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Abstract: Detecting wildfires and smoke is essential for safeguarding forest ecosystems
and offers critical information for the early evaluation and prevention of such incidents.
The advancement of unmanned aerial vehicle (UAV) remote sensing has further enhanced
the detection of wildfires and smoke, which enables rapid and accurate identification.
This paper presents an integrated one-stage object detection framework designed for the
simultaneous identification of wildfires and smoke in UAV imagery. By leveraging mixed
data augmentation techniques, the framework enriches the dataset with small targets to
enhance its detection performance for small wildfires and smoke targets. A novel backbone
enhancement strategy, integrating region convolution and feature refinement modules,
is developed to facilitate the ability to localize smoke features with high transparency
within complex backgrounds. By integrating the shape aware loss function, the proposed
framework enables the effective capture of irregularly shaped smoke and fire targets
with complex edges, facilitating the accurate identification and localization of wildfires
and smoke. Experiments conducted on a UAV remote sensing dataset demonstrate that
the proposed framework achieves a promising detection performance in terms of both
accuracy and speed. The proposed framework attains a mean Average Precision (mAP)
of 79.28%, an F1 score of 76.14%, and a processing speed of 8.98 frames per second (FPS).
These results reflect increases of 4.27%, 1.96%, and 0.16 FPS compared to the YOLOv10
model. Ablation studies further validate that the incorporation of mixed data augmentation,
feature refinement models, and shape aware loss results in substantial improvements over
the YOLOv10 model. The findings highlight the framework’s capability to rapidly and
effectively identify wildfires and smoke using UAV imagery, thereby providing a valuable
foundation for proactive forest fire prevention measures.

Keywords: UAV remote sensing; smoke and fire detection; deep learning; object detection

1. Introduction
Wildfires are considered one of the most destructive and hazardous natural disas-

ters worldwide [1]. In early 2022, the United Nations Environment Programme (UNEP)
published a report titled “Spreading like Wildfire—The Rising Threat of Extraordinary
Landscape Fires”, which defines wildfires as “an abnormal combustion of vegetation that
can be triggered by human malice, accidental causes, or natural factors, resulting in nega-
tive impacts on social, economic, or environmental values”. Each year, millions of acres of
land are devastated by wildfires, causing significant destruction to human life, vegetation
canopies, and forest resources [2,3]. Ecosystems such as peatlands and forests experience
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wildfires that release substantial amounts of carbon dioxide into the atmosphere, signif-
icantly affecting the global carbon cycle. In addition to the direct loss of life, the large
quantities of harmful particulate matter generated by wildfire smoke pose serious health
threats to populations.

The speed at which a fire is detected and warnings are communicated to the relevant
authorities is a crucial factor in effectively reducing wildfire risks. Therefore, the timely
and accurate early detection of forest fires is key to ensuring that these incidents remain
manageable [4]. Over the years, various technologies have been proposed to assist in iden-
tifying wildfires during their early stages, thereby facilitating the allocation of appropriate
resources for extinguishing them [5–7]. Among these methods, ground-based watchtowers
and satellite remote sensing monitoring represent two of the most prevalent approaches.
However, watchtower observations are often constrained by topographical limitations,
resulting in limited coverage, blind spots, and areas devoid of surveillance. In addition,
they cannot be established in remote locations lacking basic living conditions. In contrast,
satellite remote sensing technology can utilize captured imagery to compare background
data with fire scenes to determine the presence of a wildfire. However, this monitoring
technique also faces temporal and spatial limitations; it generally operates on longer cycles
and cannot provide real-time monitoring, while the resolution of acquired images may be
inadequate. In recent years, unmanned aerial vehicles (UAVs) have gained widespread
application in wildfire detection due to their high flexibility, low cost, and ease of operation,
demonstrating their promising performance in this field [8–10].

Traditional wildfire detection methods typically rely on image-derived color and tex-
ture features for fire recognition. Color feature-based methods have led to the development
of models utilizing various color spaces, including RGB, HSI, and YCbCr. For instance,
Celik and Demirel [11] created a classification model for flame pixels by leveraging the
spectral characteristics of flames. Their research demonstrates that utilizing this model in
the YCbCr color space significantly enhances the effectiveness of fire recognition. Similarly,
Hamida et al. introduced a novel PJF color space, which enables the effective separation of
flame and non-flame pixels, thereby improving the identification of flame pixels [12]. In the
realm of texture feature-based methods, Dimitropoulous et al. [13] introduced a high-order
linear dynamic system (h-LDS) descriptor for analyzing multidimensional dynamic texture
features. They integrated this approach with particle swarm optimization techniques to
merge multidimensional dynamic texture analysis with the spatiotemporal modeling of
smoke, resulting in accurate flame recognition. Similarly, Prema et al. conducted flame
recognition by leveraging edge and texture information from flames. Their methodol-
ogy employed techniques such as color segmentation and wavelet analysis within the
spatiotemporal domain to improve flame identification [14].

Recent advancements in deep learning-based computer vision techniques, such as
image classification and object detection, have demonstrated applications in smart agricul-
ture and forest [15–17]. These techniques also have emerged as promising solutions for the
early detection of wildfires using imagery acquired from UAVs [18–21]. Among the various
deep learning architectures, Convolutional Neural Networks (CNNs) are one of the most
representative models due to their exceptional ability of nonlinear image representation,
which has led to their remarkable performance in computer vision tasks. Building upon this
foundation, some researchers have applied CNN models to the field of wildfire detection.
For instance, Srinivas and Dua [20] utilized the foundational CNN model, AlexNet, to clas-
sify forest fire images, achieving a classification accuracy of 95%. Similarly, Lee et al. [22]
implemented five different CNN frameworks to categorize UAV-acquired images into
“fire” and “no fire” classes. While these studies effectively employed image classification
methods, they were limited to image-level predictions of wildfires and lacked the ability to
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accurately localize wildfire regions. To address the need for the precise localization of fire
points, Barmpoutis et al. [23] adopted the classical two-stage object detection algorithm,
Faster R-CNN, to detect flame targets within UAV images, achieving a detection accuracy
of 70.6%. However, the complexity of two-stage algorithms like Faster R-CNN often leads
to slower inference speeds, making them challenging to implement in real-time detection
scenarios. In contrast, Goyal et al. [24] employed a one-stage object detection model, YOLO
(You Only Look Once), as the primary framework for outdoor fire detection, successfully
achieving high recognition accuracy while maintaining the real-time performance. Wang
et al. [25] further enhanced the detection efficiency by utilizing a more lightweight version
of the YOLO architecture, Light-YOLOv4, which significantly accelerated the inference
speed. Considering that fire and smoke often coexist during wildfires, several studies
have attempted to detect both simultaneously [26]. Sathishkumar et al. [27] investigated
the transfer learning of pre-trained models for detecting forest fires and smoke, and Ma-
madaliev et al. [28] proposed a smoke and fire detection method based on the YOLOv8
model, incorporating several key architectural modifications.

Despite these advancements in wildfire detection, several challenges persist. Firstly,
the current methods often utilize standard object detection algorithms for wildfire detection
without accounting for the unique characteristics of wildfires, such as variations in shape
due to different fire stages and the wind, as well as the relatively small size of wildfire
incidents in their early stages. This oversight might impede the model’s effectiveness in
achieving optimal results. Secondly, smoke often takes on irregular shapes and has high
transparency during wildfire events and may even appear before the flames. Therefore,
detecting smoke is equally important. However, the aforementioned methods primarily
focus on flame detection and do not integrate smoke detection into their objectives.

To address the challenges mentioned, this study proposes an integrated object detec-
tion framework based on YOLOv10 that simultaneously identifies both wildfires and smoke
as detection targets. The proposed method first employs mixed data augmentation, includ-
ing the Masaic augmentation, to enrich the dataset with small targets, thereby improving
the detection performance for small smoke and fire instances in the wild. In addition, a
backbone enhancement strategy is developed that incorporates the region convolution
and feature refinement module, which improves the ability to localize features with high
transparency within the complex background. Finally, by adopting shape aware IoU loss,
the proposed method effectively captures irregularly shaped smoke and fire targets with
complex edges, which enables the model to accurately identify and localize targets with
non-standard shapes.

2. Materials and Methods
2.1. Dataset and Preprocessing

To validate the effectiveness of the proposed framework, a UAV-acquired dataset,
namely SmokeFireUAV, was developed for the experimental analysis, which included
bounding box labels for both fire and smoke targets. This dataset incorporates image
samples from the publicly available UAV fire dataset, Flame [29], comprising fire images
gathered by UAVs during prescribed burn pile treatments conducted in pine forests located
in Arizona, USA. Given that the Flame dataset originally only contained bounding box
labels for fire, we manually annotated the smoke targets using LabelImg software (https:
//github.com/HumanSignal/labelImg, accessed on 12 January 2025). To enhance diversity,
the dataset further included UAV forest fire images captured by the authors themselves, as
well as those acquired from online sources. Consequently, the final dataset consisted of 1489
UAV images for experimentation, with all samples uniformly resized to 1280 × 1280 pixels.

https://github.com/HumanSignal/labelImg
https://github.com/HumanSignal/labelImg
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In our experiments, the labeled dataset was divided into training, validation, and testing
sets at a ratio of 7:2:1. The samples from the dataset are illustrated in Figure 1.
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Figure 1. Samples of SmokeFireUAV dataset.

As illustrated in the figure, smoke and fire targets display diverse sizes and sparse
spatial distributions, presenting additional challenges for the detection network compared
to natural images. Moreover, the presence of small fire spots within the smoke further
complicates the task of distinguishing between smoke and fire.

2.2. Methods

YOLOv10, the latest iteration in the YOLO series, is a groundbreaking end-to-end ob-
ject detection model that excels in various challenging scenarios, demonstrating exceptional
efficiency, accuracy, and robustness. Therefore, we have chosen to adopt YOLOv10 [30] as
the baseline framework for our research. YOLOv10 consists of three key components: the
Backbone, Neck, and Detection Head. The Backbone is responsible for feature extraction
using Convolutional (Conv) layers, Cross to Future (C2f), the C2f based on a Compact
Inverted Block (C2fCIB), spatial–channel decouple down-sampling (SCDown) and Spatial
Pyramid Pooling Fusion (SPPF) modules. The Conv layer extracts feature information from
images through convolution operations, and SCDown is a down-sampling operation, while
the C2f module merges feature maps of different scales and the SPPF module captures
features at varying spatial scales. The Neck component integrates feature maps of different
scales from the Backbone to fuse shallow and deep features, which thereby enhances the
model’s representational capacity. By employing a decoupled Head, YOLOv10 separates
classification, bounding box regression, and confidence prediction tasks for independent
processing before combining their outputs. Moreover, the implementation of a dual-label
assignment strategy reduces the dependency on non-maximum suppression, leading to
decreased inference latency and an improved performance.

In the proposed method, Mosaic data augmentation was implemented to enhance
the diversity of small targets within the training data, thereby mitigating the issue of
misidentifying small smoke and fire targets. By considering the distinct properties present
in the smoke and fire features within UAV images, region attention convolutions were
integrated into the YOLOv10 Backbone to improve the model’s ability to capture contextual
information, thus enhancing the localization of smoke and fire targets with varying shapes.
The feature refinement module was positioned at the end of the Backbone, where an
attention mechanism was combined with 2D convolutions to boost feature extraction
capabilities in complex backgrounds while reducing the computational complexity. In
addition, the adoption of Shape IoU aimed at addressing the detection challenges arising
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from high transparency and irregular edges. The overall structure of the proposed method
is shown in Figure 2.
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2.2.1. Mixed Data Augmentation

To enhance the diversity of the dataset and improve the model’s performance, various
data augmentation techniques were employed. These included HSV channel color conver-
sion, image horizontal flip, vertical flip, and contrast adjustment methods. Additionally, to
tackle the challenges presented by small-sized smoke and fire instances in the UAV remote
sensing images, the Mosaic data augmentation technique was utilized. This augmentation
process involved selecting a batch of data samples from the overall dataset, then randomly
choosing nine images depicting smoke and fire for random scaling and cropping. The
corresponding segments were subsequently cross-stitched together. This procedure was
repeated for each batch size, and the finalized stitched image was fed into the proposed
object detection network model for training. The target boxes associated with each original
image were constrained by cross-cropping and did not exceed the cropping boundaries
of the original image. The specific workflow of the Mosaic data augmentation algorithm
is illustrated in Figure 3. By introducing many small-sized fire and smoke targets, the
Mosaic data augmentation enriches the detection dataset, which thereby enhances the
network’s robustness.
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2.2.2. Vision Feature Enhancement

While the original YOLOv10 object detection framework utilizes the C2f design to
strengthen the feature representation capability for the target, it might be insufficient for
smoke and fire detection. This is because smoke and wildfire targets in UAV remote
sensing images have unique characteristics, such as low contrast, dynamic shapes, and
sometimes a translucent appearance, which significantly set them apart from other targets
in remote sensing imagery. To facilitate the localization of smoke and wildfire targets, this
framework aims to improve the feature extraction ability of YOLOv10 Backbone. First, the
targets of smoke and fire in UAV remote sensing often exhibit two distinct properties: (1) a
varying shape and (2) a scattered spatial distribution. The normal convolution operation in
Backbone networks uses fixed kernels to extract information through the same parameters,
making it difficult to accurately capture the specific smoke and fire features in remote
sensing images. Thus, we proposed a region attention-based convolution (RAC), which
combines spatial attention and receptive field features. Unlike traditional convolution, RAC
focuses on capturing the local receptive field characteristics of input feature maps. It uses
an attention mechanism to accurately evaluate the importance of each feature point within
the receptive field, reducing the information sparsity caused by parameter sharing [31].
This operation helps ensure that co-related feature points in local regions are adequately
represented, thereby enhancing the network’s ability to capture important information,
thus enhancing the ability to depict the smoke and fire feature regardless of the shape and
distribution. The RAC mainly consists of two stages (as shown in Figure 4). Initially, a
K × K group convolution is applied to the input feature map F ∈ RC×H×W to extract the
feature representation of each feature point within the receptive field to obtain the feature
of the dimension CK2 × H × W, where H, W, and C denote the height, width, and channel
numbers, respectively. According to ref. [31], K was set to 3 to create the 3 × 3 convolution
kernel for local spatial representation. The process was followed by batch normalization
and the activation function. An adjust shape operation was then performed [31], resulting
in the receptive-field spatial features with the dimensions of C × KH × KW. Next, the
spatial features extracted from the receptive field were utilized for the spatial attention
computation. This involves employing max pooling and average pooling, followed by a
convolution operation and a sigmoid activation function. At the same time, the Squeeze-
and-Excitation [32] method was employed as a channel attention mechanism with the
global average pooling, fully connected layer, and sigmoid activation functions. The spatial
and channel attention maps were finally combined to allocate the receptive-field spatial
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features as weight maps, where the feature maps were multiplied by the spatial attention
map and then combined along the channel dimension using the channel attention map.
The overall structure of the RAC is shown in Figure 4.
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In addition, YOLOv10’s Backbone incorporates a PSA module to enhance feature
representation. However, the use of a self-attention strategy in PSA increases the compu-
tational complexity. To address this issue, we introduced a Coordinate Attention-based
Feature Refinement (CAFR) module that enhances efficiency while preserving feature
extraction capabilities. The CAFR module replaces multi-head self-attention with the Co-
ordAtt [33] attention mechanism, which is adept at capturing smoke and fire targets of
varying shapes and distributions (shown in Figure 5). CoordAtt is a simple and efficient
attention mechanism that embeds positional information into channel attention, allowing
for the acquisition of information over a larger range while avoiding significant computa-
tional overhead. To preserve positional information without resorting to 2D global pooling,
this CoordAtt proposes the decomposition of channel attention into two parallel 1D feature
encodings. These encodings aggregate input features along the vertical and horizontal
directions, creating two separate directional-aware feature maps to efficiently integrate
spatial coordinate information. Then, these two feature maps, each containing embedded
direction-specific information, are further encoded into two attention maps. Each attention
map captures long-range dependencies along a spatial direction in the input feature map,
which enables the effective representation of the context of smoke and fire with varying
shapes. By applying the element-wise multiplication of these two attention maps to the
input feature map, the mechanism finally emphasizes the representation of the regions of
interest. This approach effectively highlights the importance of spatial information.
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Specifically, given an input, X, two spatial pooling kernels of size (H, 1) or (1, W) are
used to encode each channel along the horizontal or vertical coordinates. Therefore, the
output for channel, c, at height h can be formalized as:

zh
c (h) =

1
W ∑0≤i<W xc(h, i). (1)

Similarly, the output of the c-th channel with a width of w can be expressed as:

zw
c (w) =

1
H ∑0≤j<H xc(j, w) (2)

The transformations described above aggregate features along two spatial directions,
which produces a pair of directional-aware feature maps. Given the aggregated feature
maps generated by Equations (1) and (2), they are first concatenated and then passed
through a shared 1 × 1 convolutional transformation function, F1.

f = δ
(

F1

([
zh, zw

]))
(3)

where
[
zh, zw

]
denotes the concatenation operation along the spatial dimensions, and δ is a

nonlinear activation function. The intermediate feature map f ∈ RC/r×1×(H+W) encodes
spatial information in both horizontal and vertical directions. Subsequently, f is split into
two independent tensors along the spatial dimension: f h ∈ RC/r×H and f w ∈ RC/r×w. Two
1 × 1 convolution operations, Fh and Fw, are then applied separately to convert f h and f w

into tensors that possess the same number of channels as the input, X, and obtain.

gh = σ
(

Fh

(
f h
))

(4)

gw = σ(Fw( f w)) (5)
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The outputs gh and gw are unfolded and used as attention weights. Finally, the output,
Y, of the coordinate attention mechanism can be expressed as:

yc(i, j) = xc(i, j)× gh
c (i)× gw

c (j) (6)

Enhanced features by using attention are fed into two successive convolution blocks
to obtain the final refined features.

2.2.3. Loss Function

For the task of object detection, bounding box regression loss plays a crucial role.
While Intersection over Union (IoU) is the most commonly used loss function in the field
of object detection, it fails to accurately describe the positional relationship between the
predicted box and the ground truth (GT) box when there is no overlap between them
(i.e., IoU = 0). In the original YOLOv10, although the CIoU loss function minimizes the
normalized distance between the center points of the predicted box and the GT box by
adding a shape loss term, it still overlooks the impact of the shape and scale of the bounding
box itself on regression, which fails to localize the targets of smoke and fire with an irregular
shape and size. To improve the ability of localizing the smoke and fire targets with varying
sizes, this proposed method adopts the Shape IoU as the loss function. This method focuses
on calculating the loss based on the shape and scale of the bounding box itself, thereby
achieving a more accurate bounding box regression [34]. The concept of Shape-IOU is
visually depicted in Figure 6. The yellow area represents the GT box, with bgt as the center
of the GT box located at coordinates (xgt, ygt), and hgt and wgt representing the height and
width of the GT box, respectively. The blue area corresponds to the predicted box, with b
as the center of the predicted box positioned at coordinates (x, y), and h and w denoting the
height and width of the predicted box, respectively.
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The formula for Shape-IoU is as follows:

IoU =

∣∣B ∩ Bgt
∣∣

|B ∪ Bgt|
(7)

ww =
2 × (wgt)

scale

(wgt)
scale + (hgt)scale

(8)

hh =
2 ×

(
hgt)scale

(wgt)
scale + (hgt)

scale (9)

distanceshape = hh ×
(

xc − xgt
c

)2
/c2 + ww ×

(
yc − ygt

c

)2
/c2 (10)
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Ωshape = ∑t=w,h

(
1 − e−wt

)θ , θ = 4. (11)
ww = hh × |w−wgt|

max(w,wgt)

wh = ww × |h−hgt|
max(h,hgt)

, (12)

where scale is the scaling factor that is related to the sizes of the targets in the dataset; ww
and hh are weight coefficients for the horizontal and vertical directions, respectively, with
their values dependent on the shape of the GT box. By combining Equations (7), (10), and
(11), the bounding box regression loss for YOLOv10 can be obtained as follows:

LShape-IoU = 1 − IOU + distanceshape + 0.5 × Ωshape (13)

where distanceshape denotes the shape distance, which measures the shape difference
between the predicted box and the GT box, and 0.5 × Ωshape is a penalty term utilized to
correct the shape differences between the predicted box and the GT box.

3. Experimental Results and Analysis
3.1. Experimental Setting

The training in this study was conducted on an Ubuntu 18.04 system using an Intel(R)
Xeon® Gold 5118 CPU @ 2.30GHz and an NVIDIA GeForce RTX 1080Ti GPU. The training
framework employed was PyTorch 1.10.2, and parallel computing utilized CUDA version
11.6. During the experiments, several parameters were set. The image input size was set to
1280 × 1280, the batch size was 2, and a total of 100 experimental rounds were performed.
The initial learning rate was set to 0.01, momentum was set to 0.93, and the learning rate
decay followed the cosine function. The optimization algorithm used was SGD.

3.2. Evaluation Metric

To evaluate the performance of the proposed smoke and fire detection method, various
metrics were utilized. Precision measures the proportion of correctly predicted positive
samples among all identified samples, while the Recall rate represents the proportion
of correctly identified positive samples out of all actual positive samples. The F1 score
combines both Precision and Recall into a single metric. The mean Average Precision (mAP)
calculates the average Precision across different categories. These metrics are computed as:

Precision =
TP

TP + FP
× 100% (14)

Recall =
TP

TP + FN
(15)

F1 = 2 ∗ P ∗ R
P + R

(16)

AP =
∫ 1

0
P(R)dR (17)

mAP =
∑ AP

N
, (18)

where TP represents the number of positive samples correctly identified, FP represents
the number of positive samples incorrectly recognized, and FN represents the number of
positive samples not recognized. AP represents the average Precision for each category,
while N represents the total number of categories. In addition, to evaluate the inference
speed, frames per second (FPS) is utilized as a metric. FPS is used to indicate the number of
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individual frames that the model can process in one second, with higher values indicating
a faster processing speed.

3.3. Comparative Experiments and Analysis

To assess the effectiveness of the proposed model in detecting forest fires and smoke,
this study performed a comparative analysis using six different one-stage real-time de-
tection networks: YOLOv4 [35], YOLOv5, YOLOX [36], YOLOv7 [37], and YOLOv10 [30].
These models were tested under the same environmental configuration, ensuring fair ex-
perimentation. Consistent parameters were selected for all six networks to ensure fairness
in the evaluation. The comparative results are shown in Table 1. From the table, it is
evident that the proposed method significantly outperforms the other methods for accuracy
metrics, such as Recall, F1 score, and mAP. This validates that the proposed method is
advantageous for detecting targets with varying sizes and distributions in the UAV images.
The mAP metric of the proposed method surpasses that of the original YOLOv10 and
YOLOX by 4.27% and 7.38%, while the F1 score of the proposed method beats that of
the original YOLOv10 and YOLOX by 1.96% and 10.44%, respectively. In terms of the
detection efficiency, the proposed method performs faster than YOLOX by a large margin,
and slightly faster than the original YOLO10. Overall, for the detection of fire and smoke in
UAV images, the proposed method outperforms other one-stage object detection methods
in terms of both detection accuracy and speed.

Table 1. Comparison of detection results using different models.

Model Input Size Precision
(%)

Recall
(%)

mAP
(%) F1 (%) FPS

YOLOv4 1280 × 1280 64.22 71.71 71.33 67.72 11.8
YOLOv5 1280 × 1280 69.31 68.97 74.52 69.12 10.6
YOLOv7 1280 × 1280 85.14 63.41 69.23 72.77 16.9
YOLOX 1280 × 1280 60.4 71.9 71.9 65.7 20.1

YOLOv10 1280 × 1280 80.59 68.75 75.01 74.20 8.82
Proposed 1280 × 1280 76.73 75.56 79.28 76.14 8.98

To further demonstrate the effectiveness of the proposed method compared to the
original YOLOv10, the qualitative detection results are shown in Figure 7. The first and
third columns display images with ground truth bounding boxes, where the first column
contains large smoke targets, while the third column shows some smoke and fire targets of
very small sizes. The second and fourth columns display the detection results using the
proposed method. It is evident from the images that the proposed method is capable of
capturing smoke and fire targets of different sizes. Despite the smoke targets often having
high transparency and irregular shapes (edges), the proposed method performs well in
detecting these targets.

3.4. Ablasion Study

To validate the effectiveness of each improvement strategy proposed in this paper, a se-
ries of ablation experiments were conducted based on the YOLOv10 model by individually
adding the improved components. The experimental results are shown in Table 2. From the
table, it is evident that the introduction of mosaic data augmentation results in an increase
of 2.59% and 1.02% in Precision and F1 score metrics, respectively, compared to the original
YOLOv10. By using the Shape IoU loss function to train the detection model, all accuracy
metrics improved, indicating that the Shape IoU loss is particularly suitable for our task.
This is because both smoke and fire targets have irregular shapes and edges, and the Shape
IoU is sensitive to capturing such information, thereby enhancing the detection perfor-
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mance. The inference speed also experienced a slight increase, with the FPS rising from
8.82 to 8.92. In addition, the refinement of the CAFR module by substituting the multi-head
self-attention block with the CoordAtt convolution block led to a notable enhancement
in the model’s inference speed, increasing it from 8.82 to 11.76. This improvement in
speed was achieved while maintaining a slight increase in the detection accuracy, with the
mAP improving from 75.01% to 76.23%. Also, the introduced RAC module has shown
promising results in enhancing the detection accuracy, as indicated by the mAP metric. The
model’s mAP score has improved significantly from 75.01% to 75.61% with the integration
of the RAC module. Finally, the method proposed, which integrates various strategies and
modules, has resulted in a significant improvement in the detection performance across
multiple metrics. Specifically, there have been notable increases in the Recall, mAP, and F1
score, showcasing the effectiveness of the proposed method compared with the original
YOLOv10. This demonstration highlights that the proposed method is well-suited for de-
tecting wildfires and smoke targets in UAV remote sensing applications. More importantly,
while achieving a promising detection performance, the proposed method operates slightly
faster than the original YOLOv10, with a slight increase in the FPS from 8.82 to 8.98. This
indicates its practical applicability for real-time wildfire monitoring.
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Table 2. Detection results by integrating different modules with YOLOv10.

Model Input Size Precision
(%)

Recall
(%)

mAP
(%) F1 (%) FPS

YOLOv10 1280 × 1280 80.59 68.75 75.01 74.20 8.82
+Mosaic9 1280 × 1280 83.18 65.09 76.03 73.03 8.72

+Shape IoU 1280 × 1280 81.5 70.01 76.90 75.31 8.92
+RAC 1280 × 1280 75.73 69.22 75.61 72.33 7.14

+CAFR 1280 × 1280 83.18 65.09 76.23 73.03 11.76
Proposed 1280 × 1280 76.73 75.56 79.28 76.14 8.98
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To better illustrate the advantages of the proposed method compared to the original
YOLOv10, the detection results for both the original YOLOv10 and the proposed method
are presented in Figure 8. The top row shows the detection results of the original YOLOv10,
while the bottom row displays the prediction outcomes of the proposed method. It can be
observed from the figures (two subfigures in the first column) that the proposed method
achieves a high confidence score in detecting smoke targets. This indicates that the designed
feature enhancement module effectively captures smoke targets with high transparency
and indistinct edges. As depicted in the two subfigures of the second column, the proposed
method correctly identifies the smoke target, whereas the original YOLOv10 mistakenly
detects smoke as fire. This may be attributed to the design of the RAC, which enhances
feature representation in the proposed method, thereby improving its ability to distinguish
between smoke and fire. Similarly, the proposed method successfully detects the fire target
within the smoke area (as seen in the subfigures of the third column), indicating that
the Shape IoU loss is effective at capturing fires with irregular edges. Furthermore, the
proposed model excels in detecting small fires compared to the original YOLOv10, as seen
from the subfigures in the fourth column.
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showing the detection results from the original YOLOv10 and the bottom row displaying the results
from the proposed method.

To further demonstrate the effectiveness of the proposed model in accurately localizing
salient targets, such as smoke and fire, GradCAM is utilized to generate the heatmap, as
depicted in Figure 9. The first row displays the original sample, while the second to fourth
rows present the heatmaps for the output feature maps from the three detection heads. The
heatmaps on the left correspond to the original YOLOv10 method, whereas those on the
right depict the results obtained using the proposed method. From the figure, it can be
observed that the output features generated using the proposed method are more sensitive
in detecting the regions of smoke and fire, where the targets can be captured accurately. In
addition, the different heads demonstrate the ability to capture targets of varying sizes.
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4. Conclusions
Building upon the advantages of real-time object detection provided by the YOLO-

based algorithm, this study is based on the recently proposed YOLOv10 method. It presents
an integrated real-time object detection network for the simultaneous identification of
wildfires and smoke in UAV remote sensing images. Considering the specific characteristics
of smoke and fire targets in UAV imagery, enhancements have been made to the YOLOv10
network to enhance its detection accuracy. The utilization of a mosaic augmentation
strategy has increased the representation of small smoke and fire targets within the dataset,
thereby improving the model’s ability to detect smaller targets effectively. Moreover, the
introduction of a region attention-based convolution module and coordinate attention
feature refinement module aims to boost feature extraction related to smoke and fire
features. In addition, the integration of the Shape IoU loss function has enhanced the
model’s capacity for accurate data fitting, particularly addressing the challenges associated
with identifying targets such as smoke and fire with unclear boundaries and edges. We
believe that the proposed method could be an effective tool for the real-time monitoring of
forest fires and smoke, and it can be deployed on edge devices or monitoring equipment.
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