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Abstract

Grassland fire is one of the major disasters threatening regional ecological security. Its
occurrence, development, and spread are closely related to the spatial distribution and
coverage of surface vegetation and snow cover across grassland areas. As the primary com-
bustible fuel source, higher vegetation coverage increases fuel load and continuity, thereby
directly determining grassland fire danger levels and accelerating fire spread velocity. In
contrast, snow cover imposes an indirect regulatory effect on the spatiotemporal pattern
of fire danger factors: it lowers surface temperature, raises near-surface humidity, and
restricts the germination and growth of herbaceous vegetation in cold seasons, which effec-
tively reduces available combustible materials and weakens regional fire hazard conditions.
Therefore, accurately obtaining the coverage status of vegetation (direct combustible fuel
factor) and snow cover (indirect fire-regulating factor) in complex grassland scenarios is the
essential premise for reliable grassland fire danger monitoring, early warning, disaster pre-
vention and control, and regional ecological management. Aiming at the practical problems
in complex grassland scenarios (such as undulating terrain, uneven vegetation growth,
large differences in snow depth, and complex lighting conditions), including difficulty
in extracting vegetation and snow-covered areas, blurred and confusing boundaries, and
low accuracy in coverage calculation, which seriously restrict the technical bottleneck of
precise monitoring of grassland fire danger factors, this study takes near-ground images
collected by grassland fire danger factor monitoring stations as the core data source, and
proposes an improved UNet image segmentation model combined with image segmen-
tation technology and deep learning methods to realize precise extraction of vegetation
and snow-covered areas and efficient calculation of coverage in complex scenarios. To
improve the model’s feature extraction ability, boundary localization accuracy, and reduce
model parameters and computational overhead, the CBAM-ASPP (Convolutional Block
Attention Module—Atrous Spatial Pyramid Pooling) module is integrated at the end of the
encoding path. The attention mechanism is used to enhance the weight of key features, and
the multi-scale receptive field of atrous spatial pyramid pooling is utilized to strengthen
the model’s ability to fuse features of vegetation and snow areas of different scales. The
residual attention mechanism is introduced in the upsampling stage to effectively alleviate
the gradient disappearance problem, improve the model’s ability to accurately locate the
boundaries of vegetation and snow areas, and reduce segmentation errors. In the training
process, a dynamically weighted hybrid loss function is adopted to dynamically adjust
the weights according to the segmentation difficulty of different types of samples during
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training, optimize the model training effect, and improve the segmentation accuracy and
generalization ability. Experiments were conducted using near-ground images of typical
complex grassland scenarios as the dataset, and the performance of the proposed model
was verified through comparative experiments. The results show that in the vegetation
segmentation task, the mean Intersection over Union (mloU) of the model reaches 84.70%,
and the accuracy rate is 91.28%, which are 1.48 and 1.58 percentage points higher than
those of the standard UNet model, respectively. In the snow segmentation task, the mloU
of the model reaches 92.74%, and the accuracy rate is 94.19%, which are 2.39 and 2.36 per-
centage points higher than those of the standard UNet model, respectively. At the same
time, the number of parameters of the model is reduced by 12.85% compared with the
standard UNet. Also, its comprehensive performance is significantly better than that of
mainstream image segmentation models such as FCN, SegNet, and DeepLabv3+. Based
on the standardized time-series data retrieved by the optimized segmentation model, this
study further constructs a Grassland Fire Risk Index (GFRI) using the Analytic Hierarchy
Process (AHP). Pearson correlation verification confirms that the GFRI has an extremely
significant positive correlation with historical fire frequency, accurately capturing the sea-
sonal dynamic rhythm of regional grassland fire occurrence. This integrated framework of
intelligent segmentation and fire risk quantification provides a reliable technical solution
for grassland fire factor monitoring, dynamic fire risk assessment, early warning systems,
and refined regional ecological management.

Keywords: image segmentation; multi-scale feature fusion; residual attention mechanism;
fire risk monitoring station; fire risk index

1. Introduction

Grasslands are vital natural resources, providing climate regulation and carbon-
oxygen balance maintenance, serving as irreplaceable terrestrial ecosystems. China boasts
the world’s largest grassland area, nearly 4 billion mu (approximately 266.7 million
hectares), yet its ecosystems are inherently fragile. Grassland fires [1] are widespread,
recurring natural disasters with rising frequency, extent, and intensity globally, severely
threatening ecological balance, socioeconomic development, and human safety. Annually,
large-scale fires burn vast amounts of vegetation, releasing 300-400 million tons of carbon
worldwide, disrupting atmospheric circulation and climate stability. During fires, massive
pollutants are emitted, destroying habitats and ecological balance. Post-fire, grasslands
degrade into bare land within months to years, accelerating desertification and triggering
sandstorms and erosion [2]. In China’s key grassland regions like Inner Mongolia and
Xinjiang, a single medium-to-large fire can degrade tens of thousands of hectares of pasture,
causing tens of millions of yuan in direct losses and endangering local livelihoods. Beyond
ecological degradation, fires reduce grassland productivity, damage livestock bases and
infrastructure, and hinder carbon peaking and neutrality goals. Thus, accurate grassland
fire risk identification is critical for disaster prevention and mitigation [3]. The occurrence,
development, and spread of grassland fires are closely related to the distribution character-
istics and coverage status of surface vegetation and snow in grasslands. The occurrence
and spread of grassland fires are closely related to surface vegetation and snow cover
conditions. Vegetation serves as the fundamental combustible source for grassland fires,
and the coverage of withered and dry grass largely determines surface fuel abundance
and continuity. Sufficient dry vegetation coverage creates favorable combustion condi-
tions, elevates regional fire danger levels, and accelerates fire propagation. In comparison,
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snow cover indirectly modulates grassland fire hazards. It lowers surface temperature
and increases atmospheric humidity to constrain fire ignition, while limiting cold-season
vegetation growth and reducing flammable fuel accumulation [4]. These dual effects effec-
tively suppress fire risks. Therefore, accurate identification of vegetation and snow cover is
critical for evaluating fire risk levels in grassland regions and provides an essential basis
for disaster prevention and mitigation in agricultural and pastoral production, as well as
for the scientific management of grassland resources.

Currently, vegetation and snow cover are primarily monitored through satellite remote
sensing and near-surface observation, forming a spatially complementary data acquisition
system. Near-surface monitoring, as an important supplement to satellite remote sensing,
offers advantages such as high spatial resolution, high temporal frequency, and immunity
to atmospheric cloud interference [5]. By capturing micro-level details at centimeter-scale
resolution [6], it provides a benchmark for validating the accuracy of satellite remote sens-
ing data and calibrating models [7]. Donager et al. [8] employed LiDAR systems to obtain
high-temporal-frequency snow cover datasets and, after extensive data preprocessing,
successfully achieved rapid assessment of dynamically changing snow cover; however, this
approach is limited by high equipment costs and constrained operational range. Compared
with LiDAR, visible-light cameras offer lower cost and reduced data preprocessing require-
ments [9]. Furukawa et al. [10] collected vegetation data using high-resolution cameras
and, through comparison with multispectral cameras, demonstrated that visible-light cam-
eras provide higher spatial resolution and can capture finer variations when monitoring
vegetation cover.

China has established an integrated “space-air-ground” observation network for
grassland ecosystems, supporting dynamic monitoring of grassland resources and provid-
ing critical data for assessing grassland fire risk levels [11]. The monitoring stations within
this network have collected a substantial volume of vegetation and snow imagery; however,
methods that rely on manual visual estimation or interactive software interpretation of
cover have limitations, including low efficiency and significant subjective bias [12], making
them insufficient for the demand for efficient and accurate quantification of cover [13].
Traditional automated methods for identifying vegetation and snow cover mainly rely on
features such as color, shape, and texture [14], which are often inadequate for capturing the
complex information within images and generally lack robust generalization capabilities.
Moreover, conventional image recognition algorithms are highly sensitive to image scale
and deformation, limiting their adaptability to the complex and variable conditions of field
imagery [15]. Consequently, due to the diversity of vegetation structures and unstable light-
ing conditions, traditional algorithms struggle to capture fine details accurately, resulting
in low precision in cover calculation [16].

Compared with traditional machine learning methods, deep learning-based image
recognition does not require manual feature description or selection for target images.
Using frameworks based on convolutional neural networks (CNNs) or visual Transformers
(ViTs), deep learning integrates feature extraction and recognition tasks [17], enabling end-
to-end model training for automatic learning and adaptation to diverse cover identification
scenarios [18]. Guo [19] proposed a transfer learning-based approach for automatic extrac-
tion of snow cover, achieving promising segmentation results on small-sample datasets
through an improved Xception model and DeepLabv3+ architecture. Kalinaki [20] em-
ployed the DeepLabv3+ model to identify vegetation and estimate cover along highways,
achieving a high mean Intersection over Union (mloU) of 0.92. Wu [21] trained a multi-task
CNN model to perform urban vegetation cover recognition, effectively mitigating shadow
interference caused by solar angle and building occlusion. These studies demonstrate
the significant potential and advantages of deep learning in cover identification research.
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However, deep learning models require substantial computational resources, and their
generalization capability in complex environments remains limited, constraining their
effectiveness in field monitoring [22]. Therefore, enhancing model robustness and accuracy
across diverse scenarios remains one of the key challenges in deep learning-based research
for vegetation and snow cover identification.

This study focuses on a near-surface image dataset collected from grassland fire
risk monitoring stations. Building upon a classical image segmentation framework, it
incorporates a multi-scale attention mechanism and structural optimization strategy, and
optimizes the loss function to achieve accurate segmentation of grassland surface vegetation
and snow cover. Existing grassland fire risk evaluation is largely constrained by inaccurate
acquisition of underlying surface environmental factors, which reduces the reliability of risk
assessment results. To solve this problem, this study quantitatively extracts vegetation and
snow cover information based on the improved segmentation model, and further constructs
a targeted Grassland Fire Risk Index (GFRI) on the basis of conventional assessment
frameworks to realize refined grassland fire risk evaluation. The quantitative monitoring
of vegetation and snow cover conditions and the establishment of the fire risk indicator
system can effectively support dynamic grassland resource supervision and sustainable
management, thereby facilitating grassland ecological security protection and promoting
regional sustainable development.

2. Materials and Methods

2.1. Dataset Construction
2.1.1. Data Collection

The vegetation and snow data were collected at grassland fire risk monitoring sta-
tions in the Xinjiang Uygur Autonomous Region. As illustrated in Figure 1, a total of
332 monitoring sites are spatially distributed across the study area, spanning a longitude
range of 75.59° E to 95.54° E and a latitude range of 36.07° N to 48.36° N. These stations
cover 14 prefecture-level administrative regions, including 5 autonomous prefectures and
9 districts. The spatial distribution spans from semi-humid zones to extremely arid zones,
ensuring systematic representation of regional ecological diversity.

75°0E 80°0'E 85°0'E 90°0'E 95°0'E
o - N
[ ]
e S \ w E
§ >v° . >
'o ® .8 S
% 3 ® [ 4 %
af - s - 1%
: S TD., :
LIROC Tt S e | 3. °

o 27 0

= o
-y e Y
“,

e ‘o0 o

40°0'N
40°0'N

35°0'N
35°0'N

Legend
® Monitoring station for grassland fire risk factors

Xinjiang Uygur Autonomous Region, China

75°0'E 80°0'E 85°0'E 90°0'E 95°0'E

Figure 1. Layout of monitoring stations for grassland fire risk factors.
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The monitoring stations are installed in field environments and powered continuously
by 100 W solar panels. As shown in Figure 2, the stations are equipped with high-definition
phenological cameras, which, through edge computing controllers, enable fixed-point,
time-controlled image acquisition with automatic focusing, supporting multi-angle and
multi-mode shooting. The cameras are fixed in position with a vertical nadir (top-down)
view, installed at a height of 3 m above the ground.

Figure 2. Monitoring station for grassland fire risk factors.

A total of 1500 vegetation images were collected to ensure sufficient sample repre-
sentativeness for model training and validation. All samples belong entirely to the grass
family, which is the dominant vegetation type in the study area. Images were captured
under diverse weather conditions, including sunny, cloudy, rainy, snowy and foggy days,
with variable lighting conditions and vegetation growth status. The sampling period
covered August to December 2024 (vegetation senescence period) and March to May 2025
(vegetation growth period). Although the March-May vegetation growth season generally
witnesses a relatively low overall probability of large-scale grassland fires, this period is
selected for targeted data acquisition due to the vast geographic coverage of Xinjiang. Some
regions show lush grassland vegetation, while others still retain extensive bare land. During
this period, there is a considerable amount of bare soil, which can enrich the background
data and assist in distinguishing between vegetation and snow-covered areas.

Based on the predefined 1 m x 1 m plot area and imaging scale, all the original images
were cropped to retain only the valid coverage range within each actual plot boundary.
Examples of images from areas with complex interference are shown in Figure 3.

<

a. Object interference area image  b. Snow homogeneous color
interference area image

c. Shadow interference area image d. Haze interference area image

Figure 3. Diverse scenarios.
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2.1.2. Data Preprocessing

Vegetation and snow in the images were annotated separately using the open-source
labeling software Labelme (v5.10.1), and the resulting JSON files were converted into label
images (BMP format) via OpenCV (v4.8.1).

This study used two datasets, each containing 1500 images, which were randomly
divided into 667 images for an expandable sample set and 833 images for the test set.
After data augmentation, the ratio of training to test images was maintained at 8:2. This
partitioning strategy aims to train the model with a relatively small amount of original data
while testing it under more diverse and complex scenarios, thereby evaluating the model’s
generalization ability and robustness.

To increase data diversity and further enhance model generalization and robustness,
the training images were augmented using the OpenCV library through operations such as
horizontal flipping, brightness adjustment, noise addition, and rotation. These augmen-
tations simulated varying lighting conditions and shadow regions. After augmentation
(Figure 4), each of the vegetation and snow datasets was expanded to 3335 images and
subsequently split into training and validation sets at a 9:1 ratio. Only the augmented
datasets were used to train the vegetation and snow segmentation models.

Vegetation

a. Original image b. Horizontal flip  c. Brightness adjustment  d. Random noise . Rotation transformation

Figure 4. Sample images with data augmentation.

Additionally, statistical analysis of the original image data revealed the following
pixel proportion distributions: for vegetation, 0-30% of pixels accounted for 23% of images,
30-60% for 37%, and 60-100% for 40%; for snow, 0-30% of pixels accounted for 22% of
images, 30-60% for 35%, and 60-100% for 43%.

2.2. Model Construction
2.2.1. Overall Framework

The improved model, optimized and extended based on the UNet architecture, is
shown in Figure 5. In this design, a structurally optimized CBAM-ASPP module is in-
troduced at the end of the UNet encoding path to enhance multi-scale feature extraction.
A residual attention mechanism is embedded in the decoding stage to improve feature
reconstruction and localization accuracy. Additionally, a dynamically weighted hybrid
loss function is incorporated in the final decoding layer to further optimize the model’s
segmentation performance and robustness.
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Figure 5. Improved model structure diagram.
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2.2.2. Feature Extraction Network

To improve the efficiency of multi-scale feature fusion, this study reconstructs the
standard UNet skip connection mechanism by embedding a structurally optimized CBAM-
ASPP module within the feature interaction paths between the encoder and decoder. This
module reorganizes feature-rich information from shallower layers into deeper layers.
Atrous Spatial Pyramid Pooling (ASPP) is a classical module that applies multi-scale
convolutions and pooling to feature maps. Its atrous convolution layers can analyze objects
of different scales and sizes in the original image from multiple complementary receptive
field dimensions [23], thereby enhancing the model’s ability to recognize objects across
varying scales.

In this study, depthwise separable convolution (DSC) is used to replace the standard
convolution layers in the ASPP module, achieving an optimized design for the ASPP archi-
tecture. This modification effectively reduces the number of parameters while significantly
improving model training efficiency. The ASPP structure comprises a 1 x 1 convolution
layer, three 3 x 3 atrous convolution branches with dilation rates of 3, 6, and 12, and a
global average pooling layer. The global average pooling layer integrates features from
multiple branches, enabling efficient fusion and concatenation of image information and
thereby enhancing segmentation accuracy.

However, during multi-scale feature extraction, traditional ASPP can lose critical infor-
mation due to excessive receptive field expansion [24], which may degrade segmentation
precision. To address this issue, a CBAM attention mechanism is further incorporated
into the ASPP module, forming the CBAM-ASPP module. Different from simple paral-
lel superposition, this study adopts a sequential embedding integration strategy: after
completing multi-scale feature extraction via the optimized ASPP branches, the fused
multi-scale feature map is input into the CBAM module for secondary feature recalibra-
tion. This hierarchical integration mode enables the attention mechanism to dynamically
suppress noisy background features and amplify effective vegetation and snow feature
responses specifically for multi-scale fused outputs, rather than performing blind feature
weighting. This module enhances the saliency of target features—specifically snow and
vegetation—while suppressing background interference, by leveraging spatial, channel,
and multi-scale interactions, thereby improving the model’s ability to perceive complex
targets. The structure is illustrated in Figure 6.
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Figure 6. CBAM-ASPP module structure.

The CBAM module consists of two submodules: the Channel Attention Module (CAM)
and the Spatial Attention Module (SAM). Following a sequential attention computation
process—channel attention first, then spatial attention—the module weights features along
both the channel and spatial dimensions of the feature maps. The weighted features
are then fused, enhancing the representational capability of the convolutional neural
network [25]. This dual-dimensional attention mechanism enables the model to adaptively
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learn and focus on informative features across both channel and spatial dimensions, thereby
improving network accuracy.

The core function of the Channel Attention Module (CAM) is to capture dependencies
among different feature channels. The input feature map is first processed through parallel
max pooling and average pooling branches to extract spatial information. The outputs of
these two branches are then passed through a multilayer perceptron (MLP), compressing
the channel dimension to 1/6 of the original value (r = 6 in this study) and subsequently
restoring it to the original channel number. The compressed-and-restored features are
fused via element-wise addition, and a Sigmoid activation function generates the channel
attention weights. Finally, these weights are multiplied element-wise with the original
input feature map to dynamically optimize the channel features.

The computation is shown in Equation (1):

Me(F) = 0 [P(Eiug) + P(Egun) | = o{ W1 [Wo (Eg) + Wi Wo(Esu)) |} ()

In the equation, F denotes the input feature map; P represents the multilayer percep-
tron (MLP), with Wy and W corresponding to individual fully connected layers within P;
and o is the Sigmoid activation function.

The Spatial Attention Module (SAM) focuses on capturing the relationships among
different spatial positions within a feature map. Unlike the channel attention mechanism,
this module first applies max pooling and average pooling along the channel dimension
of the input feature map to generate two spatial feature maps. These maps are then
concatenated along the channel dimension and passed through a7 x 7 convolution layer
to compress the fused features into a single-channel feature map. A Sigmoid activation
function is subsequently applied to generate the spatial attention map. Finally, this attention
map is multiplied element-wise with the original input feature map, producing a feature
map with spatially weighted features.

The computation is expressed in Equation (2):

M;(F) = U[ 7X7(F;vg;Frsnax)} 2)

In the equation, F denotes the input feature map; f”*” represents the convolution
operation with a 7 x 7 kernel; and o is the Sigmoid activation function.

2.2.3. Residual Attention Mechanism

To address the gradient vanishing problem caused by increasing network depth [26],
a residual attention module is introduced in the upsampling stage to integrate high-level
semantic features with low-level details.

To enhance the network’s ability to capture critical foreground information while
avoiding parameter redundancy, the CBAM attention mechanism is embedded within the
residual unit to improve feature representation. The proposed residual attention block
adopts a standard residual learning framework, consisting of a main residual learning
branch and a shortcut connection branch. In the main branch, the input feature map
sequentially passes through one 3 x 3 convolutional layer, batch normalization (BN), ReLU
activation, a second 3 x 3 convolutional layer, and another batch normalization layer;
subsequently, the refined feature map is fed into the CBAM attention module for adaptive
channel and spatial feature recalibration. For the shortcut branch, a 1 x 1 convolutional
layer with batch normalization is utilized to match the channel dimension and spatial
resolution of the main branch output, eliminating feature dimension mismatch during
skip connection fusion. Finally, the attention-weighted main branch features and shortcut
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residual features are fused via element-wise summation, followed by a ReLU activation to
obtain the final output of the residual attention block.

The improved residual attention module, shown in Figure 7, consists of two 3 x 3
convolution layers and a CBAM module, with each convolution layer followed by batch
normalization (BN) and ReLU activation. Additionally, a 1 x 1 convolution layer is added
at the input of the residual module to unify the channel dimensions of the feature maps,
effectively preventing dimension mismatches during skip connections.

Channc] Attention Module

I wmgm vy

Conv 3x3 Max Pooling

B
|

Spatial Attention Module

| Average Poolin g‘\ /‘
- (< m
— — =1
Ms(F) C v 7x7

Conv 1x1 — 4

Output
Feature

Figure 7. Improved residual channel attention block.

Leveraging the residual connection design, this module reduces the overall model
complexity while preserving the original input features. As a result, the CBAM module does
not need to learn the complete feature mapping; it only needs to fit the residual adjustment
of the features. This design not only minimizes reliance on redundant parameters but also
significantly improves the model’s parameter efficiency.

2.2.4. Hybrid Loss Function

To collaboratively improve the regional integrity and boundary accuracy of segmen-
tation results, this study experimentally adopts a hybrid loss function composed of the
Dice loss and boundary loss, whose relative weights are dynamically adjusted during
training to adapt to different learning stages. The Dice loss focuses on target pixels [27]
and addresses the class imbalance problem by optimizing the intersection over union (IoU),
thereby ensuring the accuracy of the overall target contour. Its calculation formula is shown
in Equation (3):

2y yi X Jite
L yi+ X gite

In the equation, y; denotes the ground-truth label of the i-th pixel (0 or 1); §; denotes the
predicted probability of the i-th pixel; N is the total number of pixels; and € is a smoothing
term to avoid division by zero.

()

Ldice =1-

To address the loss saturation issue inherent in the Dice loss, a boundary loss is
incorporated to enhance boundary discrimination. Weighted by distance transform, this
loss penalizes deviations between the predicted edges and the ground-truth boundaries,
improving the transitional distinction between target pixels and the background. Its
calculation formula is shown in Equation (4):

LBoundary Z q)G X 56 P) 4)
peQ)

In the equation, p denotes an arbitrary pixel point in the image spatial domain ();
® is the distance weighting function based on the ground-truth boundary G, derived
from the signed distance function (SDF) of G (negative inside the boundary and positive
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outside); and S denotes the probability that pixel p belongs to the background as output by
the network.

Meanwhile, considering fluctuations in the background ratio across different batches,
fixed weights may lead to dominance by one loss term and impair training performance.
To further improve the adaptability of the loss function to varying class ratios and learning
stages, we introduce a lightweight gating network to dynamically assign weights to L;,
and Lpoyndary- This gating network is a single-layer fully connected network with a sigmoid
activation, which takes as input a concatenated feature vector h;, and outputs the weights
a(t) for Lgice and B(t) for Lpoundary, as shown in Equations (5) and (6).

a(t) = (W x Iy +b), B(t) = 1 —a(t) 5)

t
ht = Concat (T' Lpice, LBoundary/ M, Rb> (6)

In Equations (5) and (6), t is the current training epoch; T is the total number of training
epochs; Ry, is the pixel ratio of foreground to background in the current batch; M is the
channel mean of a high-level feature map from the decoder, computed as:

H W o
Me = gy L L) 7

In the equation, F(i, j) denotes the feature map at the spatial position (i,); W and
H are its height and width.

During training, the gating network is updated jointly with the segmentation network
via backpropagation, using the same optimizer. The dynamic weights are computed at
each iteration and applied to the two loss terms in the final hybrid loss:

Loss = a(t) X Lyjce + B(t) x LBoundary 8)

2.3. Model Training and Network Parameter Settings

This study implemented model development and training using Anaconda Python
3.9 (Anaconda Inc., Austin, Texas, USA) under the Windows 10 operating system. The
experimental high-performance server was manufactured by Lenovo Group Limited, Bei-
jing, China, and it was equipped with an NVIDIA® GeForce RTX™ 3090 Ti graphics card
(23.68 GiB of video memory). The network training environment was constructed based on
the PyTorch deep learning framework.

The training hyperparameters were configured as follows: the input images were
resized to 640 x 640 pixels, the batch size was set to 16, the number of training epochs was
300, and the learning rate was 0.0001. No pre-trained weights were loaded, and the Adam
optimizer was employed.

In this experiment, Mean Intersection over Union (mloU), F1-score, and Precision
were adopted as the performance evaluation metrics for the segmentation algorithm. The
definitions of the metrics are given as follows:

1. Let the number of true positives, false positives, and false negatives be denoted
as TP, FP, and FN, respectively, with the number of categories K = 2-mloU reflecting the
average segmentation accuracy of the model across all categories; a higher value indicates
better model performance. Its calculation formula is shown in Equation (9):

1 & TP
mlou = —Y_ k
K /= TPy + FPy+ FNi

©)
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2. The Fl-score (F1-measure) is the harmonic mean of Precision and Recall, which
comprehensively reflects the model’s performance on both positive and negative samples.
Its calculation formula is shown in Equation (10):

Precision x Recall

Precision + Recall (10)

Fyscore = 2 X

3. Precision refers to the proportion of actual positive samples among those predicted
as positive. A higher value indicates a higher precision rate of the model. Its calculation
formula is shown in Equation (11):

TP

P .. _
recision TP + FP

(11)

3. Results
3.1. Comparative Experiments of Different Segmentation Models

This section presents comparative experiments of the improved model on the veg-
etation and snow datasets. Several mainstream and high-performance classical image
segmentation networks—FCN, SegNet, DeepLabv3+, and UNet [28-30]—were selected as
baseline models for comparison.

The four aforementioned models were compared with the improved model proposed
in this study. The segmentation results for the vegetation dataset are presented in Table 1,
and the results for the snow dataset are shown in Table 2.

Table 1. Comparison of recognition performance among different models on the grassland dataset.

Models mloU/% F1 Score/% Precision/% Parameters/M
FCN 76.90 82.57 80.13 71.10
SegNet 81.24 82.91 85.74 48.50
DeepLabv3+ 82.34 83.93 89.10 58.00
UNet 83.22 84.84 89.70 51.11
Our model 84.70 86.12 91.28 44.54

Table 2. Comparison of recognition performance among different models on the snow-
covered dataset.

Models mloU/% F1 Score/% Precision/% Parameters/M
FCN 81.18 86.81 84.84 71.10
SegNet 84.97 89.68 90.50 48.50
DeepLabv3+ 89.83 92.63 91.86 58.00
UNet 90.35 92.96 91.83 51.11
Our model 92.74 94.79 94.19 44.54

As shown in Table 1, the proposed method demonstrates significant advantages across
all evaluation metrics, including mloU, F1 score, and accuracy. For the vegetation dataset,
the mloU scores of FCN, SegNet, DeepLabv3+, and UNet were 76.90%, 81.24%, 82.34%,
and 83.22%, respectively. The proposed model achieved an mloU of 84.70%, representing
improvements of 7.80, 3.46, 2.36, and 1.48 percentage points over the respective baseline
models, demonstrating superior segmentation performance.

For the F1 score, FCN, SegNet, DeepLabv3+, and UNet scored 82.57%, 82.91%, 83.93%,
and 84.84%, respectively. The proposed model achieved an F1 score of 86.12%, correspond-
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ing to improvements of 3.55, 3.21, 2.19, and 1.28 percentage points over the respective
baseline models.

In terms of accuracy, FCN, SegNet, DeepLabv3+, and UNet achieved 80.13%, 85.74%,
89.10%, and 89.70%, respectively. The proposed model attained an accuracy of 91.28%,
significantly outperforming the comparison models, with increases of 11.15, 5.54, 2.18, and
1.58 percentage points, respectively.

The evaluation results for the snow dataset (Table 2) indicate that the proposed method
achieves significant advantages across mloU, F1 score, and accuracy metrics. For the mloU
metric, FCN, SegNet, DeepLabv3+, and UNet scored 81.18%, 84.97%, 89.83%, and 90.35%,
respectively. The proposed model achieved an mloU of 92.74%, representing improvements
of 11.56,7.77,2.91, and 2.39 percentage points over the respective baseline models.

For the F1 score, FCN, SegNet, DeepLabv3+, and UNet achieved 86.81%, 89.68%,
92.63%, and 92.96%, respectively. The proposed model attained an F1 score of 94.79%, im-
proving by 7.98, 5.11, 2.16, and 1.83 percentage points compared with the baseline models.

Regarding accuracy, FCN, SegNet, DeepLabv3+, and UNet achieved 84.84%, 90.50%,
91.86%, and 91.83%, respectively. The proposed model reached 94.19% accuracy, signifi-
cantly outperforming the comparison models, with increases of 9.35, 3.69, 2.33, and 2.36
percentage points, respectively.

To visually demonstrate the advantages of the improved model, the segmentation results
of all models on the test datasets were visualized. The segmentation results for the vegetation
dataset are shown in Figure 8, and the results for the snow dataset are presented in Figure 9.

shadow interference

blurred boundaries

haze interference

Image Label Segnet DeepLabv3+ Our model
Note: The area enclosed by red lines indicates vegetation.

Figure 8. Recognition performance results for different models on grassland dataset.

homochromatic interference

blurred boundaries

patchy distribution

Image Label FCN Segnet DeepLabv3+ U-net Our model

Note: The area enclosed by green lines indicates snow.

Figure 9. Recognition performance results for different models on the snow-covered dataset.
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Based on the segmentation performance results and the visualizations in Figures 8
and 9, the Fully Convolutional Network (FCN) performs poorly on the test datasets. Al-
though FCN uses transposed convolution for upsampling, which can restore the spatial di-
mensions of feature maps, it cannot fully recover the original feature values. This limitation
reduces the utilization of higher-level features, thereby constraining segmentation accuracy.

Comparative analysis shows that SegNet and DeepLabv3+ exhibit superior segmenta-
tion performance. SegNet preserves the locations of maximum values through unpooling
operations, effectively enhancing feature utilization, while DeepLabv3+ captures contextual
information at multiple scales using atrous convolution modules, strengthening edge detail
extraction [30,31].

However, all the baseline models share a common limitation: their segmentation
performance is suboptimal in shadowed regions and complex backgrounds, especially
when the background color is similar to the target objects.

3.2. Ablation Study

To validate the effectiveness of each component in the proposed model—including
the optimized CBAM-ASPP module, the residual attention mechanism (residual block),
and the hybrid loss function—an ablation study was designed. The performance of each
configuration was evaluated using mloU, F1 score, and accuracy. The ablation results for
the vegetation dataset, which features more complex backgrounds, are presented in Table 3.

Table 3. Comparison of ablation study results.

(:fsﬁ)l;[- Rgsliodc'il(al H]Y(l::sid IFI?(EEI:IREE; mloU/%  F1Score/%  Precision/% Parameters/M
X X X X 83.22 84.84 89.70 51.11
Vv X X X 84.01 85.16 89.91 56.79
X Vv X X 83.05 84.67 91.11 43.65
X X Vv X 84.05 85.68 90.59 51.11
X X X vV 80.21 85.38 90.81 51.11
Vv Vv X X 83.68 85.07 90.88 44.54
X vV vV X 83.87 85.10 91.07 43.65
Vv Vv Vv X 84.70 86.12 91.28 44.54

Note: "x" indicates that the module is not used, and "\/" indicates that the module is used.

As shown by the ablation results in Table 3, individually introducing the CBAM-
ASPP module, the residual attention mechanism, and the dynamically weighted hybrid
loss function led to varying degrees of improvement in the model’s mloU, F1 score, and
accuracy. Each module demonstrated a significant optimization effect for addressing
specific challenges.

When only the CBAM-ASPP module was introduced, the model exhibited the most
significant improvement in mloU, reaching 84.01%, while the F1 score increased to 85.16%.
At the same time, the parameter count was reduced compared with using the standard ASPP
module alone. This indicates that the CBAM-ASPP module effectively addresses the trade-off
between accuracy improvement and computational complexity in traditional multi-scale
feature extraction methods, balancing feature extraction efficiency and effectiveness.

When only the residual attention mechanism was introduced, the model exhibited
the most significant improvement in accuracy, reaching 91.11%, second only to the final
integrated model. Although the mloU (83.05%) and F1 score (84.67%) were slightly lower
than those of the baseline UNet model, this result still demonstrates that the mechanism
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can accurately focus on key target region features. It effectively addresses the traditional
decoder’s limitations in recognizing critical regions, making it particularly suitable for
segmentation tasks that require high pixel-level classification accuracy.

When only the dynamically weighted hybrid loss function was applied, the model
achieved simultaneous improvements in the three core metrics: mloU, F1 score, and
accuracy, reaching 84.05%, 85.68%, and 90.59%, respectively. In comparison, the fixed-
proportion hybrid loss strategy, which assigns equal weights to different loss terms, only
improved the F1 score (85.38%) and accuracy (90.81%), while mlIoU dropped to 80.21%. This
indicates that the fixed-weight scheme may induce false detections or omission errors when
merely optimizing overlapping regions. By contrast, the dynamically weighted hybrid
loss outperformed the baseline model across all three evaluation metrics. It effectively
addresses the segmentation bias caused by single-objective optimization in conventional
loss functions. Furthermore, the proposed strategy dynamically balances multiple loss
objectives throughout the training process, enabling precise optimization of boundary
segmentation performance without increasing the model’s parameter count.

When any two of the three modules were combined, the model’s segmentation metrics
exceeded those achieved by using a single module alone, further demonstrating the com-
plementary optimization effects between different modules [32]. When the CBAM-ASPP
module, residual attention mechanism, and dynamically weighted hybrid loss function
were all integrated, the model achieved optimal performance with mloU of 84.70%, F1
score of 86.12%, and accuracy of 91.28%, while maintaining a relatively low parameter
count of 44.54 M. Compared with using any single module, the three core metrics im-
proved on average by more than 1.3 percentage points; compared with the baseline UNet
model, the improvement was even more pronounced; and compared with any two-module
combination, the average improvement exceeded 0.8 percentage points.

These results indicate that the three modules can generate a synergistic effect, not only
addressing specific bottlenecks in the segmentation task individually, but also collectively
enhancing the model’s feature extraction capability, key-region recognition ability, and
loss optimization accuracy. This synergy ultimately achieves an effective balance between
segmentation precision and recognition efficiency, significantly improving the model’s
overall segmentation performance.

The proposed model addresses this issue effectively due to several factors:

1. The model’s skip connection structure ensures that the final reconstructed feature
maps retain lower-level features [33].

2. The CBAM-ASPP module captures multi-scale feature information.

3. The residual attention mechanism improves parameter efficiency and reduces
model complexity.

The hybrid loss function enhances the model’s ability to capture boundary information.

Experimental results demonstrate that the proposed method achieves superior segmenta-
tion performance and offers greater effectiveness in vegetation and snow cover identification.

4. Construction of Grassland Fire Risk Index (GFRI)
4.1. Fire Risk Factors

To validate the practical application value of the vegetation and snow cover segmen-
tation results in this study, we adopt the multi-factor coupling framework of existing fire
dynamic risk indices (FDDI [34] and FFDI [35]). Combined with the formation mechanism
of grassland fire hazards and the underlying surface characteristics of the study area, four
core influencing factors are selected: vegetation coverage, green chromatic coordinate
(GCCQ), snow coverage, and elevation. Using observational data from a large number of
near-surface fixed grassland fire risk monitoring stations across the region [36], this study
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develops a Grassland Fire Risk Index (GFRI) tailored for fine-scale field grassland fire risk
assessment. All fire risk factors are derived entirely from the image segmentation results
and basic field station information obtained in this study.

Among them, vegetation coverage (VC) is defined as the ratio of the number of
pixels in segmented vegetation areas to the total number of pixels in the entire image. It
characterizes the coverage degree and load level of regional combustible materials. Higher
vegetation coverage corresponds to better continuity of combustibles and greater fire
hazard potential, making it a positive fire risk factor.

The green chromatic coordinate (GCC) [15] is calculated solely from vegetation regions
extracted by the improved algorithm. Invalid pixels are excluded to accurately reflect
vegetation growth status and indirectly characterize vegetation moisture content to a
certain extent. The GCC is defined as:

G
GCC = RiCTB (12)

In Equation (12), R, G, and B represent the digital number values of red, green, and blue
bands in visible light imagery, respectively. Lower GCC values indicate higher vegetation
withering degree and greater flammability, rendering GCC a positive fire risk factor.

Snow coverage (SC) is defined as the ratio of snow pixels obtained from segmentation
to the total pixels of the entire image. By effectively covering combustible materials,
reducing surface temperature, and alleviating vegetation drying, snow coverage markedly
restrains the ignition and spread of grassland fires, thus acting as a negative fire risk factor.

Elevation (E) refers to the vertical distance from a given point to the absolute datum
along the plumb line. As one of the key external environmental factors affecting plant
growth [37], variations in elevation influence vegetation growth and development, func-
tional structure, as well as leaf area and stomatal density. Therefore, elevation exerts a
substantial impact on vegetation growth. In addition, meteorological and climatic char-
acteristics change with increasing altitude. Generally, higher elevations are associated
with greater relative humidity and higher vegetation moisture content, which reduces
flammability. For this reason, elevation serves as a negative fire risk factor.

To eliminate dimensional differences among fire risk factors and unify their contribu-
tion directions to grassland fire hazard, all indicators are processed using range standardiza-
tion. All values are normalized uniformly to the interval of [0, 1]. After standardization, a
higher value indicates a stronger promoting effect of the corresponding factor on grassland
fire risk [38]. However, different fire risk factors adopt distinct normalization methods.
Positive fire risk factors are normalized using Equation (13), while negative fire risk factors
are processed via Equation (14). Here, x,,;,, denotes the minimum value of the factor, and
Xmax represents the maximum value.

! X = Xmin

X =~ Tmin (13)

Xmax — Xmin

¥ = Xmin — X (14)

Xmax — Xmin

4.2. Dynamic Grassland Fire Risk Index Based on AHP-Improved Weighting

To reasonably determine the weight of each fire risk factor, avoid the limitation of
equal weighting that ignores the differentiated contributions of individual factors to fire
hazard, and clarify the intrinsic relationship between fire risk factors and grassland fire
occurrence, this study adopts the Analytic Hierarchy Process (AHP) for weight calculation,
so as to improve the accuracy of conventional fire early warning models. The Analytic Hier-
archy Process (AHP) is a systematic mathematical decision-making method that addresses
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complex multi-factor decision problems. It decomposes multiple influencing factors into
hierarchical levels, including target, criterion, and alternative layers. By combining qualita-
tive indicators with quantitative calculation, AHP derives the weight sequence of factors
at each level, thereby providing a rational basis for scheme optimization and scientific
decision-making [39]. The weight calculation process of AHP consists of the following
three steps [40].

First, combined with existing research on forest and grassland fire hazards and local
fire occurrence patterns in the study area, vegetation coverage and snow cover are regarded
as the dominant surface conditions determining grassland fire risk, followed by vegetation
greenness. Elevation is treated as a relatively stable background factor with the weakest
influence. On this basis, the judgment matrix A4 .4 is established.

Second, the maximum eigenvalue is obtained using the sum-product method, with
the specific steps as follows [41]:

The judgment matrix A4 is normalized according to the following formula to obtain

the matrix By 4:
Ell']'

b = (i,j =1,2,3,4) (15)

1
i=1 i
The vector C = (c1, ¢3, ¢3, C4)T is derived from the matrix By 4.
4

ci=Y bj(i,j=1234) (16)
j=1

The vector C is then normalized to obtain the eigenvector W = (w1, wp, w3, u)4)T:

Ci
w; =
4
21‘:1 Ci

(i=1,2,3,4) (17)

Finally, the maximum eigenvalue A,y is calculated as:

1 4 (Aw); .
Amax = Z X 2121 Tll (Z = 1/ 2/ 3/ 4) (18)
Third, a consistency test is performed on the judgment matrix to determine whether
the calculated weights are reasonable as a decisive indicator. The criterion is: the weights

are considered acceptable when the consistency ratio CR < 0.1. The definition of CR is:

I

R=—
¢ RI

(19)
In Equation (19), RI represents the random consistency index, which varies with the
order of the matrix. In a 4th-order square matrix, its value is 0.89.
Consistency index (CI) is given by:
. Amax — 4 Amax —4

= = 2
CI 11 3 (20)

Through matrix normalization, weight calculation, and consistency testing, the fol-
lowing results are obtained: the maximum eigenvalue A, ~ 4.01, the consistency index
CI ~ 0.003, and the consistency ratio CR ~ 0.003 < 0.1. The matrix passes the consistency
test, indicating that the weight distribution is reasonable and valid. The final weights for
each factor are: Wgce = 0.205, wyc = 0.351, wsc = 0.351, and wg = 0.093.
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Drawing on the multiplicative coupling form of the classic FDDI index, and incor-
porating the mechanism-based weights derived from AHP, the Grassland Fire Risk Index
(GFRYI) is constructed as follows:

GFRI = (GCC')"™ x (v')*®! x (sC)* x (E)"* 1)

4.3. Correlation Analysis

To verify the effectiveness of vegetation coverage, snow coverage, and green chromatic
coordinate (GCC) derived from near-surface image segmentation in grassland fire risk
assessment, and further examine the capability of the constructed GFRI in characterizing
the seasonal dynamics of regional fire risk, Pearson correlation analysis is conducted us-
ing historical fire records from 2002 to 2018 (Figure 10) [42] and monthly fire risk index
values. Forest and grassland fires in the Altay region are jointly controlled by seasonal
snowmelt, vegetation phenological succession, and the periodic strong winds in spring and
autumn. The intra-annual fire distribution presents a stable seasonal pattern: fires occur
most frequently in spring, followed by autumn, with low incidence in summer and rare
occurrences in winter. Interannual minor climatic fluctuations only affect the total number
of fire incidents without altering the inherent monthly fire distribution pattern of the region.

40
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Figure 10. Historical fire incidents in Altay Prefecture, Xinjiang, from 2002 to 2018.

Based on valid monthly image data from all near-surface monitoring stations in the
Altay region for 2025, this study calculated the vegetation coverage, snow coverage, and
green chromatic coordinate (GCC) for each image. Representative monthly values of
these vegetation cover characteristics were obtained by arithmetic averaging. Combined
with the fixed elevation data of each station, all indicators were standardized using range
normalization and then substituted into the GFRI model to derive the monthly dynamic
grassland fire risk index for the Altay region from January to December 2025.

Combined with the historical statistical data of the Altay region, the monthly historical
fire occurrence counts and corresponding GFRI index values within the year in the study
area are summarized in Table 4.

Table 4. Historical statistical data of the Altay region.

Month Cumulative Number of Historical Fire Incidents (2002-2018) Monthly GFRI Index (2025)
January 0 0.13
February 0 0.16

March 1 0.29
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Table 4. Cont.

Month Cumulative Number of Historical Fire Incidents (2002-2018) Monthly GFRI Index (2025)
April 37 0.70
May 22 0.65
June 29 0.74
July 58 0.82
August 47 0.79
September 25 0.67
October 6 0.38
November 1 0.20
December 0 0.11

The Pearson correlation coefficient is used to quantify the linear correlation between
the monthly GFRI index and historical fire occurrence frequency, with the formula given
as follows:

= Z:/l (xi - Y) X (yl - y) (22)
VI =32 /2 i - )

In Equation (22), r is the Pearson correlation coefficient, with a value range of [-1, 1];

n is the sample size, which is taken as 12 months within the year in this study (n = 12); x;
is the GFRI fire risk index in the i-th month; X is the average value of the GFRI index for
12 months of the whole year; y; is the cumulative number of historical fires in the i-th month
from 2002 to 2018; ¥ is the monthly average number of historical fires for the whole year.

Pearson correlation coefficient ¥ > 0 indicates a positive correlation between the two
variables; the higher the GFRI index, the more the monthly fires, which is consistent with
the fire mechanism. The closer r is to 1, the better the representation effect of the index on
the seasonal rhythm of regional fire risk. The significance test adopted a confidence level of
95% (p < 0.05) as the criterion for significance judgment.

Pearson correlation analysis of the 12 monthly samples shows that the GFRI index is
extremely significantly positively correlated with the historical monthly fire occurrence
counts (r = 0.924, p < 0.001). This indicates that the fire risk index constructed based on
vegetation and snow cover derived from near-surface image segmentation can effectively
capture the intra-annual seasonal dynamics of grassland fire risk in the Altay region. It
exhibits a high degree of coupling with the regional fire occurrence rhythm, and can well
characterize the seasonal variation characteristics of grassland fire risk in the study area.

Combined with the historical fire records of the Altay region, it can be found that the
GFRI index can effectively capture the seasonal driving mechanism of grassland fire risk in
this area, and its overall variation trend is highly consistent with the rhythm of historical
fire occurrence.

In winter (December—February), the entire study area is covered by snow, and com-
bustible materials are completely suppressed with no fire occurrences; accordingly, the fire
risk index remains at its lowest level throughout the year. In March, snow melts gradually,
a small amount of withered grass is exposed on the surface, sporadic fires emerge, and fire
risk rises slightly. In April, extensive snow retreat exposes abundant surface combustibles,
causing fire risk to increase rapidly and fire occurrences to grow remarkably. During
summer (June-August), the region features high temperatures and dry air. Although
vegetation remains green, prolonged high temperatures and drought reduce the surface
moisture content of vegetation and enhance its flammability [43]. Coupled with persistent
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dry conditions, this period forms the annual peak of fire activity, corresponding to the
highest GFRI index of the whole year. In September, temperature drops and humidity
rises, vegetation gradually withers and turns yellow, and both fire occurrences and fire risk
decline synchronously [44]. From October to December, temperatures continue to decrease
and snow gradually covers the land surface, leading fire activities to fade rapidly until they
disappear completely. Meanwhile, slight deviations between the fire risk index and fire
frequency exist in certain months. This is because grassland fire risk is governed not only
by surface cover factors but also interfered with by stochastic factors such as instantaneous
meteorological conditions and human activities, which conforms to the actual occurrence
pattern of regional fires.

This result fully verifies that the vegetation coverage, snow coverage, and GCC
retrieved by the improved image segmentation algorithm in this paper can accurately
respond to the seasonal variations in regional surface cover and climate. The indicators
can effectively characterize the background state of regional grassland fire risk and possess
favorable practical application potential in field scenarios.

5. Discussion

The proposed multi-scale residual attention network demonstrates outstanding per-
formance in image segmentation tasks, achieving an effective balance between accuracy
and computational efficiency. Its advantages primarily stem from three core modules and
the design of a hybrid loss function, which work synergistically to accurately capture
critical target information in complex backgrounds while maintaining low computational
overhead, which provides high-precision, reliable basic data support for the subsequent
construction of the Grassland Fire Risk Index (GFRI).

Second, the residual attention module optimizes the fusion strategy of high-level
semantic features and low-level detailed features during the upsampling stage. By embed-
ding the CBAM attention mechanism into residual units, the proposed network strengthens
the extraction of effective foreground information, such as vegetation and snow cover,
while effectively suppressing irrelevant background interference from terrain and bare
land. This design not only improves the model’s multi-level feature perception ability
but also reduces redundant parameters and computational cost. It notably optimizes the
edge clarity and structural integrity of segmentation results, ensuring the high-precision
acquisition of vegetation coverage (VC) and snow coverage (SC) datasets required for
GFRI modeling.

Additionally, the dynamically weighted hybrid loss function further improves the
model’s comprehensive segmentation performance. Different from conventional fixed-
proportion hybrid loss functions that suffer from unbalanced optimization objectives, the
proposed strategy adaptively adjusts the weight of each loss term at different training
stages. The Dice loss constrains the overall structural integrity of segmentation results
and alleviates the class imbalance problem between vegetation, snow and background
pixels; the boundary loss adopts distance transform weighting to penalize edge deviation
errors, which effectively improves the identification accuracy of fuzzy boundary regions
between vegetation, snow cover and bare land. Comparative experiments verify that the
dynamic weighted loss scheme outperforms the fixed-proportion loss strategy across all
core metrics. It avoids the mloU decline and omission/false detection risks caused by
fixed-weight optimization, and achieves synchronous optimization of overall segmentation
accuracy and boundary precision without increasing model parameters.

More importantly, the high-quality vegetation and snow cover segmentation results
obtained by the proposed network lay a solid foundation for the construction and applica-
tion of the GFRI model. The accurate time-series VC, SC, and green chromatic coordinate
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(GCC) data retrieved from segmented images, combined with stable topographic elevation
factors, enable reliable monthly grassland fire risk quantification. The Pearson correlation
verification further proves that the segmentation products generated by the proposed
model can accurately respond to seasonal variations in surface cover and climate, and the
derived GFRI index is highly coupled with the actual seasonal fire occurrence rhythm in
the study area.

In summary, the proposed segmentation method effectively balances segmentation
accuracy, boundary refinement capability and computational efficiency. The synergistic
effect of multi-scale feature fusion, residual attention optimization and dynamic hybrid loss
function ensures the reliability of ground cover parameter inversion. This not only validates
the comprehensive effectiveness of the designed network modules in complex grassland
image segmentation, but also provides a feasible, efficient and refined technical support
for regional grassland fire risk dynamic assessment, realizing the organic combination of
intelligent image segmentation and ecological fire risk evaluation.

6. Conclusions

Based on the UNet architecture, this study proposes an improved image segmen-
tation model. The model replaces the original multi-scale feature fusion module with a
CBAM-ASPP module, introduces a residual attention mechanism in the upsampling stage,
and adopts a dynamically weighted hybrid loss function as a collaborative optimization
strategy. These improvements significantly enhance the model’s segmentation accuracy
and generalization capability. The main conclusions are as follows:

1. The improved UNet model demonstrates excellent segmentation performance on
both vegetation and snow datasets. Specifically, for the vegetation segmentation task, the
model achieved an accuracy of 91.28%, representing an improvement of 1.58 percentage
points over the standard UNet. For the snow segmentation task, the accuracy reached
94.19%, an increase of 2.36 percentage points compared with UNet. These results fully
demonstrate the feasibility of reducing the parameters and improving the accuracy of the
UNet backbone network, and provide a reliable model foundation for efficiently obtaining
the environmental background data required for grassland fire risk assessment.

2. Under the same experimental conditions, the improved UNet model outperforms
mainstream segmentation models such as FCN, SegNet, and DeepLabv3+ in both vegeta-
tion and snow segmentation tasks. For vegetation segmentation, the accuracy improved
by 11.15, 5.54, and 2.18 percentage points, respectively, compared with the three baseline
models. For snow segmentation, the accuracy increased by 9.35, 3.69, and 2.33 percentage
points, respectively. Leveraging the advantages of multi-module collaborative optimiza-
tion, the improved model effectively addresses the limitations of traditional models and
enhances segmentation accuracy in complex field scenarios.

3. The ablation study further validates the effectiveness and synergistic benefits of each
improved module. The final model, integrating all proposed enhancements, outperforms
the standard UNet across the three core metrics: mloU, F1 score, and accuracy, with
improvements of 1.48, 1.28, and 1.58 percentage points, respectively. At the same time, the
model’s parameter count is reduced by 12.85%, achieving a balance between segmentation
accuracy and computational efficiency, and laying the foundation for deployment on
resource-constrained edge devices.

4. The improved model enables consistent and stable extraction of time-series vegeta-
tion coverage, snow coverage, and GCC from near-surface monitoring images, providing
unified and reliable basic parameters for regional fire risk evaluation. On this basis, the con-
structed GFRI index integrates mature fire risk assessment frameworks and actual surface
environmental characteristics, forming a mechanism-driven fire risk quantification model
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with robust result reliability and scientific rationality. Correlation verification confirms that
the GFRI index can effectively characterize the seasonal dynamic rhythm of grassland fire
risks and match the actual regional fire occurrence rules.

Although the proposed improved model achieves notable progress in vegetation and
snow cover identification, further research is needed in the following areas. First, the
current segmentation models are designed for single tasks. In the future, by constructing
a unified multi-task segmentation model, we can improve efficiency and performance.
Meanwhile, future optimization can further improve the GFRI’s universality and accuracy
by expanding multi-year, multi-vegetation-type monitoring datasets and combining field-
measured combustible moisture data. Second, the model relies heavily on high-quality
annotated data, highlighting the need to explore semi-supervised learning approaches to
reduce annotation costs. Additionally, combining techniques such as model quantization
and pruning could enhance inference speed, enabling real-time deployment and provid-
ing more precise technical support for sustainable grassland management and fire risk
early warning.
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