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Abstract

:

The accurate identification of forest degradation and its driving factors is a prerequisite for implementing high-quality forest management. However, distinguishing degradation patterns is often neglected in large-scale forest quality assessments. The indicators were constructed to identify typical forest degradation patterns using remote sensing indexes, followed by an analysis of the spatiotemporal dynamics of forest degradation and quantification of the contributions from various driving factors. The results indicated that the constructed indicators could effectively distinguish typical forest degradation patterns, with a fire degradation identification accuracy of 90.0% and a fitting accuracy of drought and pest degradation higher than 0.7. The cold temperate conifer forest zone had the largest proportion of fire degradation, accounting for 67.7% of the area, and totals of 99.0% of the subtropical evergreen broadleaf forest zone and 92.8% of the temperate conifer and broadleaf mixed forest zone were moderately to severely affected by drought, with long-term stability. Additionally, 0.1% of the temperate grassland region and 0.1% of the cold temperate conifer forest zone underwent severe pest infestations, with a long-term stable trend. Meteorological factors were the primary contributors to all typical degradation patterns, accounting for 81.35%, 58.70%, and 82.29%, respectively. The research developed an index for assessing forest degradation and explained the importance of natural and anthropogenic factors in forest degradation. The results are beneficial for the scientific management of forest degradation and for improving forest management efficiency.
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1. Introduction


Forests are the largest terrestrial ecosystems and are an integral part of the biosphere, playing a crucial role in global material cycling and energy flow [1]. They provide important ecological services, such as nitrogen fixation, oxygen release, water conservation, and soil retention [2]. However, forest degradation has become a significant environmental issue worldwide, with major degradation patterns that include forest fires, droughts, pest infestations, and wind damage [3,4]. Forest degradation impairs forest structure and functionality [5], even when it is not represented by a reduction in forest area [6], and also leads to a loss of biodiversity, weakened material cycles, and a reduction in ecosystem services [7]. Therefore, accurately identifying forest degradation and exploring its influencing factors play a crucial role in forest management and ecological restoration, promoting fine forest management and enhancing human well-being.



Forest degradation can be identified through in situ surveys or remote sensing. In situ surveys provide accurate information [8], but they are limited by human and material resources, making it challenging to meet the requirements of large-scale, frequent forest-quality monitoring and precise and effective forest protection and restoration [9]. Remote sensing utilizes the physical, morphological, and biochemical features of vegetation to identify forest degradation. These mainly include canopy gap, canopy height, vegetation index, forest fragmentation [10], aboveground biomass [11], and logging and agricultural activities [12]. The identification algorithms of forest degradation include classification comparison, direct analysis, time-series analysis, and deep learning methods [13]. The development of remote sensing technology has made large-scale forest degradation assessments possible, and it has been widely applied in various fields [14,15,16].



Different forest degradation patterns exhibit significant differences in external manifestation. However, traditional remote sensing methods for identifying forest degradation typically use a unified index, which cannot represent multiple degradation patterns [6,17], resulting in a lower accuracy of forest degradation assessment [5,6]. Different forest degradation patterns also have a different quality dynamic process, which results in different degradation response times [18]. For example, forest fires cause an immediate deviation from the natural variation range of the land surface temperature (LST)/enhanced vegetation index (EVI) ratio, whereas forest pest outbreaks deviate gradually from the natural variation range as the infestation spreads [16]. The forest ecosystem is a dynamic system composed of multiple nonlinear features, and there is a complex mapping relationship between identification indicators and degradation patterns. For instance, forest fires and logging activities both result in the rapid opening of the forest canopy [5], and broad-leaved forests can germinate again in the year of an insect infestation, which causes the vegetation index to fluctuate [19]. In addition, the major driving factors and their contributions vary with the forest degradation pattern, and inaccurate identification can mislead management and restoration planning. However, the existing research on forest degradation identification has rarely considered the difference between degradation patterns.



To identify the major patterns of forest degradation accurately and apply them to high-quality forest management and restoration assessments, this study chose the forest ecosystems in northeast China as the subject. Utilizing multiple years of remote sensing data, this study had the following objectives: construct and validate identification indicators for different forest degradation patterns, use the constructed indicators to identify the spatiotemporal dynamics of forest degradation, and identify and quantify the driving factors for each degradation pattern and propose corresponding management measures. These results provide support for the accurate identification of forest degradation and offer detailed strategies for forest degradation management.




2. Materials and Methods


2.1. Study Area


With a large area of natural secondary forest, the northeast forest region (Figure 1) is the largest forest region in China, accounting for one-third of the total national forest area [20]. It has a temperate monsoon climate with concurrent rainfall and heat [21]. The average annual precipitation is 543 mm, and the average annual temperature is 6.3 °C. The northeast forest region provides various ecosystem services, such as water conservation, soil retention, and climate regulation, thus playing a vital role in the national ecological security framework [22]. In addition, it is an important carbon sink, contributing more than 20% of China’s forest carbon sequestration [23]. To protect and enhance the ecological services of the northeast forest area and improve the regional ecological environment, a series of ecological restoration projects have been implemented. These include the Three-North Shelterbelt Project, Natural Forest Conservation Project, and Beijing–Tianjin Sand Source Control Project [24]. According to the classification by Fang et al. [25], the study area encompasses five vegetation zones, e.g., a cold temperate conifer forest zone (i), temperate conifer and broadleaf mixed forest zone (ii), temperate grassland region (iii), warm temperate deciduous broadleaf forest zone (iv), and subtropical evergreen broadleaf forest zone (v) (Figure 1). The main patterns of forest degradation that occur in the northeast forest region include fire, drought, and pest infestation [22]. With climate change, the frequency and intensity of forest degradation is expected to increase [26].




2.2. Data Sources


2.2.1. Remote Sensing Index and Driving Factors


This study aimed to capture the different biophysical changes in forest ecosystems caused by different degradation patterns. Remote sensing indicators were utilized to detect these changes and identify typical forest degradation. Fire reduces vegetation density and increases surface temperature [28]. To identify forest degradation caused by fire, the land surface temperature (LST) and enhanced vegetation index (EVI) were adopted. Drought leads to vegetation water stress and reduces the cooling effect of vegetation [29]. To identify forest degradation due to drought, the LST and normalized difference water index (NDWI) were selected. Pest infestations damage vegetation leaves and alter leaf color [30]. To identify forest degradation caused by pests, the ratio vegetation index (RVI) and EVI were used. In addition, meteorological, topographical, soil, vegetation, and human activity factors, usually used for vegetation growth analysis, were selected to analyze the driving factors of forest degradation. For detailed information about the data and a description of each variable, please refer to Table 1.




2.2.2. Field Validation Data


From July to August 2021, a forest survey was carried out in the study area. Before conducting field surveys, the main types of forest degradation and relevant remote sensing indices were identified through literature review and data screening. Subsequently, forest conditions were evaluated using remote sensing indices, and potential sampling points were preliminarily selected based on factors (Table 2) such as the degree of forest degradation, stand structure, climatic zone, and accessibility. Alternate points were retained for further consideration. During field surveys, adjustments were made to the initial selection of points based on actual field conditions to ensure that the samples adequately represented typical degradation areas and covered different vegetation belts, thereby maintaining the diversity and uniformity of sampling. Prior to the measurements, 500 × 500 m aerial imagery of the target plots was acquired using the DJI Mavic 2 Pro unmanned aerial vehicle (DJI, Nanshan District, Shenzhen, China), and three representative subplots (30 × 30 m) were selected within each plot. The LAI-2000 Plant Canopy Analyzer (LI-COR Biosciences, Lincoln, NE, USA) was used to measure the leaf area index (LAI) with the cross method to verify the degree of degradation. The average LAI of the subplots was considered to be the measured value for each plot. The supplementary material (Table S1) shows the details of the field survey data.





2.3. Construction of the Degradation Index


2.3.1. Fire-Induced Indicator


Mildrexler et al. [16] developed the MODIS Global Disturbance Index (MGDI), which captures the process of surface temperature rise triggered by forest fires. The surface temperature increases with the decrease in vegetation density [28]. During forest fires, the forest canopy cover decreases, causing a larger proportion of the incident solar energy to be transferred as heat flux, resulting in an immediate increase in surface temperature [41]. The ecosystem disturbance index is constructed as follows:


    DI   F   =         LST   max    /    EVI    max   post         current   year   ( y )          LST   max    /    EVI    max   post         multi - mean   ( y  −  1 )     



(1)




where     DI   F     represents the value of the ecosystem disturbance index,     LST   max     corresponds to the maximum synthesized surface temperature (°C) in a year,     EVI    max   post      refers to the maximum vegetation index value after the occurrence of the maximum synthesized surface temperature in a year, “   current   year   ( y )   ” represents the year of disturbance detection, and “   multi - mean   ( y  −  1 )   ” denotes the average value of multiple previous years         LST   max    /    EVI    max   post         .



Wu et al. [42] established a 65% threshold for identifying areas affected by fires, aiming to mitigate the potential impacts of delayed recovery on subsequent fire disturbance detection. This study adopts the same threshold as the criterion for determining fire occurrence. The calculation method is as follows:


    DI   FC    =           0       MGDI   y     − MGDI    y − 1        MGDI    y − 1       ≤ 0.65              1       MGDI   y     − MGDI    y − 1        MGDI    y − 1       > 0.65            



(2)




where   D   I   FC     represents the annual change rate of the disturbance index,   MGD   I   y     corresponds to the disturbance index value in the current year of disturbance detection, and   MGD   I    y − 1      represents the disturbance index value from the previous year before disturbance detection. Based on pixel-level statistical methods and the literature, a disturbance index change rate greater than 65% is indicative of fire occurrence.




2.3.2. Drought-Induced Indicator


In comparison to the rate of forest wildfires, the change in forest drought has a slower pace. Based on the significant cooling effects of canopy shading and leaf transpiration cooling [29], as well as the observed leaf dryness after a forest drought, this study drew on the non-instantaneous disturbance recognition model [16] and constructed a forest drought monitoring index using the LST and NDWI:


    DI   D   =         LST   max    /    NDWI   max        current   year   ( y )          LST   max    /    NDWI   max        multi - mean      y − 1      



(3)




where     DI   D     represents the forest drought index,     LST   max     denotes the maximum temperature in the given year, and     NDWI   max     represents the maximum NDWI in the given year.




2.3.3. Insect-Induced Indicator


Forest pest infestations and forest drought both fall under the category of non-instantaneous degradation [16]. Pest infestations in forests cause leaf defoliation and discoloration, which can be captured with satellite remote sensing [30]. Therefore, the EVI and RVI, which are correlated with leaf area and color change [30,43], were selected to represent pest infestation. The calculation method is as follows:


    DI   I   =           RVI   − 1     max    /    EVI   max        current   year   ( y )            RVI   − 1     max    /    EVI   max        multi - mean      y − 1      



(4)




where     DI   I     represents the forest pest index,       RVI    − 1      max     refers to the ratio of the near-infrared and red-light spectral bands in the given year, and     EVI   max     represents the EVI in the given year.





2.4. Spatiotemporal Characteristics of Forest Degradation


In the analysis of the spatial characteristics of forest degradation, in the case of fire, the DIFC accumulated over the years was used for classification: no fire (ΣDIFC = 0, No), single fire (ΣDIFC = 1, One), and multiple fires (ΣDIFC > 1, More). Drought, pests, and diseases were quantified using the standardized average value of the multi-year degradation indicators (standardized to 0–1). To facilitate the comparison, the results were multiplied by 100 and graded as mild, moderate, or severe degradation (Table 3). Considering the temporal characteristics of forest degradation, the least-squares method was used to calculate the DI trend changes for fire, drought, and insect pests, and the change trends of the three disturbance types were classified according to their significance (see Table 3).




2.5. Analysis of Factors Driving Forest Degradation


The article converted raster data into vector points and extracted response variables and predictor values. The degradation response variables were then categorized as 1 (    DI   FC   > 0.65   or     DI   D   ,     DI   I   > 1  ) or 0 (    DI   FC     ≤ 0.65   or     DI   D   ,     DI   I     ≤ 1  ), followed by a boosting regression tree (BRT) analysis. This study utilized the boosted regression tree method to examine the driving factors behind forest degradation, a technique that obviates the need for prior data transformation or outlier removal and adeptly fits complex nonlinear relationships while concurrently managing interactions among predictor variables [44]. Widely utilized in ecological research [44], the BRT method was chosen because of its ability to effectively model intricate ecological processes. Before analyzing the driving factors, all influencing variables were assessed for collinearity using the variance inflation factor (VIF), and only variables with a VIF < 5 were retained to address multicollinearity concerns [45].





3. Results


3.1. Index Validation


Figure 2 presents the accuracy evaluation of the forest degradation index, indicating that the index constructed for this investigation accurately reflects the actual situation. The correspondence between the threshold-based identification of forest fires and the field surveys was 90.0%. Specifically, the accuracy of the identification of forest fires from 2003 to 2010 was 100%, whereas the accuracy from 2011 to 2020 was 83.3%. The fitting accuracy of the forest drought index to the field survey LAI was 0.756 (p < 0.001, n = 13), and the fitting accuracy of the forest pest index was 0.743 (p < 0.001, n = 14).




3.2. Spatiotemporal Characteristics of Forest Degradation


The three forest degradation patterns exhibited spatial heterogeneity. The spatial distribution of forest fires was uneven, with fires occurring predominantly in the northern region. The proportion of forest areas affected by fires or repeated fires was higher in the northern region than in the southern region. In the cold temperate conifer forest zone, 67.7% of the forest area had experienced fire, with 29.4% having experienced multiple fires. The proportion of forest fires in the temperate conifer and broadleaf mixed forest zones was lower than that in the cold temperate conifer forest zone, but the occurrence of forest fires was still relatively high at 24.5%, with 4.9% having experienced multiple fires; both of these proportions were higher than those in the other forest zones (Figure 3a). Forest droughts are predominantly moderate and spatially distributed in the subtropical evergreen broadleaf forest zone, warm temperate deciduous broadleaf forest zone, and temperate conifer and broadleaf mixed forest zone, with proportions ranging from 79.1% to 97.0%. The temperate grassland zone had the highest proportion of mild drought, reaching 22.1%, and the cold temperate conifer forest zone had the highest incidence of severe drought at 38.6% (Figure 3b). Forest pest infestations had mostly moderate intensity and were spatially distributed across the cold temperate coniferous forest zone, temperate conifer and broadleaf mixed forest zone, and subtropical evergreen broadleaf forest zone, with proportions between 99.3% and 99.9%. The warm temperate deciduous broadleaf forest zone had the highest proportion of mild pest infestations, at 12.2%, while severe infestations were relatively rare, ranging from 0.0% to 0.1%, and mainly occurred in the cold temperate conifer forest zone and temperate grassland region (Figure 3c).



Through the past two decades, the trend of the degradation index for forest fires remained largely stable, with only 3.4% of the cold temperate conifer forest zone showing an increasing trend in forest fire disturbance (Figure 4a). The trend of forest drought was predominantly stable, spatially concentrated mainly in the warm temperate deciduous broadleaf forest zone, temperate grassland region, and cold temperate conifer forest zone, with proportions ranging between 93.0% and 95.5%. The subtropical evergreen broadleaf forest zone exhibited the highest percentage decrease in drought trend, reaching 6.5%; the warm temperate deciduous broadleaf forest zone showed the highest percentage increase in drought trend, reaching 10.4% (Figure 4b). The trend of forest pest infestation was primarily stable and spatially distributed across the cold temperate conifer forest zone, subtropical evergreen broadleaf forest zone, and temperate conifer and broadleaf mixed forest zone, with proportions between 87.3% and 95.2%. The warm temperate deciduous broadleaf forest zone had the highest percentage decrease in pest infestation trend, at 19.6%, and the temperate grassland region had the highest increase in pest infestation trend, at 2.3% (Figure 4c).




3.3. Drivers of Forest Degradation


The area under the curve (AUC) values for the models for analysis of the driving factors of the three degradation patterns were all greater than 0.8 (Figure 5). An examination of the types of influencing factors showed that meteorological factors (81.35%) were the primary contributors to forest fire degradation, followed by anthropogenic factors (11.94%), topographic factors (5.17%), and forest characteristics (1.55%) (Figure 5a). In terms of specific influencers, temperature (65.82%) had the most significant impact on forest fire degradation, followed by distance to residential areas (11.94%). For drought, meteorological factors (58.70%) were the main influencing factors of forest degradation, followed by forest characteristics (20.83%), topographic factors (18.27%), and soil factors (2.21%); precipitation (26.67%) had the greatest impact on drought degradation, followed by elevation (15.26%), forest age (12.67%), temperature (12.59%), and potential evapotranspiration (12.21%) (Figure 5b). In the case of pest infestation, meteorological factors (82.29%) were the main explanatory variables for degradation due to forest pests, followed by forest characteristics (9.30%), topographic factors (6.53%), and soil factors (1.88%) (Figure 5c). Among these, precipitation (31.81%) had the largest impact on pest-induced forest degradation, followed by temperature (30.29%), aridity (10.15%), and wind speed (10.04%).





4. Discussion


4.1. Distinguishing Different Degradation Patterns Using Indicators Constructed Based on Different Remote Sensing Indicators


Based on the relationship between degradation patterns and forest ecosystem characteristics, this study utilized corresponding remote sensing indicators to identify three main forest degradation types in northeast China. Remote sensing techniques are used to identify forest fires through active fire detection, vegetation anomalies, and forest-fired area. The former method uses the threshold of the temperature–vegetation index (LST–NDVI) changes to determine the occurrence of fire [46]. The latter method uses indicators, such as the burn area index (BAI) [47], normalized burn ratio (NBR) [48], and normalized difference fire index (NDFI) [49], to identify forest fires, resulting in identification accuracies of 82–94%. The results of fire identification (Figure 2a) were superior to most of the previous identification accuracies.



Vegetation drought monitoring typically involves the relationship between vegetation response to temperature and water content. Commonly used indicators include the temperature vegetation dryness index (TVDI) [50,51] and the vegetation temperature condition index (VTCI) [52]. In this study, a drought index was constructed based on temperature and vegetation canopy water content. It not only adheres to the basic principles but is also sensitive to the change in moisture content [53,54]. The index showed an improved fit with field survey data (Figure 2b), which is higher than the accuracy of the previous research of 0.558–0.721 [50,51,52].



Research progress in the area of forest pest infestations has been slow due to the diversity of insect types and their relationships. Different pests cause various types of forest damage (canopy, bark, trunk, roots), which increases the difficulty of remote sensing identification [19]. Indicators that are commonly used to capture forest pest infestation include the NDVI [55], vegetation indicators, and others associated with vegetation status or the red band [56]. The forest pest index constructed in this study simultaneously uses vegetation status and the red band, while also considering the regrowth of the deciduous broadleaf forest after pest infestation [57]. In a recent study, the accurate monitoring of discolored standing trees affected by pine wilt disease was achieved by combining satellite remote sensing data with semi-supervised deep learning technology. The recognition accuracy ranged from 68.36% to 80.09% [58].The index demonstrated a good fit with the field survey data (Figure 2c).



The spatial distributions of forest drought and forest pest infestation identified had overlapping regions, which were confirmed through field surveys. Previous research has also found synchronous outbreaks of pest infestations and drought at the regional scale [59]. Forest drought and pest infestation exhibit synergistic impacts in terms of drought duration, drought intensity, and pest behavior. The simultaneous occurrence of drought and pest infestation makes forests more vulnerable and can even lead to extensive forest mortality [60,61].




4.2. Differences of Forest Degradation Patterns among Vegetation Zones


Previous research has indicated that forest fires occur at a higher rate in specific types of forests [62]. The findings indicate that the probability of fires in the boreal coniferous forest regions (Figure 3a) was significantly higher than in other areas, which can be attributed to the low water content, high oil content, and high flammability of the coniferous forest litter [63]. Moreover, inappropriate planting methods can increase the likelihood of forest fires [64].Additionally, the research found a decreasing trend in the area affected by forest fires across all vegetation zones (Figure 4a). Zhao et al. [65] similarly found a significant reduction in forest fire areas in China from 2003 to 2016. This indicates that the strict forest fire management measures implemented by the government after the Great Khingan Range Fire in 1987 led to a significant decline in forest fires [66].



For drought, previous studies have indicated that vegetation in northern China has exhibited significant drought stress during the growing season since the weakening of the East Asian Summer Monsoon (EASM) in the late 1970s [67,68,69]. Influenced by climate change, there is a trend of increasing consecutive extreme drought days in summer in the northeast region of China [70], which has widely affected the cold temperate conifer forest zone and the temperate coniferous and broadleaf mixed forest zone. The temperate grassland region, located in the semi-arid zone with annual precipitation below 400 mm [71], has a forest cover rate of less than 30% and has long been subjected to drought stress [72,73]. The research results also confirmed that forests were threatened by drought and spatially overlapped with previous studies (Figure 3b). Furthermore, over recent decades, the extent of warming in the northern regions of China has been higher than that in the southern regions, and a declining trend in precipitation near the northeastern transitional zone has been observed [74], leading to a reduced availability of water for vegetation and prolonged periods of drought stress.



Reports from the National Forestry Bureau of China indicate a diversity of harmful forest organisms in the country, including diseases, insects, rodents, and harmful plants [15], resulting in a high occurrence of forest pests. The study results also confirm the severity of forest drought in these regions (Figure 3c). Regional warming and increased effective accumulated temperatures have expanded the distribution range of forest pests. Mild winters are conducive to pest overwintering and extend the period of pest damage, leading to a higher severity of forest pests in the northern region [75]. In terms of trends, the severity of forest pest infestations has remained relatively stable over time (Figure 4c), which may be associated with the rapid increase in artificial forests in China. The relatively simple forest stand structures fail to enhance the resistance of forest ecosystems to disasters [15]. Against the backdrop of global warming and ecological afforestation projects, the risk of forest pest invasions is expected to increase [15].




4.3. Insights for Management Implications from Differences in Factors Driving Forest Degradation


Past research has indicated that meteorological, topographic, and anthropogenic factors play an essential role in driving forest fires [76]. Specifically, temperature and aridity are significantly negatively correlated with the moisture content of combustible materials, facilitating the occurrence of forest fires under warm and dry climatic conditions [14]. Studies have also shown that the distance between forests and infrastructure is a major factor influencing fire events, confirming that human activities increase the likelihood of fires [76,77]. Topographic factors affect the spread rate and probability of fires; steep slopes are conducive to the rapid spread of fire, whereas areas at higher elevations are less prone to fire [78]. Additionally, different soil types exhibit varying capacities to absorb and retain moisture, resulting in differences in surface humidity and affecting the spread of fires [79].



Drought is a major stressor for forest ecosystems, especially in the northern regions of China. Climate change has altered precipitation patterns, while the concurrent increase in temperatures has increased the duration and severity of droughts, resulting in reduced available water for vegetation and consequently forest droughts [80]. Topographic features such as slope strongly influence site moisture and also alter the availability of moisture in forests [81]. Additionally, vegetation characteristics play a crucial role in forest droughts. Although the relationship between tree age and height and drought is not yet clear [82], some studies have suggested that the root systems of smaller plants are more sensitive to changes in soil moisture [81] and that larger plants have higher water demands [83]. Additionally, forest responses to drought vary according to the composition of the forest. Compared to other forest types, broadleaf forests tend to react more quickly to drought, whereas mixed forests are less affected by drought [80].



Climate is considered a primary driver of the population dynamics of forest pests [84], particularly in dry and warm environments with higher larval survival rates, which augment pest population sizes [85,86,87]. Stand characteristics, such as tree age structure and planting density, are strongly correlated with forest pests, with appropriate age structures and densities enhancing the forest’s disease resistance [88]. A diversity of tree species can also increase the stability of forest ecosystems, thus mitigating the risk of large-scale pest outbreaks [87]. Terrain complexity also manifests ecosystem diversity. In complex terrains, the spread of pests is inhibited; in simple terrains, pest propagation is facilitated, leading to large-scale outbreaks [89]. Moreover, humid and fertile soil conditions are conducive to not only forest growth but also pest proliferation, with the rate of leaf litter fall in forest stands being 19% higher in humid and fertile areas than in humid and impoverished ones [90].



The precision management of forests requires the formulation of preventative and management measures tailored to different forms of degradation to enhance the efficiency of forest conservation and restoration. For protection against forest fires, regular monitoring of meteorological factors, with increased frequency in monitoring during years of climatic anomalies, is necessary. In addition, minimizing human disturbances to forest ecosystems [91,92], such as logging, agricultural activities, and pastoral activities, and deploying forest fire prevention facilities in areas of frequent human activity are crucial to mitigate the damage caused by wildfires. To protect against forest drought, the selection of forest thinning management practices can reduce stand basal area and density, alleviating long-term pressure from water resource competition and enhancing drought resistance [93,94] to cope with extreme drought events. High biodiversity has been proven to enhance ecosystem function and resilience [95,96,97]. In preventing forest pest infestations, forest management can enhance biodiversity by increasing species composition [87], selectively preserving forest structure during thinning measures [98], and retaining patches of different tree age classes [99].



The research findings can be applied in the following areas: identifying different types of forest degradation, the findings support the formulation of targeted restoration measures; accurately identifying the degree of forest degradation, the findings provide a basis for clarifying the priorities of forest management and restoration; quantifying the main driving factors of different degradation types, the findings offer evidence for the early warning and prevention measures of disasters.





5. Conclusions


Distinguishing forest degradation patterns and quantifying their degree are vital for the sustainability of forest ecosystems and for thoroughly investigating the driving factors of forest degradation. The results demonstrated that the constructed index was capable of accurately identifying instances of forest degradation; forest fires were predominantly found in the boreal coniferous forest belt, with meteorological factors accounting for 81.35% of the influences. The boreal coniferous belt and the temperate mixed needleleaf and broadleaf forest belts experienced severe droughts, which were exacerbated by meteorological (58.70%) and arboreal characteristics (20.83%), and topographical factors (18.27%). Moreover, forest pests were widespread, with meteorological (82.29%) and tree characteristics (9.30%) being the main factors triggering pest outbreaks. Future research should involve increasing the number of sampling points, improving the reliability and applicability of remote sensing indicators, and enhancing the application of research findings in the areas of forest management and conservation.
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Figure 1. Vegetation zonation and forest spatial distribution in study area. The forest spatial distribution data come from Li et al. [27], with forest types including the deciduous broadleaf forest (DBF); evergreen broadleaf forest (EBF); deciduous needleleaf forest (DNF); evergreen needleleaf forest (ENF). 
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Figure 2. Accuracy evaluation of the forest degradation index. (a) Accuracy of the forest fire degradation index in identifying surveyed fire points. (b,c) Fitting of the forest drought and pest degradation index with the surveyed leaf area index. 
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Figure 3. Spatial characteristics of forest degradation. (a) Spatial distribution of the frequency of forest fire occurrences from 2003 to 2021. (b,c) Forest drought and pest severity map from 2000 to 2021. The bar chart shows the frequency of forest fires and the degree of forest degradation. 
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Figure 4. Temporal characteristics of forest degradation. (a) Annual variation rate trend of the forest fire disturbance index from 2003 to 2021. (b,c) Trend level map of forest drought and pest severity from 2000 to 2021. The bar chart shows the trend level of forest degradation. 
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Figure 5. The relative contributions of predictors in typical forest degradation due to fire (a), drought (b), and insect (c). 
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Table 1. Forest degradation assessment indicators and driving factor data indicators.
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Data Type

	
Name

	
Code

	
Spatial Resolution

	
Source






	
Remote sensing index

	
Land surface temperature

	
LST

	
1 km

	
Google Earth Engine [31]




	
Enhanced vegetation index

	
EVI

	
500 m




	
Ratio vegetation index

	
RVI

	
500 m




	
Normalized difference water index

	
NDWI

	
500 m




	
Meteorological

	
Temperature

	
Tem

	
1 km

	
National Earth System Science Data Center [32]




	
Precipitation

	
Pre

	
1 km




	
Wind speed

	
Wind

	
1 km




	
Winter temperature

	
Wt

	
1 km




	
Growing season precipitation

	
Gp

	
1 km




	
Potential evapotranspiration

	
PET

	
1 km




	
Aridity

	
AI

	
1 km




	
Topographical

	
Elevation

	
Elev

	
90 m

	
Van Zyl [33]




	
Slope

	
Slope

	
90 m




	
Aspect

	
Aspect

	
90 m




	
Soil

	
Soil bulk density

	
Bulk

	
1 km

	
Jones et al. [34]




	
Clay content

	
Clay

	
1 km




	
Vegetation

	
Canopy height

	
Height

	
30 m

	
Potapov et al. [35]




	
Forest age

	
Age

	
1 km

	
Xiao et al. [36]




	
Forest type

	
Type

	
30 m

	
Li et al. [27]




	
Human

	
Nearest road distance

	
Road

	
1:250,000

	
National Geomatics Center of China [37]




	
Nearest settlement distance

	
Sett

	
1:250,000




	
Population density

	
Pop

	
1 km

	
Lloyd et al. [38]











 





Table 2. Environmental factor gradient.
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Factors

	
Class

	
Reference






	
Accumulated temperature

(At, °C)

	
Cold temperate zone (1600 > At)

	
Cao et al. [39]




	
Mid temperate zone (3400 > At ≥ 1600)




	
Warm temperate zone (4500 > At ≥ 3400)




	
Subtropical zone (8000 > At ≥ 4500)




	
Precipitation

(P, mm)

	
Humid region (P > 800)

	
Hu et al. [40]




	
Subhumid region (800 ≥ P > 400)




	
Semi-arid region (400 ≥ P > 200)




	
Forest type

	
Conifer forest

	
Li et al. [27]




	
Conifer and broadleaf mixed forest




	
Deciduous broadleaf forest




	
Evergreen broadleaf forest











 





Table 3. Degree of degradation and trend grade of forest.






Table 3. Degree of degradation and trend grade of forest.





	
Degradation degree

	
Slight (Sl)

	
Moderate (Mo)

	
Severe (Se)




	
0 ≤ DI ≤ 33.3

	
33.3 < DI ≤ 66.6

	
66.6 < DI ≤ 100




	
Trend grade

	
Increase (In)

	
Decrease (De)

	
Stable (St)




	
Slope > 0

	
Slope < 0

	
Other




	
p < 0.05

	
p < 0.05

	
Other
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