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Abstract

In Unmanned aerial vehicle (UAV) forest fire detection, flames and smoke exhibit dramatic
scale variations. Existing methods often struggle with multi-scale feature extraction, fusion
quality, and localization reliability, resulting in limited accuracy improvements. To address
this issue, this study optimizes the backbone, neck, and head of YOLOv11n to propose
a novel multi-scale forest fire detector (MFFDet), which consists of three key modules:
(1) the Multi-Scale Feature Calibration Module (MFCM) is designed to improve multi-scale
feature representation by context aggregation and detail calibration; (2) the Cross-Scale
Semantic Alignment Module (CSAM) is proposed to enhance fusion quality by applying
channel reorganization and local spatial refinement; and (3) the Location Quality Estimator
Head (LQEH) is presented for reliable localization by mapping the statistical information
of regression distributions into a localization quality score, which systematically boosts
the accuracy and stability of multi-scale object detection. In addition, to alleviate the
scarcity of UAV forest fire detection data, this study constructs a UAV Forest Fire Dataset
(UF?D), providing important data support for UAV-based fire detection. Experiments on
UF?D show that MFFDet achieves an mAP@0.5 of 70.1%, the best among all compared
models, representing a 4.4% improvement over the baseline. Moreover, it attains the top
performance on small, medium, and large objects, with APs of 20.3%, AP, of 31.5%, and
AP of 44.8%, highlighting MFFDet’s robustness and accuracy for multi-scale flame and
smoke detection in a complex forest fire environment, which bears important practical
significance for the intelligent upgrade of forest fire prevention and control.

Keywords: forest fire detection; multi-scale objects; deep learning; YOLOv1ln; UAV
imagery; multi-scale detector

1. Introduction

Forest fires are a type of high-frequency and highly destructive ecological disaster.
They not only lead to a decline in biodiversity but also release a large amount of carbon
dioxide, causing severe impacts on human society [1,2]. In forest fires, flame and smoke
images exhibit significant scale variation characteristics [3]. Early-stage fire points and
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thin smoke plumes are typically small in scale, which then rapidly expand into large-
scale, complex formations as the fire spreads. Such drastic variations pose a challenge in
simultaneously achieving a high detection rate for small targets and stable localization
for large targets [4]. Therefore, there is an urgent need to develop effective and reliable
multi-scale object detection techniques specifically tailored for forest fires.

In recent years, UAV-based sensing technologies, benefiting from high mobility, real-
time responsiveness, wide-area coverage, and low cost, have gradually become an im-
portant means for forest fire detection [5]. Meanwhile, the integration of deep learning
with high-resolution imaging devices mounted on UAVs has significantly improved the
automation level and recognition accuracy of forest fire detection [6-10]. As the foundation
for model training and evaluation, the quality of UAV-view forest fire datasets plays a
decisive role in detection performance [11,12]. However, real UAV-captured forest fire data
remain scarce, and multi-scale samples of flames and smoke are insufficient, which limits
model generalization and reliable detection in complex scenarios.

YOLO (You Only Look Once), as a real-time object detection technique, has been
widely applied in many fields due to its high inference speed and low computational
cost [13]. However, in certain detection scenarios, large variations in object scale can signifi-
cantly degrade detection performance. Therefore, how to effectively handle scale changes
and improve accuracy has become an important challenge in computer vision. In remote
sensing scenarios, Ref. [14] significantly enhanced small-object detection performance
through Efficient Multi-scale Attention (EMA) [15], while Ref. [16] proposed an edge-
guided multi-scale foreground attention network to improve change detection in remote
sensing images. In surface defect detection, Ref. [17] leveraged a scale-aware attention
mechanism to improve multi-scale defect detection accuracy for steel bridge inspection,
while Ref. [18] replaced standard convolutions with multi-scale convolutions to enhance
the capture of edge information for conveyor-belt tear detection. In forest fire detection,
Ref. [19] designed a decoupled multi-scale dilated convolution mechanism to strengthen
the multi-scale feature extraction capability of the backbone network, achieving a precision
of 88.6% and a recall of 78.3%. Nevertheless, stacked dilated convolutions are prone to
grid artifacts that degrade edge features of tiny smoke, and the fixed dilation ratios fail
to accommodate dynamic variations in fire object scales. Ref. [20] proposed a dynamic
multi-scale fusion pyramid network that effectively fuses multi-scale features and strength-
ens the model’s ability to detect flames and smoke of different sizes, achieving a precision
of 74.0% for fire and 74.9% for smoke, outperforming the original model. However, its
dynamic alignment strategy only corrects spatial sampling positions, lacking mechanisms
to eliminate inter-level semantic discrepancies and refine features, which results in semantic
misalignment between different feature levels. He et al. [21] redesigned the detection head
to help the detector achieve stronger multi-scale localization and classification performance.
Nevertheless, FireNet employs a generic CBAM attention paradigm and delivers limited
improvement in mitigating localization drift.

These studies indicate that improving the YOLO backbone, neck, and head is feasible
for enhancing multi-scale object detection accuracy, leading to an increase of 2.6% in
mAP@0.5. Overall, the above algorithms only focus on the improvement of a single module
and fail to achieve network-level global collaborative optimization, resulting in persistent
deficiencies in multi-scale feature extraction, fusion, and localization.

To address these limitations, this study improves upon YOLOv11ln and proposes a
novel multi-scale forest fire detector(MFFDet). The main contributions of this study are
summarized as follows:

*  To address the scarcity of UAV-based forest fire detection data, the UAV Forest Fire
Dataset (UF?D) has been constructed. This dataset covers multi-scale fire scenarios
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and can provide data support for UAV-based fire detection, generalization evaluation,
and comparative studies of detection algorithms.

* To address the inadequate multi-scale detection capability in forest fire detection
caused by existing methods that improve only a single module, this study coordinately
optimizes the backbone, neck, and head of YOLOV11 to propose the MFFDet.

¢  To enhance multi-scale information representation, fusion quality, and localization
reliability, MFFDet is designed with three key modules: the Multi-Scale Feature
Calibration Module (MFCM) for multi-scale feature contextual aggregation and cali-
bration, the Cross-Scale Semantic Alignment Module (CSAM) for cross-scale semantic
alignment and refinement, and the Location Quality Estimator Head (LQEH), which
maps the statistical information of regression distributions into a localization qual-
ity score, thereby systematically improving the accuracy and stability of multi-scale
object detection.

e Ablation and comparison experiments on the UF?D show that MFFDet achieves the
highest mAP@0.5 of 70.1%, a 4.4% improvement over the baseline. It also excels in
detecting small, medium, and large objects with AP, of 20.3%, AP, of 31.5%, and AP,
of 44.8%, demonstrating its advantage in multi-scale detection. Additionally, MFFDet
exhibits strong generalization on the public M*SFWD dataset.

The rest of this paper is organized as follows: Section 2 introduces the materials and
methods, including the introduction of the self-built dataset and a detailed explanation of
each module; Section 3 presents the experimental setup, ablation study, comparison results,
and visualization; Section 4 discusses the limitations of this study and outlines future work;
Section 5 summarizes the paper.

2. Materials and Methods
2.1. Construction of the UAV Forest Fire Dataset (UF?D)

High-quality datasets provide stable training for the model, facilitating more effective
convergence and improving detection performance [22,23]. However, due to the sudden
and highly time-sensitive nature of forest fires, real UAV-captured forest fire imagery is
difficult to obtain effectively, making such datasets extremely scarce [24]. To address this
issue, this study constructs UF?D from real forest fire scenarios. Some representative
samples are shown in Figure 1. The dataset construction pipeline consists of three stages:
data acquisition, data processing, and data annotation.

In the data acquisition stage, the research team conducts an aerial survey of a real
forest fire on 11 April 2023, in Jiangchuan District, Yuxi City, Yunnan Province, using a DJI
Matrice 300 RTK UAV (DJI, Shenzhen, China). Since the fire occurs in complex mountainous
terrain and spreads rapidly, the data collection process faces challenges such as unstable
weather conditions and heavy smoke occlusion. To ensure high data quality, the team
monitors the scenario in real time and dynamically adjusts the flight trajectory, thereby
comprehensively collecting high-resolution images and videos of flames and smoke.

In the data processing stage, the raw aerial videos are first segmented and sampled to
generate static image samples for annotation and training. Then, the Structural Similarity
Index (SSIM) [25] is used to measure the similarity between adjacent frames and remove
highly redundant frames. In addition, image quality is screened using the signal-to-noise
ratio (SNR) criterion [26], and samples with SNR < 30 dB are discarded, ensuring negligible
noise interference for reliable model training. As a result, 519 valid images are retained. The
519 valid UAV-captured images are randomly divided into training (368 images), validation
(107 images), and test (44 images) sets in a 7:2:1 ratio at the frame level, ensuring balanced
sample distribution and unbiased experimental evaluation.
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Figure 1. Representative UAV-captured real forest fire samples from the UF?D.

In the data annotation stage, three professional annotators manually labeled the
filtered images using LabelMe (v5.1.1) for two categories: fire and smoke. All annotations
are conducted following unified criteria. For the clear targets, bounding boxes are tightly
aligned with the outer boundaries; for objects with blurred boundaries or slight occlusion,
bounding boxes are drawn to cover the main recognizable regions while maintaining
consistent annotation criteria. After annotation, all labels are uniformly reviewed and
corrected to fix missing, incorrect, or inconsistent annotations. The annotations are then
converted into YOLO-required txt format, resulting in 2750 bounding boxes in total.

In addition, to enrich the data diversity and enhance the robustness of the model to
be trained, 2907 images are obtained from open-source platforms including Kaggle (https:
//www.kaggle.com, accessed on 25 January 2026) and Roboflow (https:/ /roboflow.com,
accessed on 25 January 2026), and 782 real-scene images are gathered from public network
channels such as WeChat and Baidu. Light and tone of images from different sources are
adjusted uniformly, and interfering elements such as watermarks are eliminated. Visual
styles of all images are kept consistent to reduce domain deviations among different
data sources. All collected images are strictly screened and annotated in accordance
with the above unified standards. Ultimately, the constructed UF?D dataset consists of a
total of 4208 images, which are randomly divided into training (2945 images), validation
(841 images) and test (422 images) sets at a 7:2:1 ratio to ensure uniform category and
scene distribution.

UF?D covers forest fire scenarios with objects at different scales, and this scale diversity
helps improve the robustness of the model for forest fire detection across different distances
and fire-development stages. Meanwhile, UF?D partially alleviates the limitations of
existing public forest fire datasets, such as limited data volume, insufficient scenario
coverage, and the scarcity of real UAV forest fire data, providing a valuable resource for
subsequent research on UAV-based forest fire detection, model generalization evaluation,

https://doi.org/10.3390/fire9070278


https://www.kaggle.com
https://www.kaggle.com
https://roboflow.com
https://doi.org/10.3390/fire9070278

Fire 2026, 9, 278

50f19

Backbone

3x640x640

m&@ Conv ﬁ MSCM m C3k2

—>» Upsample @ Concat ——> Connection «— = —| <=
smoke 0.93 smoke 0.87 PAN

64

and algorithm comparison. The UF?D is available at https://github.com /huang-61/UAV-
Forest-Fire-Dataset-UF2D (accessed on 1 February 2026).

2.2. Overview of the Proposed MFFDet

Figure 2 illustrates the overall framework of the proposed MFFDet, which is mainly
composed of three key modules. First, in the backbone, the designed MFCM replaces
the original C3k2 blocks to better extract multi-scale feature information of flames and
smoke in forest fire scenarios. Second, in the neck, a CSAM is proposed and inserted
before the detection head to align semantic information and enhance feature refinement,
thereby improving the quality of cross-scale feature fusion. Finally, a dedicated detection
head, termed the LQEH, is presented for multi-scale forest fire objects, which incorporates
localization-quality information into the computation of classification confidence, enabling
more reliable and stable multi-scale object localization.

P1
Neck l
Input
FPN
e

512 256

128

CSAM [ csam | 1

P3 l [ Output ]
P4 —— y
Y
LOEH Cross-Scale
LQEH Q Semantic Alignment
20%40 30x80 Module (CSAM)

Figure 2. Overall framework of the proposed MFFDet. MSCM: Multi-Scale Feature Calibration
Module; CSAM: Cross-Scale Semantic Alignment Module; LQEH: Location Quality Estimator Head.
The rightmost part shows a schematic diagram of the CSAM structure.

2.3. Multi-Scale Feature Calibration Module (MFCM) for Improving Multi-Scale Feature

In a forest fire scenario, flame and smoke objects often exhibit significant scale vari-
ation: large-scale objects tend to have blurred boundaries and irregular shapes, while
small-scale objects are easily overwhelmed by large objects or complex background infor-
mation during feature learning, resulting in a higher miss-detection rate and consequently
increasing the risk of fire escalation. To enhance the ability to extract multi-scale features,
this study designs the Multi-Scale Feature Calibration Module (MFCM), the front-end
feature enhancement base of MFFDet. It enables efficient aggregation of global contextual
cues while precisely preserving and significantly enhancing critical local low-frequency
features, thereby improving multi-scale representation and boosting detection accuracy
and robustness for flames and smoke across scales, and providing reliable preliminary
feature input for subsequent cross-scale semantic alignment and localization optimization.

In addition, a Feature Enhancement Unit (FEU) is designed to perform detail calibra-
tion before multi-scale feature fusion, ensuring that important local structural information
in the feature maps is sufficiently preserved and reinforced. As illustrated in the detailed
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structure of MFCM, the module consists of two complementary paths: a local feature
extraction branch and a multi-scale context aggregation branch. Figure 3 shows the over-
all architecture of the proposed MFCM. A comprehensive description of the module is
provided below.

Feature map
CxHxW

l i v

[AdaptiveAngool] [AdaptiveAngool] [AdaptiveAngool] [AdaptiveAngool]
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(a) Multi-Scale Feature Calibration Module (MFCM)

@ Element-wise subtraction'-_

(b) Feature Enhance Unit (FEU)

@ Element-wise addition

Figure 3. (a) Schematic diagram of the MFCM structure, (b) FEU structure.

The MFCM first takes an input feature map X € REXHXW where C, H, and W denote
the number of channels, height, and width, respectively. It then decomposes X into two
parallel paths.

Xlocal = £3><3(X) (1)

Here, Xjoca1 denotes the extracted high-resolution local feature map, and L3.3(+)
represents a 3 X 3 convolution operation applied to the input feature map.

In the multi-scale context aggregation path, an adaptive average pooling operator
Ay, (+) (AdaptiveAvgPool2d) is employed to spatially compress X into a fixed b; x b; grid

Ap. (X) € RE<Pixbi b, e B )
where B = {3,6,9,12} denotes four pooling bins for capturing contextual cues at different
spatial granularities; smaller b; aggregates more global context, while larger b; preserves
finer local statistics.

For each bin b; € B, a branch is constructed to generate a compact scale feature X; via
al x 1 projection Fix1(+) followed by a 3 x 3 depthwise convolution D33(-)

X; = D3x3<]:1x1 (A, (X))) ®3)

where X; denotes the resulting compact scale feature map for bin b;.
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Each X; is then upsampled back to the original spatial resolution via UpSample(-)
Xl-T = UpSample(X;) 4)

Here, XiT represents the upsampled feature map corresponding to the i-th scale.
Finally, each upsampled feature XiT is refined by the Feature Enhancement Unit (FEU)
for cross-scale detail calibration
X; = FEU(XZ.T) )

where X; denotes the FEU-calibrated multi-scale feature map.

For final fusion, MFCM concatenates the high-resolution local feature Xjy.,; with the
FEU-calibrated multi-scale features {X;} ¥ ; along the channel dimension to form Z, where
N = 4. Finally, Z is processed by a 3 x 3 fusion convolution Fg,, to generate the final
enhanced feature Yg,,;, which improves robustness to multi-scale flame and smoke objects.

Feature Enhancement Unit (FEU)

Small-scale flames are characterized by low contrast and weak boundaries. Under the
inherent low-pass filtering effect of upsampling, their high-frequency cues (e.g., flame
edges and thin-smoke textures) are more likely to be smoothed out, which can lead to
missed detections or localization drift. Therefore, the Feature Enhancement Unit (FEU) is
designed for detail calibration.

Given an upsampled feature map XI-T, a smoothed component P(Xj) is obtained using
a 3 x 3 average pooling. Compared with traditional Gaussian blur or hand-crafted low-pass
filters, average pooling requires no manual parameter tuning and introduces no additional
trainable parameters, making the network more lightweight. The high-frequency residual
is computed as

E =X —-PX)) (6)

where E; denotes the high-frequency residual, capturing edges and fine textures (e.g., flame
contours, thin smoke) that are lost due to upsampling smoothing, and P(XZT) represents
the smoothed version of the input feature map obtained by average pooling. Different
from traditional fixed-template high-pass filtering and existing complex high-frequency
attention methods relying on massive channel recalibration and weight learning, this
residual subtraction strategy separates low-frequency background and valid target high-
frequency features according to actual feature distribution, and avoids noise interference
caused by indiscriminate texture enhancement.

The residual E; is then processed by a convolution Feony () followed by a Sigmoid
activation o (-) to produce an enhancement term, yielding the FEU-calibrated feature

Xi = XiT + O'(fconv(Ei)) (7)

where X; denotes the FEU-enhanced feature map, Feony(*) is a convolutional layer applied
to the residual, and o (-) is the Sigmoid activation that acts as a learnable gating function to
adaptively enhance high-frequency responses.

The core mechanism of FEU is to explicitly treat small-scale objects as local high-
frequency cues: it first extracts edge and texture information via the residual E;; then
introduces a learnable gating (¢(-)) to selectively amplify high-frequency responses; and
finally injects the enhancement term back into the original features through a residual
connection. This design strengthens boundary and texture responses with minimal compu-
tational overhead, thereby improving the representation capability and detection stability
for small-scale, low-contrast objects.
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2.4. Cross-Scale Semantic Alignment Module (CSAM) for Enhancing Multi-Scale Fusion

In forest fire scenarios, flame and smoke detection is often disturbed by complex
backgrounds (e.g., strong glare, haze, and smoke mist). Effective information transfer
across different feature levels and scales can improve the model’s robustness to such
interference. However, the Feature Pyramid Network (FPN) in YOLOv11n is prone to cross-
scale semantic inconsistency during feature transmission and fusion, which degrades the
detection stability for multi-scale objects. To alleviate this issue, this study proposes a Cross-
Scale Semantic Alignment Module (CSAM). This module performs channel reorganization
and local spatial refinement on the enhanced multi-scale features of different granularities
output by MFCM, generating more consistent and discriminative feature representations,
thereby improving the fusion quality and detection stability across scales.

After fusing high-level semantic features with low-level detail features, the fused
representation is fed into C3k2, whose internal convolutions reshape the channels and pro-
duce X' € R/CouH*W Tp achieve cross-scale semantic alignment with minimal overhead,
CSAM adopts a lightweight refinement pipeline composed of a 1 x 1 channel reorgani-
zation, a 3 x 3 local spatial refinement, and a final 1 x 1 projection. Specifically, the first
1 x 1 convolution compresses the channel dimension to Coyut /2, which can be regarded as
a learnable linear combination at each spatial location. It mixes multi-source information
into new semantic channels rather than simply stacking them, thereby suppressing redun-
dant or conflicting responses and achieving the initial semantic alignment. Sincea 1 x 1
convolution performs channel mixing only and does not model local neighborhoods, a sub-
sequent 3 x 3 convolution is introduced to capture local spatial structures and refine details
(e.g., boundaries and textures), alleviating detail dilution and localization instability caused
by cross-scale fusion. Finally, another 1 x 1 convolution restores the channel dimension to
Cout required by the detection head, yielding a more consistent and discriminative fused
representation. This semantic alignment process suppresses interference noise introduced
by cross-scale fusion and guides the model to focus on critical object regions, thereby
improving robustness to complex backgrounds and enhancing detection stability. The
overall process can be summarized as

Y = 9(C2 (9(Cana (9114 (X)) ), X € RICowxHW, ®)

where X’ denotes the fused feature map fed into CSAM and Y denotes the refined output
feature map. Cl(lx)l(o) represents the first 1 X 1 convolution (channel reorganization and
compression), C3x3(-) represents the 3 x 3 convolution (local spatial refinement), and
Cl(zx)l (+) represents the second 1 x 1 convolution (channel restoration and projection). ¢(-)
denotes the nonlinear activation function. Cyy, H, and W denote the channel number,
height, and width of the feature map, respectively; thus, Y € R’Cou*H*W indijcates that the

output feature map has the size Coye X H X W.

2.5. Location Quality Estimator Head (LQEH) for Reliable Multi-Scale Localization

In the original YOLOv11n detection head, classification confidence is typically used
directly for candidate ranking and NMS suppression. However, classification scores do not
explicitly reflect localization quality, which can cause high-score but low-quality candidates
to suppress truly high-quality boxes. This issue becomes more pronounced in multi-scale
settings with dense proposals. To address this, inspired by the theoretical framework of
the GFL series [27,28], this study presents a Location Quality Estimator Head (LQEH)
based on statistical cues extracted from bounding-box distributions. This module takes
the multi-scale enhanced features from MFCM and the semantically aligned features
processed by CSAM as inputs, calibrates the classification confidence with localization-
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quality information, thereby enabling more reliable multi-scale object localization. The
architecture of the proposed LQEH is illustrated in Figure 4.

multiplication : J
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x4 _ _ . Cls
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Figure 4. Schematic diagram of LQEHead structure, with the LQE module indicated by the dashed-
line box. C: class-wise confidence map from the classification branch; P: four-direction DFL regression
distributions{P“} ¢ +,5); J: quality-aware ranking score map; F: a statistical feature vector ex-
tracted from the four-direction regression distributions.

This study constructs a classification-quality joint by fusing the classification response
C and the estimated localization quality I to obtain the final score |

J=Col )

where C € [0,1]H*W¢ denotes the class-wise confidence map, I € [0,1]7*"W*1 denotes
the localization-quality scalar inferred from the regression distribution, and ® represents
element-wise multiplication.

To obtain I, this study leverages the four-direction discrete distributions P* (w € {I,t,,b})
produced by the DFL regression branch and extracts compact statistical descriptions from the
distribution shapes. Here, /, , 7, b represent the distance offsets from a prediction point to the
left, top, right, and bottom sides of the object bounding box (left, top, right, bottom offsets),
respectively. Accordingly, for each direction, the regression branch outputs a discrete probability
distribution of length n(= Reg_max) to characterize the uncertainty of the distance in that
direction. Specifically, this study applies the Topkm(-) operator to each directional distribution
and concatenates the results along the channel dimension to form a statistical feature

F= Concat({Topkm(Pw)}we{l,trrrb}) € RAk+1) (10)

The Topkm(-) operator denotes the joint operation of extracting the Top-k probabilities
from a distribution vector and appending their mean. This statistical feature effectively
captures the sharpness of the distribution, where a sharper distribution usually indicates
higher localization certainty. In practical forest fire scenarios, when boundary localization is
more accurate, such as when flame or smoke contours are clear, the probability mass tends to
form a pronounced peak near the true position, yielding larger and more concentrated Top-
k values. In contrast, when localization quality is poor, such as in blurred or overlapping

https://doi.org/10.3390/fire9070278


https://doi.org/10.3390/fire9070278

Fire 2026, 9, 278

10 of 19

flame-smoke boundary regions, the distribution becomes flatter, and the corresponding
Top-k values are smaller and more dispersed. Moreover, the Top-k values together with
their mean make the statistical feature insensitive to relative shifts over the distribution
domain (see Figure 5), thereby providing a more stable quality representation across objects
of different scales.

Top-k mean
——————— ——

TOpkm(LL) = 0.2 03| = Topkm(LA)

scale scale

Figure 5. Topkm(-) feature is robust to object scales.

Finally, a lightweight two-layer MLP (FC-ReLU-FC) followed by a Sigmoid activation
is adopted to output the localization quality I. Here, 6(-) and o(-) denote ReLU and
Sigmoid, respectively.

I = o (W, 5(WiF)), 11)

By injecting I into the classification ranking score | (see Equation (9)), the model tends
to preserve more reliably localized candidates under dense multi-scale proposals, thereby
improving the localization accuracy and stability for flame and smoke objects.

3. Experiments and Results
3.1. Environment Configuration

The experiments are conducted on a Windows 11 workstation equipped with an AMD
Ryzen 9 7945HX CPU (integrated Radeon GPU, 2.50 GHz), an NVIDIA GeForce RTX 4060
GPU with 8 GB video memory, and 32 GB system memory. During training, SGD is selected
as the optimizer, with the following key hyperparameters: batch size of 16, learning rate of
0.01, and 200 training epochs. Before training, all input images are resized to a resolution of
640 x 640 pixels. All experiments are trained and evaluated under identical hyperparameter
settings.No pre-trained weights are adopted during model training, and hyperparameters
are not separately optimized for each comparative model. All comparison methods are
reproduced based on their official open-source implementations, providing a reliable basis
for validating the effectiveness of the proposed method.

3.2. Evaluation Metrics

To ensure an objective and comprehensive evaluation of detection performance, this
study adopts multiple metrics from the perspectives of model scale, computational cost,
detection accuracy, and inference efficiency:

(1) Parameters: The total number of trainable parameters, which reflects the network
complexity and storage requirements. A larger parameter count usually indicates higher
representation capacity, but it also increases memory consumption and may prolong train-
ing time. (2) FLOPs: The total number of floating-point operations required to process a
single input image. This metric provides insight into computational complexity and helps
estimate inference speed and hardware resource demands. (3) Fl-score: The harmonic
mean of precision and recall, offering a single measure that balances the two. (4) AP;,
APy, and AP;: average precision for small, medium, and large-scale objects, respectively,
computed from the corresponding precision-recall (PR) curves to evaluate detection per-
formance across different object scales. (5) mAP@0.5 and mAP@0.5:0.95: mean Average
Precision at an IoU threshold of 0.5 (mAP@0.5), and the average mAP over IoU thresholds
from 0.5 to 0.95 with a step size of 0.05 (mAP@0.5:0.95), which jointly assess performance
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under different localization strictness levels. (6) FPS (Frames Per Second): A measure of
inference speed, indicating how many frames the model can process per second to evaluate
real-time capability. The best result for each metric is highlighted in bold.

3.3. Experimental Results and Analysis
3.3.1. Performance Comparison Between MFFDet and Other Object Detection Models

To comprehensively evaluate the performance of the proposed MFFDet, extensive
comparisons are conducted against a range of mainstream object detectors, including the
CNN-based two-stage detector Faster R-CNN and one-stage detectors SSD and RetinaNet,
the Transformer-based RT-DETR, as well as several representative variants of the YOLO
family, so as to validate the overall effectiveness of MFFDet.

As reported in Table 1, MFFDet achieves the highest mAP@0.5 of 70.1%, improving
the baseline YOLOv11n by 4.4% and ranking first among all compared models. In addi-
tion, MFFDet also outperforms the competing methods on mAP@0.5:0.95, F1-score, Recall,
and Precision, demonstrating its strong detection capability. Although the lightweight
advantage of MFFDet is not prominent when compared with some YOLO variants, it
still delivers favorable results in terms of parameter count, computational complexity,
and FPS, indicating a better trade-off between accuracy and efficiency and strong poten-
tial for UAV-side deployment. For objects at different scales (small, middle, and large),
MFFDet surpasses the second-best method by 2.5%, 1.9%, and 1.7%, respectively, suggest-
ing stronger multi-scale representation capability, with particularly more pronounced gains
on small objects.

Table 1. Performance comparison of different models.

Models Pa(;l[Ts F]Z((;))P ® FPS Precision Recall Fl-Score mAP@0.5 mAP@0.5:0.95 ?,/I:)S ‘?;:’)" ?"/f)l
Faster

R-CNN [29] 41.8 134.4 32.7 69.8 61.2 63.9 64.7 35.1 17.8 285 40.5
SSD [30] 35.6 92.7 41.5 68.3 60.5 62.4 63.2 32.6 169 278 40.0
RetinaNet [31] 36.4 163.9 14.2 64.6 55.2 58.7 60.1 29.2 102 256 32.6
RT-DETR [32] 32.0 103.4 31.5 71.2 58.1 61.6 63.0 32.5 172 276 39.1
YOLOv5n [33] 2.6 7.2 199.2 72.7 60.6 65.8 67.1 36.4 158 296 419
Y.OLOV7_ 6.0 13.0 123.6 67.5 58.8 62.3 63.4 32.7 154 268 419

Tiny [34]
YOLOv8n [35] 3.0 8.1 168.1 73.0 59.9 66.1 66.9 36.2 18.6 283 427
YOLOv10n [36] 2.7 8.2 189.7 63.9 59.1 61.2 62.1 30.1 11.3 264 375
YOLOv1ln [37] 2.6 6.3 193.5 70.8 62.0 65.1 65.7 35.5 165 288 424
YOLOv12n [38] 2.5 5.8 212.6 71.6 61.3 65.6 68.3 36.8 18.1 292 431
YOLOv13n [39] 2.5 6.1 217.8 68.0 60.5 64.1 64.5 349 16.3 27.7 422
ours 29 6.9 167.8 74.6 63.5 69.0 70.1 38.7 20.3 31.5 44.8

These results further indicate that MFFDet maintains high computational efficiency
while remaining feasible for practical deployment. In UAV scenarios, it exhibits stable and
excellent detection performance for early-stage forest fire small objects (e.g., small flames
and thin smoke plumes). This advantage mainly stems from the targeted improvements to
the YOLOvV11 architecture: MFCM strengthens local low-frequency feature representation,
CSAM facilitates cross-level feature fusion, and LQEH improves bounding-box localization
quality. Overall, these modular innovations significantly enhance the model’s multi-scale
detection capability, which is especially critical for complex forest fire scenarios with severe
background clutter and dramatic scale variations.
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3.3.2. Ablation Experiments

To validate the effectiveness of each module and improvement strategy in the model,
this study employed a control variable method, gradually introducing the MFCM, CSAM,
and LQEH components to assess the contribution of these three key improvements to over-
all performance. As shown in Table 2, each modification to the baseline model YOLOv11
has had a positive impact on the results. When MFCM is introduced alone, mAP@0.5 and
mAP@0.5:0.95 improved by over 2%, thanks to the effective design of multi-scale context
aggregation and FEU feature enhancement. In the separate evaluation of CSAM, the most
notable improvements are seen in mAP@0.5 (fire) and (smoke), which increased by 2.3%
and 2.0%, respectively. This demonstrates its enhancement of cross-layer semantics, effec-
tively reducing background interference and false positives. After improving the original
detection head, LQEH increased the mAP@0.5:0.95, which is more sensitive to localization,
by 2.1% to 37.4%, indicating more reliable and accurate localization of objects. When
CSAM, MFCM, and LQEH are integrated individually, a further significant improvement is
observed, with a notable increase in mAP, reflecting the adaptability between the modules.
Finally, when all modules are combined, the precision metrics reached their peak, especially
with mAP@0.5 achieving the highest value of 70.1%, a 4.4% increase over the baseline
model. Although this integration increased the number of parameters and complexity,
the overall improvement in detection performance is significant, enhancing the model’s
robustness in multi-scale and complex backgrounds.

Table 2. Ablation results of different module combinations in MFFDet.

MFCM CSAM LQEH

Params  FLOPs  ppo  AP@0.5 mAP@0.5:0.95 mAP@0.55. mAP@0.5, ok

™) G
- - 2.58 635  201.7 65.7 35.5 62.9 68.4
v - - 2.53 6.46 218.3 67.7 36.7 64.4 70.0
- v - 291 6.93 155.3 67.8 37.0 65.2 70.4
- - v 2.59 6.51 200.8 67.5 374 63.7 69.4
- v v 291 6.95 157.2 68.6 37.2 66.5 70.7
v - v 2.54 6.49 217.7 69.4 37.8 66.4 72.5
v v - 2.86 6.91 168.6 69.6 38.0 66.5 71.7
v v v 2.86 6.93 167.8 70.1 38.7 68.4 72.7

v': Indicates that the corresponding module is adopted in the model configuration.

3.4. Visualization Analysis
3.4.1. Visualization of Detection Results

Figure 6 presents a visual comparison of YOLOv8n, YOLOv10n, YOLOv11n, YOLOv12n,
YOLOvV13n, and the proposed MFFDet across diverse real-world forest fire scenarios.
As shown in Figure 6a, compared with other models that suffer from localization drift and
redundant bounding boxes when detecting small-scale smoke, MFFDet can localize smoke
more accurately and produce higher confidence scores, mainly benefiting from the LQEH
design that retains higher-quality candidate boxes based on quality scoring. In Figure 6b,
thin smoke is easily confused with background clouds, making it difficult for the YOLOv11n
baseline to capture effective object cues. In contrast, MFFDet suppresses noise interference
by enhancing semantic fusion, thereby focusing more on the true object region. In Figure 6¢c,
when faced with multi-scale characteristics caused by tiny ignition points and dynamic smoke,
MFFDet still achieves more precise detection, thanks to the efficient aggregation of multi-
scale information provided by MFCM. As illustrated in Figure 6d, even under heavy fog
occlusion, MFFDet can detect small fire spots, which is crucial for early forest fire warning
by enabling timely discovery and suppression of fire spread, whereas other models fail to
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Original image

deliver comparable results. Finally, in Figure 6e, under nighttime conditions, YOLOv8n and
YOLOv11n mistakenly detect lights as flames, while MFFDet shows stronger discrimination
against non-fire bright regions, demonstrating improved robustness to interference. Overall,
MFFDet exhibits superior localization quality and detection stability under multi-scale objects
and complex backgrounds, further validating its potential for practical deployment in complex
forest fire environments.

YOLOv8n YOLOv10n YOLOvlln YOLOv12n YOLOv13n MFFDet

Figure 6. Visual comparison of detection results of different deep learning models on the UF?D.

3.4.2. Visualization of Grad-CAM Results

To further investigate how the models localize fire and smoke regions in images, Grad-
CAM is employed to generate attention heatmaps for MFFDet and the YOLO-series models.
These heatmaps provide an intuitive visualization of the key regions that the models focus on
during prediction. As shown in Figure 7, although YOLOv8n and YOLOv12n can activate some
object-related areas, their responses are relatively scattered, resulting in unstable focus on the
main bodies of flames and smoke. Moreover, YOLOv10 and YOLOv12n are able to capture
object cues to some extent, but their coverage of critical regions remains insufficient, making it
difficult to accurately delineate object contours. In contrast, compared with YOLOv11n, MFFDet
exhibits more concentrated activation on the flame and smoke bodies as well as their boundary
details, while effectively suppressing irrelevant background responses, demonstrating stronger
object-attention capability and robustness to interference. These results further confirm that
MFFDet can more effectively focus on discriminative regions under complex scenarios, thereby
improving the localization reliability and robustness of fire and smoke detection.

3.5. Statistical Validation

To fully verify the performance stability of the proposed model, this study conducts
multiple independent repeated experiments for statistical verification. Under unified
experimental conditions including software and hardware environments as well as dataset
settings, five independent training and testing trials are conducted. Key metrics such
as mAP@0.5 and mAP@0.5:0.95 are recorded, and all detailed results are summarized in
Table 3.
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Original image YOLOv8n YOLOvV10n YOLOvlln YOLOvI2n YOLOv13n MFFDet

Figure 7. Grad-CAM visualizations comparing different deep learning models on UF?D.

Table 3. Summary of model performance metrics over 5 independent runs.

95% Confidence Interval

. o s o
Performance Metric Mean (%) Standard Deviation (%) 95% CL, %)
Precision 74.58 0.30 (74.21,74.95)
Recall 63.46 0.57 (62.75, 64.17)
mAP@0.5 70.13 0.23 (69.85,70.41)
mAP@0.5:0.95 38.71 0.35 (38.28, 39.14)

The statistical results demonstrate that the proposed model exhibits excellent per-
formance stability across multiple independent runs. The average precision reaches
74.58% with a standard deviation of 0.30%, and its 95% confidence interval calculated
by t-distribution is from 74.21% to 74.95%. The average recall is 63.46% with a standard
deviation of 0.57%, and its 95% confidence interval ranges between 62.75% and 64.17%.
In terms of detection accuracy, the mean value of mAP50 is 70.13% with a standard devia-
tion of 0.23%, and the mean mAP@0.5 is 38.71% with a standard deviation of 0.35%.

Such slight performance fluctuations illustrate that the detection capability of the
model is not generated by random experimental errors, which fully verifies its stable output
and strong experimental reproducibility. In conclusion, the repeated experimental results
effectively prove that the proposed model can achieve competitive detection performance
and maintain outstanding stable operation ability.

3.6. Generalizability Analysis

The publicly available M*SFWD dataset [40] is a multi-dimensional synthetic dataset
designed for remote-sensing forest fire detection, providing diverse simulated forest fire
scenarios. To further evaluate the generalization capability of MFFDet, comparative experi-
ments are conducted on this dataset. By analyzing the performance of different models
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on the dataset, the adaptability and effectiveness of MFFDet across diverse scenarios
are validated. As shown in Table 4 shows that MFFDet achieves the highest mAP@0.5
(87.5%), precision (84.8%), and recall (82.3%) on the M*SFWD dataset, indicating stronger
generalization across diverse remote-sensing forest fire scenarios. In terms of efficiency,
MFFDet requires only 2.9 M parameters and 6.9 GFLOPs, and maintains real-time in-
ference at 271.5 FPS. Although it is not the most lightweight model, it delivers a better
accuracy—efficiency trade-off overall. These results further highlight the robustness and
adaptability of MFFDet across different scenarios.

Table 4. Performance comparison of MFFDet with YOLO-series models on the MA4SFWD dataset.

Model mAP@0.5 (%) Precision (%) Recall (%) Parameters (M) GFLOPs FPS

YOLOvS8n 86.8 84.5 79.9 3.0 6.8 252.7
YOLOv10n 85.5 82.8 78.0 2.7 6.5 277.8
YOLOv1ln 87.0 83.1 81.6 2.6 6.3 270.3
YOLOv12n 86.5 83.8 81.1 2.5 5.8 292.6
YOLOv13n 86.9 84.2 81.5 2.5 6.1 281.9

MFFDet 87.5 84.8 82.3 29 6.9 271.5

As shown in Figure 8, three representative images are selected from the M*SFWD
dataset to systematically evaluate the generalization performance of different models
under complex conditions. In the daytime multi-ignition scenario (Figure 8a), although the
baseline models YOLOv1ln and YOLOv13n can roughly delineate the contours of fire
spots and smoke, MFFDet can still precisely capture subtle ignition points in regions
with blurred smoke boundaries. This capability is crucial for early wildfire warning,
as timely detection can effectively reduce the risk of fire spread. In the multi-scale scenario
with illumination interference (Figure 8b), YOLOv11n misses faint smoke plumes due to
strong lighting, while YOLOv13n misclassifies faint smoke as flames. In contrast, MFFDet
reliably detects both flames and smoke, maintaining high confidence scores. Under the
nighttime condition without illumination (Figure 8c), YOLOv11n fails to detect small-scale
smoke; although YOLOvV13n can detect it, its description of smoke morphology is less
complete, whereas MFFDet provides a more comprehensive characterization of smoke
shapes. Overall, the results across these typical scenarios demonstrate that MFFDet achieves
more robust detection in diverse environments, further confirming its adaptability and
accuracy in complex forest settings.

Original image YOLOvlln YOLOv13n MFFDet

Figure 8. Visual comparison of detection results of different YOLO models on the M*SFWD.
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4. Discussion

Considering that flames and smoke in complex forest fire environments exhibit pro-
nounced multi-scale characteristics and are difficult to detect accurately, existing studies
have typically improved performance by modifying only a single component of the YOLO
architecture. For example, some works optimize only the backbone to enhance feature
extraction, improve only the neck to strengthen multi-scale feature fusion, or adjust only
the head to refine classification and localization [9,10,19-21]. However, such localized
enhancements often lack a unified, end-to-end collaborative design spanning from feature
extraction to final prediction, making it difficult to achieve stable and reliable detection
under complex backgrounds. To address this limitation, this study proposes MFFDet for
multi-scale flame and smoke detection in complex forest fire scenarios.

First, in the backbone, unlike SPP [41] and SPPF [33], which rely on fixed-size max
pooling kernels, and ASPP [42], which uses dilated convolutions with pre-defined dilation
rates, the proposed MFCM adopts adaptive average pooling with four different target
output sizes (3 x 3, 6 x 6,9 x 9, and 12 x 12). This design dynamically adjusts pooling
kernels for flexible multi-scale context capture, free from fixed receptive-field constraints.
Different from FPN’s [43] cross-level fusion in the neck, the proposed MFCM extracts
features directly on feature maps at multiple backbone modules, delivering richer cali-
brated multi-scale details to enhance detection of fire and smoke targets in complex scenes.
Nevertheless, irreversible detail loss still occurs for ultra-fine smoke textures during up-
sampling operations. Second, during multi-scale feature fusion in conventional FPN [43]
and PAN [44] structures, low-level detailed information is prone to being overwhelmed
by high-level semantic information, which in turn weakens the discriminative ability for
objects of different scales. Unlike traditional bottleneck convolution modules embedded
inside convolutions merely to compress the number of parameters, and also different from
conventional attention mechanisms that merely perform feature recalibration via channel
or spatial weights, the proposed CSAM is strategically deployed between the neck feature
fusion layers and each detection head. This module leverages convolutional combinations
to perform semantic alignment and fine-grained enhancement on features at different
scales, effectively improving the quality of cross-scale feature fusion and strengthening the
model’s focus on critical flame and smoke regions. Its alignment performance degrades
under heavy smoke occlusion and extremely strong illumination, and cross-scale semantic
conflicts cannot be completely eliminated in such harsh conditions. Finally, conventional
detection heads have limited capability in modeling localization quality and are therefore
easily affected by low-quality predictions in dense candidate-box scenarios [25,45]. To over-
come this limitation, LQEH maps the statistical characteristics of the regression distribution
into localization quality scores, enabling the model to prioritize high-quality bounding
boxes and thereby further improving the localization accuracy and detection stability of
multi-scale objects. When object contours are extremely blurred, however, the correspond-
ing probability distribution tends to flatten, reducing the reliability of quality evaluation
and weakening the screening performance of high-quality candidate boxes.

In addition, this study has certain limitations in experimental comparisons. The main-
stream algorithms such as Faster R-CNN, RetinaNet and SSD listed in the table are detection
models with large parameter volumes and high computational costs, which differ greatly
in scale from the lightweight model proposed in this paper. In future research, models will
be grouped by model scale to conduct more fair and reasonable horizontal comparative
experiments. To alleviate the critical scarcity of datasets suitable for UAV-based forest
fire detection, this study constructs the UF?D, providing a reliable data foundation for
UAV-side fire detection, model generalization evaluation, and comparative algorithmic
studies. Nevertheless, UF?D still has room for expansion in terms of extreme-condition
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samples (e.g., nighttime, rain/snow, heavy fog, strong backlighting) and cross-region sce-
nario coverage. Future work will further enlarge the dataset scale and scenario diversity
and incorporate multimodal data (e.g., visible, infrared, and thermal imagery), and ex-
plore the theoretical framework of few-shot learning under data scarcity, so as to more
comprehensively validate the model’s generalization ability in real-world complex environ-
ments. Meanwhile, to further facilitate its practical application in this field, future studies
will optimize the MFFDet model via network lightweight design, structured pruning and
knowledge distillation. It can well balance detection accuracy and inference speed while
improving engineering adaptability, so as to realize the practical deployment of the model
on real edge devices.

5. Conclusions

This study proposes the MFFDet, a novel multi-scale forest fire detector built upon
YOLOv11n, aimed at improving multi-scale object detection accuracy in complex forest
fire scenarios. By introducing three key modules, these modules work progressively
and complementarily to improve detection accuracy. MFCM first aggregates multi-level
features to characterize fires and smoke of various sizes. Next, CSAM corrects cross-scale
semantic misalignment and filters redundant noise. Finally, LOQEH optimizes candidate
box positioning based on the aligned features to reduce localization errors from complex
backgrounds and scale changes. This sequential collaboration strengthens MFFDet’s multi-
scale detection capacity and stabilizes feature fusion and localization. Furthermore, the UAV
Forest Fire Dataset (UF?D), a self-constructed dataset capturing real-world UAV-based fire
images, provides valuable data support for forest fire detection and evaluation, addressing
the issue of data scarcity in UAV fire detection. Extensive experiments on the UF*D show
that MFFDet achieves an mAP@0.5 of 70.1%, a 4.4% improvement over the baseline model
YOLOV11n, surpassing all compared models. Additionally, it attains the top performance
on small, medium, and large objects, with AP of 20.3%, AP, of 31.5%, and AP; of 44.8%,
demonstrating MFFDet’s strong capability in multi-scale object detection. Furthermore,
MFFDet achieves the best performance across various metrics on the public remote-sensing
wildfire dataset M*SFWD, highlighting its exceptional generalization ability.

In summary, the UF?D constructed in this study addresses the data shortage for
UAV-based forest fire detection. The proposed MFFDet achieves remarkable performance
for multi-scale fire detection, which can provide robust technical support for UAV fire
monitoring and early warning applications.
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