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Highlights

What are the main findings?

e A multi-scale Mamba-based segmentation network, termed FireMambaNet, is pro-
posed to address the challenges of extremely small-scale, sparsely distributed fire
points in complex satellite remote sensing imagery.

e  Three key modules (CG-RSU, M2AM, and FDCM) significantly enhance the represen-
tation of tiny fire targets (less than 5 pixels), achieving state-of-the-art performance on
the Oceania and Asia4 datasets.

What are the implications of the main findings?

e  The proposed lightweight framework shows strong robustness under extreme pixel
sparsity and cross-region distribution differences.

e  The integration of multi-scale Mamba-based long-range dependency modeling with
CG-RSU provides a new perspective for tiny-target segmentation in remote sensing.

Abstract

Satellite remote sensing plays an essential role in wildfire monitoring due to its large-scale
observation capability. However, fire targets in satellite imagery are typically extremely
small, sparsely distributed, and embedded in complex backgrounds, making accurate
segmentation highly challenging for existing methods. To address these challenges, this
paper proposes a multi-scale Mamba-based network for tiny fire segmentation, named
FireMambaNet. The network adopts a nested U-shaped encoder-decoder architecture,
primarily consisting of three modules: the Cross-layer Gated Residual U-shaped mod-
ule (CG-RSU), the Fire-aware Directional Context Modulation module (FDCM), and the
Multi-scale Mamba Attention Module (M2AM). The CG-RSU, as the core building block,
adaptively suppresses background redundancy and enhances weak fire responses by ex-
tracting multi-scale features through cross-layer gating. The FDCM explicitly enhances the
network’s ability to perceive anisotropic expansion features of fire points, such as those
along the wind direction and terrain orientation, by modeling multi-directional context.
The M2AM model employs a Mamba state-space model to suppress background interfer-
ence through global context modeling during cross-scale feature fusion, while enhancing
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consistency among sparsely distributed tiny fire targets. In addition, experimental valida-
tion is conducted using two subsets from the Active Fire dataset, which have significant
pixel-level sparse features: Oceania and Asia4. The results show that the proposed method
significantly outperforms various mainstream CNN, Transformer, and Mamba baseline
models on both datasets. It achieves an IoU of 88.51% and F1 score of 93.76% on the Oceania
dataset, and an IoU of 85.65% and F1 score of 92.26% on the Asia4 dataset. Compared
to the best-performing CNN baseline model, the IoU is improved by 1.81% and 2.07%,
respectively. Overall, the FireMambaNet demonstrates significant advantages in detecting
tiny fire points in complex backgrounds.

Keywords: satellite imagery; fire point segmentation; tiny objects; deep learning; Mamba

1. Introduction

Wildfires are among the most severe and frequent natural disasters, posing significant
threats to climate change, agricultural production, and human life and property safety [1-3].
Therefore, proactive and accurate wildfire monitoring is of critical importance, as it can
effectively reduce the losses caused by fire events.

Satellite remote sensing has attracted extensive attention due to its capability for long-
term and large-scale observation, providing crucial information for wildfire monitoring,
including fire detection, burn scar mapping, and fire impact assessment [4,5]. At present,
remote sensing imagery acquired from satellites such as Landsat, Sentinel, Gaofen, and
Himawari has been widely used for fire detection tasks [6-8]. As a key component of
satellite-based wildfire monitoring, fire point segmentation enables timely and accurate
identification of active fire regions. However, fire segmentation in satellite imagery re-
mains highly challenging, mainly due to the extremely small target scale, sparse spatial
distribution, and complex and dynamically changing backgrounds.

Existing fire point segmentation methods can be broadly categorized into traditional
methods and deep learning-based methods. Traditional fire detection approaches primarily
rely on spectral, spatial, and temporal characteristics of remote sensing imagery, identi-
fying anomalous fire signals through threshold-based decision rules [9,10]. Early studies
focused on the distinctive radiative responses of fires in the mid- and far-infrared bands
and developed fire detection algorithms based on fixed spectral thresholds [11,12], which
were widely applied to sensors such as AVHRR and MODIS [13-16]. Subsequently, consid-
ering the spatial heterogeneity and temporal variability of fire backgrounds, researchers
proposed multi-temporal thresholding and spatial context-based methods. The former
detects fire anomalies by analyzing brightness temperature or radiance differences across
time [17-21], while the latter identifies fire pixels by comparing statistical differences in
thermal properties, reflectance, and other features between candidate pixels and their
surrounding background regions [22-27]. These methods typically rely on local statistical
measures (e.g., mean, standard deviation, and variance) to determine adaptive thresholds
and improve robustness under varying surface conditions [28-30]. Nevertheless, traditional
approaches remain sensitive to threshold selection and background interference, leading to
limited generalization performance in complex scenes and weak fire scenarios [31].

In recent years, the rapid advancement of deep learning has significantly promoted
the application of artificial intelligence in remote sensing and has gradually become a
dominant research direction for active fire detection [32]. Compared with traditional meth-
ods, deep learning models can automatically learn hierarchical discriminative features
through end-to-end training, alleviating the limitations of handcrafted feature design and
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fixed threshold strategies. For instance, Pereira et al. [33] constructed a large-scale remote
sensing dataset for active fire detection based on Landsat-8 imagery and validated the
effectiveness of convolutional neural networks (CNNs) using the U-Net architecture [34].
Teymoor et al. [35] proposed the Fire-Net framework for automatic identification of active
fire regions. Kang et al. [31] combined random forests (RF) and CNNSs for early-stage active
fire detection. Fang et al. [36] further proposed the FPS-U?Net model, which enhances
the original U?Net [37] by introducing multi-feature aggregation strategies, achieving
improved performance in detecting single tiny fire targets. However, this approach mainly
incorporates multi-layer aggregation modules in the encoding and decoding stages, result-
ing in limited global contextual modeling capability and a tendency to miss detections in
complex scenes with multiple tiny fire targets.

To overcome the limitations of CNNs in modeling long-range dependencies, several
studies have introduced Transformer architectures, which treat two-dimensional images as
one-dimensional sequences to enhance global feature representation [38-40]. For example,
Zhang et al. [41] proposed a hybrid CNN-Transformer framework for fire detection, signif-
icantly improving performance in complex scenarios. However, Transformers generally
require substantial computational resources and incur high inference latency, making them
less suitable for time-sensitive active fire monitoring applications. Recently, the Mamba
state-space model has emerged as an efficient alternative, offering strong global modeling
capability comparable to Transformers while significantly reducing computational over-
head. Mamba-based models have demonstrated promising performance across various
segmentation tasks [42-44]. Motivated by these advantages, this paper integrates U?Net
with the Mamba architecture and proposes a multi-scale Mamba network for tiny fire
segmentation, named FireMambaNet.

Within the FireMambaNet framework, the backbone RSU module of U?Net is re-
designed to form a Cross-layer Gated Residual U-shaped module (CG-RSU), which en-
hances the discriminative feature extraction capability for tiny fire targets with weak
responses. To further address the weak local responses and spatial sparsity of multiple
tiny fire pixels, a Multi-scale Mamba Attention Module (M2AM) is embedded into both
the encoding and decoding stages, strengthening the network’s ability to model global
consistency across scales. Moreover, considering that wildfire propagation is influenced
by factors such as wind direction and terrain, resulting in pronounced directional pat-
terns in remote sensing imagery, a fire-oriented directional context modulation module is
introduced to explicitly model multi-directional contextual information, thereby further
improving fire pixel segmentation accuracy.

In summary, the main contributions of this paper are as follows:

(1) An active fire detection network, named FireMambaNet, is proposed for monitoring
extremely small fire targets in satellite imagery under complex background conditions.

(2) To address the insufficient capability of existing networks in extracting features of
tiny fire targets, a Cross-layer Gated Residual U-block (CG-RSU) is designed, which
enhances the representation of fire target features through cross-layer feature fusion
and adaptive gating mechanisms.

(3) To alleviate the issue of inconsistent local responses in scenarios where multiple
tiny fire targets coexist, a Multi-scale Mamba Attention Module (M2AM) is in-
troduced, enabling the network to establish global contextual consistency among
multiple sparsely distributed fire targets while suppressing interference from
background areas.

(4) A Fire-aware Directional Context Modulation (FDCM) is proposed to explicitly model
multi-directional contextual information of fire targets, thereby further improving
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the recognition accuracy of fire targets exhibiting pronounced directional diffusion
characteristics.

2. Materials and Methods
2.1. Overall Architecture

The overall architecture of the FireMambaNet network proposed in this paper is shown
in Figure 1. The FireMambaNet adopts a nested U-shaped encoder-decoder framework and
consists of three core components: the Cross-layer Gated Residual U-block (CG-RSU), the
Fire-aware Directional Context Modulation (FDCM), and the Multi-scale Mamba Attention
Module (M2AM). The network takes raw satellite imagery as input, and its encoder is
composed of six cascaded CG-RSU modules to progressively extract multi-scale contextual
features via downsampling operations. Specifically, CG-RSU7, CG-RSU6, CG-RSUS5, and
CG-RSU4 are employed in Stage 1 to Stage 4 to model low- and mid-level contextual
features, while lightweight CG-RSU4F structures are adopted in Stage 5 and Stage 6 for
high-level semantic feature extraction. To enhance the network’s capability to perceive
directional expansion characteristics of the fire point, FDCM is inserted after Stage4 of
the encoder to perform multi-directional context modeling on mid-to-high-level features,
thereby strengthening directional structural responses. During the decoding, the decoder
adopts a structure symmetrical to the encoder and fuses contextual features through
skip connections. Notably, the proposed M2AM is embedded into the skip-connection
pathway to enhance the global consistency of extremely small and spatially sparse fire
points across large-scale scenes. Furthermore, a deep supervision strategy with six auxiliary
output branches (s1-s6) is employed to guide multi-scale feature learning during training.
Ultimately, the network generates fire point segmentation results, enabling robust detection
of extremely small satellite fire targets under complex backgrounds.

2.2. Cross-Layer Gated Residual U-Block (CG-RSU)

To address the challenge of fire points being extremely small and difficult to effectively
characterize using traditional convolutional neural networks in satellite remote sensing
imagery, this paper proposes the Cross-Layer Gated Residual U-Block (CG-RSU). Which
can adaptively select feature responses at different scales, effectively suppressing redundant
noise background information while significantly enhancing the representation capability
of faint fire points. As shown in Figure 2, CG-RSU adopts a nested encoder-decoder
architecture, serving as the core building block of FireMambaNet.

In the encoding stage, the CG-RSU progressively extracts contextual information from
local to global scales through a multi-layer downsampling structure, effectively capturing
the spatial and semantic difference features between the fire points and their surrounding
background. This multi-feature extraction process can be defined as:

X;i=fi(P(Xi—1)),i=1,...,L (1)

where X; is the feature extracted from the i — th layer, P(-) represents the max pooling
operation, f;(-) is the convolution mapping, and L is the number of layers dynamically
adjusted by the network.

In the decoding stage, CG-RSU performs progressive upsampling and concate-
nates with the corresponding scale encoding features, achieving a full fusion of high-
level semantic information and low-level fine spatial information. This process can be
defined as:

Xj = Concat(U(Fi41), X;) 2)
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Figure 1. Overall structure of the network.

Unlike traditional RSU or single-layer gating structures, this paper innovatively de-
signs a cross-layer gating mechanism. Specifically, CG-RSU establishes a hierarchical
information passing path for gating between adjacent decoding layers, allowing high-level
semantic features to explicitly guide the feature selection process at lower levels. This con-
tinuously strengthens the discriminative information related to fire points and suppresses
background redundant responses during the multi-scale fusion process. The cross-layer
gating process can be defined as:

Xf = X} @ (Gi+ Gij1) (3)

where XZG represents the gated-modulated features, ® denotes channel-wise multiplication,
and G; represents the gating weight. The computation process can be defined as:

Gi = o(W,GAP(X})) (4)
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where GAP(-) represents global average pooling, W; denotes the 1 x 1 convolution weights,
and o(-) represents the Sigmoid function.

HxWxCin HxWxCout

?

Addition

Input Output - Gate

Upsample+Conv+BN+ReLU - Conv+BN+ReLU
Downsample+Conv+BN+ReLU (-B Element-wise summation

M: the number of channels in the middle layer

Figure 2. Structure of the CG-RSU. Cin and Cout denote the input and output channel numbers,
respectively. M represents the intermediate feature channel dimension within the CG-RSU, and 2M
denotes channel expansion to twice this dimension. Gate indicates the cross-layer gating mechanism.
The symbol @ indicates element-wise summation. L denotes the depth of the nested U-shaped
structure. Down-sampling is implemented using a stride-2 convolution layer, while up-sampling is
performed via bilinear interpolation followed by a 3 x 3 convolution.

2.3. Fire-Aware Directional Context Modulation (FDCM)

To enhance the network’s ability to recognize the distinct directional diffusion charac-
teristics of fire points in spatial configurations, this paper specifically designs a Fire-aware
Directional Context Modulation (FDCM). Through direction-sensitive context modeling,
this module significantly improves the network’s perception of weak fire points and their
surrounding spatial contextual information. As shown in Figure 3, the FDCM consists of
three complementary context modeling branches. The first branch uses global average pool-
ing combined with a 1 x 1 convolution to perform global context compression and channel
recalibration on the feature map, capturing the global response strength and semantic prior
constraints of the fire point across the entire image. This process can be defined as:

X8, = U(f1x1(GAP(Xu))) )

where Xf4 represents the features after modeling by the first branch, X;4 represents the
features output by the CG-RSU4 module, GAP(-) represents global average pooling, f1x1(-)
represents the 1 x 1 convolution mapping, and U(-) represents bilinear interpolation to the
original spatial dimensions.
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Figure 3. Structure of the FDCM.

The second branch is a direction-aware branch based on Strip Pooling (Strip Pool-
ing Branch), which performs directional aggregation of features along the horizontal (0°),
vertical (90°), and diagonal (45°) directions, respectively. It models the strip-shaped spa-
tial dependencies via depth-wise separable 1D convolutions, effectively enhancing the
network’s capability to perceive the directionally extended features of fire points con-
strained by wind directions and surface structures, while suppressing the interference
of unstructured noise in background regions during this process. Moreover, within the
direction-aware branch, strip responses from different directions are fused after normaliza-
tion via the Sigmoid function. A learnable gating parameter v is also introduced to achieve
adaptive modulation of directional attention. This design helps maintain network stability
during the early stages of training and gradually strengthens the guidance of directional
context on fire point features during the convergence process. The perception process of
this branch can be defined as:

XY =7 <1 Y 0u(fo(AvgPool (Rg(Xs4)))) + Xs4> (6)
|®|9€®

where XY, represents the features after modeling by the second branch, v denotes
the learnable gating parameters, ® represents the set of modeled directions, with a
value of @ = {0°,45°,90°}; oy(-) represents the Sigmoid activation function; fy(-) de-
notes the per-channel 1D convolution along direction 6; AvgPool(-) represents the adap-
tive average pooling operation along the strip direction 6; and Ry(-) is the rotation
transformation matrix.

The third branch uses local average pooling combined with convolutional operations
to complement the modeling of local contextual information within the fire point’s neigh-
borhood, in order to compensate for the lack of local detail representation in global and
directional modeling. This process can be defined as:

X!y = fix1(AvgPoolzy.3(Xss)) ()

where X!, represents the features after modeling by the third branch, and AvgPools3(-)
represents the local average pooling operation.

Further, the output features ng4, X‘S’l4, Xé 4 from the three branches are concatenated
along the channel dimension. A 1 X 1 convolution is then applied for feature compres-
sion and fusion, forming a comprehensive representation that complements directional
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perception and multi-scale context. Finally, a residual connection is used to add the out-
put features to the original features, producing the output feature X5, which effectively
enhances the feature representation ability without disrupting the original discriminative
information. This process can be defined as:

XD = Xos + fixn (Concat(X§4, x4, X§4)) ®)

2.4. Multi-Scale Mamba Attention Module (M2AM)

In complex remote sensing scenes, fire points are typically sparsely distributed and
occupy only a very small proportion of pixels, while background regions dominate the
spatial structure of the image. To address the challenges caused by extreme pixel-level
imbalance and background interference, this paper proposes a Multi-scale Mamba Attention
Module (M2AM). As illustrated in Figure 1, M2AM is embedded between the encoder and
decoder to facilitate cross-scale feature interaction. By fusing adjacent high-level and low-
level features, a Mamba module based on state-space modeling is introduced to establish
global contextual dependencies across the entire scene. This design enables the network
to enhance consistency among sparsely distributed fire targets while suppressing false
responses from background regions with similar spectral characteristics, thereby improving
segmentation stability in large-scale complex environments.

As shown in Figure 4a, M2AM mainly consists of three parts: the spatial attention
weighting branch, the Mamba global modeling branch, and the feature fusion layer. The
spatial attention weighting branch centers around the current scale feature X;;), and
through the introduction of spatial attention guidance from adjacent high-level feature
X,(i—1) and low-level feature X,; 1), it enables effective interaction of cross-scale contextual
information. Specifically, spatial alignment is achieved through upsampling or downsam-
pling operations, and the spatial attention mechanism is used to adaptively emphasize
potential fire point areas while suppressing complex background interference. This process
can be defined as:

Xl = SA(D (X)) ) @ X

X, =sA u(xs(m))) ® Xy )

where U(-) and D(-) represent the upsampling and downsampling operations, SA(-)
represents the spatial attention mechanism, and & denotes element-wise multiplication.
The Mamba global modeling branch performs global dependency modeling on the
spatial correlation of extremely tiny fire points in large-scale scenes via the state space
model. First, to model the spatial correlations of tiny fire points in large-scale scenes, the
two-dimensional feature map X,;) € REXHXW g restructured into a sequential form:

Xsi) = Reshape(XS(i)> € RHWxC (10)

Then, the Mamba module based on state space modeling is introduced to capture
long-range spatial dependencies, defined as:

K=l (1(50)) oee(x0)))

where L(-) represents the linear mapping layer, SSM(-) represents the state space
model operator, o5(-) represents the SiLU activation function, and o represents the
Hadamard product.
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Figure 4. Structure of the M2AM. (a) General structure of M2AM, (b) M2AM variant at Stage 1
(M2AM-1), (c) M2AM variant at Stage 5 (M2AM-5).

Finally, the output features are reconstructed back into the two-dimensional feature
space. This process can be defined as:

X{{; = Reshape (X;(i))RCXHXW (12)

In the feature fusion layer, M2AM stacks the current feature X;;), cross-scale attention
feature Xi’(i), Xé (i) and global dependency modeling result X;'(‘l.). These are then fused
and channel-adjusted through a lightweight residual bottleneck structure (Res-Bottleneck),

outputting more discriminative multi-scale feature X;VI(Z.). This process can be defined as:

XM = F (X + Xy + XLy + X2 ) (13)

where F(-) represents the residual bottleneck fusion module.

Additionally, considering the special structure of the first and fifth layers, as shown
in Figure 4b,c, this paper further designs simplified versions of M2AM: M2AM-1 and
M2AM-5. These are used for feature fusion scenarios that only include inputs from the
previous or subsequent stage, ensuring model performance while balancing structural
flexibility and computational efficiency.

2.5. Loss Function

To mitigate the severe foreground-background imbalance caused by extremely sparse
fire-point pixels, a multi-scale weighted hybrid loss is adopted as the network optimization
objective. This loss function is composed of Binary Cross-Entropy (BCE) loss and IoU
loss, which respectively constrain the network training at the pixel-level discrimination
and region-level consistency. The BCE loss provides pixel-level supervision to distinguish
fire pixels from the background. However, due to the dominance of background pixels in
satellite images, BCE alone tends to bias the model toward background regions, reducing
its sensitivity to tiny fire points. To address this limitation, the IoU loss is introduced to
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optimize the overlap between predictions and ground truth, which emphasizes region-level
structure and is more suitable for extremely small and sparse fire point targets. Therefore,
the single-scale supervision loss is defined as:

L; = Lpce(5i,G) + Liou(o(Si),G) (14)

where Lpcr represents the BCE loss, L, represents the IoU loss, S; denotes the network
output at the i — th layer, G represents the corresponding ground truth fire point mask, and
o(+) is the Sigmoid activation function.

Furthermore, to improve the localization of tiny fire points, a deep supervision strategy
is employed to jointly optimize multi-scale outputs with level-dependent weights. Higher
weights are assigned to shallow outputs with finer spatial resolution to enhance precise
localization, while deeper outputs receive gradually reduced weights to ensure training
stability. Accordingly, the overall loss function L, is defined as:

1 1 1 1 1
Liotal = L1+§L2+1L3+§L4+EL5+3—2L6 (15)

3. Results

3.1. Experimental Environment
3.1.1. Dataset

To evaluate the effectiveness of the proposed method, experiments are conducted on
two subsets of the Active Fire dataset [33] with pronounced pixel-level sparsity character-
istics, namely Oceania and Asia4. The dataset is constructed based on officially released
Landsat-8 OLI scenes, and the images consist of 10-band multispectral patches cropped
from preprocessed Landsat-8 data. The original Landsat-8 images were acquired with
standard processing, including radiometric calibration and geometric correction prior to
dataset construction. Cloud and cloud-shadow handling were addressed in the dataset
preparation, and invalid /no-data pixels were masked accordingly. The Oceania and Asia4
subsets contain 2200 and 4900 images, respectively. To better illustrate the distribution
of fire points, fire pixels are grouped into five intervals (0-5, 6-10, 11-20, 21-50, >50), as
shown in Figure 5.

81.8% . 82.3% .
(n=1800) I Oceania dataset ( a) (n=4033) I Asia4 dataset (b)
80 80 -
§ 60 ;\Q 60
by by
&n &n
8 g
8 5
8 40 S 40
O [}
~ ~
20 20 1 10.4%
5.6% W 3.8% 5.5% (n=512)  5.0%
(-123) (237/2“) (g3 (@-122) (-245)  19%  04%
. : e (02 -1
i B T T T
1-5 6-10 11-20 21-50 >50 1-5 6-10 11-20 21-50 >50
Fire-pixel size (pixels) Fire-pixel size (pixels)

Figure 5. Fire pixel distribution statistics of the Oceania (a) and Asia4 (b) datasets.

As shown in Figure 5a, in the Oceania dataset, 1800 images (81.8%) contain fewer
than five fire pixels, while only 205 images (approximately 9.3%) contain more than
20 fire pixels, indicating a highly imbalanced fire pixel distribution. Similarly, as shown
in Figure 5b, in the Asia4 dataset, about 82.3% of the images (4033 images) contain fewer
than five fire pixels, whereas only 18 images (0.4%) contain more than 50 fire pixels, exhibit-
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ing an even more severe imbalance. Although both datasets are dominated by small fire
targets, differences in fire pixel distributions still exist. The Asia4 dataset contains more
medium-sized fire targets (6-20 pixels), while the Oceania dataset includes relatively more
large fire targets (>20 pixels). Such cross-region differences further increase the difficulty
of model generalization. Overall, the fire distributions in both subsets exhibit the typi-
cal characteristics of small-scale and sparsely distributed fire targets in satellite imagery,
which can effectively evaluate the performance of the proposed model in tiny fire point
segmentation tasks.

3.1.2. Experimental Details

Experiments were conducted on the Oceania and Asia4 datasets. Each dataset was
divided into training, validation, and test sets based on the fire pixel values in each image,
following a 7:1:2 ratio. Specifically, the Oceania dataset contains 1540, 220, and 440 images
in the training, validation, and test sets, respectively, while the Asia4 dataset contains 3430,
490, and 980 images in the corresponding subsets.

All network models were implemented using the PyTorch 2.1.0+cul121 framework on
a single NVIDIA GeForce RTX 4070 Super GPU (NVIDIA Corporation, Santa Clara, CA,
USA). To ensure fair comparison, all baseline models and the proposed FireMambaNet
were trained using the exact same multispectral input bands (Landsat-8 B7, B6, and B5),
which were determined to be the optimal configuration in Section 3.3.2. No external pre-
trained weights were utilized for any model. Regarding training strategies, all models
employed identical settings: Adam optimizer, initial learning rate of 0.005, weight decay of
1 x 1074, batch size of 4, and a polynomial learning rate decay scheme over 100 epochs.
No data augmentation techniques were applied during training in order to maintain a
consistent experimental setup across all models. For the proposed method, no additional
training epochs or special hyperparameter tuning effort was applied. For the baseline
models, hyperparameters were initialized according to their original publications and were
only minimally adjusted within reasonable ranges to ensure stable convergence.

3.1.3. Evaluation Metrics

In our work, IoU and the F1 score are adopted to evaluate model performance. IoU
is used to measure the spatial consistency between the predicted fire regions and the
ground-truth masks, while the F1 score comprehensively reflects the accuracy and detection
capability of the model in fire point segmentation. The corresponding formulations are
defined as follows:

TP
— - 1
oV =5 T N (16)
Fl — 2 X Precision x Recall (17)

Precision + Recall
where TP denotes the number of true positive pixels correctly predicted as fire pixels, FP
denotes the number of false positive pixels incorrectly predicted as fire pixels, and FN
denotes the number of fire pixels that are incorrectly classified as background.

3.2. Comparison with State-of-the-Art Segmentation Methods

To further validate the effectiveness of the proposed method, we compare it with a
range of state-of-the-art segmentation approaches, including: (1) CNN-based methods,
such as UNet [34], U2Netp [37], PSPNet [45], CorrNet [46], SeaNet [47], and FPSU?Net [36];
(2) Transformer-based methods, including SegFormer [38] and PGNet [48]; and (3) Mamba-
based methods, such as AfaMamba [49] and P-Mamba [50].
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3.2.1. Experimental Results on the Oceania Dataset

As shown in Table 1, the quantitative comparison results of the proposed method and
other networks on the Oceania dataset are presented. Compared to the best-performing
CNN-based segmentation network (FPSU?Net), the proposed method improves IoU by
1.81% and F1 score by 0.80%, demonstrating that the constructed network has stronger
advantages in both the overall consistency of fire point regions and pixel-level classification
accuracy. Compared to Transformer-based segmentation networks (such as SegFormer
and PGNet), both the IoU and F1 scores are significantly lower than those of the proposed
method. The Transformer structure focuses on global modeling capabilities, which have ad-
vantages in large-scale target and contextual relationship modeling. However, when facing
the numerous tiny fire point targets with extremely small scales and low pixel proportions
in the Oceania dataset, global features tend to overwhelm local salient information, leading
to limited recognition ability for tiny fire points. Furthermore, compared to Mamba-based
segmentation networks (such as AfaMamba and P-Mamba), while Mamba performs better
than Transformer in long sequence modeling and feature propagation efficiency, its overall
performance still lags behind the proposed method but is noticeably superior to pure Trans-
former architectures. This indicates that the Mamba structure alleviates, to some extent, the
issue of global modeling being unfriendly to small targets. However, it still struggles with
capturing fire point boundaries and fine-grained structures in complex backgrounds.

Table 1. Quantitative comparison results for the Oceania dataset.

Oceania
Method Type Backbone
IoU F1

UNet C - 81.67 89.98
U?Netp C RSU 83.91 91.27
PSPNet C Resnet50 36.88 53.92
CorrNet C VGG16 82.34 90.38
SeaNet C MobileNet 60.88 75.67
FPSU2ZNet C RSU 86.91 93.01
SegFormer CT MiT-b3 59.91 7491
PGNet C-T Res18+Swin-B 52.74 68.95
AfaMamba C-M Res18 74.68 85.5
P-Mamba C-T-M Res18+Swin-B 58.42 73.75
Ours C-M CG-RSU 88.51 93.76

Notes: C, C-T, C-M, and C-T-M denote convolution-based, convolution-Transformer hybrid, convolution-Mamba
hybrid, and convolution-Transformer-Mamba hybrid models, respectively; RSU denotes Residual U-block;
MiT-b3 denotes Mix Transformer (b3); Swin-B denotes Swin Transformer Base; Res18 denotes ResNet-18; and
VGG16 denotes the 16-layer VGG network.

From the perspective of the network backbone structure, the CG-RSU backbone
used in this paper achieves more thorough multi-scale feature fusion while maintain-
ing fewer network layers and a smaller parameter scale. This effectively enhances the
network’s ability to perceive local fire point shapes and weak response regions. As a
result, the network not only ensures accuracy but also demonstrates better stability and
generalization performance.

To better compare the network’s segmentation performance on fire points of different
scales, as shown in Figure 6, we selected scenes from the Oceania dataset featuring fire
points of varying scales and shapes. The fire point pixel sizes range from pixels = 120
to pixels = 4. As shown in Figure 6a,b, for fire point samples with larger pixel sizes
(pixels = 120 and 93), most CNN-based methods are able to detect the main body of the
fire points. However, there are deficiencies in maintaining the continuity of elongated
structures, with the predicted results commonly showing breaks or local omissions. In
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contrast, the prediction results of Transformer- and Mamba-based segmentation networks
(SegFormer, AfaMamba, and P-Mamba) contain more errors in prediction. In comparison,
the proposed method performs better in maintaining the overall connectivity of the fire
points. The predicted results are highly consistent with the ground truth in terms of shape
and spatial distribution, and the number of false positive pixels is significantly reduced.

Unet U’netp SeaNet FPSU2Net SegFormer AfaMamba P-Mamba Ours

pixels ........

2 s
Legend 1 Ground truth HE False positive pixcls Il False negative pixels [ True positive pixels

Figure 6. Visualization of segmentation results for fire points at different scales on the Oceania dataset.
(a—f) represent six fire point samples with increasing scales.

As shown in Figure 6¢,d, when the fire point scale is reduced to medium size
(pixels = 57 and 16), the differences between methods become more apparent. Some meth-
ods (such as SeaNet and FPSU?Net) generate more false negatives under complex back-
ground interference, leading to incomplete fire point structures. Mamba-based methods
(AfaMamba and P-Mamba) exhibit significant false positives in local regions, severely
affecting detection accuracy. In contrast, the proposed method is still able to accurately de-
lineate fire point contours at this scale, maintaining a good balance between false positives
and false negatives.

As shown in Figure 6e,f, in the most challenging tiny fire point scenarios (pixels = 12
and 4), most of the comparison methods suffer from varying degrees of false negatives,
with some methods (such as UNet and SeaNet) completely failing to detect the fire points.
Mamba-based methods and the proposed method, however, are able to consistently identify
the fire point locations, with the proposed method achieving nearly perfect predictions.

Overall, the visualization results on the Oceania dataset show that the proposed
method has significant advantages in maintaining the continuity of elongated fire point
structures, detecting small-scale targets, and suppressing false positives in complex back-
grounds. This further validates its robustness and effectiveness under different fire point
shapes and scale conditions.

In summary, the experimental results fully validate the effectiveness and superiority
of the proposed method in fire point segmentation tasks at different scales, particularly in
application scenarios where complex backgrounds and tiny fire points coexist, such as in
the Oceania dataset.
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3.2.2. Experimental Results on the Asia4 Dataset

To better assess the model’s performance, as shown in Table 2, we also quantitatively
compared the proposed method with several representative segmentation networks on the
Asia4 dataset. As shown in Table 2, the proposed method achieved optimal performance
in both IoU and F1 score metrics, reaching 85.65% and 92.26%, respectively. This further
validates the effectiveness of the method under different regional and data distribution con-
ditions. Compared to the best-performing CNN-based segmentation network, FPSU2Net,
the proposed method improves IoU by 2.07% and F1 score by 1.21%. This performance
improvement is even more significant compared to the Oceania dataset, indicating that the
proposed method has stronger robustness in maintaining the integrity of fire point regions
and suppressing false positives. Compared to Transformer-based segmentation networks
(SegFormer, PGNet), their performance further declines on the Asia4 dataset, with both
IoU and F1 scores significantly lower than those of the proposed method. This indicates
that when the Asia4 dataset contains a large amount of high background interference, low
contrast, and fire points with significant scale variations, Transformer architectures that
rely on global modeling struggle to effectively highlight the local salient features of fire
points, thereby limiting their segmentation performance. For Mamba-based segmenta-
tion networks, such as AfaMamba and P-Mambea, their overall performance lies between
that of CNN and Transformer methods, showing better stability. However, they still fall
significantly behind the proposed method in terms of both IoU and F1 scores.

Table 2. Quantitative comparison results for the Asia4 dataset.

Asia4
Method Type Backbone
IoU F1

UNet C - 69.53 82.03
U%Netp C RSU 81.16 89.6
PSPNet C Resnet50 28.43 44.28
CorrNet C VGG16 72.06 83.76
SeaNet C MobileNet 64.39 78.33
FPSU%Net C RSU 83.58 91.05
SegFormer C-T MiT-b3 50.84 67.41
PGNet C-T Res18+Swin-B 49.24 65.99
AfaMamba C-M Res18 71.95 83.69
P-Mamba C-T-M Res18+Swin-B 53.27 69.51
Ours C-M CG-RSU 85.65 92.26

To better assess the model’s performance, we selected different scenes with multiple
fire points at various scales for display, as shown in Figure 7. As shown in Figure 7a—c, in
scenes with multiple fire points at different scales, CNN-based methods (such as UNet and
SeaNet) exhibit a significant number of blue pixels. This indicates that these methods have
a serious issue with false negatives, and as the number of fire pixels decreases, the false
negative rate for these methods increases. The Transformer-based methods also exhibit
a certain degree of false negatives, though their false negative rate is lower compared to
CNN-based methods. Mamba-based methods, on the other hand, have fewer blue pixels
but more red pixels. This indicates that although these methods have a lower false negative
rate, they suffer from a higher false positive rate, making it difficult to identify tiny fire
point targets. In contrast, our method predominantly shows yellow pixels, demonstrating
stable performance across different scales and scenes with multiple fire points. For single
fire points, as shown in Figure 7d—f, CNN-based methods and Transformer-based methods
exhibit obvious false negatives, and they even fail to effectively distinguish fire points from
complex backgrounds. Although U?Net and FPSU?Net have a lower false negative rate,
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they have a higher false positive rate compared to our method. Mamba-based methods,
in this scenario, suffer from both false positives and false negatives, making it difficult to
consistently identify fire point targets. In contrast, our method demonstrates more stable
performance. As shown in Figure 7d, the proposed method is able to fully segment the
fire points.

Image GT Unet U’netp SeaNet FPSU2Net SegFormer AfaMamba P-Mamba  Ours
’;;»,:\—m 91
;0-".\‘91,\ =25

pixels=13|

¥

v

pixels=67|

T

pixels=31]

pixels=8

Legend [ Ground truth M False positive pixels Il False negative pixels [ True positive pixels

Figure 7. Visualization of segmentation results for fire points at different scales on the Asia4 dataset.
(a—f) represent six fire point samples with increasing scales.

In summary, under complex backgrounds and in scenes with multiple fire points at
different scales, the proposed method demonstrates stronger robustness and fine segmen-
tation capabilities. Moreover, the proposed method not only excels in overall statistical
metrics but also has a clear advantage in pixel-level details and the recognition of multiple
tiny targets.

3.2.3. Experimental Results on Cross-Region Generalization

To further evaluate the cross-region generalization capability of the proposed method,
two additional experiments were conducted. Specifically, the models were trained on the
Asia4 dataset and tested on Oceania, and the reverse setting was also considered. The
results are summarized in Table 3. As shown in Table 3, under cross-region evaluation,
most methods experience a noticeable performance degradation due to differences in back-
ground characteristics and fire distribution patterns between the two datasets. Traditional
convolutional neural network (CNN)-based models, such as UNet and PSPNet, exhibit
relatively limited generalization capability, with their IoU and F1 scores decreasing by an
average of 35.15% and 22.42%, respectively. Although several more advanced architec-
tures, such as CorrNet and FPSU?Net, achieve improved performance, their cross-region
accuracy remains lower than that obtained in the within-dataset experiments. In contrast,
the proposed method demonstrates the best overall cross-region performance under both
evaluation settings. When trained on Asia4 and evaluated on Oceania, the proposed model
achieves an IoU of 87.94%, showing only a slight decrease compared with the original
experiment while still outperforming the competing methods. Similarly, when trained on
Oceania and evaluated on Asia4, our model still maintains strong performance, achieving
an IoU of 81.59% and an F1 score of 89.86%, corresponding to performance decreases of
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4.74% and 2.60%, respectively, compared with the original results. Moreover, the proposed
method still surpasses the second-best method (FPSU?Net) by 3.34% IoU.

Table 3. Cross-Region Generalization Results Between Asia4 and Oceania.

Train Asia4 Oceania
Test Oceania Asia4
Method Type 10U F1 10U F1
UNet C 56.01 71.79 56.88 72.51
U?Netp C 83.44 90.97 66.67 80.00
PSPNet C 30.95 47.27 30.43 46.66
CorrNet C 77.41 87.27 72.95 84.36
SeaNet C 47.16 64.10 48.59 65.40
FPSU?Net C 86.26 92.63 78.25 87.80
SegFormer CT 45.56 62.60 4473 61.81
PGNet C-T 36.02 52.96 58.27 73.63
AfaMamba C-M 59.89 74.68 70.25 82.53
P-Mamba C-T-M 49.46 66.19 47.05 63.99
Ours C-M 87.94 93.58 81.59 89.86

Overall, the results in Table 3 demonstrate that the proposed network achieves superior
robustness and cross-region generalization ability compared with existing approaches.
These results further indicate that the proposed modules exhibit effective synergy, enabling
the network to better capture fire targets under complex background conditions.

3.3. Ablation Experiments

To validate the contribution of each key module to satellite fire point detection perfor-
mance, this paper conducted ablation experiments on the CG-RSU, FDCM, and M2AM mod-
ules, as well as ablation experiments on different spectral bands of the Landsat 8 satellite.
The details of these ablation experiments are described below.

3.3.1. Ablation Experiment of the Module

To verify the effectiveness of each proposed module, a total of eight module ablation
configurations were evaluated on the Oceania and Asia4 datasets, with the quantitative
results summarized in Table 4. In addition, to provide a more intuitive understanding of
how different modules influence feature representation, we selected representative scenes
containing a single fire point and multiple coexisting fire points from both datasets and
visualized the feature maps at different network stages. The corresponding qualitative
results are presented in Figure 8.

Table 4. Ablation Experiment Results for the Module.

Oceania Asiad
IoU F1 IoU F1

No. Baseline CG-RSU M2AM FDCM

1 v 8391 91.27 81.16 89.60
2 v 4 8552 9219 8334 9091
3 v 4 84.84 9180 8324 90.85
4 v 4 85.83 9237 8363 91.09
5 v v v 86.61 9283 8387 91.23
6 4 v v 87.32 9323 8348 91.00
7 4 4 4 86.13 9257 8425 9145
8 v v 4 4 8851 9376 85.65 9226

Notes: ¢ indicates that the corresponding module is included.
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Figure 8. Visualization results of multi-stage feature representations under different module ablation
configurations, where (a-h) correspond to the feature heatmaps of the model under different module
combinations No.1-No.8 in Table 3. The color gradient from blue to red indicates increasing feature
response intensity.

As shown in Table 4 (No.1), the baseline model achieves IoU scores of 83.91% and
81.16% on the Oceania and Asia4 datasets, respectively. Based on this baseline, the indi-
vidual introduction of CG-RSU, M2AM, and FDCM modules (No.2-No.4) consistently
improves detection performance on both datasets, with IoU gains ranging from 1.9% to
2.6%. As illustrated in Figure 8a—d, compared with the baseline model, the single-module
configurations produce feature maps that can more clearly activate fire regions, demonstrat-
ing the effectiveness of each module in multi-scale stable modeling, long-range dependency
perception, and direction-aware contextual compensation.

Furthermore, Table 4 (No.5-No.7) reports the results of different dual-module combi-
nations. As observed in Figure 8e—g, in scenarios with multiple coexisting fire points, any
combination of two modules outperforms the corresponding single-module configuration,
enabling the detection of more fire points with improved completeness. This observa-
tion indicates strong complementarity among multi-scale stable modeling, long-range
dependency perception, and structure-aware modulation. Specifically, the combination
of CG-RSU and FDCM (No.6) improves the IoU by 3.94% on the Oceania dataset, while
the combination of M2AM and FDCM (No.7) achieves superior performance on the Asia4
dataset, with an IoU gain of 3.70%. These results suggest that direction-aware contextual in-
formation exhibits stronger generalization capability in complex regions and heterogeneous
background scenarios.

When all three modules are jointly integrated (No.8), the proposed method achieves
the best overall performance, obtaining an IoU of 88.51% and an F1 score of 93.76% on the
Oceania dataset, and 85.65% IoU and 92.26% F1 score on the Asia4 dataset. Compared with
the baseline model, the proposed framework yields IoU improvements of 4.60% and 4.49%
on the two datasets, respectively. Overall, these results demonstrate that the proposed
modules exhibit significant synergistic gains for satellite fire detection, effectively enhancing
the robustness and generalization capability of the model under complex backgrounds and
cross-regional scenarios.
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3.3.2. Effect Analysis of the FDCM Module

Since FDCM serves as a critical feature modulation module bridging different net-
worSince the proposed FDCM serves as a critical feature modulation component that
bridges different network stages, its placement within the network may significantly in-
fluence the overall detection performance. To investigate this effect, ablation experiments
were conducted by inserting FDCM at different stages of the network (Stage 1-Stage 5), as
summarized in Table 5. As shown in Table 5, placing FDCM in the shallow layers (Stage
1) leads to a significant performance degradation, with the IoU on the Oceania dataset
dropping to only 42.95%. This indicates that directional context modeling fails to effectively
capture high-level semantic information when applied to low-level feature representations.
As FDCM is progressively moved toward the intermediate stages, the model performance
improves substantially. Among all configurations, the Stage 4 placement achieves the best
results on both datasets, yielding IoU scores of 88.51% and 85.65% on the Oceania and
Asia4 datasets, respectively. In contrast, when FDCM is further shifted to the deepest
layer (Stage 5), a noticeable performance decline is observed. This suggests that features at
very deep layers are already highly semantically aggregated, thereby limiting the benefits
of directional context modulation. Consequently, FDCM is deployed at Stage 4 in the
proposed framework to maximally exploit its role in feature modulation between low-level
and high-level representations.

Table 5. Ablation Experiment Results for FDCM Location.

Oceania Asia4
No. Location
IoU F1 IoU F1
1 Stage 1 42.95 59.96 54.54 70.59
2 Stage 2 87.82 93.36 83.84 91.21
3 Stage 3 88.05 93.52 81.67 89.91
4 Stage 4 88.51 93.76 85.65 92.26
5 Stage 5 87.86 93.42 83.51 91.02

In addition, to further evaluate the effectiveness of FDCM for detecting tiny fire tar-
gets, we conducted comparative experiments across five fire-size groups based on the
number of fire pixels. The experimental results are summarized in Table 6. As shown in
Table 6, on the Oceania subset, for the 0-5 pixel group, the IoU increases from 69.60% to
73.12%, corresponding to a relative improvement of 5.06%, while the F1 score improves
by 2.92%. Similarly, for the 11-20 pixel group, the IoU increases by 6.07% and the F1
score improves by 3.33%. These results indicate that directional feature modeling helps
capture the structural characteristics of small fire targets. For medium and large targets
(21-50 pixels and >50 pixels), the performance changes are relatively small, suggesting
that FDCM mainly benefits scenarios involving small fire targets. In addition, as shown in
Table 6, FDCM also demonstrates consistent improvements on the Asia4 subset. For the
0-5 pixel group, the IoU improves by 2.61%, and the F1 score increases by 1.44%. For the
6-10 pixel group, the improvements reach 1.79% and 0.95%, respectively. These results sug-
gest that the directional modeling capability introduced by FDCM enhances the network’s
ability to capture anisotropic fire patterns and improves the segmentation performance
for sparse tiny fire pixels. For larger fire regions (>50 pixels), the effect of FDCM becomes
limited, as large fire areas are already sufficiently prominent and easier for the network
to distinguish.
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Table 6. Performance comparison across fire-size groups (w/ and w/o FDCM).
0-5 Pixels 6-10 Pixels 11-20 Pixels 21-50 Pixels >50 Pixels
Dataset Metric
10U F1 10U F1 I0U F1 10U F1 I0U F1
w/oFDCM  69.60 82.07 86.79 92.93 77.88 87.56 88.68 9400 91.77 9571
Oceania w/ FDCM 73.12 84.47 87.20 93.16 82.61 90.48 90.19 9484 9176 95.70
A (%) 5.06 2.92 0.47 0.25 6.07 3.33 1.70 089 —0.01 -0.01
w/oFDCM  80.02 88.90 85.96 92.45 87.90 93.56 85.75 9233 8795 93.59
Asia4 w/ FDCM 82.11 90.18 87.50 93.33 87.46 93.31 86.58 9280 89.87 94.67
A (%) 2.61 1.44 1.79 0.95 —0.50 —0.27 0.97 0.51 2.18 1.15

3.3.3. Ablation Study on Different Spectral Band Combinations

To analyze the impact of different spectral bands on fire point detection performance,
ablation experiments with multiple spectral band combinations were conducted on the
Oceania and Asia4 datasets. The experimental results are presented in Table 7. It can
be observed that different spectral bands contribute unequally to fire point detection
performance. Specifically, when only visible bands (432) are used, the model exhibits
extremely poor performance, achieving IoU values of only 15.79% and 11.25% on the
Oceania and Asia4 datasets, respectively. This result indicates that relying solely on visible-
spectrum information makes it difficult to effectively distinguish fire pixels from complex
backgrounds. In contrast, as shown in Table 7 (No. 3-7), the introduction of near-infrared
(B5) and shortwave infrared (B6 and B7) bands leads to a substantial improvement in
detection performance. Among these configurations, the combination of bands 7, 6, and 5
consistently demonstrates stable and superior detection capability across both datasets. In
particular, the 765 bands combination achieves the best overall performance, with IoU and
F1 scores of 88.51% and 93.76% on the Oceania dataset, and 85.65% and 92.26% on the Asia4
dataset, respectively. Furthermore, when all available bands (ALL) are jointly modeled, the
performance does not improve significantly. This phenomenon suggests that the inclusion
of redundant or weakly discriminative spectral information may limit the effectiveness
of the network. Therefore, the 765 bands combination is selected as the optimal spectral
configuration for fire point detection in this study.

Table 7. Ablation Experiment Results of Different Band Combinations.

Oceania Asiad
No. Band
IoU F1 IoU F1
1 432 15.79 30.15 11.25 20.28
2 654 66.83 80.12 55.48 71.37
3 762 87.92 93.48 79.13 88.35
4 763 87.75 93.33 79.95 88.86
5 764 86.58 92.72 78.64 88.05
6 765 88.51 93.76 85.65 92.26
7 766 84.52 91.60 54.52 70.57
8 ALL 85.26 92.02 84.66 91.69

3.3.4. Ablation Study on Different Random Seeds

To further evaluate the training stability of the proposed method, additional exper-
iments were conducted using five different random seeds. The results are reported as
mean + standard deviation, as summarized in Table 8. As shown in Table 8, on the Oceania
dataset, FireMambaNet achieves an Intersection over Union (IoU) of 88.82 4+ 0.59 and an F1
score of 94.04 £ 0.35. On the Asia4 dataset, the model obtains an IoU of 85.48 = 0.90 and an
F1 score of 92.17 & 0.52. The relatively small standard deviations indicate that the proposed
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method maintains stable performance under different random seeds, demonstrating strong
training robustness and reproducibility. In addition, 95% confidence intervals (CI) were
computed to further quantify the statistical reliability of the results. As shown in Table 8,
the relatively narrow confidence intervals suggest that the proposed model exhibits stable
performance across different random initializations.

Table 8. Ablation Results under Different Random Seeds.

Oceania Asiad
Metric
IoU F1 IoU F1
Mean =+ Std 88.82 + 0.59 94.04 + 0.35 85.48 + 0.90 92.17 £+ 0.52
95% CI [88.09, 89.55] [93.61, 94.48] [84.36, 86.59] [91.52,92.81]

3.3.5. Ablation Study on Different Dataset Splitting Strategies

To address the potential risk of spatial or temporal data leakage caused by random
patch-level splitting, we further conducted additional experiments using a leakage-safe
data partition protocol. Specifically, the dataset was split at the scene level, ensuring
that all patches originating from the same scene appear exclusively in either the train-
ing, validation, or testing set. The datasets were still divided according to the 7:1:2 ratio.
After the scene-level split, the Oceania dataset contains 1549 training images, 331 vali-
dation samples, and 320 testing images, while the Asia4 dataset contains 3214, 567, and
1119 images, respectively.

We then re-conducted the experiments on both datasets under the same experimental
settings and environment. The results are summarized in Table 9. As shown in the table, on
the Oceania dataset, the proposed network shows only slight performance decreases under
the scene-level split compared with the random patch split, with the IoU and F1 scores
decreasing by 0.69% and 0.30%, respectively. On the Asia4 dataset, the IoU decreases by
0.14%, while the F1 score decreases by 0.09%. These results indicate that the performance
of the proposed model is not significantly affected by potential image leakage caused by
random splitting, and the model still maintains stable performance under the more rigorous
scene-level evaluation protocol. This further demonstrates the robustness and reliability of
the proposed method.

Table 9. Performance Comparison Under Different Data Splitting Strategies.

Oceania Asiad
Split Strategy
10U F1 10U F1
Patch-random 88.51 93.76 85.65 92.26
Scene-level 87.82 93.46 85.51 92.17
A (%) —0.78 —0.32 —-0.16 —-0.10

3.4. Computational Complexity and Inference Efficiency

To further evaluate the proposed model in terms of computational complexity and
inference efficiency, comparison experiments were conducted on a range of representative
semantic segmentation models under a unified experimental environment. All models
were tested on NVIDIA GeForce RTX 4070 Super GPUs with input image dimensions of
256 x 256 and a batch size of 4. The input data consisted of preprocessed TIFF images,
and the reported FPS was calculated based solely on the forward inference time, excluding
data loading, preprocessing, and postprocessing operations. Additionally, all models
were evaluated in inference mode with gradient computation disabled. The results are
summarized in Table 10.
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Table 10. Comparison of Model Complexity and Size.

Methods Type Backbone GFIOPs Param FPS
UNet C - 81.70 39.42 108.07
U?Netp C RSU 37.65 1.13 70.80
PSPNet C Resnet50 44.44 52.49 128.41
CorrNet C VGGl16 21.31 4.08 66.65
SeaNet C MobileNet 1.43 2.76 113.99
FPSU?Net C RSU 16.09 1.33 61.49
SegFormer CT MiT-b3 1.69 3.71 136.94
PGNet C-T Res18+Swin-B 28.91 72.71 76.82
AfaMamba C-M Res18 7.01 13.48 14.92
P-Mamba C-T-M Res18+5Swin-B 4.54 28.76 23.08
Ours C-M CG-RSU 16.10 1.56 42.80

As shown in Table 10, traditional CNN methods such as UNet and PSPNet have
relatively large parameter counts, reaching 39.42 M and 52.49 M, respectively. Although
these models can achieve high inference speeds on the GPU, they suffer from considerable
model redundancy. By comparison, lightweight networks such as SeaNet, U?Netp, and
FPSU?Net substantially reduce parameter size, with U?Netp and FPSU?Net containing
only approximately 1.5 M parameters. However, these lightweight models are still limited
in their capacity to model complex features effectively. Transformer-based or hybrid
architectures (e.g., SegFormer, PGNet, and P-Mamba) demonstrate advantages in capturing
global context, but their parameter sizes and inference speeds vary widely. For instance,
PGNet has a parameter count of 72.71 M, while P-Mamba, despite a lower computational
load, still suffers from reduced inference speed. In contrast, the proposed FireMambaNet
achieves a more balanced performance across model size, computational complexity, and
inference efficiency. Built upon the CG-RSU architecture, it contains only 1.56 M parameters
with a computational cost of 16.10 GFLOPs, and achieves an inference speed of 42.80 FPS on
the NVIDIA GeForce RTX 4070 Super. While maintaining low model complexity, it exhibits
stable inference efficiency, demonstrating that the proposed approach strikes a favorable
balance between lightweight design and feature representation capability, indicating high
potential for practical deployment.

In practical applications, Landsat-8 satellite images are typically much larger than
the input patches used for model evaluation. Therefore, large-area inference is commonly
performed using a sliding-window strategy, in which the model processes image patches
sequentially and then stitches the prediction results to obtain the final segmentation map.
To estimate the processing time of the proposed model, a standard Landsat scene with an
image size of 10,000 x 10,000 pixels is considered as an example. Based on the measured
inference speed of 42.80 FPS, the estimated processing time for a full Landsat scene is
approximately 4045 s under the same experimental settings. This corresponds to roughly
80-85 scenes per hour, indicating that the proposed FireMambaNet maintains practical
efficiency for large-scale wildfire monitoring tasks. It should be noted that the actual
runtime may vary depending on the sliding-window stride, image input/output operations,
and post-processing procedures.

4. Discussion

As described in Section 3.1.1 for the Oceania and Asia4 datasets, satellite fire point seg-
mentation tasks generally face challenges such as extremely small target scales, imbalanced
pixel distribution, and significant regional differences in practical applications. Under
these challenging conditions, as shown in Tables 1 and 2, the proposed method achieves
stable and leading performance on both datasets, indicating that the proposed network
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demonstrates strong robustness and generalization ability in complex backgrounds and
cross-regional scenarios. Compared to traditional CNN methods, the CG-RSU backbone
introduced in this paper effectively alleviates the issue of detail information loss caused
by multiple downsampling steps through multi-scale stable feature fusion, allowing tiny
fire points and elongated structures to be more fully expressed in high-level semantic
features. In contrast, Transformer-based methods, due to their reliance on global mod-
eling mechanisms, tend to be dominated by large-scale background areas in pixel-level
highly imbalanced scenes, limiting their ability to recognize local weak-response fire points.
Mamba-based methods, on the other hand, demonstrate certain advantages in long-range
dependency modeling but still face challenges in capturing fire point boundaries and
fine-grained structures under complex background conditions. This paper introduces
the M2AM and FDCM modules, achieving effective synergy between long-range depen-
dency perception and directional context modeling, significantly improving the model’s
stability and fine-grained expression ability in fire point segmentation tasks at different
scales. Additionally, the band ablation experiment results shown in Table 7 further validate
the crucial role of near-infrared and shortwave infrared bands in enhancing the spectral
separability between fire points and the background. A reasonable band combination (e.g
765 band) is more beneficial for improving the overall segmentation performance of the
model compared to simply increasing the input dimensions.

Although the proposed method demonstrates good overall performance, it still has
certain limitations. As shown in Table 11, this paper presents the main limitations of the
proposed method and corresponding improvement strategies.

Table 11. Summary of limitations and planned mitigation strategies.

Limitation Planned Mitigation

Incorporate multi-temporal or
spatiotemporal modeling
False positives under Integrate terrain, meteorological, or multi-source
complex backgrounds remote sensing data
Fixed input resolution (256 x 256)  Explore adaptive multi-scale inference strategies

Single-temporal imagery only

5. Conclusions

This paper addresses key challenges, such as extremely small fire point target scales,
sparse spatial distribution, and complex backgrounds in satellite remote sensing imagery, by
proposing a multi-scale Mamba network, FireMambaNet, for tiny fire point segmentation.
The method effectively enhances segmentation accuracy for tiny fire points in complex
remote sensing scenarios through the collaborative design of multi-scale feature encoding,
directional context modeling, and long-range dependency modeling.

In terms of network architecture design, this paper constructs a nested encoder-
decoder backbone network composed of 6 Cross-layer Gated Residual U-blocks (CG-RSU).
The encoder extracts multi-scale contextual features from local to global scales through
progressive downsampling operations. Meanwhile, the cross-layer gating modulation
mechanism designed in the CG-RSU adaptively suppresses redundant responses in com-
plex backgrounds and significantly enhances the features of tiny and weakly responding
fire points, providing a cleaner and more discriminative feature foundation for subsequent
directional modeling and global dependency learning. Building on this, the paper designs
the Fire-aware Directional Context Modulation (FDCM) module, which explicitly models
the anisotropic spatial expansion features of fire points under wind direction and terrain
constraints by aggregating structured features along the horizontal, vertical, and diagonal
directions. This effectively enhances the network’s ability to perceive the directional propa-
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gation and continuity of fires. Furthermore, the proposed Multi-scale Mamba Attention
Module (M2AM) leverages the advantages of state space models in long sequence modeling,
achieving cross-scale long-range dependency modeling while maintaining computational
efficiency. This significantly improves the global consistency representation ability in sparse
fire point regions.

Extensive experimental results on the Oceania and Asia4 subsets of the Active Fire
dataset show that the proposed FireMambaNet outperforms various mainstream CNN,
Transformer, and Mamba-based methods in both IoU and F1 score evaluation metrics. The
module ablation experiments further validate the effectiveness and complementarity of
the CG-RSU, FDCM, and M2AM modules in enhancing tiny fire point features, directional
context modeling, and global dependency learning. The position sensitivity analysis of
FDCM shows that deploying it in the mid-to-high layers of the encoder (Stage 4) allows it
to fully exert its role in modulating features between lower and higher layers, suppress-
ing background interference while strengthening the response to directional expansion
structures of fire points along wind direction, terrain orientation, and other factors.

Additionally, the spectral band ablation experiments further reveal the critical role
of the near-infrared (NIR) and shortwave infrared (SWIR) bands in fire point discrimi-
nation. Specifically, the B7-B6-B5 (765) band combination achieved optimal and stable
detection performance on both datasets. In terms of model complexity and inference
efficiency, FireMambaNet, with only 1.56 M parameters and a computational complexity
of 16.10 GFLOPs, still maintains stable inference speed, demonstrating a good balance
between lightweight design and feature representation capability, with high potential for
practical deployment.
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