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ARTICLE INFO ABSTRACT

Keywords: Wildfire detection and localization in aerial imagery is critical for rapid response and damage mitigation.
Cross-modal knowledge distillation Autonomous aerial vehicles (AAVs) enable large area monitoring but face real-time processing challenges
V\Qldﬁre detection due to limited onboard computational and sensor resources. This work introduces a cross-modal knowledge
Edge-AI AAVs

distillation framework for edge-deployed AAVs. A teacher network trained only on thermal images transfers
semantic and spatial representations to an optical image based student network when trained in an offline
fashion using thermal and optical image pairs. During deployment, the student uses only optical images, thus
reducing reliance on multi-sensor payloads while maintaining high detection accuracy. The student model
incorporates dual classification heads: an image-level head for fire-free vs. fire-impacted scenes, and a patch-
level head for flame vs. no-flame discrimination. This patch-level strategy provides effective fire localization
while avoiding the computational overhead of segmentation, making it practical for resource-constrained
deployment. Evaluated on aerial wildfire dataset, the framework achieves 90.97% patch-level accuracy, with
false alarm and missed detection rates of 8.82% and 14.78%, respectively. The lightweight student model
requires only 2.99 GFLOPS with inference time of 0.004s and generates patch-level probability heatmaps
for fire region localization. Unlike conventional unimodal systems, this approach leverages thermal-to-optical
knowledge transfer to deliver high accuracy, low latency, and precise localization under edge-computing
constraints. The code and dataset will be released at https://github.com/medh132/cmkd.

Patch-level fire localization

1. Introduction

Wildfire is a growing global threat, causing catastrophic environ-
mental damage and significant loss of life and property. The timely
and accurate detection of these events is paramount for effective miti-
gation and response. To this end, edge-Al is an emerging technology
that offers a transformative solution (Su et al., 2022). By deploying
machine learning (ML) and deep learning (DL) models directly on
edge devices like autonomous aerial vehicles (AAVs) or unmanned
aerial vehicles (UAVs), edge-Al eliminates the latency of cloud-based
processing (Mahdi and Mahmood, 2022). This on-device intelligence
enables real-time data analysis and instant anomaly detection, allowing
AAVs to identify and respond to wildfires with unprecedented speed.
This capability is crucial for triggering autonomous actions, such as
deploying fire-suppression measures, directly in the field (Fouda et al.,
2022). This paradigm shift from centralized cloud computing to decen-
tralized, on-device intelligence is key to creating self-sufficient systems
for wildfire management in remote and challenging environments.

Though AAVs enable large-area monitoring, they face real-time
processing challenges due to limited onboard computational and sensor
resources. These devices operate under severe power and compute
constraints, lacking the robust hardware (e.g., high-performance GPUs)
and extensive power sources available in cloud data centers. This ne-
cessitates the use of highly optimized, lightweight ML/DL models that
can perform inference with minimal computational overhead. Energy
efficiency is also a paramount concern, as every computational cycle
directly impacts the AAV’s finite battery life. Hence, such models must
be designed not only for accuracy but also for speed and minimal com-
putational complexity to maximize operational endurance, a critical
factor for long-duration missions like wildfire localization (Fouda et al.,
2022). Therefore, the core challenge lies in developing a methodology
that balances the need for accurate, real-time perception with the
stringent resource limitations of the edge platform (Su et al., 2022).

Traditional computer vision approaches, including pixel-level seg-
mentation and object detection, encounter significant challenges in
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wildfire detection (Ghali and Akhloufi, 2023b). Pixel-wise segmenta-
tion is computationally expensive and less suited to the highly dynamic,
amorphous nature of fire (Feng et al., 2025; Ribeiro et al., 2023; Li
et al., 2025). Bounding-box-based object detection similarly struggles
with the large variability in fire size and shape, while region pro-
posal mechanisms (Ren et al., 2015) further increase computational
cost during both training and inference (Setyanto et al., 2023). These
limitations underscore the need for more efficient detection strategies,
particularly for deployment in resource-constrained environments.

Additionally, in real-time wildfire monitoring aerial platforms due
to limited onboard computation and payload capacity, multi-sensor
systems prove to be costly and often impractical. Hence, thermal-
guided distillation addresses this challenge by leveraging thermal in-
formation during training to enhance optical-only models at inference,
significantly reducing hardware and computational overhead while
maintaining competitive performance (Bouguettaya et al., 2022).

In this regard, a patch-level classification strategy leveraging cross-
modal knowledge distillation offers a more pragmatic solution. This
method segments the image into fixed-size patches and classifies each
patch as either containing flame or not. This approach drastically
reduces computational overhead, as the model performs a simpler clas-
sification task rather than a complex localization or masking. Hence, by
avoiding the need to precisely define the irregular boundaries of the
fire, patch-level detection provides a more robust, resource-efficient,
and practical solution for real-time wildfire localization.

Further, wildfire localization in aerial imagery presents unique chal-
lenges compared to terrestrial sensing and remains relatively under-
explored. Despite offering large-scale situational awareness, aerial de-
tection is hindered by lower spatial resolution, occlusions, illumination
artifacts, and the scarcity of standardized, densely annotated datasets
(Ramos et al.,, 2024). In light of the challenges posed by limited
on-board sensors and the difficulties of aerial imagery, the primary
research objective of this work is to develop a lightweight computer
vision model for real-time wildfire detection. This involves creating
a model with low latency and computational complexity, specifically
compatible for edge deployment. The key contributions of this work
are as follows:

1. A patch-level wildfire localization framework for fine-grained
predictions in aerial imagery is proposed; the patch-level de-
sign is specifically adopted to enable a lightweight model for
resource-constrained Edge-Al deployment on AAV/UAV plat-
forms.

2. A comprehensive training strategy is introduced in which cross-
modal knowledge distillation is employed, incorporating con-
trastive loss with text anchors to enhance feature learning. Dur-
ing inference, only optical images are utilized, keeping the pro-
cess independent of text and thermal modalities.

3. A patch-level annotated aerial image dataset using FLAME2 is
created for wildfire-flame localization.

2. Related works
2.1. Aerial wildfire detection

Wildfire localization in aerial imagery presents challenges that differ
fundamentally from terrestrial sensing. While ground-based systems
benefit from close-range, high-resolution observations, their coverage is
inherently limited. In contrast, aerial platforms enable large-scale mon-
itoring of fire extent and progression across remote and inaccessible
regions (Ghali and Akhloufi, 2023b). However, this advantage comes at
the cost of reduced spatial resolution and increased visual ambiguity.
Aerial wildfire detection is further complicated by canopy occlusion,
sun-induced artifacts, and the scarcity of standardized datasets with
dense and reliable annotations (Bouguettaya et al., 2022; Ghali and
Akhloufi, 2023b; Ramos et al., 2024).
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Deep learning—based approaches dominate recent advances in wild-
fire detection, with most methods adopting either semantic segmen-
tation or object detection paradigms. Segmentation-based techniques
aim to identify fire-affected regions at the pixel level (Jonnalagadda
and Hashim, 2024; Wang et al., 2024; Feng et al., 2025), offering
fine-grained spatial detail. Despite their accuracy, such methods are
computationally expensive and less suited to aerial wildfire monitoring,
where fire boundaries are highly dynamic, fragmented, and irregular.
Object detection frameworks, on the other hand, localize fire regions
using bounding boxes (Jiao et al., 2019; Yang et al., 2023; Goncalves
et al., 2024), providing a more efficient and operationally viable solu-
tion for aerial platforms. Their practicality is further enhanced when
combined with model compression and optimization strategies such
as pruning and knowledge distillation (Mu et al., 2025; Hinton et al.,
2015; X. Tong et al., 2024; Su et al., 2022; Setyanto et al., 2023), which
are critical for deployment on resource-constrained airborne systems.

Beyond localization, several studies frame wildfire detection as a
binary image-level classification task, distinguishing between fire and
no-fire scenes (Ghali and Akhloufi, 2023a,b) or smoke and no-smoke
conditions (Kim and Muminov, 2023). While computationally efficient,
these methods lack spatial localization, limiting their usefulness for
real-time wildfire response and decision-making (Yar et al., 2023). To
overcome this limitation in terrestrial imagery, hierarchical frameworks
combining global image-level classification with patch-level localiza-
tion have been proposed (Zhang et al., 2016). However, transferring
such strategies to aerial imagery remains challenging. In aerial views,
flames frequently appear at sub-pixel scales or are partially obscured
by vegetation canopy (Bouguettaya et al., 2022; Ghali and Akhloufi,
2023b), and smoke distributions are heavily influenced by atmospheric
conditions, often decoupling smoke presence from precise fire loca-
tions (Kim and Muminov, 2023). Additionally, aerial datasets suffer
from severe patch-level class imbalance, as fire regions occupy only a
small proportion of the image area (Bouguettaya et al., 2022). This im-
balance significantly degrades classifier performance and underscores
the need for specialized learning strategies tailored to aerial wildfire
detection.

2.2. Multi-modal sensing and cross-modal knowledge distillation

The limited computational resources and payload capacity of aerial
platforms make real-time wildfire monitoring with multiple sensors
costly, technically challenging, and frequently infeasible. Recent studies
have shown that fusing spatial, temporal, and spectral information
from multi-type and multi-source data can significantly enhance early
wildfire detection performance (Zhang et al., 2023, 2025). However,
such approaches typically rely on extensive sensing infrastructure and
substantial computational resources, which limit their applicability to
edge-deployed UAV/AAV systems.

Consequently, most existing wildfire detection methods adopt sin-
gle-modality sensing, predominantly relying on optical imagery (Alam
et al., 2025; Ghali and Akhloufi, 2023a; Shamsoshoara et al., 2021;
Ghali et al., 2022) or thermal data (Chen et al., 2022; Hopkins et al.,
2024; Rajoli et al., 2024). Optical imagery is effective for capturing
visible flames and smoke, but it degrades under dense smoke, low
illumination, or canopy occlusion. In contrast, thermal imagery enables
robust hotspot detection, but it is susceptible to false positives caused
by non-fire heat sources. To leverage the complementary strengths of
these modalities, several multi-sensor approaches have been explored,
including sequential transfer learning (Zachariadis et al., 2023), early
and late fusion strategies (Chen et al., 2022; Mu et al., 2025), and
the incorporation of additional modalities such as synthetic aperture
radar (Abdusalomov et al.,, 2024). Despite their effectiveness, these
methods require multi-modal sensing during inference, increasing pay-
load requirements, system complexity, and computational cost, thereby
limiting their suitability for aerial edge deployment.
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To overcome these limitations, recent works have explored knowl-
edge distillation as a more efficient alternative for resource-constrained
platforms by transferring knowledge from a more informative teacher
model to a lightweight student network (Hinton et al., 2015). In cross-
modal distillation, a student operating on optical imagery is guided by a
teacher trained on thermal data, enabling the student to implicitly learn
thermal cues without requiring thermal sensors at inference time (Mari-
naccio and Afghah, 2025; X. Tong et al., 2024). Building on this
paradigm, several studies adopt teacher-student learning frameworks
that leverage multi-modal information during training while maintain-
ing unimodal inference (Zhou et al., 2023; Feng et al., 2023; Huo
et al., 2024). Recent approaches have also explored vision-language
models like CLIP as teachers to distill knowledge into lightweight CNN
students, leveraging CLIP’s rich semantic representations to improve
performance (Jang et al.,, 2025). In the context of wildfire detec-
tion, thermal-guided distillation has demonstrated that an optical-only
student model can achieve performance comparable to multi-sensor
systems while substantially reducing system complexity and resource
demands (Bouguettaya et al., 2022).

Despite its promise, cross-modal knowledge distillation remains
challenging due to the semantic gap between modalities and their
heterogeneous feature representations, which can limit the effective-
ness of direct distillation strategies (X. Tong et al., 2024). Moreover,
most existing cross-modal distillation methods focus on segmentation
or object detection tasks, which are often computationally intensive and
less suitable for real-time aerial edge deployment. Motivated by these
challenges, this work proposes a lightweight wildfire detection frame-
work that leverages cross-modal knowledge distillation to enhance
unimodal model performance while remaining practical for real-time
UAV/AAV applications.

3. Methodology
3.1. Dataset description

FLAME2 dataset consists of daytime aerial images of wildfire includ-
ing visible flames, smoke plumes, burning vegetation, and fire fronts
captured in outdoor forest and grassland environments. It consists of
images under three classes: no-fire and no-smoke, fire with smoke, and
fire with no smoke. Following the standard strategy prevalent in the
literature while using FLAME2 dataset (Chen et al., 2022) to mitigate
redundancy present in the original video-frames based FLAME2 dataset,
we curated a representative subset of 1800 images for our study.

For patch-level annotations, preliminary labels obtained using a
heuristic method (Rajoli et al., 2024) were meticulously reviewed and
corrected as described in Algorithm 1. Another dataset, FLAME3 CV-
subset (Hopkins et al., 2024) consisting of daytime aerial images for fire
and no-fire classification was used for testing the trained model. For
cross-dataset testing, 100 randomly selected optical images from the
FLAME3 CV-subset were curated and a similar patch label annotation
process was followed to obtain ground-truth.

3.2. Overall framework

The curated FLAME?2 dataset was first used to train a teacher model
on thermal imagery with a three-class classification scheme: classO
(no fire, no smoke), class1 (fire with smoke), and class2 (fire with no
smoke). The dataset is split such that 80% is training and 20% is the test
dataset. The teacher network comprises of contrastive language-image
pre-training, CLIP network (clip-vit-base-patch32) (Radford
et al., 2021) as backbone with its last two layers as trainable, and MLP
layers for image classification, as shown in Fig. 1. The teacher model
was trained for 30 epochs using the Adam optimizer with a learning
rate of 0.0001, employing the cross-entropy loss function. Once trained,
the teacher network is frozen while training the student network.
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Algorithm 1 Patch-Level Annotation Verification Procedure

Require: RGB images Imgig g p), thermal heatmaps I'mgrg, initial labels Ly igic from
FlameSeg(Rajoli et al., 2024), smoke coverage threshold 7., = 0.5, thermal intensity
threshold 7,p0rmar

Ensure: Verified patch-level labels L, fjeq

1: Stage 1: Independent Human Verification

2: for each patch p in dataset do

3. Display Imgg g p)(p) and Img g(p) to Annotator A

4: Annotator A assigns label based on criteria:

Smoke (no-flame), coverage_area > Typoke

L 4(p) < {Background (no-flame), coverage_area < 7,1, and Img;r(p) < Typermal

Fire (flame), flame visible or Img;r(p) > Trpermal

5: Independently, Annotator B assigns Lp(p) using same criteria

6: end for

7: Stage 2: Conlflict Resolution

8: for each patch p where L,(p) # Lg(p) do

9: Joint review by both annotators with Imgg g pj(p) and Img;g(p)
10: Apply labeling criteria consistently and reach consensus: L.q,sensus(P)
11: end for

: Stage 3: Final Label Assignment
. for each patch p do

Lyerifiea(p) < {LA(F)’
L

end for

Result: 46.53% of labels corrected from Lyj,.igsic

return Ly fied

if La(p)=Lp(p)
consensus (P> if Ls(p) # Lp(p)
15:
16:

17:

Labeling Criteria: Smoke: > 50% area obscured, no flame; Background: < 50% smoke, no
flame, Imgrg < Typepmqr; Fire: Visible flame or thermal confirmation Img;g > %ypermar

Teacher

Vision
Encoder

No-fire & no-smoke
<£ Fire & smoke
Fire & no-smoke

Fig. 1. Teacher model with frozen CLIP backbone and last two trainable
layers. It is trained for a classification task using thermal images via cross
entropy loss.

Thermal image

For the subsequent student model training, the class labels were
redefined for a two-headed network architecture. The image head was
trained for a binary classification task where classO was designated as
‘fire-free’, and the previous classl and class2 were combined into a
single ‘fire-impacted’ class, also designated as classl. Concurrently, a
patch head was trained to classify image patches. For this head, patches
containing contextual cues like forest backgrounds or thick smoke were
labeled as classO (‘no-flame”), while patches that contained actual flame
pixels were labeled as classl (‘flame’). This dual-head approach was
designed to explore how models learn to distinguish between direct fire
features and broader environmental indicators.

The student network comprises of a fine-tunable convolutional neu-
ral network (CNN) backbone with two additional modules, namely
deformable convolutional network (DCN) (Dai et al., 2017) and convo-
lutional block attention module (CBAM) (Woo et al., 2018). The student
network includes two classification heads: image-head for image level
classification and patch-head for patch level flame localization. During
training of the student network, a paired thermal and optical image
is used. The thermal image is input into the frozen teacher network,
and the corresponding optical image is input into the trainable student
network. The student network leverages the distilled features from the
thermal counterpart in the teacher network while processing optical
images. The overall architecture of our proposed model is shown in
Fig. 2.

3.2.1. Deformable Convolutional Networks (DCN)
DCNs are a powerful extension of standard convolutional neural net-
works (CNNs) that address the limitation of fixed-geometry kernels (Dai
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Teacher

CLIP
Vision
Encoder

(hermal image

No-fire & no-smoke
Fire & smoke
Fire & no-smoke

Lkp

(G Fire-free
7@@ Student 4 Ire!
' “Fire-impacted
3 Sy CNN : Image head
‘ / back-
: bone A No-flame
. DCN CBAM EE 4
kOpticaI image Flame

CLIP Text
Encoder

Flame class
Texts

= Trai
&Q Trainable

Frozen A No-flame features

© Flame features

Patch head

MB1B2 . Repel

Attract

M F1,F2

Fig. 2. Overall architecture for cross-modal knowledge distillation setup for wildfire detection and localization. Here, DCN is deformable convolutional network;
CBAM is convolutional block attention module; B1 and B2 are two text-anchors for no-flame/background class; F1 and F2 are two text-anchors for the flame
class. Lgp, Lrc, Lgc are knowledge distillation loss, text-based contrastive loss and supervised contrastive loss respectively given by Egs. (13), (15) and (18).

et al., 2017). Unlike traditional convolutions which sample a rigid, pre-
defined grid of pixels (e.g., a 3x3 square), DCN introduce learnable
offsets to the sampling locations. These offsets are dynamically pre-
dicted by the network itself, based on the input features. This allows the
convolution to adaptively change its field of view to match the varying
geometry and scale of objects within an image. Therefore, DCN helps
the model to learn “how” to look.

This ability to model complex spatial transformations with a flex-
ible receptive field significantly boosts accuracy in tasks like classi-
fication (Zhu et al.,, 2018) and object detection (Cao et al., 2020).
Importantly, this is accomplished with only a marginal computational
overhead, as the additional parameters for learning the offsets are
minimal. The core advantage of DCN is its ability to learn these trans-
formations directly from the data without the need for extensive data
augmentation or complex hand-crafted features, making the network
more robust and generalizable (Burgos Madrigal et al., 2024).

Given an input feature map F, a regular convolutional grid R, and
learnable offsets Ap,, deformable convolution is defined as

Y®) = Y w F@+pe+4p). AP = foe(F), (€3]

kER
where the offsets are dynamically predicted from the input features,
enabling adaptive receptive fields.

3.2.2. Convolutional Block Attention Module (CBAM)

CBAM is a lightweight attention mechanism that enhances a neural
network’s feature representation by applying attention to both the
channel and spatial dimensions of a feature map (Woo et al., 2018).
This sequential dual-attention process allows the network to refine
features by learning to focus on “what” is important (channels) and
“where” it is important (spatial locations).

The module first applies a channel attention module to determine
the most meaningful feature channels by compressing the spatial infor-
mation and using a shared multi-layer perceptron (MLP) to generate
an attention vector. This vector is then used to re-weight the channels.
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Next, a spatial attention module is applied that aggregates channel-
wise information to create a spatial attention map. This map identifies
the precise locations of key features. By combining these two attention
maps, CBAM effectively induces the network to attend to the most
relevant information, boosting accuracy with minimal computational
overhead (Mishra et al., 2023; Jiang and Yin, 2023).

Given an intermediate feature map F € REXHXW  CBAM refines
features via sequential channel and spatial attention:

F =M,(M.(F)oF) 0 (M.(F)oF), 2
where © denotes element-wise multiplication.

The channel attention map M, is computed as
M, (F) = o(MLP(AvgPool(F)) + MLP(MaxPool(F))), 3
and the spatial attention map M; is defined by
M, (F) = o (7 ([Ave, (F); Max (F)])) . ©)

with o(-) denoting the sigmoid function.
3.3. Loss function and training strategy

3.3.1. Knowledge distillation loss (Lgp)

Spatial feature distillation: In cross-modal knowledge distillation
from a thermal modality based teacher to an optical modality based
student, there exists a significant modality gap. Thermal and optical
sensors capture fundamentally different physical properties of a scene
(heat vs. reflected light). This makes direct feature imitation with losses
like L2 ineffective, as it incorrectly penalizes differences in absolute
feature values which are inherently divergent (X. Tong et al., 2024).
To address this, pearson correlation coefficient (pj,,) based spatial
feature distillation loss (L¢,) is used, as given by (5). This loss function
focuses on maximizing the linear correlation between teacher T €
REXEXW) and student S € REXHXW) feature vectors across channels
at each spatial location. Knowledge is transferred using the features
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from the teacher model after the CLIP backbone, and is transferred
to the student model at the point following its CBAM module. For
both points in the teacher and student models, the feature shape is the
same (i.e. 768 x 7 x 7) for applying the knowledge transfer loss. By
leveraging the scale and shift-invariant properties of p,,, the student
distills the teacher’s high-level structural patterns and relational knowl-
edge, rather than attempting to replicate modality-specific values (X.
Tong et al., 2024). This approach fosters a more robust and generalized
student representation by efficiently handling the domain shift between
thermal and optical data.

1 H W
Lieg=1— <m 2 2 phw) ()
h=1w=1
where,
Cc A A
ZC:] Tc,h,w . Sc,h,w
Phw = = = (6)
72 &2
\/Zc=l Tc,h,w : \/Zc:l Sc,h,w
7Awa,h,w = (Tc,h,w - :uThw) (7)
Svc,h,w = (Sc,h,w - #Shw) ®
1 C
/"Thw = E Z Tc,h,w (9)
c=1
1 C
My = & 2 Seha 10

o
Il

Semantic-features relation distillation: The objective of semantic
feature relation distillation is to transfer the teacher’s understanding
of global context by preserving the relational structure among high-
level semantic features. The modality gap prevents effective direct
feature comparison. To bridge this gap, the semantic-features relation
distillation method constructs affinity matrices for both the teacher and
student models. These matrices encode the pairwise similarity between
all spatial feature vectors, typically using cosine similarity (X. Tong
et al., 2024). Such matrices create a structural fingerprint of the scene.
An L1 loss (|| - |l;) is then employed to minimize the element-wise
difference between the teacher’s and student’s affinity matrices. Thus,
(L) given by (11) aids in supervising the student to accurately learn
the modality-agnostic relational cues embedded in the teacher’s deepest
features.

K
1
Lot =25 AL, — A3 1, an
i=1 j=1
where,
i
A= L N 12)
L£ill2 - 1511

and K represents the total number of spatial feature vectors, which
is equal to H x W of the feature map RC*#*¥) Hence, combining
spatial feature distillation and semantic-features relation distillation
forms knowledge distillation loss Ly, which is given by (13).

Lyp =ay - Lieg+ay-Log 13

where, a; and a, are respective weights.

3.3.2. Contrastive loss (Lc,p,)

Text anchor-based contrastive loss (L1¢): It aligns patch-level visual
features with semantic representations through text-anchor encodings.
Since CLIP text features provide distinctive concept representations,
leveraging them to enhance the semantic representations of student
features is a promising approach (Shipard et al., 2025). Around 30 texts
were generated for each class, as listed in Table 1. Text-embeddings
were extracted using the CLIP text encoder, followed by K-means
clustering to obtain two text-anchors per class as shown in Fig. 3.
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Table 1
Text prompts used for positive and negative classes during model training.

No-flame/background class texts

forest floor with fallen leaves; tree trunk bark texture; dry grassland terrain;
rocky mountain surface; concrete pavement surface; metal industrial panel;
asphalt road texture; brick wall pattern; geometric pattern background;
minimalist white surface; textured fabric material; smooth glass panel; sandy
beach surface; muddy wet ground; snowy winter landscape; desert sand
dunes; dense gray smoke plume; wispy white smoke drift; thick black smoke
haze; smoldering smoke residue; foggy misty atmosphere; clear blue sky
background; cloudy overcast conditions; dark shadowy interior; water surface
reflection; wet pavement after rain; wooden plank surface; tile floor pattern;
marble stone texture

Flame class texts

wildfire flame burning; campfire ember glow; forest fire spreading; bonfire
orange flame; wood fire crackling; grass fire burning; brush fire ignition;
outdoor fire pit; flame front advancing; flickering flame tongue; glowing red
embers; bright yellow flame; dancing fire light; smoldering wood coals; brush
pile ignited; dry vegetation ablaze; forest undergrowth burning; campsite fire
burning; backyard fire bowl; beach bonfire flame; cabin fireplace glow; white
hot flame center; incandescent fire glow; radiant heat emission; thermal
infrared hotspot; combustion zone burning; ignition point flare; outdoor torch
flame; gas grill burner; propane flame heat

t-SNE Visualization of Text Embeddings and Anchors

BG Text
Fire Text
BG Anchor
Fire Anchor

40

t-SNE Component 2
o

-40

=20 0
t-SNE Component 1

20 40

Fig. 3. CLIP based text embeddings for each class text and text-anchors after
applying K-means clustering.

The framework employs multiple learnable anchors per class to ad-
dress key limitations of conventional approaches. Firstly, single anchors
cannot adequately represent intra-class visual diversity. By representing
a single class with multiple anchors, the model can learn a more robust
and multifaceted semantic embedding space. Secondly, static anchors
lack the adaptability needed for domain-specific specialization. During
the proposed model’s training process, the text-anchors are fine-tuned
for better alignment with the embedding space of the student model.
This learnable nature permits the semantic representations to adapt and
specialize from a CLIP domain space to the specific visual embedding
space of the student model.

Unlike traditional contrastive learning that includes both attraction
and repulsion terms, the formulation of L focuses solely on attracting
relevant features to their corresponding text-anchors (Mishra et al.,
2025). Such formulation focuses on gradually guiding features toward
semantic alignment rather than hard separation, as defined by (14).

2
Lo (S,m) = —% Y log < >

k=1
where S is the similarity between features and anchors (k € {1,2}), m
is class label and r is the temperature. As discussed, text-anchors are
initialized for each class with two k-mean cluster centers of pre-trained
CLIP encodings to establish semantic grounding, then made learnable

exp(s; /)
exp(s;,; /7) +exp(s; /)

14
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during training. The loss Ly is constructed using L¢ (S, m) for two
classes in our case. It enhances the contextual and semantic understand-
ing of visual data while improving the discriminative performance of
the model. Hence, Ly is given by (15), with hyperparameter « and g
as weighting factor with values 8 and 0.2 respectively.

Lrc=ale (ST,mY) + Lo (S™,m™) 15)
where,

St=f-la"l, S =f-la]] (16)
mt =y, m =1-y a7)

where, y is ground truth vector with index i corresponding to patches:
1 for patch label of ‘flame’ patch and O for ‘no-flame’ patch. The
Lc loss is implemented only for ‘fire-impacted’ images, which contain
both ‘flame’ and ‘no-flame’ patches. Here, f; € RV¥*312 is patch-level
visual feature, a* € R>412 and 4= € R?>S!2 are positive-class and
negative-class text-anchor encodings respectively.

Supervised contrastive loss (Lgc): This loss aims to structure
model’s embedding space by utilizing class labels. Its core mechanism is
to enforce intra-class compactness by pulling feature representations of
same-labeled samples together, while simultaneously promoting inter-
class separability by pushing representations of different-labeled sam-
ples apart (Khosla et al., 2020). It compels the model to learn highly
discriminative features, leading to more robust and generalizable mod-
els (Shyam et al., 2022; Stival et al., 2025). In contexts with significant
class imbalance, such as detecting small ‘flame’ regions within a larger
image, balanced sampling is a crucial component. The dataset balanced
Lgc calculation strategy for batch B, number of patch in height and
width as H,W, and feature dimension D, is shown in Algorithm 2,
ensures that both ‘dominant’ and ‘rare’ classes contribute equally to
the loss. This prevents the model from overlooking the features of the
underrepresented class.

Algorithm 2 Patch-level Supervised Contrastive Loss

Require: Patch features F € REXHXWXD patch labels y, € {0,1}BXHXW image labels
Y; € {0,1}B, temperature 7

Ensure: Supervised contrastive loss Lgc

1: Filter images containing fire-impacted target class: 7/ « {Fy | Y;; =1}

2: Flatten filtered image spatial dimensions: F € RN*P, y e {0,1}V

3: Identify positive and negative patch indices: Tpos =i 1 yj =1}, Ly = {j 1 y; =0}

4: For keeping the balance to avoid dataset bias, find optimal number of samples required:
ke min(| Ly . g )

: Sample balanced set: S < RandomSample(/,,,, k) U RandomSample(/,,., k)
. Normalize features: z; « F;/||F;ll, for all j €S
: Compute loss:

-1
e = 2, 2

ies PEP(i)

NOoO U

exp(z; - z‘,/r)

18
° Yjes\(i) exPGi - 2;/7) (18

where P(i) = {p€ S\ {i} |y, =y}
. return Lg¢

Hence, overall contrastive loss L., is defined by combining L
and Lgc, as given by (19), where b, and b, are respective weights.

Leon =by - Lrc+by - Lgc 19

3.3.3. Classification loss (L¢y5)

Image head classification loss (£¢g): The image head of the proposed
model classifies input images into ’fire-free’ and ’fire-impacted’ class.
During training, cross entropy loss is used, as given by (20). In the im-
age head, feature map (B, 768,7,7) is reduced to (B, 768) using adaptive
average pooling, which is then passed through MLP layers yielding an
output of (B,2) to produce image-level predictions, where B is batch
size.
c

Lep=- Y, v log(h)
i=1

(20)
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where, y; is ground truth label (one-hot encoded), y; is predicted
probability for class i and C is number of classes.

Patch head classification loss(Lg): The patch head classifies
image-patches into ‘no-flame’ (negative) and ‘flame’ (positive) classes.
This effectively trains the model to localize flame in an image, using
focal loss function (Lin et al., 2017). Focal loss inherently addresses
class imbalance between dominant and rare class samples. Dominant-
class samples are typically easy to classify, whereas rare-class samples
are harder due to limited representation and the dominance of other
class samples in the loss and gradient computation. This imbalance is
particularly pronounced at the patch level, where dividing an image
into 49 patches typically yields only 2-3 ‘flame’ patches, with the
remainder corresponding to background or non-flame regions. Such dis-
proportion skews the training process, as the loss and gradients become
dominated by abundant non-flame patches, reducing the model’s sen-
sitivity to flame regions. By design, focal loss mitigates this imbalance
while amplifying the learning signal from hard, informative examples,
and is employed here as defined in (21).

In the patch head, feature map (B, 768,7,7) is reshaped and reduced
to (Bx7x7,512) and passed through MLP layers, yielding an output of
(Bx7x1,2), which is then reshaped to (B,7,7,2) to produce patch-level
predictions.

Lp(p) = —o, (1 = p) log(p,), @D
by = p %f the sample %s positifle, 22)
1 —p if the sample is negative.

where p is prediction probability of model, «, is a weighting factor for
class imbalance; y > 0 is a focusing parameter, where a higher value
of y places more focus on hard examples. So, the classification loss
combining image-head and patch-head is given by L¢ = ¢; - Lgg +
¢, - Ly, where ¢; and ¢, are respective weights.

3.3.4. Penalty loss (Lp)

Missed flame-detection penalty(Lp;): In fire detection tasks, the con-
sequences of missed detections (false negatives) are far more severe
than occasional false alarms (false positives). Standard loss functions
such as cross-entropy treat all errors equally, which may lead to models
biased toward overall accuracy while under-penalizing false negatives.
To address this imbalance, a penalty loss is introduced. The loss func-
tion assigns higher weights to false negative errors, ensuring that
missed fire detections contribute more strongly to the optimization
objective. This design makes the model sensitive to recall, thereby
balancing the tradeoff between overall accuracy and the critical need
to minimize undetected fire events. For this purpose Lp;, is proposed as

Lpr, =100 % (1 — Rp) (23)

Prp

Rp=——1 24
P P+ Py +e 24

Here, Prp = pame * Yflame> PN = (1 = Piame) * Yfiame- Where, Pfiame is the
predicted fire probability of a given patch, yg.me is the corresponding
ground-truth patch label, and ¢ is a small constant for numerical
stability.

An overall penalty loss £, combined with sparsity component is
given by (25). The sparsity component is implemented via L1 regu-
larization on model network weights W, encouraging the network to
learn compact, informative activations.

£P=d1'£PL+d2'Z|VVj|
J

(25)

where, d, and d, are respective weights.
Thus, the total loss or the overall objective function for the opti-
mization of the proposed model is given by (26).

Ly =Lyxp+Lcon + Lais + Lp (26)
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Table 2
Experimental setting and hyperparameter values used for training.
Parameter Value
Image resolution 224 x 224
Patch size & #patches 32 x 32, 49
Batch size 64 (32 +ve, 32 —ve)
Epochs 250
Learning rate 0.001, StepLR y=0.95/10 steps
Optimizer AdamW
[a,.ay.by.by. 0y . dy. dy] [275, 740, 40, 20, 25, 100, 80, 2e-6]
Temperature v (Ly¢, Lgc) (0.08, 0.08)
Focal loss (a, y) [0.2, 0.8], 2.6
Table 3
Architecture Ablation Study on St_DenseNet121.
Student model configuration ACCipg AcCpen Sens,uen FNR FPR
Backbone+CBAM 100 77.4 84.12 8.65 23.12
Backbone+DCN 75 62.47 62.9 36.64 37.57
Backbone+DCN+CBAM 100 90.97 88.2 14.78 8.82

4. Experimental results and analysis
4.1. Implementation details

For student model CNN backbone, four types of networks were
tested, referred as: St_ResNet50 (He et al., 2016), St_Effici-
encyNetBO (Tan and Le, 2019), St_MobileNetV2 (Sandler et al,,
2018) and St_DenseNet121 (Huang et al., 2017). Collectively, they
are referred hereby as St_CNN. The experimental setting details and
parameter values are provided in Table 2. Since different loss com-
ponents exhibit varying magnitudes, weight factors are applied to
normalize them for balanced optimization, which is a standard practice
in multi-objective deep learning. The loss weights were determined
through a systematic grid search within magnitude-comparable ranges.
In the training phase, we used images from two different modalities
(RGB and IR/optical and thermal) to train the student and teacher
models. In the inference phase, only a single modality (RGB) is used
for testing. All methods were implemented in PyTorch and evaluated
on a workstation with an Intel Core i9-14900K CPU (up to 6.0 GHz)
and an NVIDIA GeForce RTX 5070Ti GPU.

4.2. Evaluation metrics

For the image head, we use standard metrics: accuracy, precision,
recall, and Fl-score (Egs. (23)-(26)). For the patch head, we report
accuracy and sensitivity as overall metrics (Egs. 23 and 25). In addition,
for flame-class detection, we include false negative rate (FNR) and
false positive rate (FPR) as class-specific metrics (Egs. 27 and 28). As
discussed earlier, the patch data are highly imbalanced, with back-
ground or no-flame class patches dominating. Due to such imbalanced
data, accuracy alone is misleading because a model biased toward
background prediction may still achieve high scores. FNR and FPR
address this limitation. A high FNR indicates missed flame detections,
which is a critical safety risk. A high FPR leads to false alarms, causing
alert fatigue. Together, these metrics provide a more reliable evaluation
of patch-level performance by measuring both sensitivity to true flames
and robustness against false alerts.

TP+TN

Accuracy = 27)
TP+TN+FP+FN
. TP
P = 2
recision = -0 (28)
Recall/Sensitivity = _Tre (29)
Y=TP+FN
Precision - Recall
F1- =2 . ——0— 30
score Precision + Recall G0
FN,
FNR = Jlame (31)

557

ISPRS Journal of Photogrammetry and Remote Sensing 235 (2026) 551-564

(32)

where, TP is true positives, TN is true negative, FP is false positives
and FN is false negatives.

The computational efficiency of a model for edge-Al deployment
is commonly evaluated using the trainable parameter count (in mil-
lions), inference time (in seconds), and computational complexity (in
GFLOPS). Among these, GFLOPS measures the total floating-point op-
erations per forward pass, providing a hardware-agnostic estimate of
workload. It is crucial for assessing whether a model can run efficiently
on resource-constrained devices, enabling real-time, energy-efficient
inference that is independent of specific hardware.

4.3. Quantitative results

Teacher model is trained on thermal images only and is compared
with other baseline models. The comparison in Table 4 highlights
that the CLIP_Teacher achieves near-perfect accuracy (99.16%),
markedly higher than conventional CNNs (e.g., LeNet5, ResNetl8)
and specialized flame detection models such as FLAME (Chen et al.,
2022). This performance gain can be attributed to CLIP’s large-scale
multimodal pretraining, which enables it to learn transferable repre-
sentations and adapt effectively even to thermal imagery. However,
CLIP’s heavy computational footprint makes it unsuitable for real-time
deployment in resource-constrained fire monitoring systems. To bridge
this gap, our framework leverages CLIP as a teacher model, transferring
its discriminative power to a lightweight student network. This strategy
ensures that the advantages of robust representation learning are re-
tained, thereby preserving high accuracy while ensuring compatibility
with edge-Al platforms.

The inference performance on optical images demonstrates the ef-
fectiveness of our proposed model trained via cross-modal knowledge
distillation from thermal images. Compared to single-modal RGB-based
models, the results (Table 5) show that at the image level, our St_CNN
based framework evaluated with each backbone individually achieves
superior accuracy and sensitivity. Further, to assess the statistical con-
sistency of the St_DenseNet121 backbone, four test sets of 360
images were constructed with ‘fire-free’ to ‘fire-impacted’ ratios of
(0.5, 0.5), (0.6, 0.4), (0.7, 0.3), and (0.8, 0.2). For each set, infer-
ence was repeated 10 times with randomly sampled images from the
FLAME2 dataset, excluding those used in training or primary test-
ing. Across all 40 experiments, consistent results with perfect metrics
were obtained as shown in Table 5. This highlights the relevance of
cross-modal knowledge distillation, where leveraging complementary
thermal representations enables the optical (student) model to capture
richer feature semantics than conventional single-modal learning.

Following this perfect performance on FLAME2 dataset, we con-
ducted additional experiments to specifically assess the generalization
capability of the proposed model’s image-level head. As shown in Table
6, strong generalization is observed on the BurnedAreaUAV dataset af-
ter resolution alignment, whereas a noticeable performance drop occurs
on FLAME3 due to increased scene diversity and coarser GCR. This
indicates that image-level generalization remains sensitive to variations
in scene context and ground coverage resolution.

Table 7 reports the patch-level inference performance of various
student CNN backbones trained on optical images using full test set. The
results demonstrate that the proposed student configurations (St_CNN)
consistently achieve strong performance, with St_DenseNet121 and
St_MobileNetV2 outperforming other backbones by delivering high
accuracy (90.97% and 91.75%) coupled with superior sensitivity
(88.2% and 87.39%), while maintaining relatively low FNR and FPR. In
contrast, FireNet-CNN, adapted for patch-level classification, achieves
very high accuracy (96.92%) but suffers from extremely poor sensitivity
(24.21%), missing nearly 75% of flame instances, thereby limiting
its practical applicability. This discrepancy highlights that accuracy
alone is insufficient for evaluating fire detection models, as sensitivity
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Table 4
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Comparison for thermal image modality-based methods on the FLAME2 dataset. For the
proposed method, teacher training was done on thermal images.

Model/Metrics (%) Accuracy Precision Recall Fl-score
Logistic® 92.43 92.94 92.43 92.61
LeNet5? 92.15 92.19 92.79 92.30
VGG16? 97.38 97.57 97.26 97.35
MobileNetV2? 97.38 97.65 97.43 97.51
ResNet18* 96.26 96.97 96.27 96.54
FLAME (Chen et al., 2022) 85.79 87.47 86.91 86.81
CLIP_Teacher (ours) 99.16 99.20 99.17 99.16

a2 Baseline models trained and evaluated as in Chen et al. (2022).

Table 5

Comparison of image level metrics for different models with the proposed student model trained on optical images. Image head

evaluated with each backbone under St_CNN individually.

Model/Metrics (%) Dataset type Accuracy Precision Recall F1-score
Logistic® aerial/FLAME2 90.37 90.99 89.48 89.57
LeNet5* aerial/FLAME2 95.33 95.86 95.12 95.39
VGG16* aerial/FLAME2 99.91 99.90 99.93 99.92
MobileNetV2? aerial/FLAME2 99.35 99.33 99.42 99.36
ResNet18° aerial/FLAME2 96.26 96.97 96.27 96.54
FLAME (Chen et al., 2022) aerial/FLAME2 95.86 95.18 94.38 94.53
CT-Fire (Ghali and Akhloufi, 2023a) terrestrial /custom 99.62 - - 99.61
CT-Fire (Ghali and Akhloufi, 2023a) aerial/FLAME 87.77 - - 82.35
FireNet-CNN (Alam et al., 2025) terrestrial/custom A 97.96 98.22 98.41 98.31
FireNet-CNN (Alam et al., 2025) terrestrial/custom B 99.05 99.41 98.28 98.84
FireNet-CNN (Alam et al., 2025) aerial/FLAME2 47.00 43.03 50.25 44.07
Ensemble Model (Ghali et al., 2022) aerial/FLAME 85.12 - - 84.77
St_CNN (ours) aerial/FLAME2 100 100 100 100

2 Baseline models trained and evaluated as in Chen et al. (2022).

Table 6

Image-level performance comparison across diverse scenes and ground coverage resolutions (GCR), evaluated on 50 wildfire and 50 no-fire

scene images.

Dataset GCR with respect to FLAME2 Accuracy Precision Recall Fl-score
FLAME2 1 100 100 100 100
BurnedAreaUAV (Ribeiro et al., 2023)# 1 97 97.17 97 97
FLAME3 Mixed resolution and scenes 81 86.23 81 80.29
FLAME3 CV subset (scene) 4.3 79 82.79 79 78.38
FLAME3 Nadir subset (scene) 4.3 80 80.19 80 79.97

# As only burn site images are available in this dataset, 50 images are randomly selected and cropped to match GCR of FLAME2, and 50 no-fire images

were taken from FLAME2 test dataset to make balanced test data.

Table 7

Comparison of patch level metrics for different models with the patch head results of the proposed student model, evaluated for different

CNN backbones.

Student CNN backbones Dataset type Accuracy 1 Sensitivity 1 FNR | FPR |
Zhang et al. (2016) terrestrial/custom 90 39.2 - 2.3
FireNet-CNN (Alam et al., 2025)# aerial /FLAME2 96.92 24.21 75.79 3.6
St_ResNet50 aerial/FLAME2 80.69 83.7 13.05 19.54
St_EfficiencyNetBO aerial/FLAME2 90.6 85.66 19.65 9.02
St_MobileNetV2 aerial /FLAME2 91.75 87.39 17.3 7.92
St_DenseNet121 aerial/FLAME2 90.97 88.2 14.78 8.82

# Model adapted for patch-level classification; 1 indicates higher is better; | indicates lower is better.

and error rates directly impact reliability in safety-critical scenarios.
Overall, the proposed cross-modal student training framework yields a
balanced trade-off, achieving competitive accuracy while substantially
reducing false negatives and false positives across different backbones,
with St_DenseNet121 and St_MobileNetV2 emerging as the
most effective architectures. To further assess statistical consistency of
the model (St_DenseNet121) for patch level classification, we ran
the model 5 times for inference on different sets of randomly sampled
100 images from the FLAME?2 test set. The mean and standard deviation
of patch-head results (in %) are reported as follows- accuracy: 90.98 +
0.74, sensitivity: 88.47 + 0.87, FNR: 14.22 + 1.64 and FPR: 8.82 +
0.75.

The patch-level receiver operating characteristic (ROC) achieves a
high area under curve (AUC) of 0.9487, indicating strong discrimi-
native performance between flame and no-flame patches, as shown
in Fig. 4(a). However, the precision-recall curve shows an AUC of
0.5857, as shown in Fig. 4(b). Although PR-AUC substantially exceeds
random chance (0.0361), it reflects challenges imposed by severe class
imbalance. This indicates room for improvement in fine-grained flame
detection under challenging conditions, including background clutter
and class imbalance.

To evaluate the generalizability of the proposed model, we tested
it on 100 randomly selected optical image samples from the FLAME3
CV-subset scenes (Hopkins et al., 2024). These images were cropped
at different ground coverage resolutions (GCR) relative to the FLAME2
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Table 8
Image-level performance of the FLAME3 CV-subset scene for different crop resolutions relative to
FLAME2.
Crops GCR wrt FLAME2 Accuracy Precision Recall Fl-score
640 x 512 4.3 79.00 82.79 79.00 78.38
443 x 443 2.5 88.00 90.32 88.00 87.82
313 x 313 1.3 90.00 91.67 90.00 89.90
254 x 254 (FLAME2) 1 100 100 100 100

Table 9

Patch-level performance of the FLAME3 CV-subset scene for different crop resolutions relative to

FLAME2.
Crops GCR wrt FLAME2 Accuracy 1 Sensitivity 1 FNR | FPR |
640 x 512 4.3 93.24 81.51 30.83 6.15
443 x 443 2.5 94.90 92.22 10.50 4.98
313 x 313 1.3 94.80 93.34 8.19 5.13
254 x 254 (FLAME2) 1 90.98 88.47 14.22 8.82

1 indicates higher is better; | indicates lower is better.

Patch Level ROC Curve Patch Level Precision-Recall Curve
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Fig. 4. ROC-AUC and PR-AUC curves for patch level classification in patch-
head. (a) The patch-level ROC (AUC = 0.9487) shows strong discriminative
ability. (b) The PR curve (AUC = 0.5857) remains well above the chance-level
baseline (0.0361, corresponding to the ratio of positive to total samples). The
relatively lower PR-AUC underscores the challenge of sustaining high precision
in the presence of class imbalance.

dataset, resulting in three GCR ratios: 4.3 (original resolution of 640 x
512), 2.5, and 1.3. While cropping, it was ensured that flame-patches
are present in fire class images. Accordingly, the patch-level ground
truth annotation was done. Image-level and patch-level performances
are reported in Tables 8 and 9, respectively.

At the image level, performance consistently improves as the GCR
approaches that of FLAME2, with accuracy increasing from 79.0% at a
GCR of 4.3 to 90.0% at 1.3. This trend indicates that closer alignment
with the training GCR positively impacts classification performance,
with the best FLAME3 results observed at 1.3 times GCR. In contrast,
patch-level results exhibit stronger generalization across GCRs. While
performance improves as the GCR decreases from 4.3 to 2.5, the
best localization performance is achieved at a GCR of 1.3, surpassing
even the FLAME2 baseline across all patch-level metrics. Specifically,
higher sensitivity and lower false negative rates at GCR 1.3 indicate
more robust fire localization. These results demonstrate that the patch
head generalizes better to resolution variations and is less sensitive
to domain shifts compared to the image-level head, reinforcing its
effectiveness for fine-grained fire localization tasks.

The comparative analysis in Table 10 indicates that patch classifi-
cation is an effective strategy for flame localization for edge-deployed
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UAVs/AAVs. Unlike object detection and segmentation models, which
often have large parameter counts and higher computational complex-
ity, the proposed patch classification networks (St_DenseNet121
and St_MobileNetV2) achieve fine-grained localization with sub-
stantially lower resource demands. With parameter sizes of 11.14 mil-
lion and 15.42 million and inference times ranging from 0.0018 to
0.0040 s, these models demonstrate strong computational efficiency.
In contrast, detection models such as YOLOv7x require approximately
71 million parameters, and segmentation models like FireViTNet incur
heavy computational loads (110 GFLOPs), making them less suited for
edge deployment. The lightweight design of the proposed model en-
sures seamless compatibility with edge-Al platforms, enabling real-time
operation in resource-constrained environments. These results highlight
the practicality of patch-level approaches, offering a balanced trade-off
between localization performance and deployability in real-world fire
detection systems.

4.4. Ablation study

Conventional models designed for terrestrial fire detection, such
as FireNet-CNN (Alam et al.,, 2025), have limitations in generaliz-
ing to aerial imagery, while others like CT-Fire (Ghali and Akhloufi,
2023a) demonstrate degraded performance, as evidenced in Table 5.
To address the unique scale variations and resolution challenges inher-
ent in aerial images, the proposed model integrates DCN and CBAM.
Furthermore, the ablation results using densenet backbone for the
student model (St_DenseNet121) in Table 3 highlight that although
DCN and CBAM individually contribute performance gains, their joint
integration achieves the most consistent and balanced improvements
across all evaluation metrics. Using only CBAM improves image-level
accuracy but leaves patch-level accuracy and sensitivity relatively low.
In contrast, DCN alone significantly degrades performance, indicating
that spatial adaptability without attention is insufficient. However,
when DCN and CBAM are integrated, the model achieves the highest
patch-level accuracy (90.97%) and strong sensitivity (88.2%) with
notably reduced error rates (FNR 14.78%, FPR 8.82%). This highlights
that DCN and CBAM act as complementary components. Together, they
play a critical role in enhancing the discriminative ability and overall
performance of the model.

Table 11 demonstrates that each loss function contributes uniquely
to the student model’s (St_DenseNet121) performance. Removing
Lyp causes a drastic drop in patch-level accuracy (39.93%) and a
surge in FPR (62.29%), highlighting the critical role of knowledge
distillation in transferring teacher supervision. Excluding Lg,, low-
ers patch-level accuracy (75.82%) and increases FPR, showing that
contrastive loss is essential for feature discrimination. Without Lp,
patch accuracy remains high (97.44%) but sensitivity drops severely
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Table 10

Comparison of models on edge-Al relevant performance metrics.
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Model Task Trainable Params (M) Inference Time (s) GFLOPS Hardware (GPU)
YOLOV5S-Fire (Wang et al., 2023) Object detection 4.27 0.011 ~16.5 GeForce RTX 2080
Modified YoloV7x (Gongalves et al., 2024) Object detection ~71.3 - 188 Tesla V100 SXM2
YOLOX-L (50% pruned) (Mu et al., 2025) Object detection - 0.012 17.62 GeForce RTX 4090
FireViTNet (Wang et al., 2024) Segmentation 15.54 0.012 110 GeForce RTX 4060
FireFormer (H. Tong et al., 2024) Segmentation 11.66 0.026 42.01 GTX 3060
SAM-TIFF U-Net (ResNet-152)# (Marinaccio and Afghah, 2025) Segmentation 69.36 0.0163 157.16 GeForce RTX 5070Ti
SAM-TIFF DeepLabV3+ (ResNet-101) # (Marinaccio and Afghah, 2025)  Segmentation 58.77 0.0088 64.97 GeForce RTX 5070Ti
FireNet-CNN (Alam et al., 2025) Image classification 2.75 0.95 2.085 Tesla P100
Ensemble Model (Ghali et al., 2022) Image classification - 0.018 - GeForce RTX 2080Ti
St_MobileNetV2 (ours) Patch classification 11.14 0.0018 1.41 GeForce RTX 5070Ti
St DenseNet121 (ours) Patch classification ~ 15.42 0.0040 2.99 GeForce RTX 5070Ti
# Performed on local hardware to estimate metrics using same input size 512X640 as used for this model in Marinaccio and Afghah (2025).
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Fig. 5. t-SNE visualization of feature-embeddings (a) Image head (all test set images)(b) Patch head (randomly sampled 1500 patches from test set for better

representation).

Table 11 Table 12

Loss Function Ablation Study on St DenseNet121. Performance comparison of different text-anchor settings in patch-head.
Cost Function Accy, ACCppren Sensyen FNR FPR Text-anchors(%) Accuracy Recall FNR FPR
w/0 Lyp 100 39.93 68.46 0.79 62.29 No anchors 78.48 84.37 9.28 21.98
W/0 Lcon 100 75.82 82.92 9.43 24.74 Fixed anchors 86.58 86.00 14.62 13.38
w/o Ly 100 97.44 78.09 42.77 1.06 Fine-tunable anchors 90.97 88.20 14.78 8.82
wW/0 L 100 78.48 84.37 9.28 21.98
with all loss 100 90.97 88.20 14.78 8.82

(78.09%) with a sharp rise in FNR (42.77%), indicating that patch-level
supervision prevents excessive false negatives. Similarly, excluding L¢
reduces both accuracy and sensitivity, confirming the relevance of
text-anchor alignment for inducing contextual awareness in the patch
head. Furthermore, an ablation study of text anchors corroborates the
effectiveness of using fine-tunable text anchors. The conditions in Table
12 are defined as follows: ‘no anchors’ refers to excluding the loss Ly
during training, ‘fixed anchors’ utilize static text anchor encodings, and
‘fine-tunable anchors’ employ trainable weights for the two text anchors
per class. The best trade-off is achieved when all losses are combined
while keeping text-anchors as trainable, reinforcing that each loss term
plays a complementary role in balancing accuracy, sensitivity, and error
rates.

5. Discussion
5.1. Qualitative analysis

The t-SNE (van der Maaten and Hinton, 2008) visualizations in
Fig. 5 illustrate the separability of learned embeddings at both the
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image and patch levels. At the image level, embeddings of fire and
non-fire classes form compact and clearly separable clusters, indicating
that the model effectively captures global discriminative features for
reliable fire scene classification. At the patch level, embeddings for
flame and non-flame regions also exhibit distinct clustering, though
with partial overlap. This overlap aligns with the accuracy observed
at the patch level of 90.97% and reflects the inherent challenges of
local discrimination due to similarities in smoke, illumination and back-
ground. Overall, the results confirm that the proposed framework learns
highly discriminative global embeddings for image-level fire detection
while preserving meaningful local feature separability to support flame
localization.

Gradient-weighted class activation map or Grad-CAM (Selvaraju
et al., 2017) is a heatmap-based visualization technique used to identify
the spatial regions that contribute to a model’s class decision. The
Grad-CAM analysis on the image head provides critical insight into the
model’s decision-making process, as shown in Fig. 6. It reveals that
trained model does not rely on the most intuitive feature which should
be the flame pixels, for fire detection. Instead, the model has most likely
learned to classify images based on contextual cues such as the presence
of smoke and the type of surrounding environment while avoiding the
cues of the flame pixels. As flame pixels are consistently allocated low
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Fig. 6. Row#1 consists of sample optical fire-impacted images with highlighted flame-regions. Row#2 shows respective class activation maps for the image
head, where intensity of red color denotes the most active pixels contributing to the ‘fire-impacted’ class and deep blue color corresponds to less activated pixels.
Row#3 illustrates the respective prediction-based heatmaps of the patch head, thereby localizing the fire.

activation i.e. blue region, and hence model understanding optimizes
in a way that if there is no low-activation (blue region), then it is
fire-free; else the image is fire-impacted. Additionally, fire-free images
containing clouds or dust were analyzed using Grad-CAM with the
fire class and no-fire class as the target to evaluate robustness against
misleading contextual cues. In no-fire images, class activation maps
(CAMs) exhibit weak, diffuse activations for the fire class (target = 1),
while the no-fire class (target = 0) shows strong, localized responses
on clouds and terrain. This contrast indicates that contextual cues such
as vegetation, atmospheric conditions, and terrain textures alone do
not trigger false fire predictions. Instead, the model relies on a specific
combination of spatial contextual patterns which are jointly evaluated
by the downstream MLP layers to determine the final class.

This behavior can be attributed to the varied scales of fire and
the dominant presence of a uniform forest background or widespread
smoke in aerial images, which likely make the small flame regions less
visually salient. Consequently, the model’s attention is drawn to these
more extensive and consistent patterns, explaining why the Grad-CAM
heatmaps highlight smoke and foliage while showing low activation
(blue regions) over the actual flames. This finding further underscores
the importance of patch head in our proposed model, wherein an image
is dissected into patches for closer analysis and flame localization.
Corroborating this, the probability heatmaps derived from patch head
predictions, as shown in Fig. 6 (Row#3), illustrate the effective local-
ization of even the small scale and faintly visible flames at the patch
level.

Finally, we emphasize that the proposed method and loss design are
primarily optimized for patch-level localization, where class imbalance
is significantly more severe than at the image level. The patch head
and image head operate in parallel; consequently, strong and gener-
alized patch-level performance does not necessarily imply equivalent
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generalization at the image level. The image-level loss is included as
an auxiliary objective to support patch-level learning and convergence.
Therefore, weaker image-level generalization is acceptable and does
not detract from the model’s main objective of accurate and robust
fire localization, particularly given that high image-level accuracy does
not always correspond to correct visual cues, as evidenced by the
Grad-CAM analysis (Fig. 6).

5.2. Comparative study and future work

As shown in Table 13, previous approaches such as FLAME and
ShRe-Xception achieved high accuracy through dual-modality fusion
but lacked spatial localization, as they operated at image-level without
flame localization. YOLOX-L improved detection through fused dual-
modal images, yet remained dependent on paired sensors during edge
deployment for inference. FlameFinder addressed localization but its
reliance on heuristic annotations inflated performance, while human-
expert annotations revealed substantial performance degradation.

In contrast, our proposed model integrates patch-level flame local-
ization with expert-verified annotations, ensuring reliable and inter-
pretable predictions. More importantly, the use of knowledge distil-
lation (thermal — optical) transfers thermal discriminative cues into
the optical domain, enabling deployment with only a single-modality
sensor. This strategy reduces hardware requirements while maintain-
ing competitive accuracy, thereby addressing both the localization
and practicality gaps observed in previous works. Consequently, the
model presents a viable solution for real-world fire monitoring sys-
tems, where accurate localization and minimal sensor payload are
critical. Regarding spatial resolution, the 7 x 7 patch grid represents a
deliberate design choice balancing localization granularity with edge-
computing constraints. This configuration, supported by findings that
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Table 13

Comparison of flame detection models with different modalities, training strategies, and inference setups.
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Model

Training input

Strategy

Inference input

Key performance
metrics (%)

Comments

FLAME (Chen et al.,
2022)

FLAME (Chen et al.,
2022)
ShRe-Xception
(Zachariadis et al.,
2023)
ShRe-Xception
(Zachariadis et al.,
2023)

YOLOX-L (50% pruned)
(Mu et al., 2025)

FlameFinder (Rajoli
et al., 2024)

Paired optical +
thermal

Paired optical +
thermal

Sequential optical &
thermal

Sequential optical &
thermal

Paired optical +
thermal

Thermal image
(complete) +

Early fusion
Late fusion

Transfer learning

Transfer learning

Fused dual-modal
image data
(IR:RGB::0.4:0.6)
Attentive deep metric
learning

masked thermal
image

Our proposed model Paired optical +

thermal

Knowledge distillation
(thermal — optical)

Paired optical +
thermal
Paired optical +
thermal
Optical

Thermal

Paired optical +

thermal

Thermal

accuracy: 95.70,
fl-score: 95.67
accuracy: 98.60,
fl-score: 98.63
accuracy: 90.1

accuracy: 99.31

mAP: 93.61

accuracy: 82.9

Needs dual-modality sensors, no
flame localization

Needs dual-modality sensors, no
flame localization

No flame localization

No flame localization

Needs dual-modality sensors

Model performance relies on
heuristic annotation (skewing

accuracy to 97.8%). With human
expert annotations, accuracy is
82.9% for patch-level flame
localization.

1. Annotations by human-expert
2. Patch-level flame localization
3. Needs only single-modality
sensor

Optical accuracy: 90.97,
FNR: 14.78,

FPR: 8.82

larger kernels (>7x7) improve convolutional performance (Hou et al.,
2024), provides approximately 50 m?> ground coverage per patch at
operational altitudes as that of FLAME2. Geographic fire localization is
accomplished via direct georeferencing, combining UAV GNSS/altitude
data with IMU orientation and camera parameters to project patch
coordinates onto real-world positions with accuracy determined by the
platform’s navigation system.

We further analyzed the effect of smoke and texture ambiguity on
patch-level fire detection for FLAME2 dataset. It is observed that smoke
remains the dominant source of false alarms, with a smoke-to-fire false
positive rate of 16.32%, compared to 4.66% for background objects
with similar textures. This indicates that while thermal-guided training
mitigates missed detections, smoke-induced visual ambiguity continues
to be the primary challenge. Moreover, while the proposed model
demonstrates strong capability in detecting small-scale and even faintly
visible flame regions, its generalization is influenced by the characteris-
tics of the training data. The training dataset, though carefully curated,
exhibits limited diversity in terms of geographical regions, seasonal
variations, and weather conditions, which may restrict exposure to
more complex wildfire scenarios. Although fire is more distinguishable
in low-light conditions, further efforts are required to improve model
generalization across varying weather and light conditions in future
work. Additionally, flame annotations are currently generated through
manual labeling. Future work will mitigate this limitation by investi-
gating self-supervised learning strategies that reduce dependence on
explicit flame annotations.

6. Conclusion

In this study, we developed a lightweight deep learning-based
computer vision model for wildfire detection from an aerial view.
The proposed model is tailored for resource-constrained UAV/AAV
platforms. It incorporates dedicated modules to guide the model in
identifying how and where to attend within aerial imagery and what
visual cues to prioritize, thereby enabling effective wildfire detection
and flame localization in complex forest and wildland environments. To
further strengthen performance, we adopted a cross-modal knowledge
distillation framework, where knowledge is transferred from a thermal
teacher to the optical student network. This strategy not only reduces
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the dependence on additional sensing modalities and edge computing
resources, but also improves the detection accuracy and robustness
of the proposed model, achieving 90.97% patch-level classification
accuracy, with false alarm and missed detection rates of 8.82% and
14.78%, respectively. Thus, it enhances the localization of the fire
patch. The lightweight model operates with only 2.99 GFLOPS and
a 0.004s inference time, demonstrating suitability for real-time edge
deployment. These results highlight the framework’s capability to de-
liver high accuracy, low-latency fire detection with precise localization,
confirming its potential for practical wildfire monitoring and rapid
response applications.
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