satisfactory defogging results, the saturation and contrast are more natural than AOD-
Net. Compared with other comparison algorithms, the proposed algorithm has better comprehensive performance in
synthetic image experiments, real aerial image experiments and time-consuming tests, and is more suitable for real-
time defogging of aerial images.
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The network architecture of AOD-Net
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Table 1  The architectures of proposed network
Layer Input Size Num Filter Pad
Convl 128x128 %3 32 1x1 0
Conv2 128x128x 32 32 1x1 0
Pooll 128x128x32 — 3x3 1

Concatl 128x128 x64 — — —
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Pool2 128x128x32 — 5x5 2

Concat2 128x128x96 — — —
Conv4 128x128x96 32 1x1 0
Pool3 128x128x32 — <7 3

Concat3 128x128x128 — — —
Convbh 128x128x128 3 1x1 0

K 3 JEon 1A ST S M 48 36 557 IR 55 (A Ak 2L g
J1. WK 3 AT LAE H AOD-Net £ AR,
PR 3z 550 20 1 25 AU RE S i ik — 2D B, T S B
] AOD-Net 225 i BB 5t 0K IH A 55Uk
&, X YIAARTIE AOD-Net M ISR ZEH
R

(a) (b) (c)

Bl 3 EFEME ((a) A% EIE; (b) AOD-Net;
(c) Bt R 51 AOD-Net)

Defogging effect ((a) Fog image; (b) AOD-Net;
(c) Improved AOD-Net)

Fig.3

2.2 ZREMKZEREE

AOD-Net X % F 5 RUEE 1 9 28 B 28 50f 45 K F
TEREATHE AL, T SO BG A1 Pk AR FE R % .
T 25 JRUFSE 235 40 [1°) DX 268 A2 284 DUk AR FRT 4 1 RS B )
PR R BEAR 2[R A SOR 2 gk () AOD-
Net kN 22 RUBE W 45 25 46 i3k — 2D 42+ I 2% 1) 25 55 g
71, 2 RJZEM LS LER UK 4 Fios.

AR TH ) 2 RN 21 5ok i iG55 B 1T
T2 5 4 FE R RAE, RJE R TR 4 5 FE
HINF| Scale 3 ) K i iH B AF 21X R L K Al
HE, BgER (3) RBUAREMZEZE Iy T
Kb I o5 IE E 5 Scale 2 Wy N —F R, &
JEt Iy o5 A1 2 £5 N RAE A S5 — k2 f A 2] Scale 2
) KA TR B B — P SR BOZ R £ %
Iys, 8, ¥ I 5 IKE 25 Scale 1 A\ —3K
IRSE, 1, 5 AR T — % A% Scale 1 /) K
TR, AR (3) SRR LML E K. FEU
Wi 72, Scale 1 R F A v B4 A BUE R
PR/ 128 %128, H NIHIESCA 6, Scale 2 R
A THE R AN Z R RS A 32x 32, HiN
JHIE A 6, Scale 3 N _F Ak THALER i 4 N 2 F B
BRSEN 8x8, B NIEIE N 3.



6 3 AIKARAE: —MEET o AOD-Net FOMLHA BIE 22 55 57 1547

K(z)fli ik
(Scale 1)

K(=) fliH i
(Scale 2)

K(a) it
(Scale 3)

4 ZREMZEH

Fig.4  The architecture of multi-scale network

2.3 HMERERHHKR

AR LRI RN T — R385 T R ITAY
1k RS DU R A TV 50K 5 3 1
E L, AR 0 PR T Bk 4 T
PN T 5 5 R B (L, 1K), Rk IR P
M F I (5) B,

Lo=7: = F™(@)l? 5)

Horb J, RN L FBEMER, o £ 171G A
G RIA 5 EE, Fm(e) RE T ZASEIBET
AL m R 2% 2 a8 5 i B
PR &5 R AL 2% ek A5 A FH 2 A PR A e R

SRR A NHR WAL Bz, T SSIM. AR T g AE
{EME L (Peak signal-to-noise ratio, PSNR) fig B
S B il ] 5 14 T A ] 2 T Py 35 A R AR B2 T
DR 2407 2K bR ERT LR 7R =X (6).

Ls = 1— SSIM(J;, F™(x;)) (6)

Horpr SSIM(J;, F™ () om T &S B £ F A 1
A RSP 550 L A B T 2 R 2 TG SSTME #fE.
KR TV 155k 08 B — R RE S 240 3R B I 75 1)
PSR BRI, BT BRI TV 451 2% bR 20 2 18 7T DAAE —
SE A FEE T I DR 25 55 B0 R A 457 2 R T SR P e
ATV Bk s B RIE K (7) Fros.

Ly = [IVaF™ (@)|* + [V, F"(@)* (7)

Hrh v, 5V, 4 MR T A R R 2 Ry
I AN\ 1) L R B IR A . A Bk U A =
sk (8) B,

3 N
Lys = % mZ:l ; (ML + XoLs + AsLty) + fw (8)
Hrp NARER TIEEREE, A\ Ao A 754K
R TEANPURREBCE R, AR TR %
E B E IR T, w R TR 5 2] 34,
O\lw|| R EL LR TR, AR A2 T b ek B 2R
P EIME.
AR E AR REAHET AOD-Net
15 FH B — I 35 07 R 2 40 2K BRI B AR B A RIS TE AE
] 5375 b P TR) 8 B R P A R BB 2 TR R 22 5

24 NEHBRAHKR

ASCFTETE B SR ZRET R T 70 Bl 2R )
753, 5 DA SOV A — b5 2k R B0 2R 2% 1) T
EANIE], X 04 BOI 2R ) 7 s RE A 1R 0 = 3 m LA,
BE— 3B 0 28 A= B I P J5T B B R P T B
S (8) Al (9) k. ARIT (8), R (9)
HOR E AR BRI Ly BORECN T Ly PR

3 N
Lias = 303 (a4 dals + L) + g (9)
m=1 i=1
Horp Ly sk (10) Phias, A AR Ly FBLE 244
Ly = ||J; — F™(xy)|| (10)

TEREAT 0 28 25 SRR AT, A SO 43 B 2k ek 4
(A AT T . IR S2 56 (45 SR an ] 5 A 6
FiR.

Kl 5(a) il 28 2 AR R TAUE R R (8) 8%
2 (9) WA ARSI 2RI 1) Loss E# 2k, AT
PLE H 222 1000 #4247 IS Bl 26 218 B ik



(8

¥R 8 %

1548 H |
0 500 1 000 1 500
Iteration
(a)
1.0
= L'vs first, Lus after
0.8 === s fiI‘St, L'vs after
0.6
wn
8
=04
0.2
O'00 500 1 000 1 500

Iteration

(b)

K5 ARTHENZGA SRR R ((a) 5
— RN %5 (b) BRI 7732)
Fig.5 The loss curve obtained by training the proposed
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FAET XK E RO ZE (ZF K 8(h) I
WA X4k % <) . GFN k%% 5 gt b
FEid o, o s AT b E 22 3 3R G b  fE mA ) [X
IR KERNATEE (5K 8(G) MENEE+
A B B T DX 3k, 3 40 A7 BRI A R AR () 0 e A
B RS ). GCANet 22 5 B A BRI %S
W (ZFE 8() HRT Y AR A FHIX T
FSHA). FFANet 2% )5 1% N UG BN I,
F 55 B IR R VR AN A Tk SRR 35 5 i i 1]
W ARSI B 2 5 I ) G R BE AR
T S L E Y AMEUR 2 5 R 55
T FFANet(Z % K& 8(k) FAE 8(1) B 4578 128 5¢ 6
55), FHECT AOD-Net /£ EMMBERER A T —%
e, AeHILRZ I mMIXE, HEZREN
HEFR AR,

M 2 P EMBUEFR bR T LLE tH, AT
EEA A % G AR ) SSIM ¥J{EAT PSNR
PHEME T AOD-Net $F — iR 32T, Bk
RORNE 55 T FFANet L& GCANet. % ZE i B
72, FFANet (M2 2502, BT R % BRI H
W 26 5% B 35 T 1) 2 5 0 R i i R SR Bz, (S
B 5 B FE Ao b IS R E S A i BIHE
(5L, LA SCESS 3.3 TR 3.5 T2 0 5l
JER &N FIEE RS HARZ E EMRIL L SR
HIFERT IR L.
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N T 3P AR B ST RT3 SV 25 A AU,
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K8 AlAZRGMERERER ((a) A% KEE; (b) Ground truth; (¢) DCP; (d) BCCR; (e) CAP; (f) DehazeNet;
(g) MSCNN; (h) AOD-Net; (i) GFN; (j) GCANet; (k) FFANet; (1) ACH%)
Fig.8 Experimental results of the synthetic fog images ((a) Fog image; (b) Ground truth; (¢) DCP; (d) BCCR; (e) CAP;
(f) DehazeNet; (g) MSCNN; (h) AOD-Net; (i) GFN; (j) GCANet; (k) FFANet; (1) Proposed algorithm)

R GCANet HENERNEAERMAREE  HIR (B 9() KX T 6B R).
(2% 9(b). [ 9(h) T 9() MERIHE T AOD-Net [ Q8 (2% B B fiE, 40795 7T WL i 2.
SAWA). BOCR £EFMERENRMELK  CAP H FFANet IUERR T BRI 5, Hebk
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Table 2 Comparison of SSIM and PSNR tested on synthetic fog images
SSIM PSNR (dB)

Model
Indoor Outdoor Average Indoor Outdoor Average
DCPY 0.7418 0.7901 0.7659 17.3148 15.5323 16.4236
BCCR!" 0.8088 0.7719 0.7904 17.2119 16.3041 16.7580
CAPH 0.7942 0.8255 0.8099 16.9496 19.0829 18.0163
DechazeNet!"! 0.8653 0.8317 0.8485 20.0545 21.9992 21.0269
MSCNN! 0.7796 0.7931 0.7864 16.8927 19.0019 17.9473
AOD-Net™ 0.8334 0.8848 0.8591 20.0267 18.4105 19.2186
GFNM™ 0.9039 0.8814 0.8927 21.1079 25.5399 23.3239
GCANet!"! 0.9025 0.8582 0.8804 22.3363 26.1431 24.2397
FFANet!" 0.9313 0.9082 0.9198 28.4057 27.9932 28.1995
Proposed 0.8794 0.9011 0.8903 21.1924 23.4073 22.8994

RGKIAR A KBS (ZHE 9(d) KEE A
M DX IAT I 9() e i R B AR X R 5 ).
i DehazeNet 5 MSCNN R izE 5% # 43 1) 5 /< 25 Bk
FEEE 7 (BHE 9(e) FIE 9(f) FIAMFEG T 5
HR R IE AT LLE WK BRI 551 A SO iR &%
FREAEMN MM E E XS RBOVE R, Z5 R
/b Y I I S S I ) X, AN R AR SRR S
ML BRBOR A, XA B T I 2R 2 & L%
[IEIASEZS 2= T0R

51 ground truth /E XTI A2 H bR A
A, W TR SEA % BRSO RN e 5 5 T
Bl SSIM A1 PSNR $5#5. M, AT NI
8 AN A K 2 LB VF A i b Stk P S A L A 7
% B B R

1) M58 EUE 0 E BV 57 BIQME (Blind
image quality measure of enhanced images), 1% J7
PR S T EBUGKT LR B, SR R R
J&E A K B AR FE I i PR B 2 AE Y AT 20 LA
A LAEZE G TR RE B2 b4 — MU ATE I F
oA

2) ZAEEVHY 7 FADE (Fog aware density
evaluator), % /72 7] DL E 2RI — g B 25 <
TR B AR R,

3) BEMLJZ % VI (Visibility index), %fHH T
PRI 5 JE BRI RE LI, 0PI SR 5 1K 78 B
BRI,

4) FSEMEFREL RI (Realness index), 1ZH 5 54
F T PRI N HRAR 58 32 IR 32, T M A0 i JR 32 A B2
WAL AE — &R b 255 5 BRI B 2k
FEEP.

5) £ T ANKE KRR H BIG R & T EE CB
(Chen-blum metric), ZJ7EE S H T MA S

Kb 3 2 TR 0] B BEARFAE LS 20 0, B At T
PG LR AE I, t e 1 s IR IR B A5 2P

6) BB (S B IREEE VT VIF (Visual
information fidelity), 1% 7% F H AL 25 EE(E
B5 56 BURAE Bk AT bexs, 1508 ] DU B R
PR b BV T 5 B P ) 2R LA JEE

7) T EUGES E HALEAE RE Y GB (Gradi-
ent-based performance metric), 1Z%AE A& —™ % H )
PR BT TG FR AR, I8 T KPPl R 1L 445
BRI,

8) EUE M F8 45 Entropy, 1Z{HIE W H 11T
M Ab 5 EAE 5 B, B BB Z D,
R T 2 S PR G i AT SR SRV AR R 51

H.rf BIQME. VI. RI. CB. VIF. GB L\ } En-
tropy HIME B KA % KRBT, T FADE
ENMUR G % Z R .

K10 M13% 3 J&oR T BT R BU S 5 AR SCBLE
£ 8 A PF 4R bR b BB EE X b, AT A
AW HE LR FADE. CB. VIF. GB LL X Entropy
BT =, RUHAT L ZFIEAELZHE. X
EEJE. R R AR L5 B IR AR DL LA
G5 B8 LAAEBOVIFH R, 1 H AR5 T
HEX EEER BT AOD-Net B — &
FRREMIER T, X UL A SCH T~ AOD-Net [ 7E
F IO LE R bR LA A A r BRI sk Ah, JATTAIH
KICHHREN G T FFANet Ja, K IZM A0
FR ARSI B R 2 5 RCR RAF, X T 550K
FE A AN B SR BUR R I , X AT RE e Rl 9 i%
W28 B, XIS BB L A R e, — B
FAWEMZ A S BIE TG R ETER
BRI, 2200 246 1) T L PR AR T 2 R 3 2 T P45
CES
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B9 HaSHIHEGNLRL RER ((2) B%EE; (b) DCP; (c) BCCR; (d) CAP; (e) DehazeNet; (f) MSCNN;
(g) AOD-Net; (h) GFN; (i) GCANet; (j) FFANet; (k) AR SCHEK)
Experimental results of the real aerial fog images ((a) Aerial fog image; (b) DCP; (¢) BCCR; (d) CAP; (e) De-
hazeNet; (f) MSCNN; (g) AOD-Net; (h) GFN; (i) GCANet; (j) FFANet; (k) Proposed algorithm)

SR BN, I L E AR SR UK CR AT B

RIS Rk, BN SN2 AT AOD-
Net JEAN S ZRE L M TRHL, A #E—

Fig.9

TN, BT ARSAEM 4 2 AR ECT AOD-Net
BONSIN TR, HRXMZ B E NxN K/
frttb ZHE RIS Nx N KNG RRR
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mDCP mBCCR CAP DN ®mMSCNN ®wmAOD ®mGFN m®mGCA ®FFA ®Proposed

BIQME FADE VI RI

091 12 0.92 ¢ 0.96
osk ol g,gg 3 0.95 F
07 . L
0.6 1 0.86 oos L
0.5 0.84 F 93
04 0.82 F 0.92
03F 0.80 0.91F
02 0.78 0.9 |
01f 0.76 0.89 |

0 0.74 0.88

(d)
Entropy

cooooooooom
COHENWETIOIOD

——
SINNNNNNNNN
COCHENWECIOINIO O

(f) (&) (h)

B 10 AREFEEFEELHINE S EG ERERFNER ((a) BIQME; (b) FADE; (c) VI
(d) RI; (e) CB; (f) VIF; (g) GB; (h) Entropy)
Fig.10  Objective evaluation results of different image dehazing algorithms on real aerial fog images ((a) BIQME;
(b) FADE; (¢) VI; (d) RI; (e) CB; (f) VIF; (g) GB; (h) Entropy)

* 3 TEELEMMS E LREMEETN: (1) REHER; (2) RIFHER; 3) B=mrgR
Table 3 Objective numerical evaluation on the fog map of real aerial photography: (1) The best result;
(2) The second-best result; (3) The third-best result

Model BIQME FADE VI RI CB VIF GB Entropy
DCPY 0.6235 0.6902 0.8992 (1) 0.9407 0.3884 0.9957 0.5814 7.4427
BCCR 0.5751 0.7091 0.8639 0.9263 0.4239 0.9211 0.5112 7.3983
CAPY 0.6380 0.8206 0.8026 0.9201 0.3398 0.8892 0.6413 7.4115
DehazeNet " 0.6917 (3) 0.5984 0.8845 (2) 0.9496 (2) 0.4203 1.0396 0.6448 7.7265
MSCNN! 0.7131 (2) 0.6261 0.8721 (3) 0.9425 (3) 0.4439 1.1513 (1) 0.7352 7.3524
AOD-Net! 0.6013 0.8459 0.8365 0.9208 0.3995 0.9532 0.6968 7.4785
GFNM 0.7795 (1) 0.4119 (1) 0.8573 0.9498 (1) 0.4880 (1) 1.0872 0.8065 (2) 7.8334 (3)
GCANeth? 0.6244 0.4743 (2) 0.8512 0.9328 0.4566 (3) 1.1473 (2) 0.7518 7.8891 (1)
FFANet! 0.6397 0.9752 0.8115 0.9074 0.4429 1.0724 0.9127 (1) 7.3193
Proposed 0.6694 0.5625 (3) 0.8649 0.9411 0.4753 (2) 1.1109 (3) 0.7749 (3) 7.8799 (2)

WS RN T WAL S RN T Ly W EMRAIRE H IS 275, 10 FLIRHR 977
Wi /1, 2 3 th GB 15 Entropy PUUERIORHE (6 (518 11(d) PAORIRIDR), 2H T L o
H SRR R B IESE TACCIOBE VBT A SSIM BRI, T SSINL B MO S P R 175
AOD-Net AE5RE/ T % /41112 K. I, S F B LR B 5, B, Ly
. O 5 B L DL SEIE. 400 Loy Y,

4 RRERRRRSSER RO SUPH 2 BUK A0 OV, B0 11(c) b3t
KCHESRE RN LR T SRS MAEEIILT K KET %, 5 HISTLL LS B
BLAHTR. F T IEAMRE SRR BUCP I, ORI Loy £ ELBR S BI04
RIS T HOCHTIRS, AR DL WA, b % R IERER & SRR 8
EI AOD-Net WA RU IO IOk City % 4 DL IE 55 1 SO LR T, P 508, 75
S SR AR 1L R, BT RTBL R I B AR, 1 11(g) M 2
Bt AATCKBE LB T L5 L SHIE ORI MW S, B T 5 AOD-Net
R0 BRI, 17 BRHRIBAVEREE (SH18 11(c) RIS B K B 418 11(g) 518 10(1) 38
R A R R BB SE), KR  ArRTLE, AU H 2 BERRI% H AOD-Net 40
TR RSN E SRR EE. 2 L HERIESS KR, B 755 2.1



1554 H /A A 48
o :
B RS R () HUNE R () A0 (o) 8 L 5 Ly (d) 8 Ly (e) Bk Lyy; (1) EZRUE
(Mutil-Scale, MS) £5#4; (g) J& MS Z5HIRI L (326 B A4 7% %); (h) AOD-Net)
Fig.11  Experimental results of ablation study ((a) Aerial fog image; (b) Proposed algorithm; (¢) w/o L; and L,

loss function; (d) w/o Lgloss function; (e) w/o Lypy loss function; (f) w/o MS structure; (g) w/o MS structure and L

(The loss function is the mean square error); (h) AOD-Net)

e R A R R, A AR AR R A
E T RS AR LT BT P, AR 4
B A kMR — A E 2 R EUREE
BRI LR, FSRE . LB MRE UEEEA —
SERERE T R, IXAB RN T AR S R AR 190 2% 45 4 DA
LA K R RSB ) 0 B

TR THIEARSC A\ BVHUE, BATRA T —
FPYE I /N T i, I8 Ao FIEUIEAE 0 2 1 Z [A)PY,
TORASCEE 0.1 NIRRT, JExS B REAT
T WA, 356, BT A KABIE G
AR BOR, BRI, AN SCAE TE 5% % W H{E 5 bR I ik

Fid% 7 FADE. VI, RI 5 CB WU/ 5 bRk W
TR N 6 MG ) 22 Z RS RE LR (OB R E
J5E AR EE R AR, DAISR B 52 \o 1K BB VT
B, B 12 25 0 T ASFEIBUE I Ao X2 Z RO IR,
A LLE S EUE A 0.7 I AR RN R et v, 1 24 EY
B4 0.9 B 2> FEUEUE 2 55 RORAE 7 I 13 10
AT PLE H X BUELE 0.8 2 0.9 2 8] a] AES AL 1
fabr, PR nT DURf 8 SRR AE 0.8 22 0.9 2 [H]. 42T
Rk LL 0.01 FNIEFHIHER T 0.81~0.89 JE I NI Ay
PERAAE, @it 14 7T LA B ZA TR ELFR PR,
No HIEUAE N 0.84 B 5 IE A A S 55 SR £ 1)1 45

F 4 MBS EE R
Table 4 The numerical index in ablation experiment
Model w/o part SSIM PSNR VI RI FADE GB
MS 0.7344 26.6419 0.8195 0.9004 0.6971 0.6806
Ly and Ly 0.7659 28.0417 0.8547 0.9198 0.5832 0.7612
Lg 0.7177 27.1259 0.8026 0.9035 0.7043 0.6327
Proposed
Ly 0.7392 21.7884 0.6952 0.7259 0.8826 0.6122
MS and L 0.7293 25.5332 0.7919 0.8827 0.7033 0.6303
— 0.8903 28.8994 0.8996 0.9328 0.5108 0.7749
AOD-Net — 0.7031 23.3903 0.7523 0.9002 0.7439 0.7114
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12 FriRBEVETE N, A EEUERN 1 EF SR
The dehazing effect of the proposed algorithm at different values of A,
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K13 o AFEHUER BB IEPRAL (A2 =0.1 ~ 0.9)
Fig.13  The change of image index when A, takes

different value (A2 =0.1 ~ 0.9)
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Fig.14  The change of image index when )\, takes

different value ( A2 =0.81 ~ 0.89)

3.5 BUARRERRIEEISHNILL

ASCHTHREFIEAMNIGE T 2255 BUR I 5 2501
AE G &, RS IIRIUE T KZ e &5
JErR T & HIEAE IR UG 7 HE NG /N oy P R TR %
K LR abE R, Hd DCP. BCCR. CAP. De-
hazeNet. MSCNN #J7E Matlab2016a FizfT, {#
F CPU kACFE 1%, GCANet 1 FFANet 5% #)
Pytorch-gpu HEZZ, 1 AOD-Net. GFN FIA L H %
¥ H MatCaffe-gpu HE4L MR o a] LLE H R A
GPU s (1) 5 E7E BUR A HEFERT 20 AR %
M CPU #47 B AL FE W 532, Hod AOD-Net 125

®5 LSS (s)

Table 5 Comparison of the defogging time-cost (s)
Aerial image size
Model
640 %480 1280720

DCPY 5.9954 15.3855
BCCR" 1.7731 5.1932
CAPY 1.1921 4.4937
DehazeNet!"! 1.8133 5.5399
MSCNN! 1.5961 8.1504
AOD-Net!¥ 0.0057 0.0423
GFNM 0.0379 0.2158
GCANet!" 0.0953 0.4964
FFANet!" 0.3932 2.7613
Proposed 0.0279 0.2084

55 TR RE B I, AR SC R 25 55 SR 1 A T AR
T AOD-Net, 4 640 %480 73 #EF K /INAIFTIARL
AR ATk 3] 35.71 FPS, A BEME 5 /£ 1% #F
RN P R SR b 2.

AN, BT TE AMLRE 845 A 1R A 15 %% A TR
Rl T R ERMER, £ R FRBIE R E
223 H ARG IS () A H ) [R] IH AS SCARE ARY  EE
B2 WA R FIESRL, £ 6 R THME
LIS B8 DR R/, IR AT DL AR SCAs AR
ML L2 RESHNETE T MK T AOD-
Net A E AW EFF, X WAF1F A SO RUAFUAR R T
AOD-Net ¥ K, i3] 7 286.5 KB, S fIiA K
/NG IAREE T AOD-Net 3507 10.9 £ 81 31.2 3%,
{EARAS T B0 EOABE Y | AR SCABE AR A [ H A e 42 i £
T 1MBUT, &G E5Mme, £5HEELEK
I, A SCRETRAR [H 2 A BRI T AL IRIE 2 B 5.

3.6  EXRAIAEGE BRGNS

AR T PR SR H AR 5k ) 4 B
BOR. N T RILETR £ S FIA R IL TS, A SCH
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Table 6 Comparison of the parameters and model size
Model Para Size Platform
DCP — — Matlab

BCCR" — — Matlab
CAPM — — Matlab
DehazeNet!"! 8240 — Matlab
MSCNN!* 8014 — Matlab
AOD-Net™ 1833 8.9 KB Pytorch
GFNM 514415 1.99 MB Caffe
GCANet!" 1652273 84.6 MB Pytorch
FFANet!" 4455913 57.85 MB Pytorch
Proposed 21813 286.5 KB Caffe

H bAs U 55005 73 B 2 & P I AN % % e |
B R AR, H ARk N A A T2 YOLO
SRS AR T K B Mini2 40185 1 25 R 18 B A
O, BATA 15 s FIRB A BEHLIEL 1 50 o £ 2t

AT ZE 5 ARG 3K
(b)
(8)

K 15

O )
) (i)

Wi 2 Z BG ARSI 45 1R ((a) JRE; (b) DCP; (¢) BCCR; (d) CAP; (e) DehazeNet; (f) MSCNN;

ZE SRR ) S WA SRR W 15 Brs. BT 15
R LVE Y, TERYE R HIE LT 200, FUIE T Reht
YOLO SEA I H R 1 i A i A R, 5 BLAS I
(B A B, i 15(a) Biz~. DCP. CAP.
AOD-Net LA FFANet 2 % Jq (1) B 1% & 68 o
YOLO FiEECN R 2 6 44, {4 DCP. CAP
LA FFANet 2% J5 (10 UG 25 55 H B AG 0 1)
% . BCCR. DehazeNet 54 W T H LR K
NEE YOLO SZREEHEmfAE L 7 554, MSCNN,
GFN LK GCANet 2R 2, REHE A E I 225040
KT 5 4.

F 7R T 50 WE T HHESE B AR BAS R
(1 5UE, FEpric B T 3 N ORI RT =Nk
8, W& R EE B b RS B AR ST 25
5 552255 Ja UG A ARSI H 1 E bR 4 1 LA P A
Ha e, ERET LZaEUERT T 22.31%, it
A BRI ) R EURALIX T BCCR, 4R Gk
WA PUE Y, A AR A YOLO A2l

(f)
(k)

(g) AOD-Net; (h) GFN; (i) GCANet; (j) FFANet; (k) ASCHE)

Fig.15

Example of aerial image dehazing in vehicle detection ((a) Original; (b) DCP; (¢) BCCR; (d) CAP; (e) DehazeN-

et; (f) MSCNN; (g) AOD-Net; (h) GFN; (i) GCANet; (j) FFANet; (k) Proposed algorithm)

T IR EAE R, bR ARG R (1) BAFIER; (2) WIFMgE R, (3) B=armss R

Table 7 Confidence value of vehicle detection, marking the three best results: (1) The best result;
(2) The second-best result; (3) The third-best result
Dehazing Detection confidence before Detection confidence after The number of identified Detection confidence
model dehazing dehazing car improvement
Original 0.6837 — 3.74 —
DCPY — 0.7917 5.42 15.80%
BCCR™ — 0.8233 (2) 7.84 (1) 20.42% (2)
CAPY — 0.6467 6.26 —5.41%
DehazeNet!"! — 0.8033 (3) 7.32 (3) 17.49% (3)
MSCNN! — 0.7835 4.39 14.60%
AOD-Net!" — 0.6471 5.53 —5.35%
GFN!M — 0.7227 5.95 5.70%
GCANet!" — 0.7980 4.25 16.72%
FFANet!" — 0.7539 5.50 10.27%
Proposed — 0.8362 (1) 7.48 (2) 22.31% (1)
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Comparison of dehazing effects on clear images ((a) Original; (b) DCP; (¢) BCCR; (d) CAP; (e) DehazeNet;
(f) MSCNN; (g) AOD-Net; (h) GFN; (i) GCANet; (j) FFANet; (k) Proposed algorithm)

BCCR; (d) CAP; (e) DehazeNet; (f) MSCNN; (g) AOD-Net;
) FFANet; (k) A 3CHZE)
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Table 8  Objective numerical evaluation on the clear
images of aerial photography
Clear images

Model PSNR SSIM
DCPY 23.3731 0.8194
BCCR!" 18.3205 0.7397
CAPY 21.4264 0.7468
DehazeNet!"! 23.2328 0.8664
MSCNN! 26.1135 0.8829
AOD-Net™ 22.4363 0.8405
GFN!M 26.9593 0.8869
GCANet!" 26.4019 0.8497
FFANet!" 29.3378 0.9299
Proposed 28.0544 0.9091

()
L5 RIS R o 1

The example images of failure in defogging

17
Fig.17
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