

  fire-08-00337




fire-08-00337







Fire 2025, 8(9), 337; doi:10.3390/fire8090337




Article



Burned Area Mapping and Fire Severity Assessment of Forest–Grassland Ecosystems Using Time-Series Landsat Imagery (1985–2023): A Case Study of Daxing’anling Region, China



Lulu Chen 1, Baocheng Wei 1,2,*, Xu Jia 3, Mengna Liu 1 and Yiming Zhao 1





1



College of Geographical Science, Inner Mongolia Normal University, Hohhot 010022, China






2



Key Laboratory of Mongolian Plateau’s Climate System at Universities of Inner Mongolia Autonomous Region, Inner Mongolia Normal University, Hohhot 010022, China






3



College of Resources and Environmental Economics, Inner Mongolia University of Finance and Economics, Hohhot 010051, China









*



Correspondence: 20200001@imnu.edu.cn







Citation: Chen, L.; Wei, B.; Jia, X.; Liu, M.; Zhao, Y. Burned Area Mapping and Fire Severity Assessment of Forest–Grassland Ecosystems Using Time-Series Landsat Imagery (1985–2023): A Case Study of Daxing’anling Region, China. Fire 2025, 8, 337. https://doi.org/10.3390/fire8090337



Received: 20 July 2025 / Revised: 17 August 2025 / Accepted: 22 August 2025 / Published: 23 August 2025



Abstract


Burned area (BA) mapping and fire severity assessment are essential for understanding fire occurrence patterns, formulating post-fire restoration strategies and evaluating vegetation recovery processes. However, existing BA datasets are primarily derived from coarse-resolution satellite imagery and often lack sufficient consideration of fire severity. To address these limitations, this study utilized dense time-series Landsat imagery available on the Google Earth Engine, applying the qualityMosaic method to generate annual composites of minimum normalized burn ratio values. These composites imagery enabled the rapid identification of fire sample points, which were subsequently used to train a random forest classifier for estimating per-pixel burn probability. Pixels with a burned probability greater than 0.9 were selected as the core of the BA, and used as candidate seeds for region growing to further expand the core and extract complete BA. This two-stage extraction method effectively balances omission and commission errors. To avoid the repeated detection of unrecovered BA, this study developed distinct correction rules based on the differing post-fire recovery characteristics of forests and grasslands. The extracted BA were further categorized into four fire severity levels using the delta normalized burn ratio. In addition, we conducted a quantitative validation of the BA mapping accuracy based on Sentinel-2 data between 2015 and 2023. The results indicated that the BA mapping achieved an overall accuracy of 93.90%, with a Dice coefficient of 82.04%, and omission and commission error rates of 26.32% and 5.25%, respectively. The BA dataset generated in this study exhibited good spatiotemporal consistency with existing products, including MCD64A1, FireCCI51, and GABAM. The BA fluctuated significantly between 1985 and 2010, with the highest value recorded in 1987 (13,315 km2). The overall trend of BA showed a decline, with annual burned areas remaining below 2000 km2 after 2010 and reaching a minimum of 92.8 km2 in 2020. There was no significant temporal variation across different fire severity levels. The area of high-severity burns showed a positive correlation with the annual total BA. High-severity fire-prone zones were primarily concentrated in the northeastern, southeastern, and western parts of the study area, predominantly within grasslands and forest–grassland ecotone regions.
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1. Introduction


Fire disturbance, as an essential climate variable, has profound impacts on terrestrial ecosystems [1]. In the short term, it directly reduces vegetation productivity, accelerates soil erosion, and releases substantial amounts of greenhouse gases, thereby intensifying the greenhouse effect [2]. In addition, fire events cause widespread economic losses and environmental degradation, posing serious threats to human health and sustainable development [3]. Therefore, long-term and high-quality burned area (BA) mapping plays a crucial role in quantifying fire severity, optimizing fire management strategies, and protecting biodiversity [4,5].



To date, large-scale BA mapping has primarily relied on earth observation remote sensing technologies, which enable the rapid detection of surface thermal anomalies and spectral changes associated with fire events [6]. For example, fires damage vegetation by reducing water content and chlorophyll levels, while increasing the surface exposure of bare soil and charred residues [7]. Post-fire vegetation is typically characterized by decreased reflectance in the near-infrared band (NIR) and increased reflectance in the red and shortwave infrared (SWIR) bands [8]. Based on these principles, researchers have developed a range of spectral indices for rapid BA detection, including the Normalized Burn Ratio (NBR) [9], Burn Area Index (BAI) [10], and Mid-Infrared Burn Index (MIRBI) [11].



Nevertheless, the applicability of a single spectral index remains limited in complex surface environments [12]. Some studies have noted that BA can be easily confused with water bodies, clouds, shadows, and other similar features, as well as areas where vegetation mortality is delayed following fire events [13,14,15]. Combining multiple spectral indices with auxiliary data (e.g., topography and climate) has become a key approach to improving the accuracy of burned area mapping [16]. Junpen et al. [17] and Li et al. [18] leveraged the high spatial resolution of Landsat and the high temporal resolution of MODIS to enhance data availability, while mitigating post-fire data gaps caused by cloud contamination. Koutsias and Pleniou [19] applied a semi-automatic method based on spectral rules to map BA, which effectively reduced spectral confusion with unburned surfaces and improved classification performance. Roteta et al. [20] enhanced the accuracy of BA mapping by integrating Sentinel-2 and Landsat imagery and applying machine learning techniques to automatically learn pre- and post-fire variations in spectral indices and spatial features, thereby reducing the need for manual intervention.



Current BA products are predominantly based on coarse-resolution remote sensing data [21]. Due to the limitations of spatial resolution, many small-scale fires go undetected, leading to a significant underestimation of the global burned area and the greenhouse gas emissions caused by fires [22]. For example, the Global Burned Area 2000 dataset, the first 1 km BA product based on the SPOT-Vegetation sensor, is capable of detecting BA as small as 400 hectares [23]. The 1 km GLOBSCAR product, developed by the European Space Agency using the Along-Track Scanning Radiometer sensor, reduces omission errors by directly detecting fire hotspots through thermal infrared bands. Nonetheless, its ability to detect small-scale fires remains limited [24]. MCD45 and MCD64 remain the primary data sources used in contemporary fire research. Giglio et al. [25] argued that their MODIS-based product is unlikely to detect fires smaller than 120 hectares. Ramo et al. [26] found that Sentinel-2 data detected 80% more BA in sub-Saharan Africa compared to the MODIS product, with the discrepancy primarily attributed to small fires (less than 100 hectares).



Long-term and high-quality BA mapping using medium-resolution remote sensing data (e.g., Landsat and Sentinel) has become a major focus in contemporary fire research [27,28]. The 30 m Landsat data provide over 50 years of global Earth observation records, offering worldwide coverage, moderate spatial and temporal resolution, multiple spectral bands, and free accessibility. The integration with the Google Earth Engine (GEE) platform enables large-scale data processing, making time-series Landsat imagery a powerful tool for detecting fires at large, medium, and small spatial scales [29]. Existing studies on fire detection using Landsat data have primarily focused on identifying fires in small areas or specific fire events. While these studies have proposed valuable approaches for assessing the impacts of individual fires, their limited spatial extent restricts their applicability to large-scale fire monitoring, and their generalizability remains to be fully validated [30,31].



Fire severity is one of the key indicators for assessing the impacts of fires. Fire severity influences vegetation survival, the viability of soil seed banks, and key ecological processes such as nutrient cycling and litter decomposition [32]. Mapping fire severity allows land managers and researchers to assess fire impact beyond simple burn occurrence, offering valuable insights for post-fire restoration planning and long-term ecosystem monitoring [33]. To quantitatively assess fire severity, Key and Benson [34] developed the composite burn index based on field surveys. Currently, spectral indices such as NBR, dNBR, and RdNBR have been widely used to estimate fire severity [5]. Integrating medium resolution multispectral satellite imagery with spectral indices provides an effective approach to assessing fire severity [35].



Therefore, this study aims to utilize medium-resolution time-series Landsat data on the GEE platform, using the Daxing’anling region in Northeast China, a fire-prone area, as a case study, to achieve the following objectives: (i) to develop an automated detection method and workflow suitable for forest–grassland BA, without relying on any ancillary or prior data; (ii) to rapidly achieve the BA mapping in the forest–grassland regions of the Daxing’anling area from 1985 to 2023 using the proposed automated method; and (iii) to analyze spatiotemporal variation in fire severity over the past 40 years based on the delta Normalized Burn Ratio (dNBR) index. This comprehensive fire dataset will not only provide critical support for fire management and ecological restoration strategies in the Daxing’anling region, but also serve as an important regional reference for future research on BA mapping.




2. Materials and Methods


2.1. Study Area


The Daxing’anling region, located in northeastern China, is an integral part of the Northeast Forest, one of the three major forest zones in the country. The region spans from 46°54′ N to 53°56′ N and from 119°32′ E to 126°98′ E (Figure 1), covering a total area of approximately 228,900 km2. The region experiences a cold temperate continental monsoon climate, with average annual precipitation ranging from 350 to 500 mm. There is significant diurnal temperature variation, ranging from 15 to 20 °C, and the frost-free period lasts approximately 90 to 120 days. Terrain elevation gradually decreases from west to east, with an average altitude of approximately 573 m. The dominant vegetation type is cold temperate montane coniferous forest in the northern part of the area, primarily composed of Dahurian Larch (Larix gmelinii (Rupr.) Kuzen.). Moving southward, the vegetation gradually transitions into a mixed coniferous and broad-leaved forest belt, eventually giving way to a temperate hilly broad-leaved forest zone dominated by Mongolian oak (Quercus mongolica Fisch. ex Ledeb.) [36].



The Daxing’anling region has experienced frequent fires. From 1988 to 2020, a total of 1021 forest fires were recorded, with a cumulative burned area of approximately 1232,798.42 hectares. In addition, the large-scale forest fire in 1987 burned about 1.01 million hectares, making it one of the most severe forest fires in modern Chinese history. The higher oil content in the bark and foliage of coniferous trees, compared to broadleaf species, increases their flammability, thereby facilitating the rapid ignition and spread of wildfires [37]. The forest and grassland fires occur frequently in the Daxing’anling region. In summer, lightning is the primary cause of fire ignition [38]. During spring and autumn, fires are mainly triggered by human activities in combination with extreme weather conditions such as high temperatures, strong winds, and drought [39].




2.2. Datasets


The time-series data used were obtained from the GEE platform (https://earthengine.google.com/, accessed on 1 January 2024) (Table 1). Landsat surface reflectance dataset has undergone geometric, radiometric, and atmospheric corrections. Compared with top-of-atmosphere reflectance and raw imagery, this dataset exhibits superior temporal consistency and stability, making it more suitable for long-term remote sensing studies [40]. The CFMASK algorithm was applied to mask out clouds, cloud shadows, and snow.



This study utilized the 30 m annual land cover product of China, developed by the Remote Sensing Institute of Wuhan University, covering the period from 1985 to 2023 (http://doi.org/10.5281/zenodo.4417809, accessed on 1 May 2024), to define the distribution of forests and grasslands within the study area. Three widely used BA products—GABAM, FireCCI51, and MCD64A1—were selected to validate the temporal trends of BA mapping. In addition, the Sentinel-2 datasets with 10 m resolution from 2015 to 2023 were used as independent high-resolution data for fine-scale spatial validation of the BA boundaries.




2.3. Technical Approach


The technical framework of this study consisted of four main components: (i) annual composite of time-series Landsat imagery, (ii) model training, (iii) burned area mapping, and (iv) fire severity mapping (Figure 2). The following sections provide a detailed description of each component.




2.4. Annual Composite of Time-Series Landsat Imagery


The Landsat satellite acquire more than 500 scenes annually over the Daxing’anling region. Integrating these scenes into a complete and high-quality Landsat composite was a critical step in the workflow. Median compositing is widely used in BA mapping, as it is less affected by extreme values and effectively reduces noise interference in composite images [41]. In a 2005 fire case, it was observed that most BA disappeared in the median composite of the Landsat imagery. This occurs because the median compositing method selects the median value of each pixel across the time-series, which fails to capture the temporal dynamics of BA. As a result, fire-related signals may be weakened or entirely omitted in the final composite (Figure 3a).



In this study, the qualityMosaic method was employed to generate annual Landsat composite imagery. This method is an automated technique that selects the best-quality pixels from a collection of images based on a specified reference band (i.e., quality band). By comparing the reference values pixels by pixels across all images, it composites a single mosaic image where each pixel comes from the scene with the highest quality. This approach effectively removes cloud and noise interference, enabling efficient and reliable large-scale image synthesis for application such as fire detection, phenology monitoring and annual maximum value composites. Given that the NBR is specifically designed for BA mapping and is widely recognized as one of the most effective and robust spectral indices—demonstrating strong performance in fire detection [42]—it was selected as the quality band in this study. Based on this, the annual minimum NBR composites were generated using the qualityMosaic (q-NBR) approach, which involved the following steps: (i) comparing the values of the designated quality band (i.e., NBR) across all images at each pixel location; and (ii) selecting the pixel from the image with the highest quality band value as the final output. This process helps maintain the spectral integrity of the composite image, ensuring its suitability as input for subsequent random forest (RF) classification.



Meanwhile, considering the long winter season and the low probability of fire occurrences in the Daxing’anling region [43], the annual compositing time window was defined as 1 March to 30 November. Figure 3b demonstrates that the Landsat data compositing strategy adopted in this study effectively delineates the extent of the BA.




2.5. Sample Design


Training samples for machine learning generated in this study by visually interpreting BA using composites images of the shortwave infrared 2 (SWIR2), near-infrared (NIR), and green bands. Unburned samples were randomly selected from built-up areas, rivers, cloud shadows, and forests or grasslands unaffected by fire. During sample selection, two key factors must be considered. First, sample quality, burned samples should ideally be selected from clear pixels that are free from cloud or shadow interference. Second, a reasonable ratio between burned and unburned samples must be maintained to avoid class imbalance, which could negatively impact model performance. Finally, a total of 4109 BA samples and 4996 unburned area samples were selected from approximately 20,000 images spanning nearly 40 years.




2.6. Feature Variable Selection


This study constructed a feature variable dataset for BA mapping based on post-fire changes in spectral characteristics of land surface features. The dataset includes surface reflectance from six spectral bands (Table 2) and a set of spectral indices (Table 3).



The spectral indices are categorized into two main types: BA indices, and vegetation spectral indices. The reduction in vegetation after fire, along with the presence of charcoal and ash, causes a decline in the NIR reflectance within burned areas, as the NIR is strongly influenced by vegetation chlorophyll. The decrease in moisture content and the increase in exposed soil cover after a fire lead to higher reflectance in the SWIR2 band. The BAI is sensitive to the presence of surface charcoal and ash, while the Normalized Burned Ratio2 (NBR2) values exhibits sharp changes shortly after a fire. The vegetation indices used in this study include Normalized Difference Vegetation Index (NDVI), the Global Environmental Monitoring Index (GEMI), and the Soil-Adjusted Vegetation Index (SAVI). NDVI is widely used in BA mapping to represent vegetation health. GEMI is a vegetation activity index with broader global applicability compared to NDVI. As a nonlinear index, GEMI has been shown in some studies to be more sensitive to low reflectance values in the red and NIR spectral bands. SAVI is designed to minimize the influence of soil reflectance on vegetation indices, thereby enhancing the detectability of BA in sparsely vegetated regions. The Normalized Difference Moisture Index (NDMI) reflects the reduction in leaf moisture caused by fire-induce heat, resulting in a significant decrease in NDMI values within BA.




2.7. Random Forest Modeling


The RF model enhances overall prediction accuracy and stability by constructing an ensemble of decision trees and aggregating their outputs. It has been successfully applied in fire-related research, particularly for predicting fire occurrence, identifying factors influencing fire severity, and characterizing different fire types [49,50]. In this study, the RF algorithm provided by the GEE platform was used to train a decision tree classifier, based on a total of 4109 BA samples and 4996 unburned area samples from the Daxing’anling region. The number of decision trees was set to 150, while all other hyperparameters were kept at their default values. The input features included six reflectance bands from Landsat 8 and eight spectral indices that are sensitive to BA.




2.8. Region Growing


BA mapping was conducted in two main stages. First, pixels with high burn probabilities were identified as the core BA to reduce commission error. Second, pixels with lower burn probabilities—below the threshold used in the first stage were selected and incorporated using a region-growing method to expand the core boundaries, thereby reducing omission error.



The basic principle of the region-growing method is to cluster pixels or regions with similar characteristics in order to form larger homogeneous areas [51]. This method involved four steps: selecting candidate seeds pixels, defining growth rules, setting iteration conditions, and specifying termination criteria. The pixels with a burn probability greater than 0.9, generated by the RF model described in Section 2.7, were selected as candidate seeds, representing the core BA. Since BA typically exhibit a contiguous, patch-like distribution following a fire, it was necessary to remove isolated small patches. In each iteration, if the burn probability of any of the eight neighboring pixels of a seed pixel was greater than or equal to 0.5, it was defined as a new seed and merged with the existing set of candidate seeds. This process continued iteratively until no additional pixels met the criteria, at which point the region-growth process was terminated.




2.9. Correction of Burned Area


Forests in northern regions typically do not recover rapidly after fire [52], and the likelihood of a BA with the same shape reoccurring within a short time frame is extremely low. Therefore, if the same BA appeared again in the following year, it was considered an unrecovered area. By analyzing pre- and post-fire Landsat imagery, we observed that images from the second year were often more complete, likely due to reduce interference from clouds and smoke. Thus, the following rules were established to correct BA in forest regions: (i) set the recovery period for forests to three years; (ii) identify repeated fires occurring within this three-year period, using the first occurrence as the reference time; (iii) merge all detected fires within the three years to obtain the most complete representation of the BA; (iv) update the fire record of the first year with the newly merged burned area and mask out repeated fires in the subsequent years.



For grassland ecosystems, post-fire recovery is relatively rapid. Seasonal corrections were applied to the BA data. During grassland fires, the primary materials burn are surface dead grass and litter, which are rapidly consumed following the fire. Snow cover may bury surface dead grass and litter, thereby reducing the probability of fire occurrence during the winter months in the Daxing’anling region. The Julian date was used to categorize seasons, and the BA were selected from the autumn of the current year and the spring of the following year. If a fire occurs in the grassland during the autumn and the BA is still detected in the following spring, it is considered an unrecovered area.




2.10. Validation of Burned Area Mapping


To evaluate the accuracy and reliability of BA mapping, it is essential to incorporate independent reference data for validation. Reference datasets are commonly obtained from higher-resolution remote sensing imagery than the product under evaluation. In this study, the Sentinel-2 datasets with 10 m resolution were used to extract BA perimeters via a semi-automatic approach, which were then used as reliable reference data for validation. The Sentinel-2 imagery was first classified using a support vector machine approach, and manual visual interpretation was subsequently conducted to enhance the accuracy and clarify the extent of the BA. Due to the temporal limitations in Sentinel-2 data availability, a total of 20 representative fire events from 2015 to 2023 were selected to assess the accuracy of BA extraction.



For each fire event, a cross-tabulation of pixel assignments between our BA product and the reference data was performed to generate the confusion matrix (Table 4). From the confusion matrix, overall accuracy (OA, Equation (1)), commission errors (CE, Equation (2)), omission errors (OE, Equation (3)), and the Dice coefficient (DC, Equation (4)) were calculated. The DC summarizes both commission and omission errors, providing a measure of the overall accuracy for the target class.
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2.11. Fire Severity


This study introduced the dNBR index to quantify fire severity. The calculation formula for the dNBR index is as follows:


      d N B R   = N B   R   p r e f i r e   − N B   R   p o s t f i r e        



(5)




where NBRprefire represents the NBR value before the fire, and NBRpostfire represents the NBR value after the fire. The pre-fire images were generated by calculating the mean value of each pixel, while the post-fire images were composed using the q-NBR method, ensuring that all fires events within the year were fully captured. Based on the classification criteria of the United States Geological Survey, the fire severity was categorized into four levels ([53]; Table 5).




2.12. Validation of Fire Severity Classification


Due to the absence of in situ fire severity measurements in the study area, we adopted an indirect validation approach. Specifically, previously published fire severity data for the same region, which had been validated through field surveys, were used as reference data to compare and evaluate the fire severity thresholds established in this study, thereby assessing their rationality.



This study adopted the fire severity classification thresholds proposed by Wang et al. [54], derived for the Daxing’anling region through a linear regression model linking field-based composite burn index measurements with the NBR. To verify the accuracy of our classification method, we selected ten representative fires of different sizes, as defined by the Forest Fire Prevention Regulations issued by the State Council of the People’s Republic of China. Each fire was classified using the reference thresholds, and the results were compared with those obtained in this study on a case-by-case basis. The classification accuracies for different severity levels were then calculated to evaluate the applicability of our thresholds for fire severity classification in the Daxing’anling region.





3. Results


3.1. Product Description


3.1.1. Mapping of Forest Burned Areas


The BA mapping approach proposed in this study enables high-quality monitoring of large-, medium-, and small-scale fires, based on the fire classification criteria outlined in the Forest Fire Prevention Regulations issued by the State Council of the People’s Republic of China. The representative fire cases from the study were presented to demonstrate the accuracy of the BA mapping results. Figure 4 illustrates a forest fire that occurred in Mohe City in 2015, with a total BA of 197 hectares. According to the correction rules developed, the BA was initially identified as forest land, which was characterized by a relatively slow recovery rate following fire disturbance. Therefore, if BA reappeared at the same location within a short time span, it was considered an unrecovered of the 2015 BA, rather than a newly emerged BA in 2016. Meanwhile, for the same BA, more complete boundaries were observed in the original 2016 image (Figure 4b) than in the 2015 image (Figure 4a). Based on above principles, the corresponding BA from 2015 and 2016 were merged to improve the mapping accuracy for 2015, and the overlapping burned region was masked in the 2016 dataset. Compared to the burned area detected in Figure 4c, the corrected result in Figure 4d demonstrates improved accuracy, with an additional 569 pixels identified.



A forest fire occurred in Genhe City in 2017, resulting in a burned area of 1364 hectares (Figure 5). The results of core area identification and the region-growing method were shown in Figure 5b, where both the core and peripheral BA were accurately delineated relative to the original post-fire image (Figure 5a).



A BA of 7.9 hectares in Huma County in 2016 was used as a representative example (Figure 6). For the same BA, the q-NBR method (Figure 6b) identified 99 more burned pixels than the median composite method (Figure 6a), significantly enhancing mapping accuracy.




3.1.2. Correction of Grassland Burned Area


The correction results for grassland BA were shown in Figure 7. The BA from November 2001 remained visible in the spring 2002 imagery, indicating incomplete vegetation recovery (Figure 7a). According to our correction rule, the BA observed in March 2002 was considered an unrecovered portion of the 2001 fire. Figure 7b displays the corrected BA for 2002, in which burned pixels overlapping with the 2001 fire were removed, while new BA in 2002 were successfully identified.





3.2. Validation


3.2.1. Validation of Burned Area Mapping


Based on 20 representative fire events, we constructed confusion matrices and calculated four accuracy assessment metrics (Table 6). The results indicated that the method proposed in this study achieved robust performance in BA identification, with average values of OA at 93.90%, OE at 26.32%, CE at 5.25%, and the DC at 82.04%. In particular, the relatively high values of OA and DC underscored the effectiveness of the proposed strategy in accurately delineating BA.



Figure 8 presents representative validation cases, in which only BA exceeding 100 hectares were displayed. These cases clearly demonstrated that most BA were accurately delineated (DC > 80%), with the extracted results showing strong spatial agreement with the reference burn perimeters. In most cases, the OE was higher than the CE, which could be attributed to the finer spatial resolution and greater spectral sensitivity of Sentinel-2 in detecting burned features. These characteristics likely enabled the reference dataset to capture more detailed and spatially complete BA that were not identified in the Landsat imagery used in this study.




3.2.2. Validation of Fire Severity Mapping


Based on the reference classification thresholds, ten representative fires of large, medium, and small scales were classified, and the results were individually compared with those derived in this study. The comparison revealed strong consistency between the two classifications, yielding an overall mean accuracy of 82.16% across all representative fires. It should be noted that the classification scheme proposed in this study comprises four severity levels, while the reference data were categorized into only three levels. For the purpose of direct comparison, the “moderate-low” and “moderate-high” classes in our system were combined into a single “moderate” category. The classification accuracies by severity level were 81.14% for low severity, 84.35% for moderate severity, and 80.99% for high severity (Table 7).



Covering a broad spectrum of fire scales, these ten cases yielded consistently high classification accuracies across all categories, thereby reinforcing the applicability and reliability of the fire severity thresholds established in this study for the Daxing’anling region.





3.3. Long-Term Temporal Trends of Burned Area


Time-series analysis revealed four prominent peaks in BA, occurring in 1987, 1996, 1998, and 2003 (Figure 9). The annual BA showed exhibited substantial fluctuations between 1985 and 1999, with a pronounced peak in 1987 exceeding 13,000 km2. From 2000 to 2010, the BA showed an overall declining trend. However, another significant peak occurred in 2003, with the BA surpassing 7000 km2. After 2010, the annual BA remained relatively stable, and the fire activity declined significantly. By 2020, the BA had declined to its minimum value of only 92.8 km2.




3.4. Comparison of Different Burned Area Products


3.4.1. Comparison of Temporal Trends in Existing Burned Area Products


Figure 10 presents the annual BA trends from 2001 to 2020 as derived from four different burned area products: MCD64A1, FireCCI51, GABAM, and the Daxing’anling Burned Area (DABA) dataset. Overall, the BA products exhibited a high degree of consistency. All datasets showed significant peaks in BA in 2003 and 2008, followed by a rapid decline after 2008. Since that time, the BA has remained at relatively low levels. Compared to GABAM, which shares the same spatial resolution, the temporal trend in BA from 1985 to 2023 aligns closely with our product, particularly in years marked by major BA peaks. But the BA recorded by GABAM reached 6898 km2 in 2001, significantly exceeding that of the other three products.



Figure 11 presents the relative discrepancies between the three BA products and the results of this study from 2001 to 2020. Overall, GABAM showed the highest consistency with our results, with a mean interannual relative discrepancy of +19.50%. In contrast, MCD64A1 and FireCCI51 exhibited larger deviations, with mean values of +56.96% and +54.78%, respectively. During 2016–2020, the fluctuations in relative discrepancies increased markedly, primarily because the relatively small BA in the study region amplified the relative differences among products. Compared with the 30 m GABAM, the coarser resolution products MCD64A1 and FireCCI51 were more affected by mixed-pixel effects when detecting small patches and boundary regions, resulting in higher relative discrepancies.




3.4.2. Spatial Comparison of Burned Area


Figure 12 presents examples of BA detection results from four different products. All products successfully detected the BA; however, due to differences in spatial resolutions, they exhibited varying detection results. Figure 12c,d lack spatial detail and exhibit jagged edges. Figure 12e,f show the detection results from GABAM and DABA, respectively, both based on 30 m Landsat data. Compared to the MODIS-based results from the first two products, the 30 m Landsat data showed better alignment with the actual BA. Their spatial patterns more closely resemble the post-fire damage observed in the imagery, demonstrating stronger extraction capabilities. Notably, our method extracted more BA pixels than GABAM, resulting in a more accurate representation of the BA.





3.5. Spatial and Temporal Patterns of Fire Severity


The trend in high-severity BA was closely correlated with the total annual BA. As shown in Figure 13, the proportion of high-severity burns was relatively higher in 1987, 1996, 1998, and 2003, corresponding to the four peak years of BA.



We analyzed the occurrence frequency of four fire severity levels from 1985 to 2023: low severity (Figure 14a), moderate-low severity (Figure 14b), moderate-high severity (Figure 14c) and high severity (Figure 14d). Subsequently, hotspot analysis was applied the to conduct spatial clustering of the occurrence frequency of different fire severity levels. The results indicated significant spatial clustering in the frequency of occurrences across different fire severity levels.



The hotspots associated with different fire severity occurrence frequencies were primarily concentrated along the southeastern and southwestern edges of the study area. Compared to the other fire severity levels, low-severity burns exhibited fewer hotspots along the southeastern edge zones. In contrast, cold spot regions remained relatively stable and were primarily concentrated in the northern part of the study area. High-severity burn hotspots were the most concentrated, mainly distributed in the northeastern, southeastern and western regions. These spatial patterns provide important insights into areas of high and low fire risk, highlighting regions where fire management and prevention should be prioritized. The identification of high-severity hotspots can inform targeted monitoring efforts and guide post-fire restoration, while the persistence of cold spots indicates areas with consistently low fire occurrence.





4. Discussion


We developed a BA dataset for the Daxing’anling region covering the period from 1985 to 2023, and assessed fire severity based on this dataset. This study provides one of the first comprehensive databases of burned area and fire severity in the region, derived from medium-resolution remote sensing data spanning nearly four decades. The two-stage algorithm—core area identification followed by region growing—has been proved effective in balancing omission and commission errors in BA detection [55,56].



Compared with existing BA mapping methods, the proposed approach offered a more efficient and stable solution for large-scale, long-term fire monitoring using remote sensing, without relying on any auxiliary fire information. Pereira et al. [57] and Shan et al. [58] utilized active fire data as auxiliary information for BA detection; however, the limited temporal coverage of such data often restricts its applicability to early Landsat historical imagery or future prediction scenarios. Compared with single-scene adaptive thresholding methods [59], the annual minimum NBR composite approach integrates all fires events within a given year into a single composite image, significantly enhancing the efficiency and completeness of BA detection. Furthermore, this study effectively addresses a key limitation of multi-temporal methods, which rely heavily on acquiring remote sensing images within specific pre- and post-fire time windows. Such methods often struggle to obtain suitable near-fire imagery in regions frequently affected by cloud cover or where the timing of fire events is uncertain [60].



Compared with the GABAM dataset of the same spatial resolution, the BA estimates from 1985 to 2023 indicated strong consistency in overall temporal trends and showed a high degree of agreement during peak BA years. Nevertheless, the GABAM dataset contains missing data for several years (e.g., 1990, 1991, 1993, 1994, 1996, 1997, 1998, 1999, and from 2022 onwards), which may hinder its ability to accurately capture fire dynamics during those periods and compromise the completeness of long-term trend analyses. The BA in 2001 was significantly overestimated, which may be attributed to a malfunction of the scan angle monitor on the Landsat 5 satellite, leading to internal synchronization issues. This malfunction resulted in abnormally bright observations along the scene edges in a diagonal pattern, particularly in the SWIR2 band, where elevated reflectance values triggered false detections of BA [61].



Traditional fire severity mapping methods typically relied on a single pair of pre- and post-fire Landsat images [62]. This process required careful scene selection, and identifying suitable image pairs was often time-consuming. This study employed a mean compositing method for pre-fire images to enhances data stability and reduce the influence of outliers [63]. As a result, the accuracy and stability of burned area severity assessments were significantly improved. This method provides a novel technical framework for annual fire severity mapping. The BA and fire severity mapping methods developed using GEE are applicable to other regions of interest, offering expanded opportunities for monitoring and research.



Although the methodology presented in this study offers several advancements, it also has certain limitations, such as the false positives associated with agricultural fields. The spectral characteristics of agricultural activities—particularly following harvest—often resemble those of the BA in remote sensing imagery, leading to false positives in BA detection. Despite applying a mask for agricultural areas during BA mapping in the Daxing’anling region, the interference from agricultural fields was not entirely eliminated. Therefore, further field investigations and the use of higher-resolution remote sensing data may help address the issue of agricultural false positives more effectively. Additionally, in the assessment of fire severity, due to the difficulty in obtaining field data for historical fires, the analysis relied solely on dNBR index, which lacks validation through ground-based measurements.




5. Conclusions


The present study employed the qualityMosaic method on the GEE platform to generate annual minimum NBR composites from Landsat imagery without relying on any prior data, enabling the rapid selection of fire sample points. The resulting composite images were directly used as input for random forest classification to identify the core areas of BA, significantly improving the efficiency of BA mapping. The reliability of the method was validated through mapping assessments of BA at large, medium, and small spatial scales in the Daxing’anling region. This approach provides an accurate and efficient solution for BA mapping in northern forest and temperate grassland regions. Based on independently interpreted burn perimeters from Sentinel-2 imagery, the OA of BA mapping was 93.90%, the DC was 82.04%, while the OE and CE were 26.32% and 5.25%, respectively. The relatively high values of OA and DC underscored the robustness of the proposed method in BA mapping accuracy. A comparison between the results of this study and existing products such as MCD64A1, FireCCI51, and GABAM revealed consistent overall trends and peak years in BA changes, further validating the temporal reliability of the findings. The BA exhibited significant fluctuations from 1985 to 2023, with the highest value of 13,315 km2 recorded in 1987. Since 2010, an overall declining trend has been observed, with annual burned areas remaining below 2000 km2. The proposed method demonstrated superior spatial detection capability compared to the other three products, yielding more accurate results in both core and edge areas and identifying a greater number of BA pixels. High-severity BA changes were positively correlated with annual total BA, whereas other severity levels did not show notable temporal trends. High-severity fire-prone zones were spatially concentrated in the southeastern, northeastern, and western parts of the study area, particularly in grassland and forest–grassland ecotones. However, due to the limitations of remote sensing image resolution, some uncertainties in BA mapping still remain. Future studies could integrate higher-resolution datasets and multi-source remote sensing information to further enhance the accuracy and applicability of BA mapping.
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Figure 1. Overview of the study area and spatial distribution of fire points (data source: VIIRS active fire data, 2016–2020). 
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Figure 2. Flowchart of burned area and fire severity mapping. 
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Figure 3. Comparison of different compositing methods for Landsat time-series. (a) Landsat 5 median composite image; (b) Landsat 5 annual minimum NBR (q-NBR) composite image. 
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Figure 4. Example of the BA in Mohe City in 2015. (a,b) show the Landsat 8 imagery displayed in false color composition (red: SWIR2 band, green: NIR, and blue: Green band); (c) presents the uncorrected burned area result; (d) shows the result after applying the correction rules. 
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Figure 5. Example of the BA in Genhe City in 2017. (a) post-fire Landsat 5 imagery; (b) BA mapping result produced in this study. 
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Figure 6. Example of the BA in Huma County in 2016. (a) Landsat 5 median composite image; (b) composite image generated using the q-NBR method. 
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Figure 7. Correction results of the grassland BA. (a) BA detected in 2001; (b) corrected BA in 2002 after applying the recovery rule. The base image is a Landsat 7 scene acquired in the spring of 2002. 
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Figure 8. Examples of validation using Sentinel-2 imagery. 
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Figure 9. Annual change in BA from 1985 to 2023. 
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Figure 10. Annual BA estimates from different products. 
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Figure 11. Comparison of relative discrepancies between this study and three widely used BA products (2001–2020). 
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Figure 12. Comparison of different BA products over the same spatial region. (a,b) show the pre-fire and post-fire Landsat 8 imagery; (c–f) present the BA extraction results from MCD64A1, FireCCI51, GABAM, and DABA. 
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Figure 13. BA by fire severity level. 
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Figure 14. Hotspot analysis of the occurrence frequency of different fire severity levels. 
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Table 1. Description of data sources.
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	Data
	Usage
	Spatial Resolution
	Temporal Coverage





	Landsat 5
	BA mapping
	30 m
	1985–2000, 2003–2012



	Landsat 7
	BA mapping
	30 m
	2001–2002



	Lnadsat 8
	BA mapping
	30 m
	2013–2023



	Sentinel-2
	Validation
	10 m
	2015–2023



	GABAM
	Validation
	30 m
	1985–2021



	FireCCI51
	Validation
	250 m
	2001–2020



	MCD64A1
	Validation
	500 m
	2001–2023










 





Table 2. Selected bands for BA mapping using different Landsat sensors.
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	Satellite
	Landsat5
	Landsat7
	Landsat8
	Approximate Wavelength (μm)





	Sensor
	TM
	ETM+
	OLI
	-



	Blue
	B1
	B1
	SR_B2
	0.45–0.52



	Green
	B2
	B2
	SR_B3
	0.53–0.59



	Red
	B3
	B3
	SR_B4
	0.63–0.68



	NIR
	B4
	B4
	SR_B5
	0.8–0.89



	SWIR1
	B5
	B5
	SR_B6
	1.55–1.70



	SWIR2
	B7
	B7
	SR_B7
	2.10–2.30










 





Table 3. Selected features for BA remote sensing mapping.
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Type

	
Name

	
Abbreviation

	
Reference

	
Formula






	
Burned Area

Index

	
Normalized Burned Ratio

	
NBR

	
Key and Benson [9]

	
   N B R =    N I R − S W I R 2   N I R + S W I R 2      




	
Normalized Burned Ratio2

	
NBR2

	
Lutes, et al. [44]

	
   N B R 2 =    ρ S W I R 1 − ρ S W I R 2   ρ S W I R 1 + ρ S W I R 2      




	
Mid-Infrared Burn Index

	
MIRBI

	
Trigg and Flasse [11]

	
   M I R B I = 10 ρ S W I R 2 − 0.98 S W I R 1 + 2   




	
Burned Area Index

	
BAI

	
Chuvieco and Martín [10]

	
   B A I =   1      ρ N I R − 0.06    2  +     ρ R E D − 0.1    2       




	
Vegetation

Index

	
Normalized Difference Vegetation Index

	
NDVI

	
Stroppiana, et al. [45]

	
   N D V I =    ρ N I R − ρ R E D   ρ N I R + ρ R E D      




	
Global Environmental Monitoring Index

	
GEMI

	
Pinty and Verstraete [46]

	
     G E M I =    η   1 − 0.25 η   −   ρ R E D − 0.125     1 − ρ R E D        η =    2   ρ N I  R 2  − ρ R E  D 2    + 1.5 ρ N I R + 0.5 ρ R E D   ρ N I R + ρ R E D + 0.5        




	
Soil-Adjusted Vegetation Index

	
SAVI

	
Huete [47]

	
     S A V I =      1 + L     ρ N I R − ρ R E D     ρ N I R + ρ R E D + L        L = 0.5     




	
Normalized Difference Moisture Index

	
NDMI

	
Wilson and Sader [48]

	
   N D M I =    ρ N I R − ρ S W I R 1   ρ N I R + ρ S W I R 1      











 





Table 4. Cross-tabulation between our BA product and the reference data.






Table 4. Cross-tabulation between our BA product and the reference data.





	
Product Prediction

	
Reference

	
Total




	
Burned

	
Unburned






	
Burned

	
X11

	
X12

	
X11 + X12




	
Unburned

	
X21

	
X22

	
X21 + X22




	
Total

	
X11 + X21

	
X12 + X22

	
X11 + X12 + X21 + X22











 





Table 5. Fire severity classification criteria.






Table 5. Fire severity classification criteria.





	dNBR
	Burn Severity





	0.1 to 0.27
	Low-severity burn



	0.27 to 0.44
	Moderate-low severity burn



	0.44 to 0.66
	Moderate-high severity burn



	0.66 to 2
	High-severity burn










 





Table 6. Accuracy assessment metrics for 20 representative fire events.






Table 6. Accuracy assessment metrics for 20 representative fire events.





	ID
	OA
	OE
	CE
	DC





	1
	94.99%
	13.21%
	0.20%
	92.84%



	2
	94.77%
	12.90%
	1.82%
	92.31%



	3
	80.09%
	46.98%
	2.37%
	68.72%



	4
	95.25%
	10.18%
	1.56%
	93.93%



	5
	97.85%
	10.86%
	2.21%
	93.26%



	6
	94.84%
	13.64%
	4.14%
	90.86%



	7
	98.56%
	18.26%
	2.07%
	89.10%



	8
	91.21%
	42.77%
	9.27%
	70.19%



	9
	89.68%
	14.45%
	4.66%
	90.18%



	10
	88.96%
	29.84%
	1.41%
	81.98%



	11
	90.84%
	11.82%
	10.66%
	88.75%



	12
	87.74%
	35.34%
	3.80%
	77.34%



	13
	99.63%
	4.93%
	20.62%
	86.52%



	14
	98.14%
	46.73%
	25.40%
	62.16%



	15
	90.02%
	42.13%
	0.51%
	73.18%



	16
	96.45%
	29.75%
	2.77%
	81.57%



	17
	99.71%
	48.28%
	0.00%
	68.18%



	18
	92.67%
	26.84%
	2.45%
	83.61%



	19
	97.71%
	29.24%
	6.85%
	80.42%



	20
	98.88%
	38.29%
	2.26%
	75.66%



	Average
	93.90%
	26.32%
	5.25%
	82.04%










 





Table 7. Classification accuracy of fire severity levels for 10 representative fires.






Table 7. Classification accuracy of fire severity levels for 10 representative fires.





	ID
	Low-Severity Accuracy
	Moderate-Severity Accuracy
	High-Severity Accuracy
	Average





	1
	86.36%
	97.11%
	93.47%
	92.31%



	2
	87.50%
	98.64%
	86.26%
	90.80%



	3
	88.89%
	90.67%
	90.71%
	90.09%



	4
	75.00%
	88.89%
	93.12%
	85.67%



	5
	65.71%
	65.38%
	67.82%
	66.31%



	6
	75.00%
	74.29%
	63.56%
	70.95%



	7
	77.78%
	79.27%
	78.39%
	78.48%



	8
	89.47%
	83.33%
	83.51%
	85.44%



	9
	85.71%
	80.65%
	80.72%
	82.36%



	10
	80.00%
	85.25%
	72.33%
	79.19%



	Average
	81.14%
	84.35%
	80.99%
	82.16%
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