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Abstract

Fire and smoke detection in electric vehicle
environments is essential for safety monitoring,
yet existing methods often perform poorly under
low-light conditions because of weak feature
representation, flame overexposure, and limited
nighttime data. In addition, many detection models
cannot effectively balance accuracy and real-time
efficiency, which restricts their deployment in
practical applications. To address these issues, this
study proposes a lightweight dual-branch detection
framework for low-light fire and smoke recognition
in electric vehicle environments. The proposed
method integrates reflectance enhancement,
adaptive feature weighting, and multi-scale
feature learning within a unified architecture.
Specifically, the auxiliary branch enhances weak
fire-related features underlow illumination through
the Adaptive Reflectance Enhancement Module
(AREM) and the Element-wise Adaptive Weight
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Convolution (EAConv), while the main branch
employs a Self-Adaptive Feature Convolution

(SAConv) module to strengthen multi-scale
representation  with limited computational
overhead. Moreover, a self-constructed and

publicly released dataset containing 3,512 images
is introduced, including 1,910 daytime and 1,602
nighttime samples, to provide a more realistic
benchmark for fire detection in electric vehicle
environments under diverse lighting conditions.
Experimental results show that the proposed
method achieves 85.3% AP50 and 52.2% AP
on the full dataset, and 52.9% AP50 and 26.5%
AP on the nighttime subset. = Compared with
YOLOvV11-n, the proposed model improves AP50
by 1.2% and AP by 1.7%, while demonstrating
more stable performance in challenging low-light
environments. These results indicate that the
proposed framework provides a practical and
reliable solution for real-time fire detection in
electric vehicle environments.
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1 Introduction

Fire and smoke detection is essential for safety
monitoring in electric vehicle (EV) environments,
where early identification of fire hazards can effectively
reduce accident severity and prevent secondary losses.
Compared with general fire scenarios, fire incidents
in EV charging stations often occur under low-light
conditions and are characterized by small-scale flames,
weak visual features, and complex background
interference. These factors significantly increase the
difficulty of accurate fire and smoke detection in
real-world applications.

Early fire detection methods mainly relied on
traditional computer vision techniques, such as
Gaussian Mixture Models (GMM) and multi-color
feature analysis, which were effective in constrained
environments but often suffered from high false alarm
rates and limited robustness in complex scenes [1].
With the rapid development of deep learning,
convolutional neural network (CNN)-based methods
have significantly improved fire detection accuracy
in surveillance and industrial applications [2].
In addition, self-learning and feature-weighting
strategies have been introduced to further refine
feature representation and improve detection
performance in diverse scenarios [3]. Recent research
has increasingly focused on improving both detection
accuracy and computational efficiency. Small-object
tire detection models such as Fire-YOLO have shown
promising performance in low-visibility conditions [4],
while end-to-end structured networks have been
designed to optimize feature extraction for fire
and smoke detection [5]. However, most of these
methods are primarily developed for general fire
scenarios such as forest fires, and even lightweight
or small-target-oriented approaches [6, 7] remain
focused on outdoor aerial or woodland environments,
leaving the detection of small-scale flames and
subtle smoke in EV charging stations—particularly
under nighttime illumination—largely unaddressed.
Beyond the challenge of small target sizes, lighting
variation further complicates the detection task.
Low-light conditions remain a major challenge
for fire detection. In nighttime environments,
flame overexposure and low smoke contrast often
degrade feature representation and reduce detection
stability. To address such problems, high-performance
detection frameworks have also been developed for
domain-specific fire scenarios, such as industrial
cable monitoring, where real-time reliability and
robustness under complex background conditions are
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critical requirements [8]. Meanwhile, several studies
have investigated fire detection under degraded
visibility conditions such as haze, fog, and nighttime
illumination by combining attention mechanisms
with data augmentation and adaptive feature
enhancement [9, 10]; however, these methods are
evaluated on general surveillance or remote sensing
datasets and have not been specifically validated for
EV charging environments where overexposed flames
and low-contrast smoke under artificial lighting
introduce additional detection challenges. Meanwhile,
lightweight CNN-based models have also been
proposed to balance detection accuracy and real-time
efficiency for practical applications [11]. Despite these
advances, many existing fire detection models still
require considerable computational resources, which
limits their deployment in real-time EV monitoring
systems [12, 13]. Although lightweight YOLO-based
variants have been proposed to improve efficiency in
fire detection [14], achieving a simultaneous balance
between real-time performance and robustness under
complex low-light conditions remains challenging.
Other approaches, including low-complexity CNN
models and hybrid methods such as BowFire,
improve efficiency to some extent, but they often lack
sufficient adaptability in complex and dynamic fire
scenarios [15, 16].

Although considerable progress has been achieved
in forest fire monitoring, industrial safety, and
video surveillance, the applicability of existing
methods to EV charging environments remains
insufficiently explored [17]. Multi-sensor fusion and
3D convolution-based smoke detection methods have
also been explored, but their high computational
complexity limits their practicality in real-time EV
fire monitoring systems [18, 19]. Based on the
above analysis, several limitations remain in existing
tire detection methods. First, currently available
datasets lack sufficient coverage of EV fire scenarios,
particularly under nighttime conditions. Second,
existing models still struggle to effectively represent
weak fire-related features under low illumination,
resulting in unstable detection performance. Third,
many high-accuracy methods rely on computationally
intensive architectures, which limits their suitability
for real-time deployment in resource-constrained
environments.  Therefore, there is still a need
for a lightweight and robust detection framework
specifically designed for low-light EV fire detection.

To address these challenges, this study proposes
a lightweight dual-branch framework for fire and
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smoke recognition in EV environments. The
proposed framework integrates AREM, EAConv, and
SAConv to improve weak feature representation
and multi-scale feature learning under low-light
conditions. In addition, a dedicated EV-Fire dataset
is constructed and publicly released, covering diverse
fire scenarios under different illumination conditions,
particularly nighttime environments. Experimental
results demonstrate that the proposed framework
achieves superior accuracy and robustness compared
with existing real-time detectors.

The main contributions of this work are summarized
as follows:

1. A lightweight dual-branch detection framework
integrating reflectance enhancement, adaptive
feature weighting, and multi-scale feature
learning is proposed for low-light fire detection.

2. An auxiliary feature enhancement mechanism is
designed to suppress background interference
and enhance discriminative fire-related features.

3. A dedicated EV fire dataset is constructed with a
focus on nighttime conditions, providing a more
realistic benchmark for evaluation.

4. Extensive experiments demonstrate that
the proposed method achieves superior
performance, particularly in challenging low-light
environments.

The remainder of this paper is organized as follows.
Section 2 reviews related work on fire datasets
and fire detection methods. Section 3 introduces
the proposed lightweight dual-branch detection
framework, including the AREM, EAConv, and
SAConv modules. Section 4 presents the EV-Fire
dataset, experimental settings, ablation studies, and
comparison results. Finally, Section 5 concludes this
paper and discusses future research directions.

2 Related Work

Publicly available datasets play an important role in
the development of fire detection algorithms. Existing
fire datasets, such as D-Fire and the KMU Fire & Smoke
Database, have been widely used in early fire detection
research and have contributed significantly to the
advancement of fire recognition methods [20, 21].
However, most of these datasets mainly focus on
indoor and outdoor scenes, wildfires, or conventional
fire incidents, and contain only limited samples related
to vehicle fires. This shortage of EV-related fire
data restricts the training and evaluation of detection

models in electric vehicle scenarios. Although
the Fire Detection Dataset on Roboflow contains a
certain number of vehicle fire images, it includes
very few nighttime samples, and its relatively low
image quality limits its applicability in low-light fire
detection tasks [22]. Therefore, there is still a lack
of specialized datasets that can effectively support
tire detection research in EV environments, especially
under nighttime conditions.

In terms of detection methods, recent studies have
proposed various strategies to improve feature
extraction and detection robustness in complex
fire scenes. Chaoxia et al. [23] improved Faster
R-CNN by introducing a color-guided anchoring
strategy and a global information-guided mechanism,
which enhanced detection accuracy and reduced
false alarms. Barmpoutis et al. [24] combined
deep learning with multidimensional texture analysis
to improve practical fire detection performance.
Pan et al. [25] proposed EAConv and EADown
modules to improve detection efficiency and accuracy,
especially for small-object fire detection and precise
downsampling. These methods have shown promising
results in complex environments, but they still face
challenges in low-light scenes with strong background
illumination or overexposed flame regions. To
further improve detection performance in challenging
scenarios, some studies have focused on enhancing
feature extraction and model adaptability. Park and
Ko [26] proposed a two-step real-time nighttime
fire detection framework for urban environments,
combining a lightweight ELASTIC-YOLOv3 with a
temporal fire-tube mechanism to handle complex
artificial lighting interference such as headlights and
neon signs. Although this method demonstrates
the importance of low-light-aware design for fire
detection, it relies on temporal motion cues from
consecutive video frames and does not address
the weak feature representation caused by flame
overexposure and low smoke contrast in EV charging
station imagery, motivating the development of
image-level reflectance enhancement strategies for
static frame detection. Zheng et al. [27] proposed
FTA-DETR, which combines a diffusion-based dataset
enhancement framework with encoder optimization
to address the issues of high computational cost and
limited dataset quality in fire detection. Although
these methods improve performance in specific fire
detection tasks, they are mainly designed for forest
fires or general fire scenarios and are not specifically
optimized for EV fire detection under low-light
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conditions.

Overall, existing studies have made substantial
progress in dataset construction, feature enhancement,
and lightweight detection design. However, three
limitations remain. First, currently available datasets
still lack sufficient EV fire samples, especially under
nighttime conditions. Second, existing methods have
limited capability in representing weak fire-related
features under low illumination, which leads to
unstable detection performance.  Third, many
high-performance models rely on relatively complex
architectures, making real-time deployment difficult
in resource-constrained EV monitoring systems. These
limitations motivate the development of a lightweight
and robust detection framework specifically designed
for low-light fire and smoke recognition in electric
vehicle environments.

3 Materials and Methods

This section describes the proposed lightweight
dual-branch framework for fire and smoke detection
in electric vehicle environments. The overall design
is motivated by the challenges of low-light fire
detection, where flame overexposure, weak smoke
contrast, and complex background interference often
lead to unstable feature representation. To address
these issues, the proposed framework introduces
an auxiliary branch to enhance weak fire-related
features and a multi-scale convolution module to
strengthen feature extraction across different object
scales. Specifically, the auxiliary branch incorporates
the Adaptive Reflectance Enhancement Module
(AREM) and the Element-wise Adaptive Weight
Convolution (EAConv) to improve discriminative
feature representation under low illumination, while
the Self-Adaptive Feature Convolution (SAConv)
module is used to enhance multi-scale modeling with
limited computational overhead.

3.1 Framework Overview

To address the challenges of flame and smoke detection
in electric vehicle charging stations, including low
illumination, complex backgrounds, and large-scale
variations, an enhanced fire detection framework
based on YOLOvV11 is proposed. As shown in Figure 1,
the network consists of four main components: a
backbone feature extraction branch, an auxiliary
feature enhancement branch, a neck-based multi-scale
fusion network, and a detection head.

The backbone branch extracts hierarchical semantic
features from the input image, while the auxiliary
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Figure 1. Overall architecture of model.

branch enhances fire-related representations through
the Adaptive Reflectance Enhancement Module
(AREM) and the Enhanced Spatial Downsampling
(ESD) module. The extracted features are then fused
in the neck network, where the Soft Normalized
Interpolation (SNI) module improves feature
alignment during top-down fusion, and the
Self-Adaptive Feature Convolution (SAConv) module
strengthens cross-scale feature interaction during
bottom-up aggregation. Finally, the fused features
are fed into the detection head for classification
and localization, enabling robust detection of flame
and smoke targets under complex charging-station
environments.

3.2 Auxiliary Structure

To improve fire and smoke detection in low-light
environments, a dual-branch architecture is
introduced. The main branch is responsible for
extracting high-level semantic features and preserving
the overall scene context, while the auxiliary branch
is designed to enhance local fire-related features
that are easily degraded under weak illumination.
This complementary design allows the framework
to simultaneously model global context and local
discriminative cues, thereby improving robustness in
challenging EV fire scenes.

As illustrated in Figure 2, the auxiliary branch
integrates the Adaptive Reflectance Enhancement
Module (AREM) to improve feature representation
under low-light conditions. AREM enhances
flame-related responses by suppressing overexposed
regions and reducing background interference. In
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Figure 2. [llustration of the auxiliary structure.

addition, the auxiliary branch incorporates the
Extended Spatial Window for Down-sampling
(ESD) [28] module to improve the preservation of
useful spatial information during down-sampling.
This design strengthens the detection of small-scale
flames and subtle smoke patterns while maintaining
computational efficiency, making the proposed
framework suitable for real-time fire detection in
electric vehicle environments.

3.2.1 Adaptive Reflectance Enhancement Module

Detecting flames in nighttime or poorly illuminated
environments is particularly challenging because flame
regions are often affected by overexposure, while
surrounding regions suffer from low contrast and
unstable texture information. These factors weaken the
discriminative representation of fire-related features
and reduce detection reliability. To address this
problem, the proposed framework introduces the
Adaptive Reflectance Enhancement Module (AREM),
which enhances flame feature representation through
reflectance-based enhancement and adaptive feature
modulation.

Unified Symbol Definition

1. Input fire image: I € R*W>3 where H = image
height, W = image width, and the last dimension
corresponds to three RGB color channels;

2. RGB channel index: k£ € {R,G, B}, exclusively

used for Retinex illumination-reflectance
decomposition [29] in AREM preprocessing;

3. After reflectance enhancement, the enhanced image
is fed into the EAConv adaptive convolution
module. We define:

e (i, total number of input feature channels for
EAConv;

o (yy: total number of output feature channels for
EAConv;

o i c{1,2,3,...,Ci}: serial index of input feature
channels;

e 0o € {1,2,3,...,Cou}: serial index of output
feature channels;

e 0: only represents the standard deviation of
Gaussian kernel;

e Fi(x,y): the enhanced feature map of the i-th
input channel after reflectance enhancement,
which serves as the input to the EAConv module.

4. Sigmoid activation function is independently
defined as:

1

1+ exp(—z) (1)

sigm(2)
to avoid symbol conflict with Gaussian standard
deviation o.

Let I;(z,y) denote the pixel intensity of the input
image at spatial coordinate (z, y) for RGB channel k €
{R,G, B}. We define Ij(x,y) as the logarithmically
transformed image, Ly(z,y) as the illumination
component, and Ry (z, y) as the reflectance component
for channel k, respectively. The complete processing
pipeline of AREM is detailed as follows.

Photon saturation causes excessively high brightness in
flame regions, leading to local detail loss. To mitigate
this issue, we adopt logarithmic transformation to
compress the dynamic range of pixel values, where an
adjustable factor o controls the overall enhancement
strength:

fk('ray) :log(1+a'lk(x7y))7 ke {RvGaB} (2)

where [ (x,y) is the raw pixel value at coordinate
(z,y) of channel k, and I,(z, y) is the corresponding
transformed result. = This transformation maps
saturated high-intensity pixels into a compressed value
range to preserve fine flame details.

To decouple flame textures from uneven ambient
lighting, we estimate global illumination by applying
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Gaussian smoothing with a s x s kernel and adjustable
standard deviation ¢. The illumination component is
derived by convolving the log-transformed image with
the Gaussian kernel:

Lk(x>y) = (jk * Gg)(l‘,y)

— Z Z fk($+i,y+j)'GG(i7j)

1=—00 j=—00

(3)

where Li(z,y) represents the illumination map of
channel k, which smooths large-scale illumination
fluctuations while retaining local structural
information of flames; G,(i,j) is the Gaussian
function with standard deviation ¢; and * denotes the
convolution operation. Since the Gaussian kernel is
centrosymimetric, convolution and cross-correlation
produce identical results in practical implementation,
and we adopt this summation form for convenient
programming deployment.

To suppress interference from uneven illumination
variation, we separate the reflectance component via
element-wise subtraction between the log-transformed
image and illumination map:

where Ry(xz,y) is the reflectance image after
illumination elimination for channel k.

Subsequently, exponential transformation is utilized
to invert the logarithmic operation and further boost
contrast of flame-related information, highlighting
intrinsic spectral and textural features of flames:

Ik(.%',y) :eXp(ﬁ'Rk(xvy» (5)
where [ is a tunable hyperparameter controlling
enhancement intensity, and I (z, y) is the reflectance
map after exponential recovery. ~When photon
saturation makes overexposed flame highlights
appear as blank white areas lacking valid features,
reflectance decomposition effectively recovers their
original spectral attributes; subsequent contrast
enhancement further sharpens flame textures and
contours, improving detection robustness under dark
nighttime scenes.

To dynamically adjust feature weights according
to illumination distribution, we construct an
illumination-adaptive mask via the sigmoid function
with sensitivity hyperparameter ~:

Mk:(xv y) = Sigm(’7 : Lk(x> y)) (6)
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where v adjusts the response sensitivity of the
mask to illumination variation, and sigm(-) denotes
the predefined sigmoid activation function. We
multiply the reflectance-enhanced image with the
illumination-aware mask pixel-wise to obtain the
preliminary enhanced single-channel image for the
k-th RGB channel:

jenh,k(xvy) = fk(l‘a y) : Mk(xvy) (7)

Here, the subscript £ denotes the index of the RGB
channel, so fenh,k(a;,y) represents the preliminary
enhanced image of the k-th single color channel
calculated by Eq. (6). After processing all three
RGB channels, we concatenate _fenh’l, fenhjg, I enh,3 into
a multi-channel feature tensor with C;,, input channels,
which is fed into the subsequent EAConv module.

The enhanced RGB image is subsequently forwarded
to the backbone network for feature extraction.
Flame features present obvious differences in spatial
distribution and temporal evolution status; fixed
feature extraction strategies cannot adaptively capture
such dynamic variations. To solve this problem, we
embed an EAConv adaptive convolution submodule
after the reflectance enhancement branch inside AREM.
EAConv first generates an adaptive weight map via
1 x 1 convolution, normalizes it through the sigmoid
function to obtain a channel-spatial activation weight
map, and recalibrates the enhanced flame features
accordingly. This local modulation strategy adaptively
revises feature representation according to real-time
flame conditions at different positions, enabling
effective modeling of spatiotemporal variation of flame
characteristics.

For the multi-channel tensor, we use the general
subscript i € {1,2,...,Cj, } to denote arbitrary input
channels, and the corresponding input feature of the
i-th channel is denoted as fenh,i(x, y). For EAConv
calculation, we use the enhanced image fenhﬂ-(x,y)
(i € {1,2,...,Cin}) as input features. For the o-th
output channel, the intermediate weight map W, (z,y)
is calculated as:

Cin
Wo(z,y) = > woi - Fi(w,y) + bo (8)
i=1
where w, ; represents learnable kernel weights of the
1 x 1 convolution mapping the i-th input channel to
the o-th output channel; b, is the corresponding bias
term; the summation traverses all C;, input channels.

We normalize the weight range via the sigmoid
function to obtain normalized activation weights
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Zo(, y):

o(2,y)) 9)
where Z,(z,y) is the adaptive modulation weight
assigned to pixel (z,y) of the o-th output channel.

Zo(2,y) = sigm(W.

Before feature recalibration, we define Iyt 0(, y) as the
unadjusted enhanced feature map of the o-th channel
from the input multi-channel tensor, which serves as
the original feature to be modulated by the weight map
Zo(z,y). We multiply the normalized weight map with
the enhanced feature map element-wise to implement
feature recalibration and acquire the final adaptively
adjusted output feature map:

Iout,o(xa y) = Zo(x7 y) : jenh,o(l'a y) (10)

Substituting Eq. (9) into Eq. (10), and expanding
Zo(z,y) using its explicit form derived from Egs. (8)
and (9), the complete adaptive feature redistribution
process can be expressed as:

Iout,o(xa y) =

Cin
Slgm (Z Woy5 * enh 2(1: y) +b

=1

) enho(l' y) (11>

3.3 Self-Adaptive Feature Convolution Module

In practical EV fire scenarios, flame and smoke
targets often exhibit significant scale variation. Small
flames, thin smoke trails, and diffuse smoke regions
may appear simultaneously in the same scene,
which places higher demands on multi-scale feature
representation. To address this issue, the proposed
framework introduces the Self-Adaptive Feature
Convolution module to improve the extraction of fire-
and smoke-related patterns at different scales while
maintaining lightweight computation.

As shown in Figure 3, SAConv adopts a multi-branch
design to extract features with different receptive
fields. After an initial channel projection, the input
feature map is processed by several parallel branches,
including an identity branch and three large-kernel
convolution branches with kernel sizes of 9 x 9,
13 x 13, and 17 x 17. These branches enable the
module to simultaneously capture local details and
broader contextual information. Such a design is
particularly suitable for fire and smoke detection,
where targets may vary from compact flame edges
to widely distributed smoke regions. The extracted
multi-scale features are then concatenated and fused
through a 1 x 1 convolution to generate the final output
representation.

Mathematically, given an input tensor, X € R7xWxe1,
where H and W denote spatial dimensions and ¢; is the
input channel dimensionality, the SAConv operation
is formalized as a composition of an initial projection,
multi-scale transformations, and a learnable fusion
step:

Y= @fuse<@/c (15 '¢ ))),M:4 (12)

where Y € R7*Wxe jg the output tensor with ¢y
output channels. The components are defined as
follows:

Initial Projection: The input X is first projected into
an intermediate feature space with reduced channel
dimensionality ¢ = |ca/4]:

XO — H;;HCI(X)

= o(Convy, 5 4.4(X;00)) (13)

where, TS 7 (x) : RExWxer _y RHxWx g o
’ o

parameterized projection operator with learnable

weights 0y, implemented as a convolution with kernel

size k, stride s, groups g, dilation d and activation o.

Multi-Scale Transformations: The intermediate
features &j are processed by M = 4 parallel branches,

each applying a kernel-specific transformation KC,,
RHXWXcl N RHXWXC’:

X()’
o(Convy,, 1.¢,d(Xo;0m)),

m =20

m € {1,2,3}
(14)

where k,, € {9,13,17} for m = 1,2, 3 corresponding

to kernel sizes of 99, 13 x 13, and 17 x 17, respectively,

with learnable parameters 6,,.

Km(Xo) = {

Feature Fusion: The transformed features are
concatenated along the channel dimension (®) and
fused viaa 1 x 1 convolution:

YV = Pryse([Ko(&o), K1 (X)), K2(X0), K3(X0)])

where @, : REXWXM _y pHxWxer dynamically
prioritizes fine-grained details and coarse-grained
contextual information, ensuring a comprehensive
representation of smoke and fire patterns.

(15)

Algorithm 1 outlines the Scale Adaptive Convolution
(SAConv) module, designed to enhance the model’s
ability to detect subtle and dispersed fire and
smoke features in challenging environments. By
integrating larger receptive fields, SAConv improves
feature extraction while preserving real-time inference
speeds. This balance between detection accuracy
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and computational efficiency makes SAConv highly
suitable for practical fire and smoke detection
applications, as validated through experimental
results.

Algorithm 1: Scale Adaptive Conv module

Initial Projection:
XO = H;é—m (X) = O'(COl’le,s,gvd(X; (90))

Multi-Scale Transformation:

K (X)) =
X(], m =0
U(CODVkm717c/’d(X();9m)), m e {1,2,3}

Feature Concatenation:
Z =@ Km(X0) =
[Ko(X0), ’Cl(Xo) KCa(Xp), K3(Xp)]

Feature Fusion:
Y = Ppyse(2), where

q)f .RHXWXMC/ _)RHXWXCQ
use -

Output:
y c RH xXW X ca

4 Experiments and Analysis

4.1 Data Sets

To evaluate the proposed method under realistic
EV fire scenarios, a dedicated EV-Fire dataset was
constructed for this study. The dataset contains
3,512 images collected from electric vehicle fire

environments under diverse lighting conditions,
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including 1,910 daytime images and 1,602 nighttime
images. Compared with general fire datasets, the
EV-Fire dataset places greater emphasis on low-light
scenes, which are more challenging because of
poor visibility, flame overexposure, and complex
background interference. This dataset therefore
provides a more suitable benchmark for evaluating fire
and smoke detection performance in EV environments.
To avoid data leakage, the training and test sets were
divided at the scene level, ensuring that highly similar
images from the same scene did not appear in both
subsets.

Figure 4 presents representative samples from the
EV-Fire dataset. As shown in Figure 4 (a), nighttime
images exhibit typical low-light characteristics,
including weak background illumination, strong local
brightness variation, and reduced target visibility. In
contrast, the daytime samples shown in Figure 4 (b)
provide clearer visual information and relatively more
stable scene conditions. By covering both daytime
and nighttime fire scenarios, the dataset supports
a comprehensive evaluation of model performance
under different lighting conditions.

Figure 5 shows the statistical distribution of the dataset.
The training and testing sets maintain a relatively
balanced distribution across daytime and nighttime
scenes, which helps reduce evaluation bias caused by
illumination differences. In addition, the annotation
distribution of fire and smoke targets is also relatively
balanced, allowing the dataset to support joint
evaluation of flame and smoke detection performance.
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(b)

Figure 4. Sample images from the fire dataset. (a)
Nighttime vehicle fire images. (b) Daytime vehicle fire
images.

Such a distribution is beneficial for improving model
generalization across different fire-related patterns and
scene conditions.

All images in the EV-Fire dataset were manually
annotated using bounding boxes for two categories,
namely fire and smoke. The annotations focus on
spatial localization of fire-related targets and do not
include additional metadata such as fire intensity or
environmental attributes. This design is consistent
with the objective of this study, which is to evaluate
the effectiveness of visual detection methods for fire
and smoke recognition in EV environments. Moreover,
by specifically incorporating a substantial number of
nighttime samples, the dataset provides an effective
basis for assessing the robustness of detection models

under low-light conditions.

4.2 Ablation Studies

All experiments were conducted on a Windows
11 workstation equipped with an Intel® Core™
i5-12600KF CPU, an NVIDIA GeForce RTX 4060 Ti
GPU (16 GB VRAM), and 32 GB DDR4 system
memory, using Python 3.10, PyTorch 1.13.0, and CUDA
11.7. The model was trained for a maximum of
100 epochs with a batch size of 32 and an input
resolution of 640 x 640 pixels, using SGD as the
optimizer with an initial learning rate of 0.01 and
Mosaic augmentation disabled during the final 10
epochs to stabilize convergence. To ensure consistency
and fairness across all comparative experiments, the
confidence threshold was uniformly set to 0.25 and
the IoU threshold to 0.7 during both validation and
inference stages, with the number of data-loading
workers set to 0 to guarantee stable training under
the Windows environment. Detection performance
was evaluated using standard COCO-style metrics,
including mAP@0.5 and mAP@0.5:0.95, providing a
comprehensive assessment of localization accuracy
across both loose and strict IoU thresholds to ensure
the credibility and reproducibility of the reported
results.

To verify the effectiveness of the proposed components,
ablation experiments were conducted on several
lightweight YOLO baselines. The analysis focuses on
three aspects: the contribution of AREM and EAConv,
the effectiveness of the auxiliary structure, and the
combined effect of the auxiliary structure and SAConv.
The corresponding results are reported in Tables 1, 2
and 3.

Table 1 evaluates the effect of AREM and EAConv
on six YOLO baselines. Overall, the proposed
modules improve detection performance for most
models, indicating that the feature enhancement
strategy is effective in refining fire- and smoke-related
representations. Taking YOLOv5-n [30] as an example,
its baseline fire detection performance is 83.2% AP50
and 48.2%. When only the AREM module is
embedded, the metrics rise to 84.6% AP50 and 48.7%.
After integrating both AREM and EAConv modules,
the fire performance is further boosted to 85.1% AP50
and 48.9%. Meanwhile, YOLOv11l-n [31] improves
from 83.8% AP50 and 55.0% AP to 84.8% AP50 and
56.0% AP with dual modules. Similar consistent
performance gains on both smoke and fire tasks can
also be observed in YOLOv6-n [32] and YOLOv7-t [33].
For YOLOVS-n [34], the improvement is more evident
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Figure 5. Statistics of the fire dataset. (a) Distribution of daytime and nighttime fire dataset. (b) Label distribution of the
fire dataset.

Table 1. Performance of AREM and EAConv at six baselines.

Method AREM EAConv Smoke Fire
AP50 (%) AP (%) AP50(%) AP(%)
79.2 38.8 83.2 482
YOLOV5-n v 79.1 38.7 84.6 48.7
v v 79.1 38.9 85.1 48.9
80.0 47.3 81.8 47.9
YOLOV6-n v 80.8 47.2 81.9 47.5
v v 81.0 47.1 83.1 48.1
745 334 82.4 495
YOLOv7-t v 741 335 83.4 50.1
v v 74.0 34.0 83.5 50.8
78.9 45.0 82.7 55.1
YOLOvS-n v 82.1 46.1 84.1 545
v v 82.3 46.7 83.3 55.1
812 44.6 81.1 50.7
YOLOVIO-n v 813 455 80.9 50.6
v v 81.6 45.8 80.5 50.8
84.4 45.9 83.8 55.0
YOLOvll-n v 84.3 45.4 84.6 55.7
v v 84.2 46.1 84.8 56.0

in smoke detection: smoke AP50 rises from 78.9%
to 82.3% and smoke AP increases from 45.0% to
46.7% when both modules are applied. In contrast,
the gain for fire detection is less consistent. The
fire AP drops slightly to 54.5% when only AREM is
used, and returns to the baseline value of 55.1% after
EAConv is introduced. Meanwhile, fire AP50 first
improves to 84.1% with AREM alone, then decreases
to 83.3% when EAConv is further added, indicating
that the effectiveness of EAConv may vary across
different backbone architectures. By comparison,
YOLOV10-n [35] shows a slight decline in fire AP50 as
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modules are added progressively, indicating that the
effectiveness of the proposed enhancement strategy
remains partly dependent on the underlying detector
architecture.

Table 2 further examines the contribution of the
auxiliary structure as a whole. The results show that
the auxiliary branch consistently improves detection
accuracy on most baselines while introducing only
limited computational overhead. For example,
YOLOvV5-n-au achieves 85.1% AP50 and 48.9% AP,
corresponding to gains of 1.9% and 0.7%, respectively,
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Table 2. Ablation study on the auxiliary structure for the YOLO series.

Models nljf;f‘;zftg\rj) AP50(%)-fire  AP(%)-fire bia;;?;ys) F%gfs
YOLOV5- 176 832 82 9.0 i1

YOLOV6-n 43 81.8 479 9.5 11.1

Bosclines | YOLOV:t 6.0 82.4 495 7.4 13.2
YOLOv8-n 3.1 82.7 5.1 21 8.2
YOLOv10-n 26 81.0 50.7 25 8.2
YOLOv11-n 25 83.8 55.0 15 6.3
YOLOv5-n-au 19 851(+19) 489(+07) 85 13

Bcelineg  YOLOVE-n-au 46 83.1(+19) 481(+02)  10.1 10.9
smiliory YOLOVZ-tau 6.2 835(+1.1)  50.8(+1.3) 82 13.0
Y YOLOvS-n-au 3.01 833(+0.6) 55.1(+0.0) 14 8.1
YOLOv10-n-au 272 805(-0.5)  50.8(+0.1) 23 8.1
YOLOvll-n-au 252 848(+1.0) 560(+1.0) 18 6.3

while YOLOv11-n-au achieves 84.8% AP50 and 56.0%
AP, improving both AP50 and AP by 1.0%. At the
same time, the changes in FLOPs and latency remain
relatively small, suggesting that the auxiliary structure
improves feature representation without substantially
sacrificing efficiency. Nevertheless, the improvement
remains limited for YOLOv8-n and slightly negative for
YOLOvV10-n in AP50, again showing that the proposed
structure is more effective for some architectures than
for others. Even so, the overall trend across the tested
baselines supports the effectiveness of the auxiliary
branch in enhancing fire-related feature extraction.

Table 3 analyzes the individual and combined
contributions of SAConv and the auxiliary structure.
When SAConv is introduced alone, most models
achieve higher AP50 and AP, indicating that
multi-scale feature extraction is beneficial for fire
and smoke detection, especially for small flames and
diffuse smoke. For example, YOLOv5-n-saconv
improves to 83.7% AP50 and 47.0% AP, and
YOLOv11-n-saconv reaches 85.0% AP50 and 51.2% AP.
When only the auxiliary structure is applied, moderate
but consistent gains are observed in most models.
When both SAConv and the auxiliary structure are
combined, the best overall performance is obtained
on YOLOv11-n-saconv-au, which reaches 85.3% AP50
and 52.2% AP, corresponding to improvements of
1.2% and 1.7% over the baseline. This result indicates
that the two components are complementary: the
auxiliary structure mainly enhances weak fire-related
features under complex illumination, while SAConv
improves multi-scale representation capability.
However, the combined strategy still does not improve
all architectures equally, as YOLOv10-n-saconv-au
shows a slight decline. Therefore, the ablation

results suggest that the proposed design is generally
effective, but its performance gain remains partly
architecture-dependent.

Overall, the ablation experiments demonstrate that
the proposed modules improve detection performance
from different perspectives. AREM and EAConv
mainly strengthen weak feature representation and
suppress background interference, whereas SAConv
enhances the modeling of fire and smoke targets at
different scales. Their combination yields the best
overall result on the strongest baseline, confirming
that the proposed framework can improve detection
accuracy while preserving lightweight characteristics.

4.3 Comparison Experiments

To further evaluate the effectiveness of the proposed
method, comparison experiments were conducted
under two settings: the full EV-Fire dataset containing
both daytime and nighttime scenes, and the nighttime
subset focusing on low-light conditions. This design
allows the proposed method to be assessed not only
in terms of overall detection performance, but also in
terms of robustness under challenging illumination
conditions. The corresponding results are reported
in Tables 4 and 5. All latency results were measured
under the same hardware and software environment
using the same input resolution, inference setting, and
batch size to ensure fair comparison.

Table 4 presents the comparison results on the full
dataset. Among the lightweight YOLO baselines,
YOLOvV11-n achieves the best overall balance between
accuracy and efficiency, reaching 84.1% AP50 and
50.5% AP with a latency of 1.5 ms. EFA-YOLO
also shows strong efficiency, with only 1.9G FLOPs
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Table 3. Ablation experiments of the SAConv and auxiliary structure.

Models P?;‘;;“ F%gfs AP50(%)  AP(%) bf‘st;?g)
YOLOv5-n 1.7 4.1 81.2 43.6 9.0
YOLOv6-n 4.6 11.3 81.1 47.6 4.2
baseline YOLOvV7-t 6.3 13.2 78.4 414 74
YOLOv8-n 3.0 8.2 80.8 50.1 2.1
YOLOvV10-n 2.6 8.2 81.1 47.7 2.5
YOLOv11-n 2.5 6.3 84.1 50.5 1.5
YOLOV5-n- saconv 16 40  83.7(+25) 47.0(+34) 104
YOLOV6-n- saconv 4.5 11.0  82.1(+1.0) 48.0(+0.4) 45
Part I: SAConv YOLOv7-t- saconv 6.3 13.5  80.6(+2.2) 42.1(+0.7) 8.6
(ours) YOLOV8-n- saconv 29 8.0  83.8(+3.0) 50.9(+0.8) 4.1
YOLOvV10-n- saconv 2.7 8.1 79.6(-1.5) 48.0(+0.3) 2.6
YOLOv11-n-saconv 2.5 6.2  85.0(+09) 51.2(+0.7) 2.0
YOLOv5-n-au 1.9 4.3 82.1(+0.9) 44.0(+0.4) 8.7
YOLOv6-n-au 4.6 109  822(+1.1) 47.6(+0.0) 4.0
Part II: auxiliary YOLOv7-t-au 6.2 13.0 78.8(+0.4) 42.4(+1.0) 6.9
structure (ours) YOLOv8-n-au 3.0 8.1 82.8(+2.0) 50.9(+0.8) 1.7
YOLOv10-n-au 2.7 81  81.0(-0.1) 48.3(+0.6) 2.9
YOLOv11-n-au 25 63  845(+04) 51.1(+0.6) 2.0
YOLOvV5-n- saconv-au 1.6 4.0 83.7(+2.5) 44.1(+0.5) 8.0
) YOLOv6-n- saconv-au 4.6 10.5  82.2(+1.1) 47.6(+0.0) 3.5
N f if(tﬂllgr;?ssgire YOLOV7-t- saconv-au 6.3 128  80.5(+2.1) 42.5(+1.1) 6.5
(ours) YOLOvV8-n- saconv-au 3.0 8.1 82.2(+1.4) 51.0(+0.9) 2.0
YOLOv10-n-saconv-au 2.6 8.4 80.9(-0.2) 47.3(-04) 2.5
YOLOv11-n-saconv-au 25 6.3 85.3(+1.2) 52.2(+1.7) 2.0

Table 4. Performance comparison of State-of-the-Art real-time detectors on the full "fire dataset".

Models Year Param. FLOPs AP50 AP Latency
(M) (G) (%) (%) b=32(ms)
SSD512 [39] 2016 523 1397 769 406 235
Faster RCNN [38] 2017 410  180.1 804 497 413
DETR [37] 2020 413 864 816 464 55.6
YOLOv5-n[30] 2022 17 41 812 436 9.0
YOLOv6n[32] 2022 46 113 811 476 42
YOLOv7-t[33] 2023 63 132 784 414 7.4
YOLOvS-n [34] 2024 3.0 82 808 501 21
YOLOv10-n [35] 2024 2.6 82 811 477 25
YOLOv1ln[31] 2024 25 63 841 505 15
EFAYOLO [25] 2024 2.1 19 834 511 12
Enhanced 2024 37 113 828 431 7.4
YOLOX [36]
Proposed 2024 25 63 853 522 18
Method

and 1.2 ms latency, while achieving 83.4% AP50 and
51.1% AP. Meanwhile, Enhanced YOLOX, another 2024
model, achieves 82.8% AP50 and 43.1% AP, but with a
higher computational cost (11.3G FLOPs) and latency
of 7.4 ms, making it less ideal for speed-sensitive
applications. In comparison, the proposed method
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achieves the best overall detection accuracy, reaching
85.3% AP50 and 52.2% AP with 6.3G FLOPs and 1.8
ms latency. Compared with YOLOv11-n, the proposed
method improves AP50 by 1.2% and AP by 1.7%,
while maintaining a lightweight computational cost.
These results indicate that the proposed framework
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Figure 6. Qualitative comparison of detection results among different models under daytime and nighttime scenarios.

improves feature representation without introducing
a substantial efficiency penalty.

Although the improvement over the strongest baseline
is moderate, it should be noted that YOLOv1ll-n
already provides a relatively high-performance
baseline. Under such conditions, further gains become
more difficult to obtain. Therefore, the observed
improvements suggest that the proposed framework is
effective in refining discriminative fire-related features,
rather than merely benefiting from a weaker baseline.

To complement the quantitative results in Table 4,
Figure 6 provides a qualitative comparison under
both daytime and nighttime scenarios. In daytime
scenes, most compared methods are able to detect
large and visually obvious flame regions. However,
the proposed method produces tighter bounding boxes
and more reliable confidence scores, indicating better
localization quality. These qualitative observations are
consistent with the quantitative gains reported on the
full dataset and show that the proposed framework
improves not only numerical performance but also
prediction stability in representative EV fire scenes.

Table 5 further evaluates detection performance on the
nighttime subset, where low illumination, background

interference, and flame overexposure make the task
more challenging. Under this setting, the performance
gap between models becomes more evident. YOLOv7-t
performs the worst, with only 14.7% AP50 and
3.83% AP, while YOLOv6-n and YOLOv10-n also
show limited adaptability to nighttime fire detection.
YOLOv11-n achieves 52.3% AP50 and 24.9% AP,
making it the strongest YOLO baseline on the
nighttime subset. The proposed method further
improves the performance to 52.9% AP50 and 26.5%
AP, with the same FLOPs as YOLOv11-n. Although the
AP50 improvement is only 0.6%, the AP gain reaches
1.6%, indicating that the proposed framework provides
more stable localization and ranking performance
under low-light conditions.

Figure 7 provides the corresponding qualitative
comparison on representative nighttime samples.
Under low-light conditions, several baseline models
show insufficient flame coverage, incomplete smoke
detection, or unstable prediction results. In contrast,
the proposed method is able to simultaneously detect
flame and smoke targets more reliably. It shows
better stability in both flame localization and smoke
representation, especially in scenes with long viewing
distance, low visibility, and strong background
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Figure 7. Qualitative comparison of detection results on representative nighttime fire scenes.

Table 5. Performance comparison of State-of-the-Art real-time detectors on the "nighttime dataset".

Param. FLOPs AP50 AP Latency
Models Year N (G) (%) (%) b=32(ms)
SSD300 [39] 2016 5.5 31.0 385 17.8 12.6
Faster R-CNN [38] 2017 41.0 180.1 542  26.1 85.2
DETR [37] 2020 41.3 86.1 46.5 21.2 68.0
YOLOv5-n [30] 2022 1.7 4.1 440 213 9.0
YOLOvV6-n [32] 2022 4.6 11.3 329 134 51
YOLOv7-t [33] 2023 6.3 13.2 14.7 3.83 7.4
YOLOv8-n [34] 2024 3.0 8.2 464 213 2.1
YOLOvV10-n [35] 2024 2.6 8.2 38.8 17.6 3.0
YOLOv11-n [31] 2024 2.5 6.3 523 249 2.3
Proposed
Method 2024 2.5 6.3 529 265 3.0

interference. These observations further support the
conclusion that the proposed framework is particularly
effective in enhancing weak fire-related features under
nighttime conditions.

Overall, the comparison experiments demonstrate
that the proposed method achieves the best overall
detection accuracy on the full dataset and maintains
superior adaptability on the nighttime subset.
Combined with the qualitative results shown in
Figures 6 and 7, these findings show that the proposed
framework improves both quantitative performance
and practical robustness, making it more suitable for
real-time fire and smoke detection in complex EV
environments.
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5 Conclusions

This study proposed a lightweight dual-branch
framework for fire and smoke detection in electric
vehicle environments, with a particular focus
on low-light conditions. To improve feature
representation under weak illumination and complex
backgrounds, the proposed method integrates the
Adaptive Reflectance Enhancement Module (AREM),
the Element-wise Adaptive Weight Convolution
(EAConv), and the Self-Adaptive Feature Convolution
(SAConv). In addition, an EV-Fire dataset containing
3,612 images, including 1,910 daytime and 1,602
nighttime samples, was constructed and publicly
released to support evaluation under diverse lighting
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conditions. Experimental results show that the
proposed method achieves 85.3% AP50 and 52.2%
AP on the full dataset, and 52.9% AP50 and 26.5%
AP on the nighttime subset, demonstrating strong
overall performance and good adaptability to
low-light scenarios. The ablation results further verify
that the proposed modules improve weak feature
representation, suppress background interference,
and enhance multi-scale feature extraction.

Overall, the proposed framework provides an effective
and practical solution for real-time fire and smoke
detection in electric vehicle environments. However,
the performance gain of the proposed framework
remains partly architecture-dependent, as slight
performance degradation is observed on certain
detector variants.  Future work will focus on
improving robustness under more complex conditions,
such as dense smoke, severe occlusion, and strong
artificial illumination, while further enhancing the
generalization of the proposed design across different
detector architectures.
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