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Abstract

Forest ecosystems have been persistently affected by wildfires, leading to a concern worldwide. The
severity and frequency of wildfires have escalated in recent years, necessitating more effective pre-
diction models. This study presents an application of convolutional neural networks (CNNs) for
wildfire spread prediction, focusing on the use of atrous spatial pyramid pooling (ASPP) mechanisms
in these networks, aiming to improve the accuracy of wildfire spread prediction. However, the black-
box nature of these algorithms has not been fully explored. To bridge this gap, we proposed an ex-
plainable CNN model with an ASPP mechanism (CNN-ASPP) in this study. More specifically, we uti-
lize the Next Day Wildfire Spread dataset, which includes environmental variables, to evaluate the
performance of our model. The proposed model is compared with state-of-the-art machine learning
(ML) methods, including random forest (RF), support vector machine (SVM), artificial neural net-
work (ANN), and another CNN model. Our results showed that CNN-ASPP achieved an F1-score of
97%, outperforming the ML methods with an F1-score of 90% for a neighborhood size of 7 x 7. We
also opened the black box and tried to explain different convolutional layers based on the gradient-
weighted class activation mapping (Grad-CAM) algorithm. Our findings indicate that larger dilation
rates (DRs) can extract more meaningful features from the input data. This study contributes to the
development of more transparent and accurate models for wildfire spread prediction, which could
have significant implications for forest management and wildfire prevention strategies.
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g7e IXEEASALRERS KA, BIEATT. B, A MU AUR[2] . ARARAE R ERBRAIE IS 0k HE R G
YER, RBEERBIC . RGBT &k, b R R = SRS &3] A0, RWRMEGRIL
18 B ARAARAR S 20 A BRER G A 72 AL P B R e, RO i) A S BN . Ak, BRI ER
FEFERURZ AW IG AN, o th 5% R R AMOGE B 1 T2 FOREIR 4] BRIE,  Zi) A B SR, IR IxX e
F Ot H AR TR 2 B KR 28

najédlE"JETJ(M%W@M%E(ﬁﬁ%?ﬁiﬂﬂﬁﬂ(é%ﬁ‘]%ﬁ%ﬁo T T B2 U5 4 TR R I 0 BT oK R 0K
HE, SR, TN K SRR AN AR R, CYE R BRERME[S]. ALK, JFRRERIIE K&
FEFRIASEAY — B B KW T S0 EHAR[6] o SCHR rhod & 48 F P AR K S e BUE AR AL . 2 — Pl B TN
b2 GO R B, fnit SR 1A B 77 2% (Computational Fluid Dynamics, CFDs) R [7]. 55 —FhJ5i%k
%E?{%}%ﬁF(RateofSpread ROS)HIZIu 5 AL, WAL R FE . B RE . RUNIRE AR PR G SRR R [8] . ST,
Llﬁb?ﬂzaﬁ%ﬁ%fr%ﬁ’ﬁﬁ, AEHFERS . B0, S AL PSS 5 872,000 434H(£ 600 K) A RETE K

BT K SERLALN[9]

ULEER, WAL BUR HALES 5 >J (Machine Learning, ML)SZRAR ey B K T () #E 6 14 [10]-[12] . 1
111, Markuzon £ Kolitz - 2009 £Ei3E4T i — 30 78 A1 FH 6 AL A% #k (Random Forest, RF). U1 IH-37 " 2% (Bayesian
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Networks, BN) 1 K-Nearest Neighbors (KNN) Tl # K & 75 22 78 s K R f5 28 K [13]. 75— T il 1
FirePred, X H 22 iof B4 48 F0I0 B K & 3 R o AN, R 98 N D0 AR A it 6 — I B () B
Xof PN S A R S0, TR R ) O I T B k[ 14]. BEAL, I NIRRT — FhR FE 5 AR I W 2% (Deep Con-
volution Inverse Graph Network, DCIGN), | F A58 38 & KAl v+ B KBTI I 23 A3 AE . A4 44 (Con-
volutional Neural Network, CNN) ¥4 it & — A2 [ A%, 58 K BAR R I TTREMEARRT R . R FIH KX
BLAUL 25 (Fire Area Simulator, FARSITE) & T-H BN 1) 6 /NI AKE I SEEL T 80% 1~F- 1) R U5 Fl 89% )~F-
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BEA B IR PO HERS B K RSt 2 R AR A, XA, S T O RO PR A B SRS ) B . F T (R
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M4 EH(U.S)EF K & RE . R, AT 2 H AR TS . 1) A8 F T iR A\ L% B2 (Explainable Ar-
tificial Intelligence, XAl MR ASPP BIHFEELHIRAAE, LLA BAT 5 450 F A B A 2 s B4 (Gradiient-
Weighted Class Activation Mapping, Grad-CAM) A4 H 2 [A] (1) 58 s 2) K5 CNN-ASPP 25 R 54111
FF ML PRI HEAT E e T SCVEIR Y H bR, AT ST B 7E R v T ASE 7R 7 S G TN e 032 B R R
TG, T A BT B R B B SR

= 110°0'0" 90°0'0" 70°0'0"
= ] ] ] ] 1 ]
S -
]
S
m .
. > >
T AR KRt 5 5 r
> 1 % 5 R
0 | TN
S L TR LB s BN
= R T, "
[¢] e By
> ) 3
e A
MEXICO

0 500 1,100 2,200 155°0'0" 145°0'0"
| S— L 1 1 L

A& ERE z A

2012 - 2015 - 2018 o4
2013 - 2016 - 2019 e

el
-

© 2014 - 2017 - 2020

4

=
>
o
L 4 2
)

Figure 1. Study area and wildfire site distribution
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SEAEL A5 77 [19] 0 3K e M Y 2 [ RN () 48P E AR R — B0, 9PN R 2Rt 1 — MRS AE =
Bt ZAERERM L TR, BOVER 4K REE S 2 MR R IE . . KR TR
BN DVEE) A SR, IFE T HEXIRA X 5o XAMRHEF & FBEE T 1oy — AN SkifE, B TIT A2k
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3. Bk

By & AE TN 5 B BUES A MR AL, Fik, EHRE78E RES 2 2% B8 R R K A R %
RAK N E B ik XM TR 7B .. ERME TR, N RN ERIURRE, 2R
JE AT IEM G I AT, Rl E A RBE IR B2 B 28 RS, T ae S 8ud G . N
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Figure 2. CNN-ASPP model architecture for wildfire spread prediction
B 2. ATEASEIMAEY CNN-ASPP REIZ24)
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(% i DRs 2307008 1. 3. 6 112 YN BB, IR LREA AR . BN ERZaHE 32 4
JEBEER, WIZKR/NN 3 x 3. XA AR Z RUERHE. WA, PIANBIRZEENERZEA 32 MIERK
A, WK/ A 3x )N TEIHFHE. A T RHEIRHESEAT A — A B, e — N ERZ M 2
e — MEREZ &2 — MEEE—E, &AL E .

IRFE, VA — AL AL 8 2] — N G IR AR AT R/ R 1 x L B E . &EERZH Sigmoid
BRHGRTF MR R RAE . R s — M ERES, T BRRZ A 180 4% 570 (Rectified lin-
ear unit, ReL Ui ok %5
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4, SEIGZER
4.1. IENGE

CNN-ASPP #:#1{g F Tensorflow SZHL. MR FYIZRZE Inter i7-11700H 2.5 GHz 4 ¥ 2%, 16 GB N 1F
1 NVIDIA GTX 2060Ti &K Fidt 7, IRty & 8616 MNIIZFEAFN 685 NG UEFEA . IR B
HEE KN EN 8. EINGRITFEF, CNN-ASP HLA 2% 3 K% 5E A 0.0004, -l s 38 R ARBAT T
200 KA,
4.2. BRILLBHER

Table 1. Comparison of models in terms of OA, precision, recall, F1-score and training time

F 1 BMERE OA. #BMHAE.. BEIZE. Fl-score Fi)IZKEIE] 75 EAIELEL

i & AR RN OA R P F1-score YIZRET (8] (/)
3x3 83.72 81.90 86.57 84.17 3.2
RF 5x5 82.57 80.36 86.21 83.18 3.8
7x7 88.19 88.64 87.61 88.12 5.4
3x3 81.45 79.53 84.69 82.03 38.6
SVM 5x5 80.26 78.28 84.29 81.02 53.4
7x7 85.81 90.74 85.67 85.79 82.7
3x3 81.77 79.81 84.67 82.35 3.4
ANN 5x5 80.59 78.28 89.55 81.35 4.7
7x7 90.20 90.74 82.35 90.14 5.8
CNN-ASPP - 96.46 99.37 93,51 96.35 4.3
CNN - 89.25 89.79 88.58 89.18 3.1

% 1 W OA. P+ R. Fl-score Al Zx 8] 55 75 T4 e th R 5 HoAh 25 44 1) ML iRt AT 1 ELAL.
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BER RF. SVM FIA T #0122 W 4% (Artificial Neural Network, ANN) A #5752 WU T 57 K & EFAE S, EA
W SEAEF AR 2 8 BB ) TE 7 TR B B T =R [RIOR/IN AR I (BP 3 5 1 7), DAk B R se g B wf
DUIE H, PR 7 x 7 Q60N ML B ALESIES T 5 CNN At CNN-ASPP AHS IS5 R, TR 7 x 7
AR/ N B ANN IR T30 ML BEY . e 1 B, SVM AR R Rl i 5 R KA T FHAB P Fl ML ABEEY
SRS, ARAE BN TE, ML B TP A H8 bR AU ZRI (8] 77 T (0 R IR 5 A . 5 HARBE AR
Et, CNN-ASPP # ALyl 0 A)3&E . 7E CNN-ASPP A rh, K vk 46 /2 e B A5 38 . Ik, CNN B
AR R VR % 7 T SE FO@ P, T ML RS ) 75 AT R R A R I, ANTTSG I 1 T S OAR .

4.3. CNN-ASPP & EMER

CNN-ASPP # RS 0] DUARYE R %M BRERIR B, 76 R — AN A) 25 38 dh g 250 X 7 BRI A R Ik e
52, 143 s 7 CNN-ASPP 5 [ 1 A RS 5 P 7 451

R SEIRT

BERH
B AIRE

Figure 3. CNN-ASPP model predictions for ten validation samples. Green: not burned,
red: burned classes. The black box indicates where the model failed to accurately predict
burn and not burned pixels
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5. g

TREESSIHA M TEME R WRBENE, WHERIN B . R 2 SRR — T
BAPRIENAES . SR, FEVOSRREARD, TR RIS B R R, I TS A T AR R
HGE . TR A R, SRR TR AN RSy, AR AN SR E A
30 R A 36 e L PR A0 43 T DAVR N 7 A AR fr e SRt AR AN IR B B ) (0 B B [21] 0 ZE AT, AR AT
P ASPP A H 55 7 5 CNIN FRIR 0o B8, 5 76 BN DIR o B IR F 1 A% . SIS I F 1 /22 ASPP
B AR, X B IF AR Grad-CAM BLVEHE 1) .
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Figure 5. ASPP-CNN predictions at different DRs (shaded pixels are wildfire spread labels)
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Figure 6. Linear regression model results between the Grad-CAM output of the last convolution layer and the Grad-CAM
output of extracted features by the convolution layer equipped with DRs of 1, 3, 6, and 12 in the CNN-ASPP model
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N T HE AN IE) DR W HURFIE I DTRR, A T 2R ME RIS, DR H 45 S5 DR Grad-CAM
i TR AR G . AP X, 1 CNN-ASPP 1 8 i i 5 — NS FZ K Grad-CAM H il Y,
SRIG AT RSP 5 (R?)Reffiy & s mi 5100 & G AH G

N Tf# DR 53 Grad-CAM 17 N2 2R, ASCH A SR FEA RN 7 BABRL, FRIdE 7 e
M R2ME. SRJEAR T 584 DR AHXT S E 7B, 04 T8A 2K DR 1 RZMEE T EILE 4). BT
KIE7R, DR EHEE/N, CNN MESZE /N, RE(EHELE/N. MR, DR BA, REME, XRIFBKH
DR £ B+ 100 E A 6 B KRS . 7] 5 R 6 JEI R — AN B A B AR B [ )3 45 FAIE S 17X — W
45, DR=12 [ R*{H i, 7£0.2 0.3 i, 1M DR=1f1DR =3 [ R2{H&(%, 7E0 £ 0.1 2],
XFM, 7 CNN-ASPP #ifld, DR = 6 fil DR = 12 $2HUIHFIE 5 & i B 2 A7 EEAR BRI o< R . AH
S, CNN-ASPP f57 f DR =1 1 DR = 3 $2HL I HRFAE 55 £ 2 T P 2 18] F 96 R WA R 4 B J2 . ASPP A
HHAE R DR E R T $R HCET 8 S TR 25 Hh A — M2, A 1 DR AR 550 /NS BT K & A
FETRIES K (1) /N A AN 7 A — € I H . R0, & DR EAMK DR BT HEH IR K ST 55 #5
S, OAEATA CUE AR, [ER R AL MR, Xt B fi ASPP R T
Iy FUE S R T 5 R — 51 [22]
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FT i) CNN-ASPP #5271 5 ANN. SVM Il RF iX = FAS[A] i35 G L A% 2 31 5 32347 1 Eods, DULIERH 3
W%, CRESLIREE AT, HHLLUFE R

1. CNN-ASPP 58475 B K & 9 Tl AF 55 h R B 1, HAERRAR T-IUA BINLES 5 21 77, IR BE T
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