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In this paper, a multi-scale fire and smoke detection model, named FSD-Net, is established upon the
YOLOv11s model to overcome the challenges in outdoor fire scenarios, such as large variations in target
shapes, complicated backgrounds, and the difficulty of detecting small objects. First, a multi-scale feature
extraction module, C3Swin, is designed by integrating the Swin Transformer into the backbone network.
This strengthens the model’s capability to capture fine-grained fire and smoke features. Second, we
incorporate shallow features into the FPN-PAN architecture to improve small-object detection
performance. Third, we developed a lightweight fusion module, GS-A2C2f, to enhance the model’s feature
fusion capabilities.. Furthermore, GhostConv is employed to decrease computational complexity. An
auxiliary bounding-box loss function, Inner-CloU, is introduced to better balance detection performance
and inference speed. Experimental results on a self-built dataset comprising 11,672 images evaluated
following the COCO metrics, suggest that, compared to baseline model, FSD-Net achieves improvements
of 2.5%, 2.3%, and 1.1% in precision, recall, and mAP@50, respectively, while lessening the number of
parameters by 1.3 million and increasing FPS by 3.8%. These results confirm that FSD-Net achieves
accurate fire smoke detection and localization, providing an effective solution for outdoor fire detection
in complex environments.

Povzetek: Predstavljen je model za zaznavanje ciljev za zgodnje opozarjanje na pozarni dim na prostem.
Model temelji na izboljsanem modelu YOLOv I 1s in omogoca natancnejse ter ucinkovitejse prepoznavanje
in lokalizacijo pozarnega dima v kompleksnih okoljih.

1 Introduction

Fire has consistently threatened social safety and
economic security. In 2025, the wildfires in Los Angeles,
California, USA, resulted in economic losses of tens of
billions of dollars!!. Outdoor fires generally feature high
intensity and rapid spread, frequently bringing about
devastating consequences. Therefore, effective fire and
smoke detection in outdoor environments is of great
significance for early warning.

Although traditional fire smoke detection methods
have been widely applied, they rely heavily on manual
feature derivation and handcrafted feature design, leading
to high expenses and restricted flexibility in complex
environments?, In recent years, deep learning-based fire
smoke detection methods have become a useful solution,
attributed to their capability of automatic feature
extraction. These approaches are typically classified into
two-stage object detection methods, one-stage object
detection methods and Transformer-based detection
methods.

Two-stage detection methods, represented by Faster
R-CNNE! and Mask R-CNNM, require region proposals

followed by feature extraction. While they achieve high
detection accuracy, their detection speed is relatively slow.
In contrast, one-stage detection methods, represented by
YOLOP], can locate detection targets and simultaneously
determine the detection area, providing a favorable
equilibrium between accuracy and real-time performance.
Thus, they are suited for fire smoke detection operations.
Xiao et al.®! improved YOLOV5 by introducing depth-
wise separable convolution, Ghost convolution
(GhostConv), and adaptive receptive field convolution
(FConv) to enhance feature representation while
minimizing model complexity, even though the recall rate
decreased. Chen et al.[ introduced a bidirectional feature
pyramid network (BiFPN) into YOLOV8 and combined it
with a lightweight mixed local attention mechanism
(MLCA) to improve the model’s capability of extracting
small smoke features. Nonetheless, the model’s
performance remained limited in complex scenarios. Zhao
etal. ¥ proposed a dual-path residual attention mechanism
in YOLOv1ll and employed a detection head
incorporating attention mechanisms to compensate for
feature loss in smoke-obscured regions. The YOLO
framework, despite its high efficiency, still has some
limitations in extracting multi-scale features, such as
insufficient sensitivity to small objects [,
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In recent years, vision Transformers have
demonstrated strong performance in computer vision
tasksi® and have been widely applied in fire smoke
detection research (Zheng et al. 4, Sun et al. 4, and
Wang et al. [131) However, these methods rely on attention
mechanisms and hence typically involve high
computational costs.

Regardless of the rapid advancement of related
research, fire smoke detection in complex outdoor
environments still faces numerous challenges, such as
complex backgrounds, interfering objects, and difficulties
in detecting small targets. In recent years, multi-scale
features have effectively enhanced a model’s adaptability
to complex environments. For example, Qureshi et al. 14
demonstrated that a multi-scale convolutional neural
network feature extraction strategy tailored to variations
in Region of Interest (Rol) scale improves the efficiency
of classification models in multi-scale scenarios with high
effectiveness. Yin et al. [3 incorporated dilation
convolutions with varying dilation ratios into the
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YOLOV5 backbone network, contributing to the enhanced
multi-scale feature capture capability of the C3 module. Li
et al. [% integrated their self-developed Multi-Scale
Convolutional Attention (MSCA) mechanism into the
neck network of YOLOv11 and strengthened the model’s
ability to capture multi-scale spatial features using multi-
branch deep convolutions. While these studies have
yielded encouraging results, they largely focus on a single
dimension: either enhancing the model’s multi-scale
feature extraction capabilities or improving its multi-scale
feature fusion capabilities.

In this study, the challenges in outdoor fire detection,
such as complex environmental interference and the
difficulty of detecting small targets are addressed by using
YOLOV11s as the baseline model and proposing a fire and
smoke detection algorithm combining multi-scale feature
extraction and fusion. This approach aims to improve
detection accuracy while lowering model size and
computational costs. Table 1 presents a comparison of the
aforementioned studies.

Table 1: Summary of existing studies on fire smoke recognition and localization

Author/Year Model Used Datasets ?&;g) Pre()g/los)l on R(?;S” p?:\’/?)m Main Weaknesses
Xiao et al. YOLOv_55+ ) 15,944 The effectivenqss of the testing
(2023)81 Involution images, flame 70.8 74.3 62.6 3.56 has not been validated for small-
Operator and smoke scale targets.
11,130 Detection capabilities are limited
Chenetal. YOLOv8n+BiFP images forest in more complex scenarios such
(2025)7 N+MLCA fire and 801 NIA NIA 20 as foggy conditions or when
smoke objects are obstructed.
The model has a large number of
YOLOv11+C3k2- 10,641 . .
Zhao et 3I. DWR+SEAMHea  images, flame 69.2 779 64.8 14 parameters; thf_e effectiveness of
(2025) & d+W-SloU and smoke the loss function has not been
validated on a real dataset.
Lietal. YOLO_&;IS:MUI“ ) 21,527 No numbe_r of arguments was
(2025)191 Convolutional images, flame 774 79.7 69.8 N/A provided; this may |_nvolve heavy
Attention and smoke computation.

2 Materials and methods

2.1 Architecture of proposed method

2.1.1 Baseline model

The YOLO series algorithms are representative one-
stage object detection methods and have been widely
applied in the field of fire smoke detection recently”,
YOLOv11s!8l as the latest model released by Ultralytics,
adopts a more lightweight framework while achieving
improved detection performance.

The network structure of YOLOv11s is composed of
the backbone network (Backbone), the neck network
(Neck), and the detection head (Head). The backbone
network enhances local feature extraction capability by
introducing the C3k2 module. This module contains cross-
layer connections and split operations while supporting
customizable convolution kernel sizes, thereby facilitating
flexible adaptation to different task scenarios.
Additionally, the C2PSA module is incorporated to
provide YOLOv1l with a strong spatial perception
capability through a spatial attention mechanism!*®l. The

neck network adopts the Feature Pyramid Network
(FPN)2! and Path Aggregation Network (PAN) [,
referred to as the FPN-PAN structure, to achieve multi-
level semantic information fusion. The head utilizes a
decoupled detection head, which separates the original
detection head into an object detection head and a
classification head. Two  depthwise  separable
convolutions (DSConv?l) are integrated into the
classification head to reduce the number of parameters and
computational cost.

While YOLOv11s currently performs well in most o
bject detection tasks, it encounters difficulties in outdoor
fire smoke detection. Particularly, the model may produc
e false detections and missed detections in outdoor scenes
with complicated backgrounds and intertwined fire and s
moke features. Given these issues, a multi-scale outdoor f
ire detection model, named FSD-Net, is established in ou
r study based on YOLOvV11s. (In this paper, the YOLOvV1
1s model is implemented based on the open-source reposi
tory released by Ultralytics https://github.com/ultralytics/
ultralytics)

2.1.2 FSD-Net network

The architecture of FSD-Net is illustrated in Figure 1.
In the backbone, a multi-scale feature extraction module,
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named C3Swin, is proposed. The module augments the
model’s multi-scale feature extraction capability by
introducing the Swin Transformer and combining it with
convolutional channel improvements. Furthermore, the
shallow feature layer P2 is integrated into the FPN-PAN
structure to strengthen the model’s ability to detect small-
scale targets.

Input:640*640*3

( Cov ) Concat GS-A2C2i(I=1))—— DETECT
| T 1
( Conv ) (Upsample ) (_ Conv )

cike T

N
Concat DETECT
C3k2
Upsample
GS-A2C2f(1=4;
GS-A2C2f(l=1)——— DETECT

GhostCary

Upsample

GhostConv

Backbone Neck Head

Figure 1: Structure of FSD-Net

In the neck, a lightweight feature fusion module,
named GS-A2C2f, is constructed to improve the
effectiveness of feature fusion. A GhostConv replacement
strategy is designed to replace part of the standard
convolution operations, allowing for the optimization of
model parameters and achievement of a balance between
detection effectiveness and inference speed. Furthermore,
the loss function Complete Intersection over Union
(CloU), which measures the overlap between predicted
and true bounding boxes, is replaced with Inner-CloU, an
adaptation incorporating information from an efficient
auxiliary bounding box. This modification alleviates
gradient attenuation (slowed learning) within regions with

N
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high intersection-over-union values while improving the
stability of the model during training.

The structure of the proposed modules will be
detailed in following sections.

2.2 Core improvements of FSD-Net

2.2.1 C3Swin module

The C3k2 module in YOLOv1ls introduces a
variable convolution structure, C3k, to improve the
flexibility of the network. Nonetheless, the contextual
information modeling capability provided by variable
convolution remains limited. Through the Shifted
Window Multi-head Self-Attention mechanism (Shifted
Window Multi-head Self-Attention, (S)W-MSA), Swin
Transformer retains richer contextual information with
relatively low computational complexity. In recent years,
it has been widely applied in fire smoke detection tasks
and has demonstrated strong performancelt3242°, Inspired
by this approach, a Swin Transformer layer is introduced
into C3k in this study to improve the channel convolution
in C3k2, enabling the design of the C3Swin module.

Figure 2(a) illustrates the specific structure of the
Swin Transformer layer used in this study, where LN and
MLP denote the normalization layer and the multilayer
perceptron, respectively. It is adopted to enhance
nonlinear feature transformation capability. W-MSA and
SW-MSA represent the window-based self-attention
mechanism and the shifted window self-attention
mechanism, respectively. The two are connected through
residual connections, collectively referred to as (S)W-

MSA. The variables ZI_1 embodies the input features in
Swin Stage; (2!, 2'*1) and (2!, z!'*1) signify the output
features of (S)W-MSA and MLP, respectively.

Layer n+1

(b) Feature interaction process of the Shifted Window Multi-head Self Attention across

adjacent layers

Figure 2 : (a) Schematic illustration of Swin Stage structure; (b) Shifted Window Multi-head Self Attention.

In this paper, structure in Figure 2(a) is referred to as
a Swin Stage. The computation process of a feature map
within a Swin Stage is expressed as:

5 =W-MSA(LN(Z 1)+ 22 (1)
2 = MLP(LN(2)) + 2 (2)

s+ — sw-MSALN(Z!)) + 2! (3)

2+ = MLP(LN () + 21+ (4)

The process by which the n-th layer feature map
passes through a Swin Stage is depicted in Figure 2(b).
The feature map is first divided into four equal windows
in the W-MSA layer, and self-attention is computed
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independently within each window. In the next layer, SW-
MSA performs a complete shift of the window partition to
generate nine new irregular windows. When self-attention
is computed again, each new window obtains more
information from the four windows of the n-th layer. This
design establishes information interaction among
windows, enabling the module to capture richer contextual
information within a relatively small receptive field.

The structure of C3Swin is displayed in Figure: 3. A
new module named C3ST is formed by replacing the
bottleneck layer (Bottleneck) of C3k with a Swin Stage.
In the original version of the C3k module, the parameter k
controls the variable convolution kernel size (Kernel
Size=k). In C3ST, k is mapped to the attention receptive
field size of (S)W-MSA (Window Size=k), allowing the
W-MSA and SW-MSA window sizes to be directly
controlled through the base parameter of C3k. The number
of attention heads for the (S)W-MSA is set to 4, the
attention window size to 7, and the depth to 2.

C3ST

W-MSA=SW-MSA=k
(Window Size)

FC CBS ) Swin Stage

—»/Split CBS ¢ —( cBs )
r<C3ST,r;1;-2/E;-c;ttleneck
o~
F»(C3ST,n=2/BottIeneck>J
C3ST,n=2/BottIeneck>J
CBS split— CBS ' ,'c ( cBs

(Addition)

Figure: 3 C3Swin module

The introduction of the Swin Stage enables the
channel containing C3ST to extract features with richer
abstract information, leading to a large semantic gap
compared with the split features in the other branch. For
the purpose of avoiding overfitting and information
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redundancy during feature concatenation, a 1x1
convolution layer is added to the branch channel that does
not pass through C3ST. In this way, the channel features
are aligned and remapped to improve the quality of the
concatenated features. Additionally, the switching
mechanism between the C3ST module and Bottleneck is
retained in the C3Swin module to accommodate scenarios
where partial detection performance may be sacrificed in
exchange for higher detection speed and reduced model
capacity.

To sum up, the C3Swin modules significantly
improve multi-scale feature extraction capability by
introducing the Swin Transformer while maintaining
controllable model parameters and computational
complexity. Therefore, the can be efficiently applied to
fire smoke detection tasks in complex outdoor
environments.

2.2.2  Shallow feature fusion

Targets in outdoor fire smoke scenarios commonly
feature irregular shapes and large variations in scale.
Shallow feature information plays a crucial function in
preserving semantic details and spatial information of fire
and smoke, especially for small targetsi?627, In
YOLOvV11s, the P2 layer is the shallow feature layer with
the highest resolution and the smallest receptive field.
Therefore, the P2 layer is introduced into the Feature
Pyramid Network—Path Aggregation Network (FPN-PAN)
structure to expand the feature fusion scale of the model
and improve the detection capability for small targets.

Figure: 4 presents the FPN-PAN structure after the
introduction of the P2 layer. In the FPN stage, P2
participates in upsampling and multi-scale feature fusion,
generating a new feature map P19, which is subsequently
connected to the newly added small-object detection head.
In the PAN stage, P19 is further fused with higher-level
features through a bottom-up aggregation process such
that shallow features effectively participate in the
generation of the final detection results.
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Figure: 4 Schematic diagram of FPN-PAN with P2 Layer integration

Consequently, the model can learn richer small-
object features during the training process. The output

formulas of the newly added detection head Fl%”t is:

R = GsA2(Concat[a- Fg”, #-P2])  (5)

U
F16p =Upsample(Pyg,5=2) (6)
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where Concat denotes the feature concatenation
operation; Upsample signifies the upsampling operation.

P> represents the shallow feature from the P2 layer; Fl%p

embodies the upsampled feature from the P16 layer; S
refers to the scale parameter; a and g indicate the

normalized weights of the two features, respectively;
GSAZ2 stands for the lightweight feature fusion module
GS-A2C2f proposed in this paper, which will be detailed
in Section 2.2.3.

2.2.3 GS-A2C2f Module

Based on Section 2.2.2, a lightweight feature
extraction module, GS-A2C2f, is constructed by building
upon the A2C2f module proposed in YOLOv12[8, By
integrating the Area Attention mechanism (AAttn) and a
module lightweighting strategy, GS-A2C2f effectively
establishes cross-scale semantic correlations of targets in
spatial space and improves the suppression of non-target
regions while attaining efficient feature fusion. Its
structure is displayed in Figure: 5.

AAttn
(Variable)

> -am-o—

P—’ gamma
ceepeee N
n=2
» C —»

Figure: 5 GS-A2C2f module

The attention window division of AAttn is illustrated
in Figure: 6. For each operation, a feature map of
resolution (H, W) is divided into | segments of size (H/I,
W) or (H, W/I), and self-attention is computed within each
segment. The parameter | is typically set to 4 to ensure a
global receptive field. Under this configuration, the
computational cost of AAttn is reduced from n’hd to
1/4n?hd, where h denotes the number of attention heads, d
embodies the channel dimension per head, and n =H x W
signifies the number of pixels in the feature map. This
strategy eliminates explicit window partitioning and
substantially reduces the computation of the attention
mechanism while retaining global perceptual capability.

Figure: 6 Area Attention Window partitioning diagram
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Since directly introducing A2C2f into the expanded
network of Section 2.2.2 would still incur considerable
computational cost, a lightweight version of the module,
GS-A2C2f (Ghost-A2C2f), is proposed in this study.

The improvements of GS-A2C2f lie in the following
aspects:

GhostConv Replacement: Two standard convolution
layers in the module are replaced with GhostConv to
lessen memory consumption during backpropagation. As
revealed in Figure: 7, GhostConv[®! decomposes a
conventional convolution into two steps. First, a standard
convolution generates k feature maps. Next, additional
feature maps are generated by applying inexpensive linear
transformations to each channel. Finally, the two sets of
feature maps are concatenated to produce the output
feature map. This design lowers both the number of
parameters and computation while maintaining feature

representation capability.
Identity\(
= . =
Figure: 7 GhostConv

Input Output

MLP Ratio Adjustment: The multilayer perceptron
(MLP) in the ABlock is a major source of model intricacy.
The MLP ratio directly determines the number of hidden
channels, consequently influencing the overall number of
parameters and computational overhead. A single-layer
MLP’s parameters in ABlock are calculated by:

Paramspy p =Cin xCout (7
Cip =dim,Cqyt =rxdim (8)

where Ci, and Co.: represent the input and output channels,
respectively; dim denotes the hidden dimension; r
signifies the MLP ratio. In this paper, the MLP ratio of
A2C2f is reduced from the default value of 2.0 to 1.2,
leading to an approximately 40% decrease in
computational parameters.

AAttn Window Division Strategy: The division strategy
of AAttn windows in different layers of GS-A2C2f is
adjusted to balance computational effectiveness and
feature representation capability. As illustrated in Figure
1, the window division of AAttn is set to 4 for mid-level
high-resolution feature layers such as P13 and P16 to
preserve area attention; the window division is set to 1 for
deep low-resolution layers such as P19, P22, and P25,
suggesting that no window partitioning is applied, and
global attention is computed.

2.3 Other improvements

231

The improvements described above yield a moderate
increase in the overall number of parameters in the model.

GhostConv replacement strategy
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For the purpose of keeping the model size within a
reasonable range, GhostConv is further employed to
replace part of the standard convolution operations in the
network. Nevertheless, the linear transformation of
GhostConv may restrict its ability to represent high-
density features, bringing about a decline in model
accuracy. Given this issue, a GhostConv replacement
strategy is designed in this study to evaluate the results of
replacing GhostConv in different convolutional layers of
the model. The experimental results are Isited in Table 2.
The number of layers we ultimately selected for
replacement is shown in Figure: 8.

Table 2: GhostConv replacement position comparison

experiment
S:glsa'\[((::eﬂgnt Scheme mA(I;S)SO( Param(M) FPS
Non 79.5 9.3 80.1
All 79.0 7.8 80.2
Backbone only 79.5 8.2 79.0
Neck only 79.3 8.8 76.6
Layers 20 and 23 79.1 9.1 82.6
Layers 5, 7, and 26 79.3 8.1 85.2

The comparative experiments suggest that replacing
all standard convolutions with GhostConv contributed to
a significant reduction in model parameters but also led to
a substantial loss in detection accuracy. When only the
basic convolutions in the backbone network were
replaced, there was no loss in model accuracy, whereas the
FPS dropped. When only the convolutions in the neck
network were replaced, the model suffered a 0.2-point loss
in accuracy, while the model parameters remained
relatively high, and the FPS further declined.

Finally, we attempted to replace some of the high-
level feature extraction layers and the high-channel feature
fusion layers (hamely, the standard convolutions in layers
5 and 7 of the backbone network and layer 26 of the neck
network). At this point, GhostConv yielded the most
significant improvement to the model, and the 0.2%
accuracy loss was within an acceptable range. Meanwhile,
the number of parameters was reduced by 1.1 million, and
FPS was improved by 7%. In contrast, replacing only the
narrow-channel convolutions in layers 20 and 23 brought
about negligible improvements.

% ------ PAN
GhoItConv P26 GhostCony
P6
P25
GhostConv
i
| FPN

Figure: 8 GhostConv replacement layer
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Overall, the model achieved the best overall
performance when GhostConv was used to replace some
of the standard convolutions (layers 5, 7, and 26) only in
the high-level feature extraction layer and the high-
channel feature fusion layer. Therefore, this replacement
strategy was employed in our study.

2.3.2

YOLOv1ls employs Complete Intersection over
Union (CloU)BY as the default loss function. CloU can
accurately measure the similarity between two bounding
boxes. However, CloU has the following limitations in the
fire smoke detection process. When the width —height
ratios of the predicted box and the confidence box are
linearly correlated, the predicted box may considerably
exceed the target box without being strongly constrained.
This restricts the regression optimization process.
Additionally, the gradient of CloU tends to decay in zones
with high intersection-over-union (loU), leading to a clear
decrease in the convergence speed. Concerning these
issues, CloU is replaced with the Inner-CloU loss function
based on an efficient auxiliary bounding box in this study.
This function introduces the auxiliary bounding box
algorithm of Inner-loUBY into CloU to effectively
improve the boundary regression accuracy of the model,
expressed as:

Inner-CloU

Ot ot Ot % pati
t t W ratio gt t W ratio
ot =gt et ot gt WP rratlo (o)
t - gt* -
t t h9*ratio gt t  h% *ratio
bt =y =) =y a0
by = x, —ratio o 4 wrratio (11)
2 2
h*ratio h*ratio
b =Ye-—— =Y+ (12)
Inter = (min(b", by ) —max(6%" 1y ) .
. t t
+(min(b" by ) — max (b, by))
Union = (w9t h9%)  (ratio)? (1)
+(w*h) = (ra’[io)2 — Inter
B N B
Inner - loU =| pred "Bt | _ Inter (15)

where and denote the ground truth bounding box (GT
Box) and the anchor box (Anchor Box), respectively;
(Xcgt , ygt) represent the center coordinates of the GT Box

and its internal auxiliary box; (xc Yc) refersto the center

coordinates of the Anchor Box and its internal auxiliary
box; and embody the width and height of the GT Box,
respectively; w and h signify the width and height of the
Anchor Box, respectively. The parameter ratio is a scaling
factor used to control the size of the auxiliary bounding
box. Specifically, ratio < 1 indicates that the auxiliary
bounding box is smaller than the actual bounding box. In
this case, the effective regression range is smaller than that
of the loU loss, whereas the absolute gradient value is
larger, which helps accelerate the convergence of samples
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with high loU. Besides, ratio > 1 reflects that the enlarged
auxiliary bounding box expands the effective regression
range and provides better guidance for bounding box
regression in low-loU cases.

Applying Inner-loU to the CloU loss function results
in the Inner-CloU loss, whose calculation method is
expressed as:

Inner -CloU = CloU — Inner - loU + loU (16)

To summarize, Inner-CloU with the auxiliary
bounding box retains the geometric constraint advantages
of CloU while effectively suppressing the gradient
attenuation of CloU in high-overlap regions. This
accelerates the convergence of the loss function and
improves the overall training performance of the model.

3 Experiments and analysis

3.1 Dataset

Existing public fire smoke datasets suffer from low-
quality image clarity, missing annotations, or annotation
deviations. For the purpose of overcoming the challenges

Fire smoke images
(a) under different

illumination conditions

Fire smoke images
(b) with different

background colors

Fire smoke images
(c) Wwith different smoke

densities

Fire smoke images
(dy fromdifferent

scenarios
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of fire smoke detection in outdoor scenes, a dedicated
outdoor fire smoke image dataset is constructed in this
study. Figure: 9 exhibits some sample images from the
dataset. The dataset contains 11,672 outdoor fire smoke
images with different illumination levels, background
colors, shapes, and sizes, and smoke densities, covering
multiple outdoor fire scenarios, including wildfires, forest
fires, remote-sensing fires, and urban fires. It yields a total
of 5,858 images of smoke alone, 1,164 images of flames
alone, and 4,641 images consisting of both flames and
smoke. Among them, 80% of the images are derived from
the D-Fire Dataset®, and the remaining 20% were
collected from the Internet. Search keywords include “Los
Angeles fires,” “outdoor fires,” and “fire smoke.” The
dataset is divided into training set, validation set, and test
set in an 8:1:1 ratio. It is annotated by the Labellmg tool
and formatted according to the YOLO standard. Unlike
the CoCo dataset format, the YOLO format typically
separates data into image files and corresponding
annotation text files. Furthermore, the dataset was

preprocessed before training by the ‘check_imgsz()’
method in the Ultralytics framework to standardize the
resolution of the preprocessed images to 640x640.

Figure: 9 Examples of the fire smoke dataset

3.2 Experimental environment

The experimental environment configuration used in
this study is presented in Table 3.

Table 3: Configuration of experimental environment

Environment
Programming Language
Deep learning framework

Specification
Python V 3.8
Pytorch V 2.3.1

CPU Intel(R) Xeon(R) Gold 6330
GPU RTX 3090(24GB)
RAM 16 GB

The number of training epochs was set to 300, the
batch size was 16, and the optimizer was Adam. The initial
learning rate (Ir0) was set to 0.001, and input image size
(imgsz) was 640 x 640. All experiments in this paper were
conducted under the above configuration to ensure
consistency.

3.3 Evaluation indicators

In this study, Precision, Recall, mean Average
Precision (mAP), number of parameters (Params), and
frames per second (FPS) are adopted as evaluation metrics
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for the model. These metrics adhere to the COCO protocol
standards, and their calculation methods are expressed as:

Precision = TP 17
TP+ FP a7
Recall L (18)
TP+FN
1
AP ='[0 p(r)dr (19)
1
_1 2
mAP = — > AR (20)
Params = Cq x (k% xCj +1) (21)
Fps =1 (22)
Time

where TP(True Positives) represents samples correctly
identified as targets; FP(False Positives) denotes non-
target samples incorrectly identified as targets; FN(False
Negatives) embodies the number of missed target
samples; N signifies the number of target categories; i
refers to the i-th category; k stands for the convolution
kernel size; Co and C; indicate the output and input
channel numbers of the convolution layer, respectively.
Time(s) describes the time required for the model to
process each image frame, measured in seconds.
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Precision(P) and Recall(R) specify the proportion of
correctly detected samples among all detected samples
and all ground-truth samples, respectively.

Additionally, AP denotes the average precision,
reflecting the prediction performance for a single
category; mAP represents the mean average precision
across all predicted categories, suggesting the overall
detection performance of the model. In the following
sections, MAP@50 and mAP@95 embody the mean
average precision at loU thresholds of 0.50 and 0.95,
respectively. Params refers to the total number of
trainable parameters in the neural network, and FPS
indicates the number of image frames processed per
second by the model, revealing its real-time performance.
These performance metrics are defined following the
COCO Protocol.

3.4 Ablation experiments and analysis

In this section, ablation experiments are performed
with the six evaluation indicators described above to
evaluate the improvement strategies proposed in Section
2. The results are presented in Table 4, where A, B, C, D,
and E represent the C3Swin module, the P2 layer, the GS-
A2C2f module, the GhostConv replacement strategy, and
Inner-CloU, respectively.

Table 4: Ablation experiment results

Models Precision(%) Recall(%) mAP@50(%) mMAP@95(%) Param(M) FPS
baseline 80.0 71.6 77.6 46.0 9.4 86.0
+A 79.4 72.2 78.6 46.7 9.7 81.4
+B 79.2 735 79.0 46.9 9.5 80.2
+C 80.2 72.0 78.4 46.5 8.6 91.7
+A+B 78.7 73.3 79.0 46.8 9.9 77.1
+A+B+C 77.8 73.6 79.5 47.0 9.3 80.1
+A+B+C+D 79.6 73.9 79.3 47.0 8.1 85.2
+A+B+C+D+E 80.5 74.1 80.0 47.1 8.1 89.3

As observed from Table 4, the C3Swin module, the
P2 layer, and the GS-A2C2f module are first introduced
sequentially, resulting in performance improvements at
different levels. When all three modules were introduced
into the network simultaneously, the model’s precision
decreased by 2.2%, while recall, mMAP@50, and mAP@95
increased by 2%, 1.9%, and 1%, respectively. This stems
from the enhancement of multi-scale features and the
introduction of shallow features, which improve the
model’s sensitivity to fire smoke targets. However, the
increase in model parameters brings about a reduction in
FPS. After the GhostConv replacement strategy and the
Inner-CloU loss function were applied, the number of
model parameters dropped by 1.3 million, and FPS
increased by 3.3%. Precision was ultimately improved by
0.5% compared to the baseline model. Meanwhile, recall,
mMAP@50, and mAP@95 were improved by 0.5%, 1%,
and 0.1%, respectively. These results suggest that the
lightweight structural optimization and the improved
regression loss function improved the stability of feature
representation  while efficiently suppressing false

detections and localization deviations. Consequently, a
better balance between detection capability and prediction
correctness was achieved.

To sum up, the proposed improvement strategies
efficiently optimize the model effectiveness from a global
perspective and considerably enhance its real-world
applicability.

3.5 Comparative experiments and analysis

3.5.1 Comparative experiments of feature

fusion modules

Performance of A2C2f module, GS-A2C2f module,
and the commonly used feature fusion module BiFPN on
our dataset was compared to validate the effectiveness of
the feature fusion module GS-A2C2f proposed in this
paper. The experimental results are illustrated in Table 5.

As suggested in the table, when BiFPN was
introduced, mAP@50 improved by 1%, model parameters
remained unchanged, and FPS decreased by 3.5. Upon the
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introduction of GS-A2C2f, although the improvement in
MAP@50 was smaller than that of BiFPN (0.7%), the
number of parameters was effectively lowered by 0.8M,
and FPS increased by 5.7. Furthermore, GS-A2C2f
performed better on all three metrics compared to the
original A2C2f. Overall, the improvement strategy of GS-
A2C2f effectively reduced model parameters while
enhancing model performance, achieving a better balance
between detection accuracy and computational efficiency.

Table 5: Comparison experiment of GS-A2C2f module

Model mMAP@50(%)  Param(M) FPS
YOLOv11s 77.6 94 86.0
+BiFPN 78.6 94 82.5
+A2C2f 78.2 8.7 84.7
+GS-A2C2f 78.4 8.6 91.7
3.5.2 Comparative experiments of loss

functions

Performance of Inner-CloU was compared with that
of loU, CloU, and Inner-loU in fire smoke detection based
on our self-built dataset to validate the advantages of
Inner-CloU. The mAP@50 curves for the four loss
functions during training are exhibited in Figure: 10.

Regarding convergence speed, as the number of
training iterations increased, particularly after 150 epochs,
the model loss of Inner-CloU gradually converged,
exhibiting a smooth trend. In contrast, the convergence
curves of other loss functions continued to fluctuate. This
demonstrates that the Inner-CloU improvement
effectively enhanced the model’s convergence capability.
Concerning mAP@50 performance, Inner-CloU achieved
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a significantly higher average mAP value throughout the
training process, implying superior fire detection

performance.
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Figure: 10 Comparison of Inner-CloU with other loss
functions

3.5.3 Comparative experiments of different
detection algorithms

In this section, comparative experiments were
conducted between the proposed FSD-Net model and
several mainstream object detection algorithms in recent
years on the self-constructed fire smoke dataset to verify
the suitability and application value of FSD-Net in fire
smoke detection tasks. The detection results of different
algorithms are detailed in Table 6.

Table 6: Comparative experimental results

Models Precision(%)  Recall(%) mAP@50(%) mAP@95(%0) Param(M) FPS
SSD 74.8 62.7 60.0 414 143 30.2
Faster-RCNN 74.3 65.1 69.5 41.6 60 20.7
RT-DETR 77.2 70.0 75.8 42.8 41.9 68.1
YOLOv5s 79.4 70.9 78.0 46.4 9.2 96.7
YOLOvV8s 79.2 72.0 78.2 45.8 11.2 105.6
YOLOV9s 79.8 71.1 78.0 46.6 7.3 41.5
YOLOvV10s 76.7 72.6 77.2 45.3 8.0 82.7
YOLOv11s(baseline) 80.0 71.6 77.6 46.0 9.4 86.0
FSD-Net 80.5 74.1 80.0 47.1 8.1 89.3

Apart from the baseline model YOLOv11ls, the
comparison models include SSD®®, Faster R-CNN, RT-
DETREY, YOLOvV5P®, YOLOv8E®, YOLOVI9ER, and
YOLOV10E8, Considering that the performance of the
YOLO series models improves sequentially with model
size (n, s, m, X), the s version was uniformly selected in
our study to ensure a fair comparison of experimental
results.

According to Table 6, SSD, Faster-RCNN, and RT-
DETR fall short in accuracy and real-time performance for
outdoor fire detection, even though they have larger
network architectures compared to FSD-Net. From
another perspective, models such as YOLOv5s and

YOLOvV8s demonstrate excellent efficiency in fire
detection. However, their performance on mAP@50 is
2.0% and 1.6% lower, respectively, compared to our
model, attributed to a lack of sensitivity to multi-scale fire
smoke features and small objects.

While the FSD-Net model did not achieve optimal
results in terms of parameter count and FPS, it
outperformed the baseline model on all six evaluation
metrics. It also demonstrated the best performance in
precision, recall, mAP@50, and mAP@95. In other
words, the model can detect fire smoke targets of varying
sizes with greater accuracy and stability, offering broad
application potential.Furthermore, the mAP@50 and
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MAP@95 curves for FSD-Net and other models during

training are illustrated in Figure 11.
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Figure 11: Comparison of FSD-Net's mAP against other models

Compared to other models, FSD-Net achieved faster

convergence on the mAP@50 and mAP@95 curves
during the first 150 epochs of training. During the late

training  phase

(150~300 epochs)

when

model

performance stabilized, FSD-Net continued to exhibit
superior performance on both the mAP@50 and mMAP@95
curves, with smoother trends. This result validates the

Precision-Confidence Curve

effectiveness of the improvements achieved in this paper.

Four performance curves for FSD-Net (namely, the
precision curve, recall curve, F1 curve, and Pr curve) are
plotted in Figure 12 to verify the model’s stability under
different confidence thresholds. The sampling ranges for
confidence, precision, and recall are all 0~1.

Recall-Confidence Curve

Figure 12: Four performance curves of FSD-Net
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The figure reveals that the Precision-Confidence
Curve maintains relatively smooth precision across the
entire range of confidence thresholds, with only a slight
drop observed when confidence exceeds 0.95. In other
words, the improvement strategy proposed in this section
effectively guarantees the model’s detection stability
across most confidence levels.

The Recall-Confidence Curve reflects that the model
maintains high recall at confidence levels ranging from 0
to 0.8, particularly for smoke detection. Thus, the
algorithm can sustain high recall even after filtering out
low-confidence bounding boxes, specifying its strong
performance in object detection tasks.

The F1-Confidence Curve provides an overall
evaluation of recall and precision. FSD-Net achieves a
favorable F1 score within the confidence threshold range
of 0 to 0.8, reflecting that the model performs ideally in
balancing precision and recall within this range.

Finally, the Precision-Recall Curve demonstrates the
model’s comprehensive capabilities. As precision and
recall increase, the curve gradually moves toward the top-
right corner, implying that FSD-Net can ensure high
precision and recall while performing efficient detection.

Overall, FSD-Net effectively controls model size and
computational expense while preserving high detection
performance. Hence, it is suitable for fire smoke detection
tasks in real outdoor environments.

3.6 Visualization of detection results

In this section, the detection results of the baseline
model YOLOv11s and the proposed FSD-Net on different
types of fire smoke images from the self-constructed
dataset are compared to visually demonstrate the
effectiveness of the proposed improvement strategies.

The detection results are divided into three scenarios:

(a)YOLOV11s fil

(b)FSD-Net

(a)YOLOv11s .

(b)FSD-Net
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medium-to-large fire smoke targets, small fire smoke
targets, and multi-target fire smoke scenes. The detection
results for medium and large fire smoke targets are
illustrated in Figure: 13~Figure 15.

Figure: 13 suggests that when the smoke density is
uneven, the baseline model tends to incorrectly detect a
single target as two separate parts. Additionally, missed
detections may occur when flame and smoke targets
coexist. In contrast, FSD-Net more effectively captures
multi-scale  feature information, contributing to
significantly improved recognition precision and more
detailed detection regions compared with the baseline
model.

The detection results for small fire smoke targets are
displayed in Figure 14. It can be observed that the feature
fusion strategy of FSD-Net remarkably improves the
model’s perception capability for small-scale fire smoke
targets. Under different backgrounds and lighting
environments, the model accurately localizes small targets
and achieves higher detection performance than the
baseline model. In contrast, the baseline model is more
prone to missed detections in such cases.

Detection scenarios containing multiple targets
impose higher requirements on the detection performance
of the model. The detection results for multi-target fire
smoke scenes are presented in Figure 15. The detection
performance of the baseline model is limited when
multiple flame and smoke targets exist simultaneously in
an image. Meanwhile, issues such as false detections,
missed detections, and overlapping detection regions are
more likely to occur.

The improvement strategies employed in FSD-Net
effectively improve the model’s generalization capability.
Thus, it accurately detects multiple targets with high
precision in different environments.

Figure 14: Results of the small object fire smoke detection test.
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Figure 15: Results of multi-target fire smoke detection.

4 Discussion

Compared to a series of detection models, the
improved model FSD-Net achieved higher mAP@50
(80.1%), mAP@95 (47.1%), precision (80.5%), and recall
(74.1%), while reducing the number of parameters from
9.4M to 8.1M and increasing FPS from 86.0 to 89.3. The
integration of Swin Transformer enhanced global feature
perception. Meanwhile, the addition of the P2 layer and
the GS-A2C2f module improved feature fusion
performance, particularly for small objects. Additionally,
the replacement strategy of GhostConv significantly
lessened the number of parameters, and the inclusion of
Inner-CloU enabled faster inference. These modifications
realized a balance between detection accuracy and model
efficiency. The comparison images in Section 4.6 reveal
that the model performed more robustly in various fire
environments. With these improvements, the proposed
model becomes more practical for outdoor fire smoke
detection in complex environments, allowing early
warning systems to more accurately identify and locate
fire targets.

5 Conclusions

Outdoor fire-smoke detection suffers from large
variations in target scale and morphology, blurred
boundaries, complicated backgrounds, and the tendency
for small targets to be missed. Given these challenges,
FSD-Net was proposed in this paper. It is a multi-scale fire
target detection algorithm improved from the YOLOv11s
network. First, a C3Swin module based on the Swin
Transformer was introduced to improve the model’s
capability, thereby recognizing multi-scale fire and smoke
features. Second, shallow features from the P2 layer were
incorporated into the PAN-FPN structure, and a
lightweight feature fusion module GS-A2C2f was
introduced to effectively improve feature fusion
performance. Third, a local GhostConv replacement
strategy was employed to lessen model parameters while
maintaining  detection performance. Finally, the
conventional CloU loss was replaced with the loss
function Inner-CloU, based on auxiliary bounding boxes,
to alleviate gradient attenuation in high-loU regions
during training, contributing to improved training
efficiency.

The above improvement strategies jointly generated
a comprehensive optimization framework covering
enhanced feature extraction, feature fusion optimization,
computational effectiveness control, and training process
improvement. Compared with the baseline model, FSD-
Net improved precision, recall, mMAP@50, mMAP@95, and
FPS by 0.5%, 2.5%, 2.3%, 1.1%, and 3.8%, respectively.
Simultaneously, it lowered the number of parameters by
1.3M. Thus, it demonstrated better overall performance in
comparison with several benchmark models.

In future work, the practical value of the proposed
model can be further enhanced in several aspects. First,
the proposed improvement strategies can be extended to
newer YOLO frameworks with the continuous
development of object detection technologies. Second, the
adaptability of the model will be further improved because
it still produces a small number of false positives under
extreme conditions (such as in dark or very bright fire
environments). Finally, considering practical application
requirements, a real-time fire detection system suitable for
edge devices (such as surveillance cameras, drones, and
personal devices) will be further developed based on the
proposed model and the Python framework.
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