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Abstract: [Objective] This study suggests a cross-domain identification technique for forest fire smoke
photos based on domain adversarial networks in order to address the issue of domain shift caused by
spatiotemporal scene changes in forest fire smoke image detection. The approach attempts to address the
issue of current methods’ inadequate recognition performance in cross-domain scenarios, particularly the

difficulties in using them in complicated environments with varying backgrounds. It offers technical
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assistance for monitoring forest fires in intricate settings. [Method] Firstly, this study introduced a
conditional adversarial learning mechanism in training stage, which utilized the category information of
forest fire smoke images to construct a conditional constraint network and enhanced the model’s ability to
adapt to cross-domain features. Then, the domain invariant feature extraction module and the cross-domain
feature alignment module were designed. In the domain-invariant feature extraction module, the pre-trained
ResNet50 was used as infrastructure to generate discriminative domain-invariant features to solve the
problem of feature distribution differences in cross-domain scenarios. In the cross-domain feature alignment
module, the maximum mean difference metric and associated alignment constraints were fused to construct a
dual constraint mechanism to optimize the feature spatial distribution. Finally, by fusing the conditional
adversarial generative network and cross-domain feature alignment module, an end-to-end training
framework was constructed to realize the cross-domain efficient recognition of forest fire smoke images.
[Result] The suggested approach’s average recognition accuracy in cross-domain forest fire smoke dataset
under same experimental conditions was 92.39%, 0.94 percentage points higher than optimal baseline model
(LEAD). Additionally, the key metrics (89.67% precision, 89.58% recall, and 89.54% F, score) were
significantly better than the others, confirming that the approach presented in this paper was successful in
enhancing the performance of forest fire smoke recognition. Experiments on multi-scene generalization
demonstrated that even in the face of complicated meteorological interference, the model’s identification
ability remained comparatively constant. [Conclusion] In conclusion, the domain adversarial network-
based cross-domain recognition technique for forest fire smoke images presented in this paper successfully
enhanced the recognition performance of forest fire smoke images in various spatiotemporal scenarios and
exhibited high robustness in complex environments. The approach offers fresh concepts and methods for
studying forest fire smoke picture cross-domain identification, as well as a general reference value for
additional research in related disciplines.

Key words: smoke of forest fire; image recognition; cross-domain recognition; adversarial learning; feature

alignment; transfer learning
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Fig. 1 Schematic diagram of cross-domain recognition method for forest fire smoke images based on domain adversarial network
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Blo R 7k — AR MR, JC R AN [F 1
Z4 (41 0.1, 0.01, 0.001), Ff 18 i j#E 2 H i 15 4K
TRARBCE . AL, IEHEAT TR S5, JiE SADA
T3 v 2y SRS T SR A S50, #9878 & AR
JiiEVERE B Tk . AER AR E M 5 T, E A R 22
APl SADA J7iEEA R KA T e &
J&, FIH CAM EoARN) H AR EREAT AT AL, i3 —28
PEASASEAY (114 B, Seriik FAE SRR S ey AT
2.3 1EMIEER
N T A TVEAS AR 7V R VERE, 8 FHHER 2. A
R ARl Py EAE BRI M S VRAT 55 1
PEN bR Jorp, HERGZR (4) 24875 A H5 R JC W
FEAAE P I A F B oy, BB IE 1 70 2RI EE ] . B
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A Tp R 7 B8 IR B R0 O Ml 55 10 R AR 2 &
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B, T B IE a0 R OV SRR 55 iR AR S 2
F 3 7 B B A R MK 0 55 1 A TR 0 Dy AR R %
AT 22 (PO & 1 AL A Tl DU 0 55 A A I 110 4
B, RIRE Y TE A R 0l 9 0 255 A AS B i 15 i A
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Tp+ Fp
AR R (RO R T AR SEBR A7 A 55 AR A
oDl TR0 g 00 55 16 B A9 RIVRE Y T B TR 0 5
HIREARCE 5 PR AR R I RE AR BB b Bk
THEARN
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(A FH SR 55 ML e % 58 7 sk B2 AN [R) 37 5 ARk
% EG ] 199045 22 5 DALN PR 511 RE AR ALK,
HYEM R ABRC T 1.79 N 29 5, 55 Ay
LEAD # b, A3 32 H A5 Y7 BT B VR Al FE Ax 13
fiF LEAD #:7 , 1X R B SADA BLTTE @& 25 %)
P 2] W 4% 5 5 SRR 6 SR AR S, LA A )R
SRR AZ A
32 #RELZHM

N T S AT ) SADA J7 i AE 5 5 3 855 v
e, TERS IR KO 25 G BE 4 S2 F 2 3RS
KR 55 B 45 B is 55 S3 1, 4 Bl k4T S2—S3
S3—S2 B/ MEBAT S Iz AR SR, DABGIEAE RIS AN
R AR AR K 5 37 5 B (1) 3 . BE /7« CDAN FT(CDAN +
E)TEMERR AN F, 14 _E 5 SADA B N2, {H SADA
AR EAr 5 1.49 F11.06 AN 23 . X3
TE 5 N KRS58 22 - AR 5 AR G 55 7 5, B
IR T WAL, S T LA B AR RERLRE 1T, A
M4 s 1 x BRI B 77 . /£ DSAN. DCORAL
I DANN o, IX S AU 7E HERf R |5 SADA BN
I, ABTERE B A A 1] R _E KT SADA. iX R B
SADA 1] 5 SRR A Xof 55 55 284 R 68 B B b A 2 R
A H bRk 2 8] SE A5 B, I E RS i 3R A0 A [m] R
FHUE AR . LEAD BAREWERG F F iR

SADA, {HTERSHZFI A B2 4 5K T SADA 1.21
AT AEH B GE 2, #—BEW T SADA 7E 45
GrERE LR .
3.3 AEHHIEFRENMN 2 3R B AR R A 00

DN PEAk A5 AN [ AE SR U 45 % SADA 1531 #E
TR B, 6 95 IR KO 55 PG e 48 ST S2
HEAT XTSRS, SLaR S5 R Wik 3 fT7n . ResNet50 7
P AR AT 55 v JE 0 S A 3, P R R ) v A
KIEF] 92.39%, BRI ResNet101 $27F 3.74 AN
57 1L, ¥ ResNet34 3142 7+ 4.10 > H 43 ;UK 3D,
X3 R T ResNet50 78435 1F 12 B #% v sz
LT BEAR (AN AR R AE R R, i A A 1 5R 2E E
B 45 W) FVRRE 25 FH LA, ResNet50 REf% 5 A 24 Hh 3
P G A TR AE o IXIRAIE T TR BE 5 BRI T
R 286 PR O 35 155 3 AR H A A AT S 3
FE TR B U M R

Rt — 0 B AIE WX 25 ZE R ) 52, X LE T ResNet
% %1 (ResNet50. ResNet101. ResNet34)7E A 6] if #%
R 5 LI CE 3) . ResNet50 55 £ H 16 1 00 2%
RS FVRFAE SR ELBE 77, 75 15 30 25 (R 55 e B
A TERE . I, K5 ResNet50 5 iR & 5 U615
XF 55 WX 28 A 28, ] R 2 PR TR R30S L RE T, 38
TE N HERR R IR TE 2 92.39%.
34 BSEFHRAER RN

N T B8 UE R S EU A R R A 5 BRI M RE R
g, FE RS OR O 55 EUR E R 52 ST, S2 BdkAT
S EAFERSR, S HUE RN E R 2 E
P25 M R Y (R B HE A R . TSN DU 24
S E N 0.001 I, AR R H 55 A 1R A ROR,
ST 53R 59 VEE B 28 A 90.36% 1T {E AH 9% X 55 45 7
AR R AR B ILAE R 250 0.01 I, LI R

®1 AEEBHSKEERXTE

Tab. 1 Comparison of experimental results for different models

THEHH2/% FE2/% H Il %/% Fft/%
et T YTHER /%

S1—-82 S2-S1 S1—-82 S2-S1 S1—-82 S2—-S1 S1—82 S2-S1
ResNet50 92.47 84.43 88.45 92.20 88.22 91.85 88.06 91.90 87.85
DANN 94.57 86.14 90.36 84.17 82.21 82.16 81.23 81.94 80.52
DCORAL 93.97 87.03 90.50 93.54 87.27 93.37 87.19 93.41 86.93
CDAN 94.37 84.71 89.54 94.57 87.73 94.49 87.62 94.51 87.47
CDAN +E 95.05 84.32 89.69 95.41 87.74 95.41 87.62 95.40 87.47
DSAN 95.77 84.87 90.32 95.27 87.64 95.25 87.62 95.25 87.34
DALN 95.65 85.55 90.60 95.53 87.89 95.49 87.94 95.50 87.78
LEAD 95.69 87.20 91.45 94.88 88.73 94.85 88.04 94.86 88.06
SADA 95.96 88.82 92.39 95.11 89.67 95.09 89.58 95.09 89.54

VE: T ORI % S 1> S2F1S2 S 1 AT AT 2 HER 2 1 3418 .
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Tab. 2 Evaluation of generalisation performance of

£ 3 AXFHiE SADA EREHFIERE
W 4% TRYIR A AR
Tab.3 Recognition accuracy of the proposed SADA
method under different feature extraction networks %

different models %
R TFIHERR CPRIRER P HEER PR A
ResNet50 90.27 90.54 90.37 90.36
DANN 89.74 89.95 89.74 89.78
DCORAL 90.58 88.98 88.68 88.76
CDAN 90.16 89.37 89.20 89.19
CDAN + E 90.16 89.77 89.63 89.62
DSAN 90.05 89.49 89.21 89.21
DALN 87.73 89.50 88.89 88.87
LEAD 90.37 89.65 89.52 89.52
SADA 90.79 90.86 90.69 90.66

P IME R NS2—S3 1S3 S2 M AN IT AT 45 HERR SR I3 18, °F
BIRE 2R N S2—S3MNS3—S2 W NE AT 45 K5 R A~ 348, T3
[\ 2 N S2—S3HIS3— S2F AN IE B AT 55 A M R KM, P FiE N
S2—S3FIS3-S2HANERAT S F A 1T 3.

-85 R I HE R RN 90.50%; 7E e REIME 2 T A E
W, S EOE N 0.001 I, B FEREEUAS T B
PR, PR A2 90.38% (3K 4. 45E
SZOg R B, AR 7% $E 0.15 0.01. 0.001 F Xt bt
M AH IS TR 4 M) e K IME 2 7 L9 R 2 50
B IR AT R AR A RO A R A ARk B
T 92.39%. SEEG S5 R R, 8 S HU G £ Rk
A, L K E st /I 1) AT e AR (1) R S o R
AT
35 HBLSEIE

NS UE SADA J7 92 H P A 249 A H ) 23 AE 1
AR BT 25 A (1A v, A5 85 30bR KR 25 15 508
£ S1. 82 b, 2 3T S1—-S82 F1 S2—-S1 i MiE#
{E55 PTH R SESG o GTo I N 38 e R IME 2 7 4

93
92
91
90
89

88

DR AER /%

87 F

86

&

84

v
X 2% TR
S1-82 S2581
AlexNet 88.02 85.23 86.66
VGGl1 87.27 85.00 86.14
VGG11BN 88.94 84.71 87.83
VGG16 89.62 85.87 87.60
VGG16BN 88.51 86.74 87.63
ResNet34 92.50 86.07 88.29
ResNet50 95.96 88.82 92.39
ResNet101 91.26 86.03 88.65

VE: R P MR R NS1—-S2M1S2— S 1 ANE B AT 45 viE R R 1 T
Bl

R S 55 45 A, AR (1) R B — s S N3]
WS, HERER ETF A 90.36%, {H R A4 [0
AT R, SEOEAN R8N B 48 in N K3
HZRLHG, HEFFN 90.32%, KA b =%
I3 9N 91.46% F1 91.44%, F, 1t N 91.30%, 1% 5 W&
A RGEE T B SRR SR I N 358 ) ) 88 RAH 56T
SR JE, FE— DA T RIS 55, SR TS IR I e
715 2T A% B R IAME 22 7 L ARORIAR S0 574544
[ FF e PR R, AR P i e e, S R T T S AR Bl R
IR 5) o 3K PR g 30 5l 8 T8 5 X 40 PRS0 RT B A
SRV RFAE 2 A, 3650 7RSS (306 L RE 05 AH DG S5F
2 SR 3 H5 MRS AE TR FR AR DG 1k 22 5, 3R T T
TEF RS 1 2 s I K38 22 S 24 S 3o /) 5 ) 43
fZS, #F—DmATERMZ MR, STiRg R
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3 ResNet RFITEA FIERALSS PR S5 RS L

Fig. 3 Comparison of test results of ResNet series in different migration tasks
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Tab. 4 Effects of different hyperparameters on

model recognition accuracy %
MERTIES
A E SRIHER %
S1-82 $2581
Ori_hy 92.47 84.43 88.45
Dom_a 93.12 85.06 89.09
Dom_b 94.56 85.98 90.27
Dom_c 94.57 86.14 90.36
Dom d 94.40 86.05 90.25
Cor_a 93.24 86.89 90.07
Cor_b 93.97 87.03 90.50
Cor_c¢ 93.46 87.01 90.24
Cor d 93.42 86.94 90.18
MMD _a 94.23 84.98 89.61
MMD b 95.48 85.16 90.32
MMD ¢ 95.52 85.24 90.38
MMD _d 95.50 85.00 90.25
DCM_c 95.96 88.82 92.39

#: “Ori_hy” RERBIMBSE R IR PERE, “Dom_i” (i=a, b,
¢, d, Bk Na=0.1,b=0.01, ¢ =0.001, d = 0.000 1)/~ X} 1 5 Mg
KSHIE, “Cor i” FRMFNFEMMSHAE, “MMD_i” £7R
RK¥IEZERARPSHEE, M “DCM_c” MR T A AT i3
SR E . £ T EIUERH R NS1-S2H1S2—S1PHANE AT 5 1R H
- S418 .

IR, IX 3 B VR Bk R AL RE 68 A K PR A b B
TR AERRAR K IMA 5 AR AT 25 T M RE R I, &%
R E T A AT — 77k, X R 2 RS A
BT TH SR T S5 RS
3.6 MWKIRESD

NUSAIE SADA J5VE IR e M, TE B UMK KO 5
BIEEE 4 ST, S2 Rk AT iR Z= Mk, 56 45 L an
Kl 4 flT7 . ResNetS0 {48 SRR FE 2% SRR, 7
FEAE ST TH R B 8, (E7E B8 AT 55 AT A7 e —
ERRZ . SILA L, SADA J7 ik i £ B 4t
MU RS Fodk 2% 2] SR g, E— B AR Ak T RFAE SR U
e, WERAR 7B S HRIINRZ . Rk,
DCORAL #1 DANN & 9 Ff i WL 1) 25 38 2 =) 77 V%,
HEATTE S1 2 S2 3T AT 45 iR i i Z 3 T
SADA. A ZUAFE T SADA 75 V75 R A4 B B 1
P AX S WS 6 5 7 MG B B 38T 5 s D2 DRI 22
SR ZE . AL, SADA J7 iR JRBL T T I 1
&R 7E S2 B S1IEFAESH, SADA KR 2 Ul
B e AMUAE R —1T % 5 W) BRI R, I RRAE I 7]
IEFAT 55 P R R U AP RE o 183 X B ResNet50.
DCORAL. DANN F1 SADA 77 VA1E R K K AR % K
BAR BTSSR 22, BE T AL SADA ik
A Rk

FxS5 HRMELWER
Tab. 5 Ablation experiment results
5 2% MRS T KM 2 5 TRIHER /% SRR 2% SR 2 /% FHIF /%
88.45 90.21 89.96 89.88
y 90.36 83.19 81.70 91.23
v \ 90.32 91.46 91.44 91.30
y J 90.50 90.41 90.28 90.17
\ J \/ 92.39 92.39 92.34 92.32

1 SFIIUHERI R NS 1-S2RIS2— ST ANEBAT S5 HER R (1 T 39 ME, TS0 R NS1-S2MS2 - ST ANE AT S S0 R V-1, TIHE EIFN
S1-S2H1S2— ST AMERAT 5 H [ [~ FI4ME, P35 F1{ENS1-S2 182> ST AT 45 Fi{E 19 FI1E .
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Fig. 4 Error testing of cross domain forest fire smoke images based on SADA
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Fig. 5 Cross-domain forest fire smoke image visualization and recognition results
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