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Abstract: Wildfires occur frequently worldwide and pose severe threats to ecosystem stability, regional climate systems,
and human life and property. In recent years, against the backdrop of global warming, adverse meteorological conditions
such as extreme heat, prolonged drought, and anomalous wind fields have become more frequent, further increasing the
risk of wildfires. In particular, under the combined influence of complex terrain, hot and dry winds, and abrupt meteoro-
logical changes, fires can rapidly evolve from weak initial thermal anomalies into large-scale disasters, causing forest
resource loss, increased carbon emissions, ecological degradation, and severe socioeconomic impacts. Therefore, achiev-
ing rapid and accurate detection of early wildfire events over large spatial extents has become an important research objec-
tive in remote-sensing-based disaster monitoring and a key issue for improving early warning and emergency response capa-
bilities. Compared with ground-based monitoring and airborne observations, satellite remote sensing provides broad spatial
coverage, high observation efficiency, and continuous monitoring capability over large regions. Among available plat-
forms, geostationary meteorological satellites are particularly valuable for near-real-time wildfire monitoring because they
can repeatedly observe the same region at short temporal intervals. Compared with polar-orbiting satellites, Himawari-8/9
provides continuous observations with a temporal resolution of 10 min and 16 multispectral channels, making it an impor-
tant data source for operational wildfire monitoring. Benefiting from this high-frequency temporal sampling capability,
Himawari-8/9 can capture thermal anomaly responses at the moment of fire ignition. Furthermore, it continuously charac-
terizes the dynamic evolution of fire pixels from emergence to intensification and expansion. This capability is especially
important for early wildfire detection. Many early fire pixels are extremely small, exhibit weak thermal anomaly signals,
and are not visually salient in a single image. Their identification often depends on variation trends and cumulative charac-
teristics across continuous time series. Existing fire detection methods based on Himawari-8/9 data mainly include tradi-
tional threshold-based methods, spatial contextual approaches, and, more recently, deep-learning-based methods. Tradi-
tional multi-temporal threshold methods and contextual algorithms usually rely on manually designed decision rules derived
from brightness temperature, band differences, and neighborhood background statistics. These methods are physically
interpretable, easy to implement, and computationally efficient, and therefore perform well in some typical scenarios.
However, they remain prone to false alarms and missed detections. This is especially true under complex surface back-
grounds, cloud contamination, smoke interference, and extremely weak thermal anomalies in the early stage of wildfire
development. For example, bare land, high-albedo surfaces, urban heat sources, cloud edges, and terrain shadows may
produce radiometric responses similar to those of fire pixels, thereby weakening the discriminative capability of rule-based
methods. In addition, fixed thresholds or semi-empirical rules often lack sufficient generalization across different regions,
seasons, and land-cover types. With the rapid development of deep learning, convolutional neural networks, recurrent neu-
ral networks, and Transformer-based models have gradually been introduced into wildfire detection tasks. Compared with
traditional methods, these approaches can automatically learn more discriminative spatial and temporal features in a data-
driven manner, thereby reducing dependence on handcrafted rules and improving adaptability in complex scenes. Never-
theless, they still exhibit clear limitations for early wildfire detection based on long time-series Himawari-8/9 imagery. Con-
volutional neural networks mainly emphasize local spatial representations and remain limited in modeling long-term
dynamic dependencies during wildfire evolution. Recurrent neural networks and their variants possess sequence modeling
capability, but when handling long sequences at high temporal resolution, they are prone to gradient vanishing and long-
term memory decay. This issue becomes more pronounced in scenarios involving 24 h of continuous observation and 144
temporal steps. Transformers can model global dependencies and long-range feature interactions. However, their computa-
tional complexity generally increases quadratically with sequence length. This imposes considerable efficiency pressure on
near-real-time geostationary satellite monitoring. Therefore, early wildfire detection from long time-series Himawari-8/9
imagery still requires an efficient framework that can simultaneously capture weak spatial thermal anomalies and model
long-range temporal evolution. To address these challenges, this study proposes Fire-Mamba, an early wildfire detection
framework that integrates multi-scale spatial representation with long-sequence dynamic modeling. Fire-Mamba is designed
for early wildfire targets in Himawari-8/9 imagery. These targets are typically extremely small, weak in thermal radiation
variation, and highly susceptible to complex background interference. The framework aims to improve the accuracy and sta-

bility of near-real-time wildfire detection while maintaining manageable computational cost. lts design is motivated by two
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observations. First, early wildfire pixels usually manifest as subtle local thermal anomalies and lack salient shape or tex-
ture cues. Second, genuine fire pixels often cannot be reliably distinguished from transient background disturbances using
a single image. Instead, their identification depends on variation trends across continuous observations. Specifically, the
BO7, B14, and BO3 bands are selected to construct multispectral temporal inputs, and day—night cloud masking is per-
formed using multi-band threshold rules to reduce interference from clouds and complex backgrounds. According to the 10
min observation interval of Himawari-8/9, a continuous sequence of length 144 is constructed to represent a 24 h temporal
window, thereby providing sufficient support for modeling wildfire dynamics. Compared with short-window strategies, such
a long time-series input can reflect not only the instantaneous thermal anomaly state of candidate fire pixels, but also their
continuous intensification, spatial expansion, and temporal persistence. In the spatial feature extraction stage, a Multi-
Scale Contextual Thermal Anomaly-aware Module (MCTAM ) module is designed to enhance the representation of weak fire-
induced thermal anomalies under complex backgrounds. The MCTAM module employs a3 X 3 depthwise separable convo-
lution to extract local thermal-gradient features induced by weak fire signals. This enables the capture of fine-grained local
brightness-temperature variations and spatial discontinuities around candidate fire pixels. Meanwhile, a 7 X 7 convolution
branch is introduced to capture broader background contextual information. This branch suppresses pseudo-anomalous
responses caused by non-fire heat sources, heterogeneous land-cover patterns, or complex textures. Global average pooling
and a multilayer perceptron are further used to generate channel-wise weights for adaptive feature recalibration, enabling
the model to enhance fire-related features while suppressing background interference and isolated noise. In the temporal
modeling stage, the selective state-space model Mamba is introduced to perform long-range dynamic modeling on pixel-wise
temporal features, thereby improving the recognition of weak early thermal anomalies and their evolutionary trends. Com-
pared with conventional recurrent structures, Mamba maintains strong temporal modeling capability while processing long
sequences more efficiently. This makes it highly suitable for high-temporal-resolution continuous observations from geosta-
tionary satellites. By modeling long-range dependencies in pixel-wise temporal features, Fire-Mamba better captures the
persistence, intensification, and diffusion characteristics of fire signals over time. Consequently, it improves the discrimi-
nation between genuine wildfire signals and short-term background fluctuations. Finally, to address class imbalance caused
by the sparsity of fire pixels, Focal Loss is adopted at the prediction stage to encourage the model to focus more on hard
samples and improve fire-class detection performance. Experimental results demonstrate that Fire-Mamba achieves supe-
rior performance across multiple quantitative metrics. lts average fire detection rate (FA) reaches 90. 33%, significantly
outperforming the second-best CNN-LSTM model (82.28%) and the official JAXA WLF L2 product (40.66%). The
model also achieves an overall accuracy (OA) of 99. 60%, while reducing the average omission rate to 9. 67%, indicating
high sensitivity to small fire pixels. Compared with most deep-learning baselines, Fire-Mamba reduces isolated false
alarms while maintaining higher fire detection sensitivity. However, its FAR remains higher than that of the conservative
JAXA WLF L2 product, indicating that false-alarm suppression still requires further improvement. In summary, Fire-
Mamba achieves a lightweight integration of multi-scale spatial thermal-gradient perception and long-range temporal evolu-
tion modeling, providing strong technical support for large-scale near-real-time wildfire monitoring and early warning.

Key words: Himawari-8/9; fire detection; Mamba; multi-scale feature extraction; time-series modeling; near real-time
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Fig. 1 Overview of the study area
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Table 1 Detailed information of each band of the Himawari—8/9 AHI sensor

B BB (pum) P BHE (wm) FeAl 23 ()43 HEA (km)
BO1 0.47 0.43-0.48 LIRS/ 1.00
B02 0.51 0.50-0.52 Al L 1.00
BO3 0.64 0.63-0.66 A 0.50
B04 0.86 0.85-0.87 blieA R/ 1.00
B05 1.61 1.60-1.62 bligAl/ 2.00
B06 2.26 2.25-2.27 VTRl AR 2.00
BO7 3.83 3.74-3.96 Hr gk 21 Ak 2.00
BO8 6.25 6.06-6.43 KR i 2.00
B09 6.96 6.89-7.01 JKIRIEIE 2.00
B10 7.34 7.26-7.43 KIRGEIE 2.00
B11 8.59 8.44-8.76 ) 2.00
B12 9.63 9.54-9.72 FAIL) 2.00
B13 10.41 10.30-10.60 A 2.00
B14 11.21 11.10-11.30 ) 2.00
B15 12.36 12.20-12.50 FAI)) 2.00
B16 13.31 13.20-13.40 AR 2.00

TE IR B PO I AN ES (8] 0 HE R K E IMA B 5 A A Himawari—8/9 AHT iR AURIAS 331, o0 K2R H Himawari—9 AHI £
T R G — A B 2/ INERS R WAL 5 I BRI BRI HE TMA AHT SRF SCF/AH 5 SCRkEE 3L, Fir A BUE 58— 1% B8 2/ NBUS 5 T
i . Himawari—-8 5 Himawari—9 132 ffu.0 il KAFTERIM2E R .
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Fig. 2 Overall architecture of the proposed Fire-Mamba model
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Fig. 3 Multi-Scale Contextual Thermal Anomaly-aware Module
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Fig. 5 Frequency distribution of detected fire pixels by differ-

ent comparison models
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Fig. 6 Comparison of frame-by-frame detection
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Table 3 Quantitative evaluation results comparison of different fire detection models on six real fire events

T JAXA WLF CNN- Fire—
K _ LSTM Transf
KRFAE R L2 Products CNN RYN 5 ranstormer LSTM Mamba
FA 0.7364 0.7812 0.2936 0.4187 0.2014 0.8089 0.8376
OA 0.9974 0.9968 0.9016 0.8469 0.9598 0.9962 0.9972
R KK
FAR 0.0281 0.1624 0.9682 0.9746 0.9628 0.2146 0.1983
OFR 0.2636 0.2188 0.7064 0.5813 0.7986 0.1911 0.1624
FA 0.1248 0.8654 0.8013 0.8429 0.7548 0.9147 0.9368
B 0OA 0.9917 0.9859 0.9274 0.9088 0.9908 0.9947 0.9971
Bl kR
FAR 0.0369 0.2463 0.8345 0.9114 0.4471 0.1769 0.1692
OFR 0.8752 0.1346 0.1987 0.1571 0.2452 0.0853 0.0632
FA 0.1689 0.8341 0.7562 0.8715 0.8019 0.8864 0.9127
0A 0.9836 0.9894 0.9886 0.9869 0.9954 0.9938 0.9945
(=P
FAR 0.0887 0.1856 0.2017 0.3842 0.0736 0.1658 0.1327
OFR 0.8311 0.1659 0.2438 0.1285 0.1981 0.1136 0.0873
FA 0.6157 0.8579 0.8265 0.9184 0.8841 0.9016 0.9274
_ OA 0.9929 0.9728 0.9863 0.9835 0.9968 0.9942 0.9938
ERL Y &
FAR 0.0418 0.2769 0.3184 0.5017 0.0581 0.2085 0.2214
OFR 0.3843 0.1421 0.1735 0.0816 0.1159 0.0984 0.0726
FA 0.4521 0.7965 0.7438 0.9056 0.8732 0.8925 0.9189
0OA 0.9952 0.9921 0.9507 0.9194 0.9949 0.9963 0.9974
BT kg
FAR 0.0174 0.2317 0.8461 0.9023 0.2865 0.1714 0.1548
OFR 0.5479 0.2035 0.2562 0.0944 0.1268 0.1075 0.0811
FA 0.3415 0.5018 0.3189 0.4627 0.4368 0.5324 0.8863
0A 0.9934 0.9911 0.8642 0.8126 0.9582 0.9924 0.9959
FH KR
FAR 0.0395 0.2184 0.9715 0.9768 0.8876 0.2431 0.2517
OFR 0.6585 0.4982 0.6811 0.5373 0.5632 0.4676 0.1137
FA 0.4066 0.7728 0.6234 0.7366 0.6587 0.8228 0.9033
0OA 0.9924 0.9880 0.9365 0.9097 0.9826 0.9946 0.9960
SEHME
FAR 0.0421 0.2202 0.6901 0.7752 0.4526 0.1967 0.1880
OFR 0.5934 0.2272 0.3766 0.2634 0.3413 0.1772 0.0967

L [B] |- 47 S it B S [ DL KB AT IR GPU AT
e AR IR 6 Bk

HH 2 6 1Y% 4t SR AT 0 TR0 4 5 144 4> Bsf ] 25
() 1 4 A R AE P 51, Transformer 2844 1 H 71 &
FIWLHAE RS T2 10 — O 2 2 (0(T7))
S AR R) A (GA 3 3. 925) H A7 5 5 s
(6. 7GB) , X L & ROHLARE DX I ) 25 4 i 000 0 28

Ko FE VLAY CNN-LSTM 58 A9 B SR 74 B | 3R IR 4
4 AR AZ BRF LSTM A BR 1155 1 BR AT IR ST, L B psf ]
7 1A B A [B) 3k B T 2. 35s. PRA )45 [A] CNN
FR U AR (0. 418) (B8 25 75 T K AL g
JFahASE R S EOLAE e i S50 s TS BE AN

MHZ T A SCHE Y Fire-Mamba #5754 Ji B
TEAFITERCR . 15235 T MCTAM A HORS fif (1) 2

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

R4 RORRERIEER

Table 4 Ablation study results of core modules

Focal

3| BRIBE MCTAM Mamba FA OA FAR OFR
0SS
FELL AR Baseline : Z£ it Mamba N 0.8536  0.9949 0.2038 0.1464
B 31 Baseline+MCTAM N N 0.8854 0.9957 0.1764 0.1146
ke 31 Bl Baseline+Focal Loss v v 08769 0.9952 0.2135 0.1231
SRR MCTAM+LSTM+Focal Loss 0.8615 0.9951 0.1912 0.1385
ARSI Fire—Mamba N V09033 0.9960 0.1880 0.0967
#5 MCTAM #EHRERZRTHEMIIEER
Table 5 Ablation study results of convolutional kernel s
y 45 #

sizes in the MCTAM module
FREH BEKAA FA  OA  FAR  OFR
REFilmAE 3x3+5%x5 0.8887 0.9956 0.1849 0.1113
R
JOSHIR 5x5+7x7 0.8938 0.9958 0.1902 0.1062

3x3+7%x7 09033 0.9960 0.1880 0.0967

RAFiERE 3x3+9%9 0.8991 0.9957 0.2026 0.1009

FOBE B AE 2 B 31 LA B2 Mamba A5 He 76 K FE 81 | 1)
LV 4 E (0(T)) , Fire-Mamba 7E {4435 3. 21M
&P SECE ORI T B GPU AF 5 ™% 5 i 7E
3.6GB A4y o A3 5 #1144 Wi (8] % 1L RR
1. 28s, “F- 35 Bl #ff B A (] fIK 25 8. 89ms, % Lk
JE AAAL T Transformer, H AH% T CNN-LSTM 455 41
AT 1%, 25 LR, Fire-Mamba A (X FE 355 2k
SUREINDRG B L Se T 4 T, G R 8 A B P S5 AR
S AFIF RS WA 2 T Himawari-8/9 TLE 10 234410
AR 1 554k T S A sh 2 M 75K

AR SCE X Himawari-8/9 T3 5214 Hh 4 BT -k ok
S5/ T RHE A [R) R, $2 1 T Fire-Mamba K 85,
R ALY, 273 1 MCTAM B $2 IR i 3
JEFNTEE 5L 1T SCRHIE L 31255 Mamba f5EHR S 1
Fris A s B, T3 1 52 295 5t T Il JORag il
IRETT o TE 6 BEILIEFRA K K TR T 105+
A RE SR AR . S LT Himawari-8/9
TR BT EE 2 T KRR T A F AR SOO7 A%
OIRES 22 AE T A BT TG T7 vk h s 1Al
ARSI P 2 S A R 2R R R . — 7,
MCTAM 5Lk G 1 sz B A 5 X, )R e de
TE T X A R SR8 S 5 00 2 (B U s 55—
11, Mamba ZEH A R0 22 ff T RNN AR 7E AR H 10
GBI R e AR SOULIN B (A0 144 Wi e8] I i K
B e AZ I R, HEE T Transformer B IR 71T
BITHS . PIE R ARG , (1% Fire-Mamba BERSTE
BARMSER 5 BAF T SERR B 45 5
TN E R BT S v RO ARSI . A A 37

R 6 BEBITERERSHEEMEXLE

Table 6 Comparison of computational efficiency and inference time among models

B 144 E PR RLHERRT  CPU B LAY

L MR SHEM AR ) [&l/ms GB
CNN None 1.82 0.41 2.85 2.1
RNN RNN 2.34 1.76 12.22 3.4
LSTM LSTM 291 2.08 14.44 3.8
CNN-LSTM LSTM 3.76 2.35 16.32 4.2
Transformer Self-Attention 4.58 3.92 27.22 6.7
Fire—Mamba Mamba 3.21 1.28 8.89 3.6
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