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Abstract

:

Despite advancements in remote sensing applications for grassland management, studies following the 2011 Fukushima Daiichi nuclear disaster have often been constrained by limited satellite imagery with insufficient focus on pasture changes. Utilizing different resolutions of optical satellite data is essential for monitoring spatiotemporal changes in grasslands. High resolutions provide detailed spatial information, whereas medium-resolution satellites offer an increased frequency and wider availability over time. This study had two objectives. First, we investigated the temporal changes in a mountainous pasture in Japan from 2007 to 2022 using high-resolution data from QuickBird, WorldView-2, and SPOT-6/7, along with readily available medium-resolution data from Sentinel-2 and Landsat-5/7/8. Second, we assessed the efficacy of different satellite image resolutions in capturing these changes. Grazing ceased in the target area after the 2011 Fukushima Daiichi nuclear accident owing to radiation. We categorized the images as grasses, broadleaf trees, and conifers. The results showed a 36% decline using high-resolution satellite image analysis and 35% using Landsat image analysis in the unused pasture area since grazing suspension in 2011, transitioning primarily to broadleaf trees, and relative stabilization by 2018. Tree encroachment was prominent at the eastern site, which has a lower elevation and steeper slope facing north, east, and south. WorldView-2 consistently outperformed Landsat-8 in accuracy. Landsat-8’s classification variation impedes its ability to capture subtle distinctions, particularly in zones with overlapping or neighboring land covers. However, Landsat effectively detected area reductions, similar to high-resolution satellites. Combining high- and medium-resolution satellite data leverages their respective strengths, compensates for their individual limitations, and provides a holistic perspective for analysis and decision-making.
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1. Introduction


Grasslands are among the most important ecosystems on Earth, covering 31–43% of the world’s total land area [1]. They support rich biodiversity, provide valuable ecosystem services, and are widely used for grazing livestock [1,2]. However, grasslands face degradation worldwide owing to both underuse and overuse [2,3]. Grazing intensity, historical conditions, and geographical location all play important roles in shaping vegetation diversity and productivity in grassland ecosystems [4,5,6]. In Japan, grasslands account for 1% or less of the national land, a significant decrease from the past [7]. This decline, attributed to reduced human activity, has led to diminishing biodiversity and is considered as the “Second crisis”, one of the four factors contributing to the decline in Japan’s biodiversity [8]. Given the country’s humid, warm-temperate environment, which favors spontaneous forest growth, human intervention is crucial for grassland maintenance [9,10]. Considering the importance of grasslands, it is critical to monitor changes over time. Remote sensing technology provides an effective means of detecting and tracking grassland changes [11] and can contribute to the development of effective management and conservation strategies for critical ecosystems [12]. Satellite imagery and aerial photography provide comprehensive data on vegetation fluctuation over time, even in areas that are difficult to access.



Time-series analysis using optical satellite data is a pivotal tool for assessing spatiotemporal changes in grasslands. This approach primarily relies on detecting temporal variances in grassland reflectance properties through the analysis of spectral bands or vegetation indices, which can reveal changes associated with plant phenology or different management practices. Globally, optical imagery has been extensively utilized to monitor grassland management and use intensity over varying temporal scales. For example, in southern Bavaria, RapidEye data were used to differentiate between extensive and intensive grassland management through time series analysis [13]. Similarly, Landsat imagery in Switzerland was used to distinguish between mowing and grazing practices [14]. In Slovakia, research using vegetation indices such as EVI and NDVI showcased the capability of these techniques in differentiating between cut and uncut meadows [15]. In Australia, the correlation between NDVI and biomass was explored, evidencing its relevance to the grazing industry [16]. Sentinel-2 data were instrumental in Germany’s efforts to quantify grassland management parameters like grazing intensity and mowing frequency [17]. Furthermore, the application of optical satellite data in mapping vegetation distribution has been evident in various studies. For instance, in Yellowstone National Park, the spectral features of optical multispectral data were utilized to map the distribution of vegetation [18]. In Italy’s Gran Paradiso National Park, high-resolution remote sensing data were used to predict mountain grassland distribution [19]. Additionally, the amalgamation of PALSAR data with Landsat time series imagery in the U.S. Southern Great Plains facilitated the tracking of tree encroachment into grasslands [20]. Also, in the Eurasian steppe, multisource remote sensing images were employed to observe the encroachment of woody vegetation into grasslands due to warming trends [21].



The application of classification techniques using multi-temporal satellite observations plays a crucial role in this analytic framework. There are several types of optical satellite image data, each with different levels of spatial resolution, including very high (<5 m), high (5–9.9 m), medium (10–39.9 m), moderate (40–249.9 m), and low (250 m–1.5 km) [22]. These data differ in resolution and frequency of observations, with high-resolution satellite imagery capturing detailed information about the Earth’s surface. On the one hand, high-resolution satellite data are often provided at a fee. On the other hand, although they offer less detail, medium-resolution satellites have the advantages of increased frequency and unrestricted access spanning several decades. These satellite data, each with its unique advantages, create a trade-off dilemma: spatial resolution, which determines the detail of observed phenomena, versus temporal resolution, dictating how frequently these phenomena are observed. Evaluating the advantages and limitations of each resolution type for various research areas helps ensure that the selected data source aligns with research objectives and yields pertinent and precise results. Through the comparison and combination of datasets with varying resolutions, researchers can achieve a broader perspective on environmental phenomena and their dynamics, leading to well-rounded and sound conclusions. Therefore, for the sustained monitoring of grasslands, where both detailed and long-term observations are important, utilizing the capabilities of different resolution datasets is of significant value. Therefore, long-term monitoring of grasslands should utilize these various-resolution datasets.



The purpose of this study was to Investigate the changes in pasture areas where grazing was suspended following the Fukushima Daiichi nuclear disaster caused by the Great East Japan Earthquake on 11 March 2011, using multi-spatial-resolution optical satellite data. This disaster led to widespread radioactive material contamination in eastern Japan [23], resulting in a temporary suspension of grazing activities in several prefectures, including Iwate, Miyagi, Fukushima, Tochigi, and Gunma [24]. Given that grasslands account for less than 1% of the national land area of Japan [7], understanding the ecological impacts of grazing suspension is crucial. The warm and humid climate, favoring forest growth [9,10], might make these regions susceptible to woody encroachment, potentially leading to significant shifts in ecosystem structure and function. These changes in land cover could be influenced by topographical factors. Optical remote sensing technology has previously demonstrated its efficacy in monitoring land-use changes caused by the aforementioned disaster. For instance, in a study by Harada et al. [25], researchers produced a detailed Land Use and Land Cover map of a district in the Tohoku region after the 2011 East Japan earthquake for the 2013–2015 period using Land-sat-8 OLI data. Their findings revealed significant land transformations from rice paddies to grasslands along the tsunami-affected coast and within the evacuation zone. Ishihara and Tadono [26] utilized 2013 Terra/MODIS data to classify land cover types across eastern Japan, particularly focusing on the Tohoku area. Their observations highlighted drastic vegetation changes following the 2011 Great Eastern Japan Earthquake. Additionally, Hirayama et al. [27] employed RapidEye satellite images to generate land cover maps of a district in Tohoku affected by the 2011 earthquake and tsunami for the years 2010, 2011, 2012, and 2016. However, these studies primarily relied on limited satellite imagery with insufficient focus on pasture changes. Thus, to achieve a comprehensive understanding and continuous tracking of land cover alterations, particularly in suspended pasture zones, it is imperative to harness multi-temporal and multiscale satellite imagery that offers both high spatial and temporal resolutions. This approach, by combining the spatial detail of high-resolution images with the temporal breadth of medium-resolution data, is particularly crucial for a detailed analysis of pasture changes. Specifically, we (1) compared and evaluated the effectiveness of freely accessible medium-resolution image data against high-resolution data in quantifying pasture area changes and (2) clarified the impact of cattle grazing cessation on pastures.




2. Materials and Methods


2.1. Study Area


The study area was a mountainous pasture in the Integrated Terrestrial Field Station of Tohoku University, located in Osaki City, Miyagi Prefecture, Japan (Figure 1). Originally a military horse breeding facility established in 1888, the field station transitioned in 1949 to serve as a farm and practice forest affiliated with Tohoku University’s Faculty of Agriculture. The Field Station encompasses a 2215 ha territory with a well-distributed mix of forest lands (1719 ha), grasslands (429 ha), and farmlands (19 ha). The forests are primarily composed of Cryptomeria japonica plantations and temperate deciduous broadleaf forests that include species such as Fagus crenata Blume and Quercus crispula Blume var. crispula. It is located 150 km northwest of the Fukushima Daiichi Nuclear Power Station. Since 2011, grazing has been suspended because of the dispersal of radioactive substances by the Nuclear Power Station accident. The diverse topography of the area, characterized by varied terrains, wild forests, and grasses, has made radioactive decontamination efforts especially difficult. To date, initiatives to undertake tilling decontamination for radioactive remediation have not proceeded. The prevailing climate in this region is temperate, as evidenced by meteorological data collected by the Japan Meteorological Agency at the Kawatabi meteorological station [28]. This station is located 3 km south of the study area and 170 m above sea level. The data show a mean annual rainfall of 1643 mm, an average temperature of 10.4 °C, and 1584.8 annual sunshine hours. Given the location of the study area, it is likely to be cooler than suggested by the station data.



This study focused on the Rokkaku pasture, which had an area measuring 66.1 ha in 2007 [29] During the period leading up to this disaster, the pasture was used for Japanese Black and Japanese Shorthorn cattle grazing without mineral fertilizers. Located in alpine surroundings, the elevation of the Rokkaku pasture varies from 483 to 621 m. The landscape consists of diverse hillslopes, with a mean slope of 10.8°, ranging from 0.2° to 31.4°. The predominant grass species include Anthoxanthum odoratum L., Carex albata Boott, Agrostis alba L., Poa pratensis L., Dactylis glomerata L., Lolium perenne L., and Trifolium repens L. In addition, the Daishaku pasture, which was continuously grazed for experimental studies using cattle not intended for shipment after the disaster, was also studied for comparative purposes. On 30 May 2019, a field survey was conducted in the Rokkaku pasture to assess its state and compare it with the classification results of the previous year.




2.2. Data and Methods


2.2.1. Multiscale Optical Satellite Images for Classification


As shown in Table 1, a combination of high-resolution and medium-resolution satellite imagery from diverse satellites over varied time frames was utilized. We collected high-resolution satellite data from QuickBird (multispectral resolution 2.4 m) on 19 July 2012, Worldview-2 (multispectral resolution 1.8 m) on 20 May 2017, 26 May 2018, and 20 November 2021, and SPOT 6/7 (multispectral resolution 6 m) on 26 September 2014, 1 October 2015, 25 May 2019, and 4 May 2022. These high-resolution images with detailed spatial observations were able to capture intricate ground features. However, obtaining a continuous series of these images for extended durations was challenging, as mountain pastures like our study area are frequently obscured by clouds. Therefore, we collected high-resolution images free from cloud interference, even if that required using different sensors and dates. In contrast, medium-resolution images, especially those from the Landsat series, provided expansive temporal insights. We utilized multi-temporal Landsat-5/7/8 images with a spatial resolution of 30 m, and cloud-free images observed from May to August 2007–2022 were selected for analysis. Data collection during May and June was informed not solely by the prevalent cloud cover from August through April but also by the study area’s peak growing season, spanning from late spring to early summer. Additionally, we used Sentinel-2 images with a resolution of 10 m for the period from May to July between 2017 and 2022, which has a higher resolution than that of Landsat data and can be used free of charge, enabling us to obtain more detailed information. We utilized high-resolution images for a detailed spatial perspective—especially for ground intricacies—while relying on medium-resolution images to observe longer-term trends and changes. By combining these satellite data, we determined pasture changes more accurately. We used 10-m mesh digital elevation model (DEM) data updated by the Geospatial Information Authority of Japan on 1 October 2016. When creating land cover classification maps, we referred to field survey data and images from Google Earth as well as the vegetation map of Miyagi Prefecture Forest Information Provision System updated on 1 April 2015.




2.2.2. Optical Imagery Preprocessing


All high-resolution images were radiometrically corrected for distortions caused by factors such as sensors, sunlight, and atmosphere [30]. Calibration was undertaken for all multispectral bands using “Reflectance” as the specified type, transforming Digital Numbers into ground reflectance values. We selected this reflectance calibration because it provided a consistent and physically interpretable metric, ensuring uniformity in analysis across diverse datasets, irrespective of variations in acquisition timings or sensor differences. We performed ortho-rectification using an RPC file and a 10-m mesh DEM from the Geospatial Information Authority of Japan to correct for distortions caused by the terrain. For Landsat-5/7/8, we used Collection 2 Level-2 data that had already undergone both geometric and radiometric corrections. However, Landsat-7 images after 2003 contained stripe-shaped data gaps due to equipment malfunctions; therefore, we conducted gap-fill processing [31] for each band. For Sentinel-2, we used Level-1C orthorectified data and performed the same radiometric correction as that applied to the high-resolution imagery as a preprocessing step. For all the satellite images, we generated a pan-sharpened image that combined a high-resolution panchromatic image with a low-resolution multispectral image for visual interpretation.




2.2.3. Land Cover Classification


Vegetation was grouped into three categories (grasses, broadleaf trees, and coniferous trees) in multispectral images using the pixels-based maximum likelihood method. To differentiate these classes, we relied on their distinct spectral signatures. Grasslands, with their mix of photosynthetic vegetation and soil, differ spectrally from forests, which combine photosynthetic and woody vegetation, soils, and shadows [32]. Previous studies have highlighted the importance of visible wavelengths in differentiating tree types [33] notably, conifers, attributed to their reduced photosynthetic activity in the blue band [34]. We evaluated the classification accuracy using a confusion matrix. To examine the temporal changes, we compared the pasture areas extracted from the land-cover classification maps of the two test sites. To investigate the spatial variations in vegetation, we generated a change map using classification maps derived from high-resolution satellite images captured in 2012, 2015, 2018, and 2021. For consistency in our spatial analysis, we standardized all four classification images to a resolution of 6 m, given that the lowest spatial resolution in the high-resolution data was from SPOT. Subsequently, a pixel-by-pixel comparison of the two time points was conducted. The spatial structure indices calculated in this study were the area occupied by each vegetation category along with their respective percentages. Analyzing the proportionate distribution of each category, we were able to estimate the variations in the expanse of each type of vegetation over time. We then categorized the transformations observed during the 2012–2015, 2015–2018, 2018–2021, and 2012–2021 periods into three categories: changes from grasses to broadleaf trees, changes from grasses to coniferous trees, and no-change regions.




2.2.4. Topographic Map


To analyze the relationship between topography and vegetation change, we computed parameters such as slope and aspect using DEM data (10-m resolution). Three distinct maps—elevation, slope, and aspect—were generated.





2.3. Data Analysis


2.3.1. Temporal Change Trend Analysis of the Pasture Area


We evaluated the temporal variations in the pasture area using Theil–Sen median slope trend analysis. This assessment was based on area calculations derived from three different sources, each evaluated independently: (1) high-resolution satellite, (2) Landsat, and (3) Sentinel-2 imagery. The robustness of this method, as initially proposed by Theil [35] and later refined by Sen [36], allows the mitigation of outlier impacts, thus yielding a reliable representation of the intrinsic trend within the dataset. To identify any discernible increase, decrease, or stability in pasture area trends over the study period, we employed the Mann–Kendall significance test [37,38]. The Mann–Kendall test, a nonparametric method, is often employed to ascertain the presence of a monotonic trend within a time series, thereby, serving as an authoritative approach for substantiating the significance of the Theil–Sen slope.




2.3.2. Spatial Changes in the Pasture


To examine the statistical relationship between topographic characteristics (elevation, slope, and aspect) and vegetation change in the study area, we utilized the change map from the 2012–2021 period, resampled to a 10-m resolution to match the topographic maps. Vegetation changes were categorized into three groups: no change (NC), grasses to coniferous trees (GC), and grasses to broadleaf trees (GB). We then employed a nonparametric statistical method using the Kruskal–Wallis H test [39], followed by Dunn’s post-hoc test [40]. The Kruskal–Wallis H test is useful when dealing with data that do not follow a normal distribution, such as topographic characteristics, or when the sample size is relatively small, as in the GC group. Dunn’s post-hoc test, on the other hand, was used to make pairwise comparisons between groups if the Kruskal–Wallis H test determined that differences existed.






3. Results


3.1. Accuracy Verification for Classification


Table 2 lists the overall classification accuracy (OA) and Kappa coefficients of the multi-temporal data. In the examination of the three satellite data sources—high-resolution, Sentinel-2, and Landsat-5/7/8—the OA and Kappa coefficients suggest that high-resolution and Sentinel-2 data exhibited slightly higher classification accuracy. Specifically, high-resolution images had a mean OA of 0.93, spanning from 0.88 to 0.95. Sentinel-2 presented a mean OA of 0.93, closely aligned with that of high-resolution images, ranging from 0.90 to 0.95. Meanwhile, Landsat-5/7/8 demonstrated a slightly lower average OA of 0.90, with values between 0.84 and 0.95. In the context of the mean Kappa coefficient, high-resolution images reported a value of 0.88, followed by the Sentinel-2 and Landsat-5/7/8 coefficients, at 0.87 and 0.83, respectively.



Figure 2 shows a comparison of the vegetation classification maps derived from WorldView-2 and Landsat-8, both captured on 26 May 2018. With its finer 1.8-m resolution, WorldView-2 consistently outperformed Landsat-8, which offers a 30-m resolution in terms of OA and Kappa coefficient. WorldView-2 exhibited a Kappa coefficient of 0.92, in contrast to the 0.87 achieved by Landsat-8. However, it is worth noting the noise in the classification of high-resolution satellite images. For the “grasses” classification, WorldView-2 was superior to Landsat-8 in both user and producer accuracies. The observed classification variances in Landsat-8 can likely be attributed to its coarser 30-m resolution, which could impede its ability to capture subtle distinctions in the imagery, especially in zones with overlapping or neighboring land cover types. Regarding calculated pasture areas, WorldView-2, with a 1.8-m resolution, estimated the area of the Rokkaku pasture to be 41.9 ha and the Daishaku pasture to be 2.7 ha. In contrast, Landsat-8, with a 30-m resolution, estimated the same pastures to be 44.6 and 2.8 ha, respectively. A variance of 2.7 ha in the Rokkaku pasture was observed between the two satellites. Despite the disparity in the 1.8-m resolution of WorldView-2 versus the 30-m resolution of Landsat-8, both satellites provided similar area measurements, suggesting WorldView-2’s detailed imaging capability and the overall reliability of both satellites.




3.2. Temporal Changes in Pasture Area


Figure 3 illustrates the temporal variation in pasture areas, as examined by high-resolution satellite, Landsat, and Sentinel-2 images. The statistical significance of these variations was determined using the Mann–Kendall test.



3.2.1. Temporal Changes in Rokkaku Pasture (Grazing Cease)


Temporal Variation before the 2011 Earthquake


Previous data from 24 July 2007, indicated that the Rokkaku pasture area was 66.1 ha [29]. Comparing the data from 2007 with the calculations from 2012 using high-resolution satellite imagery, we observed no significant area changes in the pasture before the 2011 earthquake. Examining Landsat-5/7/8 images obtained from May to August from 2007 to 2011, it is evident that the Rokkaku pasture area remained relatively stable (p = 0.6), fluctuating between 67.2 and 68.5 ha.




Temporal Variation after the 2011 Earthquake


After 2011, high-resolution satellite imagery revealed a notable decrease in the Rokkaku pasture area, from 66.0 ha in 2012 to 42.1 ha in 2022, signifying a significant approximate reduction of 36%, with p < 0.05 (Figure 3a). Landsat-5/7/8 satellite images from 2011 to 2022 showed a steady decline in the Rokkaku pasture, culminating in a significant approximate total reduction of 35% (Figure 3b; p < 0.001). These results align closely with those derived from high-resolution imagery. Analyzing Sentinel-2 satellite images captured between May and July from 2017 to 2022 revealed decreasing fluctuations in the Rokkaku pasture area: 53.4 ha in 2017, 48.3 ha in 2018, 45.4 ha in 2019, 44.6 ha in 2020, 41.9 ha in 2021, and 46.3 ha in 2022. However, no statistically significant changes were observed during this period (Figure 3c, p = 0.1).





3.2.2. Temporal Changes in Daishaku Pasture (Grazing Continuation)


Conversely, the Daishaku pasture, which was subjected to continuous grazing, showed notable stability without any significant changes over time. High-resolution satellite imagery indicated that the extent of the Daishaku pasture varied marginally between 2.7 and 3.0 ha, with no statistical significance (p = 0.5). Furthermore, data from the Landsat-5/7/8 satellite images echoed this finding, revealing that the area of this pasture fluctuated between 2.7 and 3.2 ha during the 2007–2022 period, without any significant deviations (p = 0.2). Similarly, Sentinel-2 satellite imagery recorded variations in the pasture area, ranging between 2.6 and 3.0 ha, with no significant differences (p = 0.4).





3.3. Spatial Changes in Pasture Area by High-Resolution Imagery


Figure 4 illustrates the dynamic shifts in vegetation within the Rokkaku pasture over three distinct periods: 2012–2015, 2015–2018, and 2018–2021. Included are true-color RGB images from four specific dates: 19 July 2012 (QuickBird, R: band 3; G: band 2; B: band 1), 1 October 2015 (SPOT-7, R: band 3; G: band 2; B: band 1), 26 May 2018 (WorldView-2, R: band 5; G: band 3; B: band 2), and 20 November 2021 (WorldView-2, R: band 5; G: band 3; B: band 2), which serve to visually interpret vegetation transitions. Denser green tones represent forested areas, while lighter shades represent pastures. Despite seasonal variations in color tones, a progression of encroachment of forested areas was observed. A significant transition from grasses to treed areas was predominantly observed along the constricted northern boundary (Figure 4b). This change occurred primarily during the 2015–2018 period. Tree encroachment was also notably observed within the eastern side regions, with the main shift occurring within the same period, i.e., 2015–2018 (Figure 4c). An exclusively narrow segment on the southern edge underwent a complete transformation into a treed area, with the western portion primarily changing from 2012 to 2015 and the remaining area undergoing transformation between 2015 and 2018 (Figure 4d). Moreover, tree encroachment was observed in the northwestern part of Region 3 (Figure 4d), mainly in 2015–2018.



Unused pasture decreased since the voluntary grazing suspension in 2011, changing to a forest mainly dominated by broadleaf trees (Figure 5). In the 2012–2015 period, 12.6% of the study area transitioned from grasses to broadleaf trees. The transition rate increased significantly to 18.4% between 2015 and 2018. However, a decline was observed from 2018 to 2021, with a 5.8% transition from grasses to broadleaf forests. Overall, from 2012 to 2021, a considerable 24.5% transitioned from grasses to broadleaf trees. A shift from GC was significantly less prevalent.




3.4. Topographical Correlations with Vegetation Change


The elevation of the Rokkaku pasture ranges from 483 to 621 m, being lower toward the northeast and higher in the southwest (Figure 6a). Predominantly, the pasture is flat (<15°), with slopes becoming steeper near the boundaries (Figure 6b). The northeast-facing slopes are the most common (Figure 6c). Violin plots (Figure 6d–f) illustrate the distribution of vegetation changes from 2012 to 2021 with respect to elevation, slope, and aspect.



3.4.1. Elevation


In terms of elevation and vegetation change, we observed a disparity between the means of each group with tighter clustering of data around their respective means. (Figure 6d). Dunn’s post-hoc test confirmed statistical differences across all three groups (p < 0.001). The NC group exhibited the highest mean elevation at 576.8 m, while the GB group demonstrated the lowest mean at 559.0 m, indicating that vegetation change from grasses to broadleaf trees tends to occur at slightly lower elevations than that of areas where no significant vegetation change is observed.




3.4.2. Slope


The distribution of the slope also differed significantly across the three groups (Figure 6e; p < 0.05). The mean values of slope degree for the changed groups (GB: 15.0° and GC: 13.9°) were greater than that of the group with no changes (10.3°). These areas of vegetation change, both in GB and GC, tended to be associated with steeper slopes than those of areas with no significant vegetation change.




3.4.3. Aspect


Regarding the relationship between aspect and vegetation change, we found statistically significant differences between NC and the other groups (Figure 6f; p < 0.05). However, the differences between the GB and NC groups were not statistically significant (p ≥ 0.05). In the GB group, a notably denser data distribution below the mean indicated that a substantial proportion of this group associates with northeast-facing slopes within an aspect range of 22.5° to 67.5°. This distribution coincided with the most concentrated data values in the 25th percentile, at 34.4°. For the GC group, the statistical descriptors showed tendencies similar to those of the GB group. The data distribution was denser around the 25th percentile (39.1°), suggesting that regions where vegetation undergoes a transition from grasses to trees are predominantly situated on east- and northeast-facing slopes compared with the non-changing region.






4. Discussion


4.1. Comparison of Pasture Area Change between High- and Medium-Resolution Satellite Imagery


The application of optical remote sensing often encounters difficulties owing to obstructions from cloudy conditions, which can disrupt the acquisition of pertinent data from specific locations. In the present study, we noted disparities in the observation times of multi-temporal high-resolution satellite images. These inconsistencies might influence the outcomes of area change, particularly when considering seasonal changes in vegetation. The resolution of these images varied from 1.8 to 6 m. Conversely, medium-resolution imagery from sources such as Landsat-5/7/8 satellites is readily available and can be used selectively, although its 30-m multispectral resolution might not capture minute changes effectively, leading to errors from mixed pixels, especially in smaller regions, such as the Daishaku pasture. Time-series analyses of the Daishaku pasture revealed fluctuations around 0.5 ha attributable to these mixed pixel errors. Nevertheless, both Landsat and Sentinel-2 analyses yielded changing trends for pasture areas consistent with those from high-resolution satellite imagery (Figure 3). Landsat images are particularly advantageous for long-duration studies because of their extensive data archives. Using these archives, we confirmed that the pasture area remained consistent under regular grazing between 2007 and 2011. Furthermore, these archives provide images every May or June from 2011, allowing for continuous time-series observation of pasture area changes after grazing ceased. The Sentinel-2 series provides superior spatial resolution compared with that of Landsat, supplying images every May, June, or July from 2017 onward and facilitating continuous time-series observations of pasture area changes. Although its data are limited to the post-2017 period, Sentinel-2 is a suitable choice for those aiming to strike a balance between spatial detail and temporal scope in continuous monitoring. Therefore, despite their resolution-related shortcomings, medium-resolution satellite images remain crucial for land-cover categorization and change detection, providing trustworthy information. They are particularly valuable when high-resolution data are either unattainable or cost-prohibitive.



In studying ecosystems, such as grasslands or vegetation assessments, the amalgamation of high-resolution and readily sourced medium-resolution data, such as Landsat and Sentinel-2, is advantageous. Utilizing these multiscale datasets provides a comprehensive perspective, promoting a thorough analysis and informed decision-making. Merging datasets can offset the constraints of one source with the advantages of another. For instance, while high-resolution images yield detailed spatial data, medium-resolution sources, such as Landsat, provide a broader time frame. This integrated approach effectively reduces data gaps and ensures sustained observations.



However, it is also essential to consider the limitations associated with varying resolutions. Even though high-resolution imagery provides detailed spatial data, it can have inconsistent observation times, which might lead to challenges in effectively capturing seasonal changes. The precision of maps and derived area estimates are shaped by the training data used for supervised classification, quality of the base imagery, and implemented methodologies. For a specific region, the accuracy and area estimates might vary based on the classification approach—whether it is per-pixel or object-based—or if there is an alteration in the imagery’s spatial resolution [41].




4.2. Vegetation Change Process and Its Influences


4.2.1. Vegetation Changes and Human Intervention


High-resolution classification results and change maps showed that from 2012 to 2015, the area of the Rokkaku Pasture decreased from 66 to 57.2 ha (Figure 3a), primarily transitioning into broadleaf trees (Figure 4a). This transformation was most evident in the western portion of the narrow region on the southern edge, characterized by slopes steeper than 15°, facing west and northwest and at lower elevations (Figure 4d and Figure 6a–c). This region Is surrounded by broadleaf trees to the west and coniferous trees to the east. Overall, during this period, the transition was mainly observed at the northern, eastern, and southern boundaries and in interspaces near trees, where the elevation was relatively lower than that in the west (Figure 4a and Figure 6a). From 2015 to 2018, the area of the Rokkaku Pasture decreased from 57.2 to 41.9 ha (Figure 3a). Among the three distinct periods, the most pronounced alterations occurred during this period (Figure 4a). Notably, the narrow region on the northern edge, characterized by lower elevation and mainly facing northwest, underwent significant transitions from grasses to tree-dominated areas (Figure 4b and Figure 6a,c). The adjacent boundaries exhibited similar transitions. Tree encroachment was particularly evident on the eastern side, which featured the lowest elevations and steeper slopes (>15°), facing north, east, and south (Figure 4c and Figure 6a–c). Such encroachment was observed in the northwestern part of Region 3, with the transformation primarily occurring in areas facing northeast, with slope degrees greater than 15° (Figure 4d and Figure 6b,c). The eastern part of the narrow region on the southern edge completely transformed into a tree-dominated area (Figure 4d). From 2018 to 2021, tree invasion was observed not only at the boundary between the pasture and forest but also within the pasture, predominantly surrounding the isolated woodlands (Figure 4a).



Temporal analysis of land cover classification revealed a substantial decline in the area of the Rokkaku Pasture from 2012 to 2022 (Figure 3a), a change correlated with grazing suspension after the Great East Japan Earthquake on 11 March 2011. Notably, from 2018 onwards, the area fluctuated between 41.9 and 42.1 ha, suggesting a period of relative stability (Figure 3). Therefore, it is vital to continue monitoring to better understand these dynamics. Certain variations could be attributed to misclassification errors. Upon the cessation of grazing activities, the effects of cattle grazing behavior and grassland management were effectively eliminated, facilitating the flourishing of tree seeds and transforming the previously grass-dominated area into a wooded region. In Japan’s humid and warm temperate environment, human intervention is essential for maintaining grasslands [9,10]. These observations underscore the considerable influence of natural disasters and human intervention on landscape transformations. Current plant species richness is more strongly correlated with past rather than present habitat areas [42], further emphasizing the importance of historical land use in shaping current biodiversity. While there have been marked alterations in land cover, the Rokkaku Pasture exhibited remarkable stability after 2018. The underlying reasons for this resilience remain elusive. Therefore, a meticulous investigation into the factors contributing to this resilience, coupled with continued monitoring, is imperative. Such research could potentially elucidate strategies pivotal for effective grassland conservation.



Overall, the transformation from grasses to trees occurred primarily along the southern, eastern, and northern boundaries, where diminishing grasses mainly transitioned into broadleaf trees. In contrast, the conversion from grasses to coniferous trees was markedly less prevalent. The climax vegetation is contingent on regional climatic conditions. In Japan’s temperate and humid environment, broadleaf trees are hypothesized to constitute climax vegetation [43].




4.2.2. Role of Topography in Vegetation Changes


Changes in ecosystem boundaries result from the cumulative responses of individuals to local conditions encompassing microclimates along the biome transition zones [44]. A preference for eastern and northeastern slopes was observed in both the GC and GB groups, indicating that regions where vegetation transitioned from grasses to trees predominantly lie on slopes oriented toward the east and northeast. Differences in humidity and temperature owing to slope orientation create distinct ecological niches for plant species, thereby influencing the vegetation they support [45]. We observed shifts in vegetation from grasses to broadleaf trees, which were predominantly associated with steeper slope angles and slightly lower elevations compared with areas without vegetation change (Figure 6d,e). The higher mean slope angle for the “changed” groups also intimates that alterations in vegetation might be more prevalent or perceptible in areas with greater topographic variation. In addition, lower elevations can offer a more temperate climate, favoring tree growth [43]. This has been confirmed by studies showing higher seedling density and richness in moist, low-elevation valley habitats [46]. These observations suggest that topographic features, including elevation, slope angle, and aspect, play significant roles in shaping vegetation changes. These features interact with the climate and other environmental factors, thereby shaping the relationship between topographic characteristics and vegetation types [47]. Detailed terrain analysis is required to fully understand this relationship in future research.




4.2.3. Influence of Wind, Seed Dispersal, and Forest Canopy on Vegetation Changes


The prevailing wind direction changes seasonally: westward in spring and winter, east–southeast and east in summer and early autumn, and west–northwest in late autumn [28]. The forest canopy surrounding the western part of the southern edge, where there is a noticeable encroachment of broadleaf trees (Figure 4d), is bordered by broadleaf trees to the west and coniferous trees to the east. Given the dominant northwesterly winds during autumn, broadleaf seeds were mainly dispersed southeastward. However, in most other areas, no relationship was observed between wind direction and vegetation changes.



The forest canopy around the Rokkaku pasture mainly consists of F. crenata, which often forms clusters. A noticeable encroachment of these trees into pasture, especially on hillside slopes, was observed (Figure 6a). The observed encroachment on hillside slopes may be attributed to the clustering characteristics of F. crenata. One limitation of our study is that, although significant encroachments of broadleaf trees into the pasture were identified, we did not provide a detailed classification of other tree species. A comprehensive understanding of tree species and their interactions would provide a clearer understanding of the area’s ecological transitions. Moreover, our research did not deeply investigate other influential factors, such as soil characteristics, that may affect vegetation dynamics. Future research would be enriched by a thorough tree classification and analysis to comprehensively understand land changes.




4.2.4. Comparative Analysis of Woody Encroachment


In several studies, a discernable trend of woody encroachment into herbaceous terrains has been observed, especially in regions experiencing warmer and wetter climates. For instance, Liu et al. [21] observed a significant trend in transitional zones such as forest and steppe ecotones, mountain forest margins, and extension areas. The authors mainly attributed this to climate warming in places where active fires were suppressed. Simultaneously, there has been a resurgence of grass in regions under milder warming and desiccation trends, where human disturbances such as fire regimes and population density have shown a more significant influence than the effects of climate warming. Contrastingly, the Rokkaku pasture in our study showed an accelerated rate of woody encroachment, influenced more strongly by the absence of human activity (e.g., cattle grazing and grassland management) than by climatic factors alone. Furthermore, Song et al. [48] showcased a net increase in tree cover in tropical regions, with 60% of all land changes directly tied to human action. Together with our results, these findings highlight the intricate balance between natural phenomena and human interventions in determining the fate of grassland ecosystems. While the specifics of human interventions may vary, a common thread is the transformation of grasslands due to woody encroachment, which is taking place at diverse rates and scales. These evolving dynamics can have far-reaching consequences, influencing biodiversity, soil health, and even water resources. To navigate this landscape transformation, more comprehensive research is essential, aiming to understand the long-term impacts and craft region-specific management strategies.





4.3. Limitations of This Study and Directions for Future Research


Despite our comprehensive approach to analyzing changes in pasture areas and vegetation dynamics, this study has several limitations that should be acknowledged. The primary limitation is the inadequacy of high-resolution satellite images. We were unable to find appropriate images in some years, such as 2010 and 2011. Optical remote sensing data are often compromised by cloud cover, leading to data gaps, especially in cloud-prone regions. Future research could benefit from the integration of synthetic aperture radar data analysis, which can penetrate cloud cover and provide imaging capabilities during both day and night, potentially enhancing the observation of pasture areas. Another limitation is the classification methodology. Our study utilized the traditional maximum likelihood classification technique for interpreting satellite data. While this method is widely adopted, the choice of classification method and the training data used for supervised classification can influence the outcomes. Furthermore, our study provides an analysis of the impact of topography on vegetation changes but does not extensively explore other influential variables such as soil characteristics, wildlife activities, and microclimatic conditions. These factors could significantly impact vegetation dynamics and landscape changes.



Another important aspect to consider is the context of our study area, particularly in light of the Great East Japan Earthquake and the subsequent Fukushima Daiichi Nuclear Power Plant incident. These events have significantly altered human activities in the region, which in turn have had a profound impact on the natural environment. These changes underscore the need for continued long-term monitoring to understand the evolving dynamics of the landscape. Employing both paid and free satellite imagery can be instrumental in this regard, providing a comprehensive view over time and aiding in the assessment of the long-term effects of such major events on pasture areas and vegetation dynamics. Our study, which focused on the Rokkaku Pasture, also indicates the need for further analysis of other pasture areas affected by the Great East Japan Earthquake to improve the generalizability of our conclusions. Future research should aim to address these gaps by incorporating a more diverse range of data sources, employing varied analytical methods, and extending the scope to include additional environmental and anthropogenic factors.





5. Conclusions


This study revealed a significant transformation in the land cover of a pasture area where grazing ceased since 2011, as evidenced by multiscale high-resolution satellite imagery and Landsat-5/7/8 and Sentinel-2 imagery. Notably, both high- and medium-resolution satellites yielded congruent area measurements. The high-resolution imagery elucidated detailed spatial changes, whereas the medium-resolution imagery offered a broader temporal perspective. The pasture area showed a significant reduction of more than 35% following the voluntary cessation of grazing after the 2011 earthquake. In contrast, pastures that remained under continuous grazing demonstrated stability. The reduction in pasture area was predominantly attributed to broadleaf tree encroachment. The eastern side, characterized by its lower elevation and steeper slopes facing north, east, and south, was particularly marked by tree encroachment. This shift from grasses to broadleaf trees appears to have been influenced by both natural and anthropogenic factors, reflecting the interplay between ecological dynamics and human intervention. This study reaffirms the utility of both high- and medium-resolution satellite imagery for land-cover classification and change detection. These tools provide invaluable insights into the dynamic and complex nature of terrestrial ecosystems and emphasize the importance of continued monitoring for sustainable land management and biodiversity conservation. In future research, a detailed terrain analysis coupled with tree classification could provide deeper insights into land cover change.
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Figure 1. Geographic position of the study area. (a) True-color RGB (R: band 5; G: band 3; B: band 2) visualization of the study area as captured by the WorldView-2 satellite on May 26, 2018. The pasture outlined by the yellow line signifies the Rokkaku pasture, the blue line represents the Daishaku pasture, and the red circle indicates the location of Kawatabi Meteorological Station. (b) The specific location of the study area within the Tohoku region of Japan. 






Figure 1. Geographic position of the study area. (a) True-color RGB (R: band 5; G: band 3; B: band 2) visualization of the study area as captured by the WorldView-2 satellite on May 26, 2018. The pasture outlined by the yellow line signifies the Rokkaku pasture, the blue line represents the Daishaku pasture, and the red circle indicates the location of Kawatabi Meteorological Station. (b) The specific location of the study area within the Tohoku region of Japan.



[image: Remotesensing 15 05416 g001]







[image: Remotesensing 15 05416 g002] 





Figure 2. Vegetation classification maps derived from (a) WorldView-2 and (b) Landsat-8, both captured on 26 May 2018. The classifications are divided into three categories: grasses, broadleaf trees, and coniferous trees. 
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Figure 3. Temporal variation in pasture area using satellite imagery. (a) High-resolution satellite images, (b) Landsat images, and (c) Sentinel-2 images. Each plot’s horizontal axis represents the timeline of satellite observations, whereas the dual vertical axes denote the respective areas of the Rokkaku (left) and Daishaku (right) pastures, quantified in hectares. The red solid line with circular markers is the observed area data for the Rokkaku pasture, whereas the red dashed line presents its Theil–Sen trend line. Similarly, the Daishaku pasture’s observed area data are represented by the blue solid line with triangle markers, with its Theil–Sen trend line presented as the blue dashed line. p-values were determined using the Mann–Kendall significance test. p ≥ 0.05 indicates no trend, whereas p < 0.05 indicates a statistically significant increase or decrease. 
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Figure 4. (a) Vegetation change map of the Rokkaku pasture. (b–d) are zoom-in views of the change map in (a) for case regions labeled as 1, 2, and 3, respectively. Each zoom-in view is a complication of the change map and true-color RGB images from four dates: 19 July 2012 (QuickBird, R: band 3; G: band 2; B: band 1), 1 October 2015 (SPOT-7, R: band 3; G: band 2; B: band 1), 26 May 2018 (WorldView-2, R: band 5; G: band 3; B: band 2), and 20 November 2021 (WorldView-2, R: band 5; G: band 3; B: band 2). 






Figure 4. (a) Vegetation change map of the Rokkaku pasture. (b–d) are zoom-in views of the change map in (a) for case regions labeled as 1, 2, and 3, respectively. Each zoom-in view is a complication of the change map and true-color RGB images from four dates: 19 July 2012 (QuickBird, R: band 3; G: band 2; B: band 1), 1 October 2015 (SPOT-7, R: band 3; G: band 2; B: band 1), 26 May 2018 (WorldView-2, R: band 5; G: band 3; B: band 2), and 20 November 2021 (WorldView-2, R: band 5; G: band 3; B: band 2).



[image: Remotesensing 15 05416 g004]







[image: Remotesensing 15 05416 g005] 





Figure 5. Heat map showing the percentage of vegetation change in the study area over four periods. (a) Change from 2012 to 2015, (b) from 2015 to 2018, (c) from 2018 to 2021, and (d) a comprehensive view of the change from 2012 to 2021. The color bar represents the percentage of change in vegetation. 
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Figure 6. Relationships between topographic factors and vegetation change. (a) Elevation, (b) slope, and (c) aspect maps. Violin plots (d–f) representing the distribution of vegetation changes over the period from 2012 to 2021 in relation to elevation, slope, and aspect, respectively, based on the Kruskal–Wallis H test. Statistical significance was determined using the Dunn post-hoc test and is represented as follows: ‘ns’ for p ≥ 0.05 (non-significant), * for p < 0.05, and *** for p < 0.001, with each decreasing p-value representing higher statistical significance. 
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Table 1. Observation dates and details of multi-sensor satellite imagery.
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Data

	
High-Resolution

	
Free Source




	
WorldView-2

	
QuickBird

	
SPOT-6/7

	
Sentinel-2

	
Landsat-5

	
Landsat-7

	
Landsat-8






	
Spatial

Resolution

(Multispectral)

	
1.8 m

	
2.4 m

	
6 m

	
10 m

	
30 m

	
30 m

	
30 m




	
Spectral Range

in nm

(no. of bands)

	
400–1040 (8)

	
450–900 (4)

	
455–890 (4)

	
455–885 (4)

	
460–900 (4)

	
460–900 (4)

	
433–885 (4)




	
Observation

Dates

	
20 May 2017

	
19 July 2012

	
26 September 2014

	
7 July 2017

	
13 June 2007

	
22 May 2008

	
31 May 2014




	
26 May 2018

	

	
1 October 2015

	
2 June 2018

	
2 June 2009

	
2 June 2012

	
2 May 2015




	
20 November 2021

	

	
25 May 2019

	
23 May 2019

	
8 August 2010

	
5 June 2013

	
20 May 2016




	

	

	
4 May 2022

	
2 May 2020

	
8 June 2011

	

	
23 May 2017




	

	

	

	
11 June 2021

	

	

	
26 May 2018




	

	

	

	
2 May 2022

	

	

	
14 June 2019




	

	

	

	

	

	

	
31 May 2020




	

	

	

	

	

	

	
18 May 2021




	

	

	

	

	

	

	
5 May 2022











 





Table 2. Overall classification accuracy (OA) assessment and Kappa coefficients of multi-temporal data.
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High-Resolution

	
Sentinel-2

	
Landsat-5/7/8




	
Date

	
OA

	
Kappa

	
Date

	
OA

	
Kappa

	
Date

	
OA

	
Kappa

	
Date

	
OA

	
Kappa






	
19 July 2012

	
0.95

	
0.92

	
7 July 2017

	
0.94

	
0.90

	
13 June 2007

	
0.91

	
0.86

	
2 May 2015

	
0.92

	
0.86




	
26 September 2014

	
0.91

	
0.87

	
2 June 2018

	
0.92

	
0.85

	
22 May 2008

	
0.88

	
0.80

	
20 May 2016

	
0.95

	
0.91




	
1 October 2015

	
0.88

	
0.81

	
23 May 2019

	
0.95

	
0.90

	
2 June 2009

	
0.87

	
0.80

	
23 May 2017

	
0.87

	
0.77




	
20 May 2017

	
0.9