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Abstract

In recent years, UAV-based visible and thermal (RGB-T) multimodal object detection has
demonstrated significant potential for monitoring forest fires in complex environments.
However, restricted by the intrinsic discrepancies between modalities, existing RGB-T
models still struggle to achieve optimal detection accuracy. To address the aforemen-
tioned issues, this paper proposes FireRGBTNet, a lightweight and efficient RGB-T fusion
model for UAV-based forest fire detection. First, a heterogeneous dual-stream backbone
is designed to precisely capture modality-specific information via customized feature ex-
traction modules, utilizing Target-Enhanced Downsampling to adaptively preserve the
fragile features of small targets. Second, a multi-scale semantic alignment enhancement
branch is proposed to explicitly bridge the semantic gap through the dual constraints of
statistical distribution and semantic direction. Finally, a multimodal spatial gated fusion
module is constructed, which utilizes spatial gated interactions to effectively suppress mul-
timodal noise and incorporates Mish Gated Linear Units to compensate for global semantics,
thereby achieving high-quality heterogeneous feature fusion. Extensive experiments on the
RGBT-3M dataset demonstrate that with a mere 4.13M parameters, FireRGBTNet achieves
accuracies of 95.9% and 62.8% in terms of mAP@0.5 and mAP@0.5:0.95, respectively. The
proposed model achieves an optimal trade-off between detection accuracy and computa-
tional efficiency, providing a highly effective solution for UAV-based forest fire monitoring
in complex environments.

Keywords: object detection; UAV; forest fire; sensor fusion; multimodality

1. Introduction

As one of the most vital ecosystems on Earth, forests play an irreplaceable role in
maintaining the global carbon cycle, conserving biodiversity, and regulating the climate. In
recent years, influenced by climate change and human activities, forest fires have occurred
with increasing frequency, posing severe threats to human lives and property while causing
tremendous damage to the natural ecological environment [1]. Consequently, achieving
early warning and real-time monitoring of forest fires is of paramount significance for
mitigating disaster losses and protecting ecosystems. Traditional forest fire monitoring
approaches primarily rely on manual patrols and fixed lookout towers, ground-based
sensors, and satellite remote sensing. However, manual patrols and lookout towers suffer
from major blind spots and limited coverage area [2]. Although ground-based sensors
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and near-ground optical monitoring devices offer superior real-time performance, their
deployment density remains constrained by high maintenance costs [3]. Meanwhile,
satellite remote sensing technologies are broadly hindered by inadequate spatial resolution,
poor timeliness, and long response latency [4]. Thus, these traditional methods struggle
to concurrently meet the stringent requirements of precise target localization and rapid
response for fire detection. Driven by recent advancements in computer vision and deep
learning, combined with the advantages of unmanned aerial vehicles (UAVs)—such as high
mobility, broad field-of-view coverage, and independence from complex terrain—UAV-
based forest fire monitoring has emerged as a crucial research direction [5]. Nevertheless,
complex forest environments place higher demands on the robustness and computational
efficiency of detection algorithms. On the one hand, abrupt illumination variations and
dense smoke occlusion frequently result in feature loss and false detections [6], while
complicated background clutter and severe meteorological interference further degrade
small-target detection performance [7]. On the other hand, constrained by the resource
limitations of edge computing platforms onboard UAVs, models with high computational
complexity are difficult to deploy for real-time edge inference [8].

In addressing the complex challenges of object detection in forest fire scenarios, early
research predominantly focused on visible-light images. Early detection algorithms primar-
ily relied on handcrafted operators such as color space transformations, dynamic contours,
and textures. For instance, Prema et al. [9] proposed a multi-feature analysis-based smoke
detection method grounded in the YUV color space. By processing through three distinct
stages to reduce false alarms, this approach achieved an accuracy of 96.29% and a false
alarm rate of 1.47%, thereby enhancing both the accuracy and response speed of early forest
fire detection. However, the generalization capability of such methods is severely limited
when confronted with complex and variable natural backgrounds. With the advancement
of deep convolutional neural networks, detection paradigms based on the Faster R-CNN
series have been extensively applied to fire scenarios, significantly improving feature extrac-
tion capabilities for flames and smoke. For example, Pan et al. [10] introduced a forest fire
smoke region detection framework leveraging weakly supervised fine segmentation and a
lightweight Faster R-CNN. By aggregating image-level information rather than relying on
costly pixel-level annotations, the proposed framework utilizes its weakly supervised fine
segmentation method and decision network to localize and segment forest fire smoke. On
a self-constructed fire dataset, it attained a mean Intersection over Union (mloU) of 70.2%
and an Average Precision (AP) of 99.6%. Furthermore, considering that flames and smoke
exhibit characteristics of dynamic diffusion and morphological variability, Majid et al. [11]
attempted to incorporate attention mechanisms into fire object detection. Leveraging the
powerful global context modeling capacity of attention mechanisms, the model’s detection
accuracy was further enhanced, achieving a test accuracy of 95.40% and a recall of 97.61%
on a real-world fire image dataset. Nevertheless, the imaging quality of visible-light images
is highly dependent on favorable lighting conditions and clear visibility. In nighttime
environments or during the mid-to-late stages of a fire when dense smoke prevails, visual
features of targets undergo severe degradation. Consequently, detectors based on RGB
modalities frequently encounter critical missed-detection issues [12].

To overcome the susceptibility of visible-light imaging to environmental interference,
some researchers have begun exploring the application of thermal technology in fire sce-
narios [13]. Thermal sensors are highly sensitive to temperature gradients, enabling them
to operate independently of lighting variations and effectively penetrate smoke, thereby
circumventing occlusion issues. However, due to the lack of rich textural details and clear
edge contours in infrared images, thermal infrared detectors are highly susceptible to
background thermal noise from heated rocks, reflective objects, or high-temperature wild
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animals in complex forest environments, consequently inducing a substantial number of
false positives. Meanwhile, the accurate identification of small infrared targets also poses
significant challenges [14], rendering it highly prone to false positive alarms. Therefore,
compared to employing thermal sensors alone for fire detection, leveraging the complemen-
tary advantages of the fine spatial texture features provided by visible-light imaging and
the salient thermal radiation features offered by thermal infrared has become an inevitable
choice for breaking through the performance bottlenecks of fire object detection in complex
forest environments.

Existing multimodal object detection primarily relies on two stages—feature extrac-
tion and feature fusion—to achieve cross-modal information interaction. In the feature
extraction stage, adopting a dual-stream backbone network for parallel feature extrac-
tion has become the mainstream architecture in this field. For instance, Wang et al. [15]
employed a dual-stream ResNet backbone to independently extract RGB and infrared
features. This symmetric architecture, leveraging ResNet’s excellent feature representation
capability, substantially improved object detection accuracy, achieving mean Average Preci-
sions (MAP) of 78.42% and 83.63% on the DroneVehicle and VEDAI datasets, respectively.
However, the doubled model parameter count also incurs high computational complexity
and deployment costs. Meng et al. [16] extended YOLO, a generic lightweight model
based on convolutional neural networks, into a dual-stream structure. By constructing two
parallel backbone branches to independently extract and fuse features from visible-light
and infrared images, it not only significantly improved multimodal detection accuracy
but also maintained favorable inference efficiency, attaining a mAP@0.5 of 88.8% and a
mAP@0.5:0.95 of 59.9% on the M3FD dataset. Although the aforementioned dual-stream
architectures have achieved certain successes, their backbone networks mostly adopt iden-
tical network designs, overlooking the inherent feature discrepancies between modalities.
Specifically, visible-light images are rich in fine-grained, high-frequency textural details,
whereas infrared images primarily characterize thermal radiation distributions, where the
background often manifests as large-area, low-frequency sparse regions, with effective
information highly concentrated in a few high-temperature fire spots. Applying identical
designs to both feature extraction branches—utilizing the same parameter scale for Ther-
mal feature extraction as used in the RGB branch—not only leads to severe computational
redundancy and parameter waste in the infrared branch when processing large areas of in-
valid dark backgrounds, but also constrains the effective extraction of fine-grained textural
features from visible-light images. Furthermore, early-stage fire targets typically manifest
as extremely small-pixel, high-brightness anomalous regions. To expand the receptive
field, traditional CNNs generally implement downsampling via strided convolutions; such
operations inevitably cause the feature signals of tiny targets to be diluted or even lost
amidst background noise during layer-by-layer propagation. Most existing multimodal
detection networks directly reuse generic backbone structures, lacking explicit feature
preservation and enhancement mechanisms tailored for tiny fire targets. Consequently,
they are highly prone to missed detections when confronting early-stage fires against
complex forest backgrounds.

In the feature fusion stage, some studies employ element-wise addition or channel
concatenation strategies [17]. Although these methods incur low computational costs, they
overlook the complementarity and conflicts between modalities; direct fusion tends to
readily introduce noise. To better integrate features across different modalities, existing
multimodal fusion schemes predominantly adopt cross-modal network designs based
on attention mechanisms to achieve deep complementary information exchange between
modalities. For example, Sun et al. [18] employed a channel attention mechanism to
enhance features from different modalities along the channel dimension and achieved se-
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mantic interaction through weight swapping, attaining an Fl-score of 83% across multiple
fire datasets. Furthermore, Shen et al. [19] utilized a powerful cross-attention module to
perform feature modeling via a global perspective, aggregating bimodal semantic infor-
mation across the entire range, which greatly improved the multimodal feature fusion
effect, achieving a mAP@0.5 of 79.20%. Regarding cross-modal Transformer fusion, Zhang
et al. [20] proposed the cross-modal fusion framework CMX, which leverages a cross-modal
feature rectification module to rectify features of one modality using those of another,
achieving state-of-the-art performance with an mIoU of 59.7% on the MFNet dataset; how-
ever, its Transformer structure based on global attention incurs substantial computational
overhead. Nevertheless, despite the excellent performance of such fusion methods in con-
ventional fusion scenarios, issues persist in UAV-based forest fire monitoring tasks. First,
forest backgrounds are extremely vast and texturally complex, while early-stage fire targets
typically occupy very few pixels. In global attention calculations, the fragile local features
of tiny fire spots are highly susceptible to being overwhelmed by the vast and redundant
useless background noise, causing the global attention mechanism to dilute the high local
responses of small targets due to its excessive focus on global context when computing
correlation matrices. Second, modal interference issues also exist in forest fire scenarios.
The visible-light modality often contains backgrounds highly visually similar to flame
characteristics, such as “red leaves” or “sunset glow,” while edges of high-temperature
targets in the infrared modality are frequently accompanied by significant thermal spillover.
When these interfering features enter the interaction modules, they often induce erroneous
semantic enhancement, leading to mutual amplification of both types of noise during cross-
modal fusion and consequently degrading the model’s detection performance. Finally, the
excessive utilization of global attention computations brings massive parameters and com-
putational loads, which also contradicts our original intention of lightweight deployment
on UAVs for forest fire monitoring.

Furthermore, beyond the structural design of cross-modal interaction mechanisms,
existing multimodal object detection methods also exhibit deficiencies during the early mul-
timodal feature processing stage. Current mainstream multimodal detection approaches
predominantly feed the extracted dual-stream features directly into a multimodal encoder
for joint modeling to achieve feature fusion, neglecting the fact that RGB images and ther-
mal images originate from different physical sensors and that their feature distributions
reside in completely independent representation spaces, thereby exhibiting a substantial
cross-modal semantic gap. Research in the field of multimodal representation learning
has demonstrated that, without explicit feature alignment constraints, direct cross-modal
fusion is highly prone to inducing severe semantic inequivalence and feature space mis-
alignment issues [21]. Although some studies have attempted to introduce explicit semantic
anchors [22] or contrastive learning [23] to narrow such heterogeneous representation dis-
crepancies, traditional encoder-based solutions still rely on simply stacking deeper modules
to enhance the model’s fitting capacity. This strategy of relying on brute-force stacking
not only increases the model parameter count but also introduces excessively complex
fusion mechanisms and prohibitive computational overhead. Simultaneously, its practical
effectiveness in bridging cross-modal representation disparities remains rather limited.
More critically, this practice significantly elevates the risk of model overfitting, rendering
the optimization process of cross-modal joint modeling exceptionally arduous.

In summary, existing multimodal forest fire detection methods still confront pressing
challenges during the feature extraction and fusion stages. Firstly, traditional homoge-
neous dual-stream backbone networks neglect the intrinsic physical differences between
visible and infrared image features, and conventional downsampling operations are highly
susceptible to causing fragile fire features to attenuate or even vanish during propagation.
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Secondly, due to the absence of explicit feature alignment constraints, direct interaction
between heterogeneous features separated by inherent semantic gaps induces severe se-
mantic disparity. Finally, conventional global attention fusion mechanisms not only incur
massive computational overhead but are also highly prone to diluting faint target features
by excessively focusing on redundant backgrounds, and may even amplify background
interference noise across modalities. To systematically address the aforementioned is-
sues, this paper proposes FireRGBTNet, a lightweight forest fire detection model based
on efficient RGB-Thermal fusion. This model comprehensively exploits the feature ad-
vantages of each modality via customized heterogeneous backbone networks, utilizes an
explicit semantic alignment mechanism prior to feature fusion to mitigate modal discrepan-
cies, and achieves highly efficient cross-modal fusion with minimal parameters through
a spatial gated attention mechanism, ultimately achieving high-precision, lightweight
fire detection in complex forest environments. The main contributions of this paper are
summarized as follows:

(1) A heterogeneous dual-stream backbone is designed. To address the inherent physi-
cal discrepancies between modalities, we propose the RGBBlock and ThermalBlock
modules, which effectively mitigate the computational redundancy of the infrared
branch while maximizing modal feature extraction. Concurrently, a Target-Enhanced
Downsampling (TED) module is proposed. By employing an adaptive weighted fu-
sion mechanism to dynamically regulate extremum features and local spatial features,
TED prevents the attenuation and loss of feature intensity for diminutive, early-stage
fire spots during network downsampling.

(2) A multi-scale semantic alignment enhancement (MSAE) branch is proposed. This
branch projects heterogeneous features into a shared semantic space and achieves
explicit alignment of cross-modal features across multiple scales by introducing the
dual constraints of channel-level Wasserstein distribution alignment (CWA) and
Cosine Loss.

(3) A multimodal spatial gated fusion (MSGF) module is constructed. To address the
issue wherein global attention mechanisms tend to dilute small target features and
amplify cross-modal noise, we utilize Spatial Gated Cross-Attention (SGCA) and Mish
Gated Linear Units (MishGLU) within the MSGFE. SGCA achieves the enhancement
of diminutive fire spot features and the suppression of multimodal noise through
multi-scale local receptive fields and cross-modal gating logic. Meanwhile, MishGLU
provides global context compensation, ultimately synergizing to realize the high-
quality fusion of RGB and Thermal features.

(4) Anefficient end-to-end RGB-IR lightweight forest fire detection model is proposed. We
construct a globally unified loss function incorporating auxiliary matching costs and
other components, enabling end-to-end joint optimization of the entire lightweight
detection model. Extensive experiments demonstrate that FireRGBTNet exhibits
strong competitiveness compared with state-of-the-art object detection models, pro-
viding a promising solution for real-time UAV-based forest fire monitoring under
resource-constrained scenarios.

2. Materials and Methods
2.1. Dataset

To comprehensively evaluate the multimodal object detection performance of the
proposed model in complex forest environments, the experimental validation in this paper
is based on the publicly available UAV aerial multi-modal forest fire dataset RGBT-3M [24].
This dataset was collected by the original authors using DJI Matrice 300 RTK and DJI
Mavic 2 Enterprise drones across multiple representative forest regions in Anhui, Yunnan,
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and Inner Mongolia, China, extensively covering authentic forest fire scenarios as well
as outdoor simulated fire experiments. During the data construction phase, the original
authors extracted frames at 5 frames per second from approximately 10 UAV aerial video
sequences and adopted a frame-skipping strategy to reduce inter-frame similarity, ulti-
mately obtaining 11,220 pairs of flame image pairs. Concurrently, the M-RIFT method
was employed to achieve high-precision registration of visible-light and thermal infrared
images captured by heterogeneous sensors, effectively eliminating spatial misalignment
and geometric distortions between cross-modal images. This rigorous normalization pro-
cess in temporal synchronization and spatial alignment highly aligns with the research
requirements of this paper regarding cross-modal feature fusion. Specifically, this dataset
encompasses fine-grained annotations for three categories of targets—Smoke, Fire, and
Person—bridging the gap of lacking high-quality registered RGB-T datasets in complex for-
est fire scenarios. The original authors partitioned the dataset into a training set (7854 pairs)
and a validation set (3366 pairs) at a ratio of 7:3. This paper directly adopts this standard
split of the public dataset for model training and evaluation. In the specific experimental
setup, to adapt to the network architecture of the proposed multimodal detection model,
we performed preprocessing operations on the data at the model input end, uniformly
padding all visible-light and thermal infrared images from the originally provided size of
640 x 480 to 640 x 640. Detailed statistical information of the RGBT-3M dataset is presented
in Table 1, detailed information of the acquisition equipment is provided in Table 2, and
partial representative image samples are displayed in Figure 1.

Table 1. Detailed information of the RGBT-3M dataset.

Number of Number of

Dataset Image Pairs Labels Person Fire Smoke
Train 7854 21,550 4148 7914 9488
Val 3366 9227 1740 3401 4086

Total 11,220 30,777 5888 11,315 13,574

Thermal

Figure 1. Partial display of the RGBT-3M dataset.
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Table 2. Detailed information of the collection equipment.

UAV Camera FPS Resolution
. visible image: 1920 x 1080
DJI Matrice 300 RTK H20T 30 infrared image: 640 x 512
DJI MAVIC 2 All-in-one 30 visible image: 1920 x 1080
Enterprise camera infrared image: 900 x 720
2.2. Methods

2.2.1. FireRGBTNet Overall Architecture

To address critical challenges such as the inherent semantic gap between RGB and ther-
mal multimodal images in complex forest fire scenarios, the susceptibility of diminutive fire
spot features to attenuation, and the difficulty of efficiently fusing heterogeneous features,
this paper innovatively proposes a multimodal object detection network, FireRGBTNet.
The overall network architecture of FireRGBTNet is illustrated in Figure 2. We primarily
adopt an end-to-end object detection paradigm consisting of a heterogeneous dual-stream
backbone, a neck, and a detection head.

—l—b
s [ MSAE .
I lass
i . ™| Head
PS o MsGF —
r i ¢ ] ]
c4 —V": MSAE Upsample . E E
‘ LI P
T o I}
@cacs P4 . L) é |, [ o & xnee & .| BBOX
>  MSGF —+(O)— 2 B 5 5 Head
: I
l © b ho
c c
s [
Upsample . = =
. loU
| Head
MSGF —
Heterogeneous
9 Neck Head

Dual-Stream Backbone

Figure 2. Overall architecture of FireRGBTNet.

Heterogeneous dual-stream backbone. As the foundation of feature extraction, we de-
part from the traditional homogeneous two-stream architecture and design a heterogeneous
dual-stream backbone. This backbone is primarily responsible for independently receiving
RGB and thermal images and extracting modal features that align with their respective
physical imaging characteristics through customized modules. Simultaneously, to address
the challenge wherein diminutive fire spots and smoke targets in the early stages of a forest
fire are easily lost within deep networks, we introduce Target-Enhanced Downsampling
(TED) at this stage. TED adaptively amplifies and preserves critical high-frequency weak
signals during the dimensionality reduction process.

Neck. During the cross-modal feature interaction stage, the Neck component is pri-
marily composed of the multi-scale semantic alignment enhancement (MSAE) and the
multimodal spatial gated fusion (MSGF) modules. Specifically, MSAE is responsible for ex-
plicitly aligning the two-stream features through dual constraints of statistical distribution
and semantic orientation prior to feature fusion, thereby bridging the semantic gap and
significantly alleviating the optimization burden on subsequent fusion modules. Following
feature alignment, a Feature Pyramid Network (FPN) structure [25] is constructed within
the Neck. MSGF performs efficient feature fusion of multi-scale cross-modal features along
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the top-down path. This design not only facilitates the thorough interaction of information
across different receptive fields but also provides the detection head with high-quality
features that possess both rich global semantics and local spatial details.

Head. In the final target prediction stage, we adopt the mainstream RT-DETR [26]
detection methodology, treating object detection as a direct set prediction problem. This
approach completely eliminates the reliance on prior anchors and Non-Maximum Suppres-
sion (NMS) [27] post-processing typical of traditional methods, thereby ensuring the effi-
ciency and real-time performance of the model during practical deployment. (It should
be noted that the RI-DETR decoder adopted in this paper has a hidden dimension of
128, 2 decoder layers, and 300 queries.)

2.2.2. Heterogeneous Dual-Stream Backbone

Existing multimodal object detection networks typically employ a symmetric dual-
stream architecture, utilizing homogeneous feature extraction backbones for both RGB and
thermal inputs. However, this homogeneous design overlooks the intrinsic discrepancies
between modal characteristics: RGB images are characterized by dense, fine-grained, and
high-frequency textures, whereas thermal images generally exhibit large-scale, low-frequency
sparse backgrounds interspersed with localized salient thermal radiation. To address this issue,
this paper proposes a heterogeneous dual-stream backbone. By accounting for these inter-
modal feature differences, we design differentiated feature extraction modules—specifically,
the RGBBlock and ThermalBlock—for the respective backbones. This approach maximizes
the extraction of modality-specific features while effectively mitigating the computational
redundancy incurred when the network processes extensive sparse infrared backgrounds.
Furthermore, during the feature downsampling stage, conventional networks typically rely
on convolution operations with a stride of 2. Nevertheless, in the nascent stages of a forest fire,
fire targets often occupy only a nominal number of pixels, resulting in extremely fragile feature
responses. The inherent local smoothing effect of standard convolutions can easily cause these
weak yet critical local high-frequency signals (such as minute high-temperature anomalies
or incipient smoke textures) to be diluted or entirely lost amidst massive background noise
during feature propagation. To effectively overcome the problem of feature attenuation in
small targets, we further design a Target-Enhanced Downsampling (TED) module, which
adaptively focuses on and amplifies high-response regions during the downsampling process,
thereby maximizing the preservation of fragile features for minuscule early-stage fire points.
The specific architectural design is illustrated in Figure 3.

Input Target Enhanced
CexHex Wy Cex1/2Hx1/2W, Cex1/2Hyx1/2W, 9 =
v > Magool —————> Comixi — DownSampling
conv . w2 V2HZ,
v Cex Hyx Wy Cex1/2Hx1/2W, I\
L—— Conv3x3
TED
\J
RGBBlock/ bW S~ e o RGBBlock/
ThermalBlock EEEX T RGBUnit/ ~ “*F* RGBUnit/ i ThermalBlock
| Convix1 ThermalUnit ThermalUnit
TED CxHxW CxHxW CxHxW 3CxHxW CxHxW
1] Convix1 Convix1 C Convixl ——»
RGBBlock/ k(
ThermalBlock CxHxW
\] RGBUnit
Conv CxHxW 1/2CxHxW CxHxW
¥ Conv3x3 Conv3x3 ————»
RGBBlock/ .
ThermalBlock ThermalUnit
v CHW | convaxa  —U2CHW o pweony7x7 —REHWo copyixg  CxHXW
Conv
v
RGBBlock/ RGB/ThermaI Backbone

ThermalBlock

Figure 3. Heterogeneous dual-stream backbone architecture diagram, where C = 2C;, H = 1/2H;,
W =1/2W;.
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(a) RGBBlock

In forest fire scenarios, RGB images contain extremely rich fine-grained visual informa-
tion, such as the complex edges of smoke, dynamic color gradients of flames, and intricate
textures of the surrounding environment. To fully extract these dense, high-frequency
local features, conventional feature extraction networks typically stack a large number of
convolutions, which inevitably incurs significant computational overhead. Furthermore, as
network depth increases, complex architectures are highly prone to the vanishing gradient
problem during backpropagation. This makes it difficult for the model to effectively update
weights in shallow layers, subsequently leading to a degradation in the model’s ability to
capture and represent subtle texture features during the early stages of a fire. To effectively
extract dense high-frequency texture features while maintaining stable gradient propaga-
tion, we design an RGBBlock module within the backbone network dedicated to processing
RGB images, as depicted in Figure 3. Given that lightweight depthwise separable convolu-
tions tend to decouple the feature interaction between spatial and channel dimensions, the
RGBBlock retains the use of standard convolutions to maximize the capture of complex
joint spatial-channel features within the RGB modality. Simultaneously, to address the
gradient and efficiency bottlenecks encountered when stacking standard convolutions, we
incorporate the design principles of the Efficient Layer Aggregation Network (ELAN) [28].
By constructing multiple parallel information flow paths, we achieve multi-level feature
reuse and gradient path optimization without a substantial increase in computational
complexity. Specifically, the forward propagation process of the RGBBlock can be described
by the following mathematical expressions. Set the input feature map as X € RCn*HxW,
First, a 1 x 1 convolution is applied for feature integration and dimensionality alignment,
yielding the base feature tensor Xj:

XO = COHV1><1(X) (1)

Within this layer aggregation architecture, the information flow of X is further decoupled
into three parallel feature propagation paths to achieve multi-level feature reuse across various
receptive field scales. To maximize the preservation of original fine-grained spatial features, the
first path performs no non-linear transformations on Xy. F;, acting as a shortcut to retain the
original features, is transmitted directly to ensure the lossless propagation of high-frequency
textures and provide the shortest gradient backpropagation channel:

F = Xo ()

The second path employs a1 x 1 convolution to perform cross-channel linear mapping.
By facilitating inter-channel feature interaction and preliminary refinement without altering
the spatial receptive field, this path generates the feature representation F,:

F, = Convi 41 (Xo) (3)

The third path extracts more complex fine-grained features through multi-level feature
aggregation. Specifically, after undergoing dimensionality reduction viaa 1 x 1 convolution,
this branch passes through two RGBUnit feature extraction modules specifically tailored
for the RGB modality to capture spatial textures and local contextual features F3 within a
broader receptive field:

F3 = ®ggp(Prep(Convyxi(Xo))) (4)

In this formulation, ®rcp denotes the feature extraction module of a single RGBUnit.
To address the high-frequency and dense characteristics inherent in the RGB modality, this
module employs standard convolutions to extract joint spatial and channel interaction
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features. Simultaneously, to expand the receptive field while effectively managing com-
putational redundancy, the module adopts a bottleneck architecture. Set F € RE*<H xW’
represents an arbitrary intermediate feature tensor input to the extraction unit. The unit
comprises two consecutive 3 x 3 convolutions, during which the feature channels undergo
a compression and expansion sequence of C — $C — C during propagation. Accordingly,
the specific mathematical expression for ®rgp is as follows:
Drge(F) = ConvéXC;C(Convgx_;%C(F)) (5)

Finally, the network concatenates these three features with varying receptive fields—
namely, the original detailed features F, the channel interaction features F, and the large-
receptive-field enhanced features F3 —along the channel dimension, at which point the
feature dimensionality expands to 3C. The concatenated features then undergoa 1 x 1
convolution for cross-channel information fusion and dimensionality alignment, yielding
the module’s final enhanced feature representation Yout:

Yout = Convy 1 (Concat([Fy, B, F3))) (6)

(b) ThermalBlock

Unlike RGB imagery, thermal images in forest fire scenarios typically exhibit large-
scale, low-frequency sparse backgrounds due to the lack of rich chromatic information and
distinct edge contours; moreover, effective high-temperature anomalies tend to be highly
localized. Such physical discrepancies imply that when the network relies solely on local,
small receptive fields for feature extraction, it becomes highly susceptible to interference
from extraneous heat sources within complex forest environments, thereby inducing false
positive detections. Consequently, feature extraction within the thermal modality is more
dependent on a large receptive field, necessitating extensive feature aggregation to suppress
significant background thermal noise and achieve precise target localization. To address the
challenges inherent in the thermal modality, we specifically designed the ThermalBlock for
the thermal branch of the heterogeneous dual-stream backbone. To maintain consistency
across feature scales and optimization paths within the heterogeneous architecture, the
ThermalBlock adopts the same Efficient Layer Aggregation Network (ELAN) design as the
RGBBlock. However, given the high sparsity of thermal images and the requirement for
expansive receptive fields, we eschewed standard convolutions in favor of large-kernel
depthwise convolutions. Large-scale convolutional kernels significantly broaden the ef-
fective receptive field, enabling the capture of more extensive global thermal distribution
characteristics. This provides robust contextual support for distinguishing minute fire
points from localized environmental thermal noise. Furthermore, thermal imagery primar-
ily conveys monotonic temperature gradient information, lacking the intricate cross-channel
chromatic and textural coupling found in visible-light images. Thus, the application of
depthwise convolution aligns with the physical attributes of thermal features—which do
not require exhaustive cross-channel interaction—while simultaneously averting the risk
of exploding parameter counts and computational complexity associated with large-scale
kernels. The mathematical expression for the ThermalUnit, the core component of the
ThermalBlock, is as follows: set F € RE*H'*W' pe an arbitrary intermediate feature tensor
input to this module. The module first employs a 1 x 1 standard convolution for channel
dimensionality reduction, followed by a 7 x 7 depthwise convolution to capture global
thermal features in the spatial dimension. Finally, a 1 x 1 standard convolution is utilized
to perform cross-channel information integration and dimensionality restoration.
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1 10,1 1
Prhermal (F) = Convffﬁc (DWCOI’IV%S;ZC (Convlcjlzc(F)>> (7)

(c) Target-Enhanced Downsampling

In forest fire scenarios, fire points or incipient smoke typically occupy only a handful
of pixels. Whether represented as weak textures in the visible spectrum or localized ther-
mal anomalies in the infrared modality, the feature responses of these minute targets are
exceptionally fragile. Convolution is fundamentally a weighted summation within a local
receptive field, possessing a strong inherent smoothing effect. When processing expansive
forest backgrounds, utilizing convolutions with a stride of 2 for spatial downsampling
tends to cause the fragile high-frequency responses of early-stage fire points to be diluted
by the surrounding massive background noise. This attenuation often leads to the disap-
pearance of such features during layer-by-layer downsampling propagation, ultimately
resulting in severe missed detection issues. To effectively mitigate the feature attenuation of
small targets during the downsampling process, this paper proposes the Target-Enhanced
Downsampling (TED) module. TED addresses the limitations of traditional downsampling
by innovatively constructing a dual-branch parallel architecture and introducing an Adap-
tive Weighted Fusion (AWF) mechanism to regulate the integration of extremal and local
features, thereby maximizing the preservation of fragile features for minuscule fire points.
We set the input feature tensor to be X € R¢n*HxW_The TED module first directs it into
two functionally complementary downsampling paths. The first branch introduces a Max
Pooling operation with a 2 x 2 kernel and a stride of 2. Max pooling is naturally sensitive
to local feature extrema, effectively preserving the most salient high-frequency signals
within the receptive field (such as the highest thermal points in the infrared modality or
sharp smoke edges in the visible spectrum). Subsequently, a 1 x 1 standard convolution is
applied for linear channel projection, yielding the feature tensor Xpool:

Xpool = Convlcix’ii 1 (MaxPooly 2 -2 (X)) (8)

The second branch employs a 3 x 3 convolution with a stride of 2. While facilitating
downsampling, this branch is responsible for smoothly capturing the local spatial context
and semantic structural information surrounding minute targets. It effectively offsets the
potential loss of local spatial structure inherent in the max pooling operation, yielding the
feature tensor Xcony:

Xeonv = Convy3"% (X) 9)

where the output channel counts of the two branches satisfy Coyt = C1 + Ca.

Conventional concatenation operations overlook the varying relative contributions
of extremal and local spatial features across different fire scenarios (for instance, high-
temperature fire points exhibit a greater dependence on extremal features, whereas diffuse
smoke relies more heavily on spatial structural features). Consequently, this paper designs
an AWF mechanism to perform weighted fusion on the outputs of the two branches,
enabling the network to adaptively adjust the optimal ratio between max-pooling features
and convolutional features. We set the learnable weight parameters as w = [wy, wy],
corresponding to the importance weights of Xp,o01 and Xconv, respectively. Simultaneously,
a learnable global scaling factor v is introduced to enhance the adaptability of the network
representation. To ensure numerical stability and preclude extreme weight distributions,
an infinitesimal constant € = 0.0001 is incorporated into the weight normalization process.
The normalized weights are calculated as follows:
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wi

R e e (10)
The final downsampled output feature Yawr is then expressed as follows:
Yawr = COHCat( [061 * Xpools X2 XconvD (11)

2.2.3. Multi-Scale Semantic Alignment Enhancement Branch

Although the heterogeneous two-stream backbone constructed in this paper can ef-
fectively extract the modal features of RGB and Thermal images, cross-modal modeling
still faces severe challenges. Since RGB sensors capture reflected light, they predominantly
focus on rich texture and color details. In contrast, infrared sensors capture thermal radi-
ation, emphasizing the heat distribution and contours of the targets. The two modalities
originate from distinct physical imaging mechanisms, which causes the two-stream features
extracted by the backbone network to be inherently independent in the representation
space, exhibiting an inherent semantic gap and spatial distribution shift. If these raw
heterogeneous features are directly fed into the subsequent multi-modal fusion module
without explicit alignment, feature conflicts and semantic interference will be inevitably
triggered. Such a direct feature fusion approach shifts the burden of cross-modal alignment
onto the fusion module, forcing it to enhance its representational capacity by increasing the
number of parameters. This not only increases the computational overhead but also makes
the network highly susceptible to overfitting on limited multi-modal samples. Furthermore,
we consider the discrepancies in receptive fields and semantic abstraction among feature
maps at different depths of the backbone network—for instance, shallow and mid-level
features (C; layer) typically retain high-resolution spatial details, with semantic features
primarily consisting of local characteristics such as low-level textures and edges, whereas
deep-level features (C4, Cs layers) are characterized by low resolution, global semantics,
and target category information [29]. Confronted with such cross-scale semantic variations,
single-scale feature alignment struggles to simultaneously accommodate both global and
local alignments. Therefore, we design the multi-scale semantic alighment enhancement
(MSAE) branch. Through auxiliary supervision, explicit semantic alignment enhancement
is performed prior to cross-modal feature fusion, and alignment constraints are simultane-
ously imposed across multiple scales. This approach alleviates the optimization burden
on the fusion module, improves the quality of feature interaction, and ensures the effec-
tive alignment of multi-level semantics. The specific architectural design is illustrated in
Figure 4.

Since the raw features X € RExHxW

extracted by the backbone network exhibit
highly modality-specific characteristics, directly computing the alignment loss within the
original feature space not only impedes convergence but also threatens to impair the
backbone network’s representational capacity for fundamental modality-specific features.
Consequently, a semantic projection head is designed to provide an enhanced non-linear
representational capacity and to project the heterogeneous RGB and thermal features into
a Shared Latent Semantic Space, where all subsequent alignment loss computations are
performed. Specifically, the input features are initially processed by a 1 x 1 convolution to

achieve channel expansion, and are subsequently split equally along the channel dimension:
Xlr Xz = Split(Conlel (X)) (12)

where the number of channels for both X; and X is half that of the original output. Serving
as an identity branch, X; preserves the raw modality details at the current level to ensure
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the integrity of the foundational representation, whereas Xj is fed into sequential projection
layers for deep semantic mapping.
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Figure 4. Multi-scale semantic alignment enhancement branch (MSAE) architecture diagram.

X5 = Proj; (Xa) (13)
X4 = Proj,(X3) (14)

where X3 serves as a preliminary enhancement of X3, while X4 represents a further semantic
abstraction of X3. This cascaded structure effectively simulates the progressive expansion
of receptive fields within deep networks, thereby extracting higher-dimensional semantic
representations. Subsequently, the aforementioned multi-level features are concatenated
along the channel dimension, followed by feature fusion via convolution. Ultimately, to
alleviate the potential information redundancy introduced by the cascading of multi-level
features, the Squeeze-and-Excitation (SE) mechanism [30] is incorporated to modulate
the aggregated features. This mechanism suppresses irrelevant background noise and
accentuates the core semantic information crucial for cross-modal alignment, thereby
generating the final projected feature, X,,;, which is directly utilized for the computation
of the alignment loss.

Xproj = SE(Convy 1 (Concat(Xy, Xa,X3,Xy))) (15)

After mapping the RGB and Thermal features into a shared latent semantic space via
the semantic projection heads, we note that local feature activations within a single image
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often suffer from noise, making isolated pixel-level constraints insufficient to guarantee
global semantic consistency. Inspired by the statistic alignment mechanisms in traditional
domain adaptation and distribution metrics [31], we propose a Channel-level Wasserstein
Distribution Alignment Loss (CWA). This loss models the spatial distribution of each
channel of the projected features as an independent univariate Gaussian distribution. By
constraining the discrepancies in the first-order statistics (mean) and second-order statistics
(standard deviation) across channels, it achieves global alignment of the channel-wise
marginal distributions of cross-modal features, effectively mitigating the representation
collapse induced by modality heterogeneity in deep feature extraction. This strategy
parallels the distribution matching concept in domain adaptation, where statistic alignment
bridges the distribution shift between source and target domains. In this work, we apply
it to bridge the modality gap between RGB and Thermal sensors from different physical
sources, implementing cross-modal alignment with zero inference overhead in the form
of auxiliary supervision. Let the projected features of the RGB and thermal modalities be
denoted as Zj, Zf € REXHXW. the loss is then defined as follows:

1
b — c ZCC:1 [(M,c — i)+ (azr,c —0f.)* } (16)

where | € A represents the set of multi-scale feature layers (e.g., C3, C4, C5 in the backbone
network), C denotes the total number of channels in the projected feature maps, p stands
for the mean, and o denotes the standard deviation, with the subscript /, ¢ indicating
the c-th channel of the [-th layer. Simultaneously with pixel-level semantic consistency
upon the foundation of global distribution alignment, we introduce a cosine similarity
loss [32]. By constraining the semantic direction of the two-stream features along the
channel dimension, this loss circumvents the susceptibility of isolated pixel-level constraints
to noise interference, thereby compelling the network to learn cross-modally consistent
core semantic representations. The formulation is as follows:

1 ZH w27

) _q_ T TR T T
HxW ==t izy L ZE 1l

(17)

where H x W denotes the spatial resolution of the feature map, ZJ ; - Zf’i represents the
inner product of the feature vectors for the RGB and thermal modalities at the [-th layer
and the i-th spatial position, and || - ||, signifies the L, norm. Ultimately, we perform joint
alignment optimization across multiple scales, and the multi-scale semantic alignment
enhancement loss, £ys4g, is formulated as follows:

LmsaE = ZZEA (wcwa : »Cg,ga + Weos - »Cg))s) (18)

where w¢y, and weys denote the weight hyperparameters for the CWA loss and the Cosine
loss, respectively. Notably, serving as an auxiliary supervision branch, the MSAE remains
active exclusively during the training phase. During the inference phase, the entire branch
can be completely decoupled, yielding zero computational overhead for inference and
thereby ensuring the model’s high efficiency during practical deployment.

2.2.4. Multimodal Spatial Gated Fusion Module

In UAV forest fire monitoring tasks, a severe scale imbalance exists between the
extensive background and minute fire targets. Existing multi-modal fusion networks
predominantly rely on global attention mechanisms; when computing dense attention ma-
trices, they are highly susceptible to diluting or even overriding the fragile high-frequency
local features of minute fire targets due to an overemphasis on redundant forest contextual
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backgrounds. Furthermore, flame-like distractors in visible light images, coupled with
prominent thermal spillover at target boundaries in infrared images, frequently induce
erroneous semantic alignments during conventional cross-modal interactions. Such uncon-
strained feature fusion inevitably leads to the cross-amplification of interfering features
from both modalities, severely degrading the model’s detection capability in complex
scenes. To address the aforementioned issues, this paper proposes a multi modal spa-
tial gated fusion module, as illustrated in Figure 5. This module achieves high-quality
feature fusion of the RGB and thermal modalities through localized precise filtering and en-
hancement via Spatial Gated Cross-Attention (SGCA), complemented by global contextual
compensation via a Mish Gated Linear Unit (MishGLU).

Multimodal S‘patial Gated Fusion Module

——  MishGLU —>€9—> LayerNorm — Convix1 — Fused RGB
———» MishGLU ——E}——» LayerNorm —— Convlix1 —— Fused
X Thermal

Figure 5. Multimodal spatial gated fusion module (MSGF) architecture diagram.

(a) Spatial Gated Cross Attention

The modality gap between RGB and thermal images is not as substantial as the drastic
cross-modal discrepancy observed between text and images. Consequently, employing
global attention computation introduces unnecessary computational overhead. Further-
more, it tends to attenuate crucial features due to the prevalence of extensive background
noise, thereby compromising the actual fusion efficacy. Therefore, to overcome the inher-
ent deficiency of traditional attention mechanisms—which are prone to diluting minute
fire targets in typical forest fire scenarios—and to effectively suppress cross-modal noise
between the RGB and thermal modalities, we propose a Spatial Gated Cross-Attention
(SGCA) mechanism, as illustrated in Figure 6.

Spatial Gated Cross Attention

Context Scale <

Context Scale <

N

DWCORVISXSINE ~ @ =0 B | e
Qr (Qr x K¢ + Qp + K¢ )
- -
5 DWConv 5x5 — g | | G;z;:c(t:iz:v Lo L m > Projection
Vr Ve %} Out,
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DWConv3x3 — |
Qt (Qt x Kr + Qt + Kr)
Lé_ DWConv 5x5 — § Group Conv jecti E
L § 7| Projection | < m g s §
Vit Vr ® Out,
DWConv nxn —

Identity Scale

Figure 6. Spatial Gated Cross Attention (SGCA) architecture diagram.

This module discards the computationally intensive global attention mechanism,
achieving local context enhancement and lightweight perception of the global context
through the construction of multi-scale receptive fields. Simultaneously, by establishing a
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cross-modal gating logic, the RGB and thermal modalities can mutually serve as guiding
priors for semantic purification. This not only explicitly preserves the high response
intensity of minute fire targets but also effectively suppresses the mutual amplification
of modality-specific noise. Specifically, to meticulously retain the original high-frequency
features of minute fire targets while suppressing background noise, SGCA initially employs
a channel-splitting strategy that decouples identity mapping from multi-scale extraction.
The set Xrca, X1hermar € RE*H*W denotes the input features for the RGB and thermal
modalities, respectively. These features are partitioned into four segments along the
channel dimension. The primary segment, X,(nidenﬁtY), is directly retained as an identity
branch to prevent feature degradation or gradient vanishing of the fire targets during
subsequent deep non-linear transformations. The remaining contextual features, X,(,f Dmm),
are evenly divided into three subsets, which are subsequently fed into depthwise separable
convolutions with varying receptive fields for local context extraction:

F,.x = DWConvy (xf;;”fEXf>) (19)
where m € {RGB, Thermal} denotes the distinct input modalities, and k € {3,5,7} repre-
sents the kernel sizes at varying scales. The multi-scale depthwise convolution compel
the network to concentrate its attention within local receptive fields, thereby enabling the
more precise capture of morphological boundaries and textural details of fire targets across
various scales. Ultimately, the extracted multi-scale features are concatenated along the
channel dimension to yield the local context feature F5*:

Fit = Concat(Fy3, Fin5, F7) (20)

After acquiring the multi-scale local features, the feature F$* for modality m is
projected via an efficient 1 X 1 grouped convolution to generate the Query, Key, and
Value vectors:

Qum, K, Vin = Split(GroupConv,, ; (F5")) (21)

Conventional cross-modal interactions typically compute the correlation matrix be-
tween Q and K directly in the spatial dimension, a practice that is highly susceptible to
inducing erroneous semantic alignments across modalities in forest fire scenarios. To
address this, SGCA computes cross-modal gating weights at the pixel level. Taking the
absorption of thermal information by the RGB branch as an example, the computation of
its Gating Activation Map, Argg, is formulated as follows:

AR = Softmax(QrcB © Krhermar + QrGB + KTnermal) (22)

where the Softmax is computed along the multi-scale dimension (i.e., the three receptive fields
of 3 x 3,5 x 5,and 7 x 7) and ©® denotes element-wise multiplication. The multiplicative term
QRrGB © Krpermar accomplishes the joint activation of the RGB and thermal features at spatial
locations. Meanwhile, the bias term Qrgp + Krpermar Serves as a residual compensation,
preserving the independent confidence of individual modalities. The Softmax operation
facilitates adaptive competition among distinct receptive fields, thereby leveraging the high-
temperature thermal distribution of the infrared modality to dynamically guide and select
the optimal scale response of the visible light features. Ultimately, the feature representation
subsequent to cross-modal gating enhancement is formulated as follows:

ArGB = ARGB © VThermal (23)
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Similarly, the thermal branch can utilize the RGB features for gating enhancement,
yielding the following feature representation:

AThermar = Softmax(Qrhermar © Krgp + QThermal + Krc) © VrGa (24)

where the Softmax is computed along the multi-scale dimension (i.e., the three receptive
fields of 3 x 3,5 x 5,and 7 x 7), prompting adaptive competition among different receptive
fields at each spatial location. Ultimately, the multi-scale features A, filtered via cross-
modal gating, undergo a 1 X 1 convolutional projection for cross-channel information
modulation. Simultaneously, to ensure stable network optimization, we perform a residual

addition between these modulated features and the initial contextual features X,(nc ontext)

The result is then concatenated with the initially preserved identity branch X,(,ide"tity ) to

generate the final output Yy,
Y, = cOncat(X,Side””fW,cOnlel (Am) + X,Sf"””"”) (25)

While preserving the independence of the two streams, this architecture achieves
high-quality cross-modal complementarity and denoising at the local receptive field level.

(b) Mish Gated Linear Unit

To compensate for the deficiency of Spatial Gated Cross-Attention in comprehending
the global context, we design the Mish Gated Linear Unit (MishGLU). Traditional Feed-
Forward Networks (FFN) typically rely solely on two cascaded fully connected layers for
pixel-wise non-linear mapping, thereby lacking the capacity for contextual perception of
spatially adjacent pixels. Consequently, MishGLU introduces a large-kernel 9 x 9 depth-
wise separable convolution upon the foundation of conventional non-linear mapping. By
explicitly expanding the receptive field, MishGLU is capable of recapturing extensive global
semantic contexts at a marginal parameter cost, subsequently employing a gated activa-
tion mechanism to perform further adaptive feature filtering. This structure is illustrated
in Figure 7.

Mish Gated Linear Unit

Gate Feature —— DW~Conv 9x9 ——E Mish j
Chunk ®—> Convix1 —

Info Feature T

Figure 7. Mish Gated Linear Unit (MishGLU) architecture diagram.

Specifically, given the input feature Z € R©*H*W MishGLU initially utilizesa 1 x 1
convolution for dimensional expansion and subsequently splits the feature evenly along
the channel dimension into two branches: one serving as the gating stream Z; and the
other as the information stream Z,:

Z1,Zy = Chunk(Convi«1(2),2) (26)

In the gating stream branch, to capture long-range global dependencies without signifi-
cantly increasing computational complexity, the module incorporates depthwise separable
convolutions with a kernel size of 9 x 9. Such large-kernel convolutions can effectively ag-
gregate global semantics across expansive forest backgrounds. Concurrently, to prevent the
large-kernel convolution from blurring the sharp boundaries of tiny fire targets during feature
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aggregation, a local residual connection is introduced here. Subsequently, the smooth and non-
monotonic Mish activation function [33] is adopted for non-linear mapping. Compared with
the conventional ReLU [34] or GELU [35] functions, the Mish activation function possesses a
slight gradient in the negative value region, which enables the network to better preserve the
gradient information of weak fire targets during backpropagation:

Fgate = Mish(DWConv g, o(Z1) +Z1) (27)

After obtaining the gating feature Fg,;, with large-range semantic enhancement, the
module utilizes it to perform element-wise gating modulation on the information stream
Z,. This allows the network to adaptively control which global contextual information
should be propagated and which redundant backgrounds should be suppressed, based on
the feature distribution of the other branch. Finally, a 1 x 1 convolution projects the gated
feature back to the original channel dimension, yielding the final output Z,,;:

Loyt = Conlel(FGate O] ZZ) (28)

2.2.5. Loss Function

The end-to-end training framework of this paper is established upon the set prediction
paradigm [26]. To achieve high-precision object detection in complex multi-modal forest fire
scenarios, we concurrently employ the Hungarian bipartite matching strategy, albeit with
enhancements applied to the label assignment process. Ultimately, a joint objective function is
formulated, incorporating both IoU-aware and multi-scale feature alignment constraints.

Given M ground-truth instances within an input image, let their class labels be denoted
by c; and their bounding boxes by b;. The decoder yields a fixed number of N prediction
queries, wherein the j-th prediction comprises a class probability p; and bounding box
coordinates b;. To establish the optimal one-to-one assignment permutation ¢ between the
prediction set and the ground-truth set, the Hungarian algorithm is employed to minimize
the overall matching cost matrix C(i,j). Considering the prevalent existence of minute
targets with blurred edges in modalities such as infrared, conventional matching costs
predicated on the L; distance or Intersection over Union (IoU) exhibit excessive sensitivity
to marginal positional deviations. Consequently, the Normalized Wasserstein Distance
(NWD) [36] is introduced as an auxiliary matching cost. By modeling the ground-truth and
predicted boxes as two-dimensional Gaussian distributions, N, ¢ and N, their second-order
Wasserstein distance 3 is computed as follows:

(wp - wg)z 4 (hp - hg)z

sz(NplNg) = (cxp — cxg)2 + (cyp — cyg)2 + 1 1

(29)

Based on W2, we can derive a normalized Gaussian distribution similarity and convert
it into a distance matching cost Lnwp:

W3

T

‘CNWD(E]'/ bl) =1- exp| — (30)

where T is the scale smoothing constant for NWD. Ultimately, the overall matching cost
C(i,j) is formulated as a weighted combination of classification loss, bounding box regres-
sion, and NWD cost:

C(i,j) = AasLrL(pjs¢i) + Lopox (Bj/ bi) + Awd LNWD (Bj/ bi) (31)
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where Lr; denotes the Focal Loss [37], employed to mitigate the imbalance between posi-
tive and negative samples. Lypx (Ej, bi) represents the joint geometric cost for bounding
boxes, constructed as a weighted sum of the L1 distance and the Generalized Intersection
over Union (GloU) [38] cost, thereby concurrently accounting for the absolute coordinate
deviation and the scale overlap of the predicted boxes:

Lippox (Ej/ bi) = ApoxL11 (Ej/ bi) + AgiouLGIou (Bj/ bi) (32)

Upon determining the optimal assignment ¢, the joint multi-task loss L;,,; is com-
puted for each decoder layer. Given that the heterogeneous two-stream network con-
structed in this paper necessitates concurrently addressing end-to-end prediction outputs
and the deep alignment of cross-modal features, the overall network loss function is pre-
dominantly formulated by combining the prediction loss £,.; and the aforementioned
multi-scale semantic alignment enhancement loss L5 ar:

D A
Liotal =Y 14 ﬁ;r)ed + LMSAE (33)

e (D)
Within Epred

quently fails to authentically reflect the localization quality of bounding boxes. To mitigate

for the I-th decoder layer, conventional classification confidence fre-

this critical inconsistency between classification and localization accuracy, the prediction
loss not only incorporates traditional classification and bounding box constraints but also
specifically introduces an IoU-aware loss

E,E,lr)ed = Zf\il [AclsﬁpL(P((,l()i), ¢i)+ Lbbox(g((,—l()i)r bi) + AiouﬁBCE(ioug()i)/ IOAUz‘)} (34)

where Lr denotes the Focal Loss employed to alleviate class imbalance, iouggi) signifies

the IoU score yielded by the network’s dedicated prediction head, and IoU; represents the
actually computed Intersection over Union between the predicted box and the ground-
truth box. These two are subjected to regression constraints via the binary cross-entropy
loss Lpcg. Additionally, Ly, represents the joint bounding box regression loss, which is
formulated as a weighted combination of the L1 distance and the Generalized Intersection
over Union (GIoU) loss:

Lipox (E, b) = Apox L1 (f% b) + AgiouLGIou (5/ b) (35)

Regarding Lysar (for the detailed definition, refer to Section 2.2.3), to bridge the
physical semantic gap between the RGB and thermal modalities, it utilizes feature-level
statistics and directional constraints to execute explicit alignment of the two-stream features.
Serving as an auxiliary supervision branch, this loss is computed synchronously during
joint optimization and is entirely decoupled during the inference phase, thereby achieving
performance enhancement with zero inference overhead.

The loss hyperparameters and decoder configurations of this paper are as follows.
Regarding training losses, in the matching cost, the weights for classification, L1 bounding
box, GloU, and NWD are 2.0, 5.0, 3.0, and 2.0, respectively. In the joint training loss, the
weights for classification, bounding box, GloU, IoU-Aware, and MSAE alignment loss
are 1.0, 8.0, 5.5, 1.0, and 1.0, respectively. The a and < for Focal Loss are 0.25 and 2.0,
respectively. The scale smoothing constant T for NWD is 12.8. In MSAE, the weights for
both the CWA loss and the cosine loss are 0.5.
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2.2.6. Evaluation Metrics

To comprehensively and objectively evaluate the performance differences between
FireRGBTNet and other models in complex forest fire scenarios, this paper adopts multiple
evaluation metrics, including Precision (P), Recall (R), F1-score (F1), mean Average Precision
(mAP), Frames Per Second (FPS), Parameters, and GFLOPs.

Specifically, Precision (P) reflects the proportion of true fire samples among those
detected as fire. Recall (R) reflects the proportion of actual fire samples that are correctly de-
tected. The Fl-score (F1) is the harmonic mean of Precision (P) and Recall (R), reflecting the
overall performance of the model after balancing false alarms and missed detections. Mean
Average Precision (mAP) reflects the Average Precision (AP) of the model under different
Intersection over Union (IoU) thresholds, evaluating the comprehensive performance of
the model in localization and classification. Frames Per Second (FPS) reflects the number
of images the model can process per second. Parameters denote the total volume of all
learnable parameters in the model, which directly determines the physical storage and
memory space required for model deployment and runtime. GFLOPs is used to measure
the computational complexity of the model during forward inference, intuitively reflecting
the model’s demand for underlying hardware computing power.

It is worth noting that for mAP, we primarily adopt mAP@0.5, mAP@0.75, and
mAP@0.5:0.95 as the main evaluation criteria. mAP@0.5 represents the average preci-
sion at an IoU threshold of 0.5. mAP@0.75 represents the average precision at an IoU
threshold of 0.75. mAP@0.5:0.95 represents the mean of the average precisions calculated
at IoU thresholds ranging from 0.5 to 0.95 with a step size of 0.05.

3. Experiments and Results
3.1. Experimental Setup

The detailed information of the experimental environment is presented in Table 3.
To ensure sufficient convergence of all models in the experiments, the number of epochs
is set to 250. Regarding the optimization strategy, this paper employs the AdamW op-
timizer for parameter updates, with the initial base learning rate set to 1 x 1073, the
weight decay coefficient set to 1 x 1074, the first-moment estimation decay coefficient 31
set to 0.9, the second-moment estimation decay coefficient 32 set to 0.999, and e set to
1 x 1078. To enhance the stability of the model during the early training phase and ensure
convergence to a better local minimum in later stages, this paper devises a joint learning
rate scheduling strategy. Specifically, linear warm-up is performed during the first 2% of
the total training steps, allowing the learning rate to smoothly increase to the initially set
value. Subsequently, the learning rate gradually decays following the Cosine Annealing
schedule, with its minimum learning rate constrained to 0.1% of the initial learning rate.
The specific hyperparameter configurations are detailed in Table 4.

Table 3. Experimental environment.

Configuration Details

Operation system CentOS7

CPU Intel(R) Xeon(R) Silver 4116 @ 2.10 GHz
GPU Tesla V100

Framework Pytorch 2.4.1 + cull8
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Table 4. Hyperparameter configurations.

Parameters Details

Input Image Size 640 x 640

Epochs 250

Batch Size 32

Workers 16

Initial Learning Rate 0.001

Minimum Learning Rate 1x10°°

LR Scheduler Cosine Annealing
Warm-up Strategy Linear(First 2% steps)
Optimizer AdamW

A1 0.9

32 0.999

£ 1x10°8

Weight Decay 0.0001

3.2. Ablation Experiment

To verify the effectiveness of each key component in FireRGBTNet and their practical
contributions to the detection performance in complex forest fire scenarios, this paper
conducts a series of ablation studies on the RGBT-3M dataset. Considering that this
paper proposes a novel heterogeneous end-to-end network, to ensure the fairness and
interpretability of the experiments, we first construct a baseline model. This baseline adopts
a dual-stream architecture, yet both branches uniformly employ basic RGBBlocks stripped
of the TED module for feature extraction, and utilize simple 1 x 1 standard convolutions to
replace complex attention-based fusion mechanisms during the feature fusion stage. The
results of the ablation experiments are presented in Table 5.

Table 5. Results of model ablation experiments.

Model

F1 mAP@0.5 mAP@0.75 mAP@0.5:0.95 FPS Parameters  FLOPs

M) G
Baseline 876 893 884 93.3 60.4 57.3 54.2 3.07 8.79
+ThermalBlock 884 909  89.6 93.8 62.5 57.9 54.3 291 8.51
+TED 89.7 90.2 90.0 94.1 62.1 57.8 46.1 2.87 7.88
+MSGF 917 938 927 95.4 66.9 61.5 44.7 4.13 13.50
+MSAE 918 947 932 95.9 68.9 62.8 44.7 4.13 13.50

The baseline model, due to its utilization of homogeneous RGBBlocks for process-
ing infrared images, overlooks the low-frequency sparse characteristics inherent in the
infrared modality, which leads to unnecessary computational redundancy and constrains
the capability to capture heat source targets. Upon substituting the infrared branch with
the ThermalBlock—specifically engineered for thermal features—the model’s mAP@0.5
increased from 93.3% to 93.8%, while the mAP@0.75 exhibited a significant improvement
of 2.1%. Notably, as the ThermalBlock employs large-kernel depthwise separable convo-
lutions in place of standard convolutions, the parameter count decreased from 3.07 M
to 2.91 M, accompanied by a reduction in computational complexity. This demonstrates
that the ThermalBlock not only provides an expanded receptive field to suppress infrared
background noise but also effectively mitigates the computational redundancy introduced
by the homogeneous design. Following the integration of the TED module, the model’s
Precision and F1-score rose to 89.7% and 90.0%, respectively. Although the dual-branch
architecture introduces a certain degree of parallel scheduling overhead, resulting in minor
fluctuations in FPS, the required theoretical computational complexity and parameter count
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are further reduced. More importantly, the TED module maximizes the preservation of
extreme features via AWF, effectively mitigating the attenuation of minute early-stage forest
fire points during the downsampling process, thereby enhancing the model’s capacity to
capture high-frequency weak signals.

Following the optimization of the heterogeneous feature extraction, the original sim-
plistic Conv fusion layer was replaced by the MSGF module. As illustrated in Table 5, this
modification yielded the most pronounced performance enhancement, with the model’s
mAP@0.5 increasing to 95.4%, mAP@0.75 at high thresholds rising substantially by 4.8%,
and Recall reaching 93.8%. This provides robust evidence that in complex forest scenar-
ios, simple linear superposition or concatenation is insufficient to resolve inter-modal
conflicts. Conversely, MSGF effectively suppresses interference in the visible spectrum
and the “thermal spillover” phenomenon in the infrared modality through SGCA, while
concurrently supplementing global semantics via MishGLU. Although the introduction of
MSGEF increased the parameter count to 4.13 M, the resulting precision gains achieve an
optimal balance between computational overhead and accuracy.

Finally, we integrate MSAE into the network. Experimental results demonstrate that
the incorporation of MSAE elevates all metrics of the final model to optimal levels. In
particular, the Recall is further boosted to 94.7%, and the mAP@0.5:0.95 is improved to
62.8%. This indicates that performing explicit distribution and direction constraints on
heterogeneous features prior to fusion can substantially mitigate the modality semantic
gap, alleviate the optimization burden on the MSGF module, and thereby further enhance
the complementary capability of cross-modal features. Most crucially, comparing the data
before and after introducing MSAE reveals that the FPS, Params, and FLOPs of the final
model remain entirely unchanged. This validates the structural superiority of MSAE as
an auxiliary supervision branch: it significantly improves the quality of feature alignment
during the training phase, while being completely discarded during inference, thereby
perfectly accommodating the deployment requirements of resource-constrained UAV edge
computing platforms.

To validate the feature extraction advantages of the heterogeneous dual-stream back-
bone network designed in this paper in complex forest fire scenarios, we conducted com-
parative replacement experiments against current mainstream feature extraction backbones
in the computer vision field (all alternative backbones were instantiated in a dual-stream
manner). The comparison benchmarks include the classic convolutional neural network
ResNet [39], lightweight networks MobileNet [40] and EfficientNet [41], YOLOv11 [42],
the large-kernel convolutional network ConvNeXt [43], and the self-attention-based Swin
Transformer [44]. The experimental results are presented in Table 6.

Table 6. Results of backbone comparison experiments.

Backbone

R F1  mAP@0.5 mAP@0.75 mAP@0.5:0.95 FPS Parameters FLOPs

™M) G
ConvNeXt-Tiny 91.0 922 916 948 63.9 59.2 254 58.14 155.45
MobileNetV3-small 913 930 921 951 64.2 60.0 38.0 591 7.61
ResNet-18 918 943 930 959 68.6 62.5 39.4 24.66 68.40
Swin-T 878 877 877 928 60.3 56.2 21.6 40.22 106.92
YOLO11 895 916 906 943 63.5 59.1 36.2 5.16 15.25
EfficientNet 906 936 921 955 67.3 61.9 29.7 9.38 21.63
Ours 91.8 947 932 959 68.9 62.8 44.7 4.13 13.50

When Swin-T was adopted as the backbone, the model’s metrics experienced a sig-
nificant decline, with mAP@0.5 reaching only 92.8%. This is attributable to the fact that
Transformers lack the local inductive bias inherent in convolutional neural networks, mak-
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ing it difficult to effectively focus on local high-frequency features when confronted with
the extremely minute targets characteristic of early-stage forest fires. In contrast, the het-
erogeneous backbone designed in this study, integrated with the TED module, achieved
a Recall of 94.7%, demonstrating its absolute advantage in preserving the fragile features
of small-scale targets. While the classical ResNet achieved an identical mAP@0.5 of 95.9%
to our network, this performance came at the expense of an enormous parameter count
(24.66 M) and substantial computational overhead (68.40 G). On the other hand, although
lightweight networks such as MobileNet and YOLOv11 reduced the computational burden,
their feature extraction capabilities remained constrained, with their mAP@0.5:0.95 lagging
behind our method by 2.8% and 3.7%, respectively. The proposed heterogeneous backbone,
through its differential extraction and efficient layer aggregation design, surpasses massive
networks like ConvNeXt and ResNet using only 4.13 M parameters and 13.50 G FLOPs,
thereby manifesting the architectural superiority of our backbone network.

To further demonstrate the superiority of the proposed SGCA in RGB-T feature fu-
sion, we replaced SGCA with multiple mainstream feature fusion mechanisms and at-
tention modules for comparative testing. All compared schemes retain MishGLU and
MSAE, with only the fusion attention module replaced. The alternatives mainly include
3 x 3 convolution, standard cross-attention [45], iAFF [46], CBAM [47], CoordAtt [48],
ECA [49], and SE [30]. The experimental results are shown in Table 7.

Table 7. Results of fusion comparison experiments.

Parameters FLOPs

Method P R F1 mAP@0.5 mAP@0.75 mAP@0.5:0.95 FPS ™) Q)

Conv 918 931 925 953 66.1 61.1 494 13.23 55.56
Cross-attention 881 905 893 94.0 62.7 58.1 219 4.21 14.03
SE 89.8 912 905 942 64.2 59.3 40.0 3.97 12.57
ECA 90.6 918 912 946 64.0 59.1 423 8.21 32.41
CoordAtt 902 916 909 944 64.2 59.5 48.9 8.27 32.43
CBAM 919 935 927 954 66.7 61.0 37.5 3.97 12.57
iAFF 919 933 926 954 67.1 61.7 447 3.48 9.31

Ours 91.8 947 932 959 68.9 62.8 44.7 4.13 13.50

Employing a plain convolution for fusion merely performs a singular mapping on the
feature space; its parameter count expands to 13.23 M and FLOPs surge to 55.56 G, while it
struggles to handle inter-modal conflicts. Notably, standard global cross-attention yields
the poorest performance, with mAP@0.5 at only 94.0% and a sharp decline in inference
speed to 21.9 FPS. This substantiates that within expansive forest backgrounds, global
computation not only incurs a significant computational burden but also leads to the
severe dilution of minute target features by redundant background noise. Furthermore,
although attention mechanisms such as iAFF and CBAM enhance fusion performance to a
certain degree—both achieving a mAP@0.5 of 95.4%—they are not specifically engineered
to address the modality discrepancies and physical interference issues unique to RGB-T
data, thus trailing behind our SGCA. The SGCA module leverages inter-modal gating logic
to establish mutual guiding priors, which effectively strengthens semantics and suppresses
the amplification of cross-modal noise, ultimately reaching 68.9% under the stringent
mAP@Q.75 evaluation criterion, surpassing all other approaches. This fusion strategy,
specifically customized for forest fire scenarios, achieves high-quality cross-modal feature
interaction while preserving the model’s lightweight characteristics.

To intuitively validate the superiority of the proposed SGCA module over other
mainstream fusion mechanisms and attention architectures (including 3 x 3 convolution,
standard cross-attention, SE, ECA, CoordAtt, CBAM, and iAFF) in terms of feature per-
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ception and cross-modal noise suppression, we generated comparative heatmaps using
Grad-CAM [50]. As illustrated in Figures 8 and 9, these heatmaps visually present the
spatial attention allocation intensity of the model on multispectral image pairs under vari-
ous typical forest fire challenge scenarios (e.g., nighttime low-illumination fires, complex
terraced-field backgrounds, and dense smoke occlusion). Red denotes high-attention re-
gions, while blue indicates suppressed low-attention regions. The visualization comparison
clearly demonstrates that, in nighttime low-illumination and small-target scenarios (rows
a, b), conventional modules such as CBAM induce severe global pseudo-activation due
to their inability to filter thermal infrared sensor noise, whereas FireRGBTNet precisely
isolates and locks onto the core ignition points. When confronted with complex terrains
like terraced fields and thin smoke (rows ¢, d), mechanisms such as SE and iAFF are easily
misled by background structural contours, producing large scattered pseudo-activation
patches; in contrast, our model effectively filters out these structural interferences by virtue
of the spatially gated cross-attention. Under severe dense-smoke occlusion scenarios (rows
e, f), the attention of global cross-attention completely deviates to non-target backgrounds
and image edges, whereas FireRGBTNet, benefiting from the cross-modal guidance mecha-
nism, successfully penetrates the thick smoke layer and accurately localizes active flame
fronts in both visible-light and infrared modalities. In summary, this visual evidence suf-
ficiently confirms that FireRGBTNet effectively overcomes the catastrophic background
noise amplification observed in other attention mechanisms, and while precisely capturing
complex flame edge features, provides solid visual interpretability for high-precision fire
detection in real and harsh scenarios.

Furthermore, to investigate the operational mechanism of MSAE across different
feature hierarchies in depth, detailed scale-sensitivity ablation experiments were conducted
on the three scales’ (C3, C4, and C5) output by the heterogeneous backbone network. These
experiments encompassed configurations ranging from non-alignment and single-scale
alignment to dual-scale combinations and full-scale alignment. The experimental results
are summarized in Table 8.

Table 8. Results of multi-scale sensitivity ablation experiments.

Model P R F1 mAP@0.5 mAP@0.75 mAP@0.5:0.95
No MSAE 91.7 938 92.7 95.4 66.9 61.5
MSAE-1_C3 89.7 917 90.7 94.7 64.0 59.3
MSAE-1_C4 91.0 93.6 92.3 95.3 65.9 60.7
MSAE-1_C5 914 93.6 92.5 95.4 66.0 61.1
MSAE-2_C3C4 921 94.2 93.2 95.5 66.7 61.4
MSAE-2_C3C5 93.1 938 93.5 95.6 67.0 61.7
MSAE-2_C4C5 915 944 93.0 95.5 66.5 61.3
MSAE-3_C3C4C5 (Ours) 91.8 94.7 93.2 95.9 68.9 62.8

Experimental results for single-scale alignment indicate that when alignment is per-
formed exclusively at the deeper levels of C4 or C5, model performance remains comparable
to or even slightly lower than that of the baseline. More notably, when the MSAE constraint
is applied solely to the shallow features (C3), all performance metrics exhibit significant
degradation, with mAP@0.5 dropping from 95.4% to 94.7%. Given that shallow networks
primarily extract basic modal features characterized by strong physical attributes, forcibly
aligning the statistical distribution and orientation of these highly divergent low-level
heterogeneous features—in the absence of high-level semantic guidance—not only fails to
bridge the semantic gap but also undermines the backbone’s representational capacity for
modality-specific features, thereby introducing severe feature conflicts and noise into the
subsequent cross-modal fusion process. As the alignment strategy is extended to dual-scale
configurations, such as C3 + C5 or C3 + C4, performance begins to steadily surpass the
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(a)

baseline. This suggests that the inclusion of high-level semantics from C5 provides the
necessary directional guidance for shallow feature alignment, alleviating the structural
disruption caused by forced alignment at lower levels. Ultimately, the model achieves peak
performance when full-scale alignment (C3 + C4 + C5) is implemented. This result provides
robust evidence that effective cross-modal alignment cannot rely on an isolated receptive
field hierarchy; rather, high-quality alignment within a shared latent semantic space is only

attainable through the multi-level synergy and joint constraint of spatial details (C3), local
context (C4), and global semantics (C5).

w ~MOwis.

FireRGBTNet Conv Cross-attention SE

Figure 8. Comparative analysis of heatmap visualizations across different models under typical
forest fire challenge scenarios. Subfigures (a—f) are organized into three groups of RGB-Thermal
pairs: (a,b), (c,d), and (e f). Specifically, (a,b) correspond to Nighttime low-illumination fires;
(c,d) correspond to Complex terrain and field backgrounds; and (e,f) correspond to Dense smoke
occlusion. Columns from left to right: Original input, FireRGBTNet (Ours), Conv, Cross-attention,
and SE. In the heatmaps, red indicates high-attention regions corresponding to fire signatures, while
blue represents low-attention areas.
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FireRGBTNet CoordAtt CBAM i.-AFF

Figure 9. Comparative analysis of heatmap visualizations across different models under typical
forest fire challenge scenarios. Subfigures (a—f) are organized into three groups of RGB-Thermal
pairs: (a,b), (c,d), and (e,f). Specifically, (a,b) correspond to Nighttime low-illumination fires;
(c,d) correspond to Complex terrain and field backgrounds; and (e,f) correspond to Dense smoke
occlusion. Columns from left to right: Original input, FireRGBTNet (Ours), CoordAtt, CBAM, and
iAFF. In the heatmaps, red indicates high-attention regions corresponding to fire signatures, while
blue represents low-attention areas.

3.3. Comparative Experiment

To comprehensively evaluate the overall performance of the proposed FireRGBT-
Net in complex forest fire scenarios, extensive comparative experiments were conducted
against a variety of state-of-the-art object detection algorithms in the computer vision
field. The unimodal object detection models primarily include the classic two-stage model
Faster R-CNN [51], the one-stage model SSD [52], lightweight detection models such as
PicoDet [53] and YOLO11, the Transformer-based RT-DETR model, and the unimodal
LHRF-YOLO [54] specifically designed for fire scenarios. The multimodal object detection
models mainly consist of ICAFusion [19] utilizing cross-fusion, YOLOv5-CFT [55] incor-
porating a cross-modal Transformer fusion mechanism, the latest multimodal detection
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architectures YOLO-RGBT [56] and RT-DETR-RGBT [56], and CP-YOLO11-MF proposed
in the original paper of the RGBT-3M dataset. To ensure a fair comparison, the unimodal
models were independently trained and tested on RGB and thermal images, respectively.
The detailed experimental results are presented in Table 9.

Table 9. Results of comparison experiments.

mAP@ mAP@ mAP@ Parameters FLOPs
Model Mode P R FL . 0.75 0.5:095 IES M) (G)
RGB 846 952 89.6 937 58.7 56.6 38.6 4136 182.17
Faster R-CNN Thermal 818 92.1 866 91.1 58.1 54.9 38.6 4136 182.17
RGB 900 885 892 875 489 498 98.2 24.01 61.05
SsD Thermal 867 849 858 85.1 46.9 475 98.2 24.01 61.05
RGB 915 916 91.6 944 67.1 62.5 73.1 9.41 21.30
YOLOv11 Thermal 915 882 89.8 93.5 67.2 615 73.1 9.41 21.30
RGB 912 912 912 932 61.8 58.6 125 41.94 125.6
RT-DETR Thermal 872 807 83.8 85.9 495 49.2 12,5 41.94 125.6
, RGB 912 850 880 913 57.6 55.0 59.7 378 51.81
PicoDet Thermal 89.3 81.3 85.1 89.3 57.0. 53.0 59.7 3.78 51.81
RGB 922 879 90.0 933 62.9 59.5 39.2 226 5.40
LHRF-YOLO Thermal 91.0 85.1 879 92.1 63.5 58.5 39.2 226 5.40
RT-DETR-RGBT  RGB-T 912 902 907 92.8 61.6 58.3 113 449 158.99
YOLO-RGBT RGB-T 924 905 914 942 66.4 61.8 69.6 9.86 28.50
ICAFusion RGB-T 920 931 926 953 63.0 58.7 104 20.15 29.77
YOLOV5-CFT RGB-T 937 944 940 958 69.5 63.1 225 205.98 22349
CP-YOLOII-MF RGB-T 925 935 930 963 ) 62.9 ] 11.83 ]
Ours RGB-T 918 947 932 959 68.9 62.8 447 413 13.50

Experimental results demonstrate that both the classical Faster R-CNN and the state-of-
the-art YOLOV11 exhibit pronounced performance bottlenecks when addressing complex
forest fires. Models based on RGB are highly susceptible to severe missed detections
under conditions of dense smoke obscuration or low-illumination nocturnal environments.
Conversely, while Thermal models can penetrate smoke, their inherent lack of textural
details frequently leads to false positives, where heated rocks or specular reflections are
misidentified as fire sources. In contrast, multimodal detection models—including the
method proposed in this study—achieve substantial improvements across mAP@50 and
F1-score metrics. This fully corroborates that in forest fire monitoring tasks, transcending
the imaging constraints of individual physical sensors by leveraging the complementary
characteristics of RGB and thermal information is an essential strategy for enhancing
detection robustness.

Furthermore, although extant multimodal models have attained high detection accu-
racy, they often incur substantial computational costs. For instance, YOLOv5-CFT incor-
porates highly complex Transformer modules for cross-modal interaction; while effective
in feature fusion, this leads to a sharp escalation in parameter count and computational
complexity, alongside a significant decline in FPS, thereby failing to satisfy the stringent
real-time requirements of UAV edge computing platforms. Conversely, while YOLO-RGBT
attempts to balance efficiency and performance within a multimodal framework, its Recall
and performance under the rigorous mAP@0.5:0.95 metric remain suboptimal when detect-
ing minute early-stage fire points, primarily due to the absence of explicit modal alignment
and feature preservation mechanisms. Moreover, compared to the CP-YOLO11-MF model
originally proposed alongside the dataset, conventional fusion models fail to demonstrate
a decisive advantage, which indirectly underscores the limitations of generalized fusion
modules when applied to specialized forest fire scenarios.
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Compared with all the aforementioned algorithms, the proposed FireRGBTNet
achieves the optimal trade-off between accuracy and efficiency. It maintains the lowest
parameter count among multimodal models—approaching the scale of the most compact
unimodal models—and demonstrates superior overall performance. Regarding detection
accuracy, the leading performance of FireRGBTNet across all metrics is primarily attributed
to the proposed MSAE, which aligns semantic information across heterogeneous features,
and the MSGF, which effectively suppresses multimodal interference noise, thereby en-
abling the precise capture and fusion of key fire target features. More importantly, in
terms of lightweight design and real-time capability, owing to the customized design of
the heterogeneous dual-stream backbone for each modality and the superior auxiliary role
of the MSAE module, FireRGBTNet achieves high precision with only 4.13 M parameters
and 13.5 G FLOPs. Consequently, these results not only significantly surpass the exist-
ing multimodal models but also demonstrate efficiency comparable to most lightweight
unimodal models.

Simultaneously, to provide a more intuitive demonstration of the feature representa-
tion capability and cross-modal balance of the proposed FireRGBTNet in complex envi-
ronments, we selected three typical fire scenarios from the RGBT-3M dataset to compare
the detection performance of FireRGBTNet with other models, as illustrated in Figure 10.
Specifically, (a) and (b) represent nighttime scenarios with interfering light sources on
the left; (c) and (d) depict wild grassland scenes where thick smoke obscures both flames
and personnel; and (e) and (f) show mountainous forest environments characterized by
widespread smoke diffusion and partially obscured flames. In (a) and (b), although all
models successfully detected the fire points, their confidence scores exhibited significant
variations. Certain models that rely excessively on visible light features show suppressed
responses to target boundaries when faced with dim backgrounds and halo interference,
resulting in relatively low confidence scores. For targets with extremely high thermal
radiation, the large-scale YOLOv5-CFT model achieved remarkably high confidence scores.
In contrast, the confidence scores of the proposed FireRGBTNet for these fire targets are
significantly higher than those of most models, demonstrating robust detection capabilities
for high-heat targets and marginally trailing only YOLOv5-CFT in numerical terms. In (c)
and (d), the unimodal YOLOv11 and the spatial-feature-oriented YOLO-RGBT yielded very
high confidence scores when detecting smoke, which possesses morphological diffusion
characteristics. However, due to smoke obscuration, the confidence scores for the occluded
flames and personnel experienced significant attenuation. Conversely, while most complex
cross-modal fusion models are capable of capturing fire points effectively, their confidence
levels when processing diffuse smoke edges are far inferior to those of unimodal models;
FireRGBTNet, however, demonstrates superior cross-modal proficiency in this scenario.
In (e) and (f), amidst vast smoke backgrounds, most models exhibited varying degrees
of decline in confidence scores when detecting faint high-temperature fire points at the
bottom. This is primarily because, during the deep downsampling process of conventional
networks, the local high-frequency signals of weak fire points are diluted by the extensive
background context; nevertheless, FireRGBTNet maintains a very high confidence level for
such minute fire points. In these three scenarios, the visual performance of FireRGBTNet
strongly validates the effectiveness of the proposed modules, achieving the most robust
and balanced performance in complex and volatile forest environments with an extremely
lightweight architecture.
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FireRGBTNet YOLOV11 ICAFusion YOLOV5-CFT  YOLO-RGBT
Figure 10. Qualitative comparison of detection performance across diverse forest fire scenarios. Sub-
figures (a—f) are organized into three groups of RGB-Thermal pairs: (a,b), (c,d), and (e f). Specifically,
(a,b) correspond to Nighttime low-illumination fires; (c,d) correspond to Complex terrain and field
backgrounds; and (e,f) correspond to Dense smoke occlusion. Columns from left to right: Original

input, FireRGBTNet (Ours), YOLOv11, ICAFusion, YOLOv5-CFT, and YOLO-RGBT.

4. Discussion

The proposed FireRGBTNet model achieves an optimal balance between accuracy
and computational efficiency in complex forest fire detection tasks through the collabo-
rative optimization of multiple modules. First, the heterogeneous dual-stream backbone
network fully exploits the essential differences in physical information density between
RGB and Thermal modalities, ensuring highly efficient feature extraction at the source.
Concurrently, the TED module explicitly preserves the high-frequency features of early-
stage tiny fire spots during the downsampling stage, providing high-quality feature inputs
for subsequent network layers. On this basis, the MSAE module projects heterogeneous
features into a shared latent semantic space via dual constraints of statistical distribution
and semantic direction, without incurring any additional inference burden. This cross-
modal pre-alignment operation substantially alleviates the optimization pressure on the
subsequent fusion module. Ultimately, the MSGF module abandons the global attention
mechanism, which is susceptible to massive background noise interference, and instead
implements semantic purification and noise suppression of bimodal features through local
spatial gating logic. Through the synergistic operation of the aforementioned core modules,
the model attains optimal overall detection performance. From a practical application
perspective, the method proposed in this paper can serve as an onboard detection module
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for UAV patrol monitoring systems, enabling real-time identification of smoke, flame, and
personnel targets during forest cruising, thereby assisting in early warning and fire point
localization. Compared with traditional watchtowers, fixed camera systems, and satellite
remote sensing, UAVs offer the advantages of flexibility, wide visual coverage, and freedom
from complex terrain constraints, effectively compensating for the large blind spots, long
response cycles, and limited spatial resolution of fixed monitoring means.

However, although FireRGBTNet achieves an excellent balance between accuracy
and efficiency, and its theoretical computational load and parameter count have been
substantially reduced, several limitations remain at the practical deployment level. First,
regarding inference latency, the FPS reported in this paper refers to the model’s forward
inference speed measured on a Tesla V100 GPU, rather than actual results from onboard
edge devices. It should be noted that the parameter count and FLOPs cannot directly
predict actual throughput. Although the parameter count (4.13 M) and computational
load (13.50 GFLOPs) of FireRGBTNet are both lower than those of YOLOv11, its measured
FPS (44.7) remains lower than that of the latter (73.1 FPS). This is mainly attributed to the
parallel computing overhead of the dual-stream backbone architecture and the relatively
frequent memory access in modules such as SGCA, which may make the architecture more
constrained by memory bandwidth rather than computational capacity during inference.
Moreover, the FPS discussed in this paper currently addresses only the efficiency of the
model itself, excluding the preprocessing stage. In real production environments, raw
images (e.g., 1920 x 1080) must first undergo preprocessing such as resizing before being
fed into the model; this preprocessing time constitutes a significant component of end-
to-end deployment latency. Due to experimental constraints, it is currently difficult to
conduct sufficient measurements of end-to-end latency across different onboard hardware
platforms. Second, regarding cross-modal alignment, the M-RIFT registration process
mentioned in the text was part of the original RGBT-3M dataset construction phase. This
paper directly uses its already registered images; however, the current multimodal inter-
action heavily relies on ideal physical alignment between RGB and Thermal inputs at the
sensor level, whereas high-frequency mechanical vibrations during actual flights can easily
induce dynamic spatial misalignment in cross-sensor images. Although the geometric
data augmentation (random translation, rotation, and scaling) adopted during the training
stage indirectly lays the foundation for coping with mild modal misalignment—as these
transformations are applied synchronously to both modalities rather than being explicit
mechanisms targeting cross-modal misalignment—and given that the dataset only provides
pre-registered images, quantitative robustness evaluation against misalignment is currently
challenging. Furthermore, when extreme physical failure occurs in one modality, the model
lacks an adaptive modality dropout mechanism, potentially leading to the propagation of
erroneous features across the dual streams. It should be emphasized that although con-
strained by experimental conditions, no deployment verification has yet been conducted on
real physical edge devices, the extensive experiments on the public RGBT-3M dataset have
validated the algorithm’s effectiveness and theoretical feasibility, laying the groundwork
for subsequent engineering deployment.

To address the aforementioned limitations, future research will focus on two aspects:
model deployment optimization and robustness enhancement. For deployment optimiza-
tion, structural re-parameterization or operator fusion will be employed to reduce the
memory access overhead of dual-stream branches, and model pruning, quantization, and
inference acceleration techniques such as TensorRT will be advanced. Ultimately, the
model will be deployed on representative embedded platforms such as Jetson and actual
UAV hardware for field tests, verifying its end-to-end latency and power consumption
performance in real scenarios. For robustness enhancement, the dynamic alignment fusion
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mechanism will be evaluated through more in-depth alignhment experiment designs; de-
formable convolutions or feature-level dynamic alignment will be introduced to improve
the model’s tolerance to spatial misalignment; and model architectures under missing
modalities will be investigated to prevent systemic collapse caused by single-sensor failure.
Additionally, aligning with development trends in artificial intelligence, future work may
draw inspiration from paradigms of vision-language foundation models such as CLIP [57],
introducing text prompts to guide visual feature extraction and further enhancing the
model’s generalization capability to unknown scenes via cross-modal contrastive learn-
ing. Furthermore, with the emergence of lightweight multimodal large models, exploring
the integration of large model capabilities with lightweight fire detection scenarios also
represents a highly promising research direction.

5. Conclusions

Early warning and real-time monitoring of forest fires are of paramount importance
for maintaining global ecological balance and safeguarding life and property. In response
to challenges such as diminutive fire targets in complex forest environments, severe back-
ground interference, and the constrained deployment capabilities of UAV edge devices,
traditional unimodal detection models and conventional high-parameter multimodal mod-
els are often inadequate. To this end, this paper proposes FireRGBTNet, a lightweight forest
fire detection model based on efficient RGB-Thermal fusion.

This study conducts network design based on the physical characteristics of multiple
modalities. First, by integrating a customized heterogeneous dual-stream backbone with
a Target-Enhanced Downsampling (TED) module, the model effectively mitigates low-
frequency redundancy in the infrared modality while preventing the attenuation of fragile
high-frequency features of early fire targets in deep network layers. Second, to address
the inherent semantic gap between RGB and thermal features, this paper innovatively
introduces a multi-scale semantic alignment enhancement (MSAE) branch, which achieves
cross-modal pre-alignment within a shared semantic space through dual constraints of
statistical distribution and orientation, thereby achieving a performance enhancement with
zero inference overhead. Finally, the Multimodal Spatial Gating Fusion (MSGF) module
leverages a Spatial Gated Cross-Attention (SGCA) mechanism to suppress unimodal-
specific noise and incorporates MishGLU to supplement global semantics, achieving high-
quality feature fusion.

The experimental results demonstrate that our method exhibits significant superiority
using the public RGBT-3M UAV forest fire dataset. When confronted with challenging
scenarios such as nighttime low illumination, heavy smoke occlusion, and high-altitude
wide field-of-view, FireRGBTNet consistently showcases exceptional robustness and target
detection precision. More importantly, compared with current state-of-the-art (SOTA)
object detection models, FireRGBTNet achieves the highest detection accuracy while main-
taining a minimal computational footprint of only 4.13 M parameters and 13.50 G FLOPs.
FireRGBTNet not only provides a forest fire monitoring solution with substantial engineer-
ing deployment value for resource-constrained UAV devices but also establishes a solid
theoretical and architectural foundation for future explorations integrating vision-language
foundation models.
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