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Abstract

:

Recent research has mapped potential afforestation land to support China’s goal of achieving “carbon neutrality” and has proposed tree species selection to maximize carbon uptake. However, it overlooked biophysical climatic effects, which have a more significant impact on local temperature than CO2 reduction. This study aims to present a comprehensive understanding of how afforestation in China affects local and regional climates through biophysical processes. It focuses on the latitudinal patterns of land surface temperature differences (ΔLST) between five locally adapted forest types and adjacent grasslands using satellite-based observations. Our key findings are as follows: Firstly, broadleaf forests and mixed forests exhibit a stronger cooling effect than coniferous forests due to differences in canopy structure and distribution. Specifically, the net cooling effects of evergreen broadleaf forests (EBFs), deciduous broadleaf forests (DBFs), and mixed forests (MFs) compared to grasslands are −0.50 ± 0.10 °C (mean ± 95% confidence interval), −0.33 ± 0.05 °C, and −0.36 ± 0.06 °C, respectively, while evergreen needleleaf forests (ENFs) compared to grasslands are −0.22 ± 0.11 °C. Deciduous needleleaf forests (DNFs) exhibit warming effects, with a value of 0.69 ± 0.24 °C. In regions suitable for diverse forest types planting, the selection of broadleaf and mixed forests is advisable due to their enhanced local cooling impact. Secondly, temperate forests have a net cooling effect to the south of 43° N, but they have a net warming effect to the north of 48° N compared to grasslands. We recommend caution when planting DNFs, DBFs, and MFs in northeastern China, due to the potential for local warming. Thirdly, in the mountainous areas of southwestern China, especially when planting ENFs and MFs, tree planting may lead to local warming. Overall, our study provides valuable supplementary insights to China’s existing afforestation roadmap, offering policy support for the country’s climate adaptation and mitigation efforts.
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1. Introduction


China is committed to achieving “carbon neutrality” by 2060, i.e., net-zero carbon emissions [1]. This ambitious goal requires great efforts in both emission reduction and atmospheric CO2 removal [2,3]. Forestation is a crucial climate mitigation strategy, offering substantial potential to capture atmospheric CO2 and store it in plant biomass and soil organic matter. The total forest area in China has rapidly increased since the 1990s [4]. Enhancing the forest carbon sink has been identified as an important component of the national climate mitigation plan [5]. Until now, the Chinese government has set several forest cover targets to expand forest areas [6]. However, forestation could affect the climate directly through the alteration of water vapor, energy, and momentum exchange between the land surface and the atmosphere, known as biophysical climate effects [7,8,9,10]. Such biophysical feedback, resulting in either local cooling or warming, could intensify, diminish, or even reverse the cooling advantages derived from carbon absorption [4,11,12]. Consequently, they are scientifically acknowledged to be significant drivers of climate dynamics. Until now, climate mitigation policies have rarely included biophysical processes, mainly due to their high spatiotemporal heterogeneity.



Recent research has mapped the potential forestation land to support China’s “carbon neutrality” objective and has suggested the tree species selection to maximize local adaptation and carbon uptake [13]. For example, coniferous forests are mostly suitable for Northern China, whereas broad-leaved trees and warm conifers are more apt for Southern China. Though this roadmap effectively supports China’s carbon neutrality progress, it does not consider any biophysical climatic effects, which affect temperature more than CO2 reduction does at a local scale [14].



A series of research advancements have enhanced our understanding of quantifying the influences of forestation on local climates through biophysical pathways, including their latitudinal and seasonal patterns. For example, satellite-based observations showed that the climate effect in mid-latitude forest was mixed [15,16]: the forest showed a cooling effect in the southern temperate zones and a warming effect in the northern temperate zones, when compared with cropland or pasture. The climate feedback of temperate in the forest also varied from season to season. These findings are also supported by studies from the perspectives of energy balance [17] and vegetation indices [18]. However, most researchers have focused on broad categories of forests [15,16,17,18], with limited studies addressing specific forest species. Different types of forests have different canopy structures, which will adapt to the environmental conditions of their latitudinal habitat, such as light, temperature, and water. In turn, through biophysical processes, they feed back, influencing the climate system. For example, conifer canopies are particularly effective in distributing light due to the clumping of their needles around the stems. So, conifer canopies can be distributed in regions with less favorable sunlight conditions, such as those at northern latitudes [19]. On the other hand, deep and uneven canopies of conifer forests typically have a low albedo, causing local warming [20,21]. Therefore, forest types that are ecologically well-suited to the local environment may weaken the cooling advantages of carbon sequestration through their biophysical processes. In light of this, it is beneficial to ask the following questions: (1) In which areas do forest types enhance or diminish the cooling benefits of the carbon sink through their biophysical paths? (2) Are these biophysical climate effects intricately linked with the latitudinal ranges in which the forest types are distributed? If so, how do we explain this correlation? Answering these questions can further deepen our understanding of the impact of afforestation on microclimate conditions, thereby contributing to a more comprehensive assessment of China’s afforestation roadmap to support the country’s climate mitigation policies.



Climate models and in situ measurements are often used to understand how forests affect the climate through biophysical processes. However, large uncertainties exist in these two approaches when addressing this particular problem. Deforestation often takes place in small patches which are difficult for coarse-resolution climate models to capture [15]. For example, climate models could lead to uncertainties surrounding physical processes, parameterization, and biases in land cover classification [22,23]. On the other hand, in situ measurements are relatively sparse, while forest cover change often occurs in areas lacking long-term, reliable meteorological data [12]. Advanced satellite observations can overcome these limitations at the local scale and can provide large-spatial-scale data with consecutive timing and high resolution. Over the past two decades, numerous satellite-based studies have used land surface temperature (LST) to characterize the effect of forest conversion on the climate [8,11,16,17,24,25].



Here, our focus is on examining how five International Geosphere–Biosphere Program (IGBP) forest types—namely, evergreen needleleaf forests (ENFs hereafter), evergreen broadleaf forests (EBFs), deciduous needleleaf forests (DNFs), deciduous broadleaf forests (DBFs), and mixed forests (MFs)—influence local and regional climates through biophysical processes in China, within the latitudinal range of 18–53° N. The “space-for-time” approach is implemented, using the land surface temperature difference (ΔLST) between forests and the adjacent grasslands as an indicator of the potential biophysical climate effects of afforestation [9,12,14,16]. These adjacent sites already have partial tree cover but have not yet reached a forest state; these are often prioritized in forestry practices or forestation plans for their suitable environmental conditions. The adjacent comparison can also eliminate the influence of long-term climate signals on vegetation. In this work, the proposed five forest types for comparison are all native and serve as the dominant species within a forest community. Grasslands are better suited than cropland for comparison to avoid the competition between agriculture and forestation. The primary objectives of this study are twofold: (1) to assess the influence of locally adapted forest types on LST in China, and (2) to enhance our understanding of how diverse canopies adjust to their latitudinal distribution, subsequently affecting the latitudinal pattern of local climate through biophysical mechanisms (i.e., albedo and evapotranspiration).



In Section 3, we evaluated the ΔLST between five IGBP forest types and adjacent sites of grassland, in terms of the regional averaged magnitudes, the latitudinal gradients, and the spatiotemporal patterns. We also explored the latitudinal pattern of diurnal temperature range (DTR) and the impact of complex terrain on ΔLST. Next, the Section 4 and Section 5 are presented.




2. Materials and Methods


We utilized two satellite datasets in this study, one for detecting the adjacently distributed forests and grasslands, and the other for quantifying the climatic impact of vegetation replacement in a mid-latitude area. A temperate region in China, across 18–53° N, was chosen as the case study area.



2.1. Extracting Stable Forest and Grassland Cover


Accurately detecting the distribution of unchanged forests and grasslands over the past 20 years is an important prerequisite in assessing the temperature effect of potential afforestation.



Annual MODIS land cover data (MCD12Q1 version 6.1) [26] at a spatial resolution of 500 m were used here, dating from 2001 to 2020. The dataset consisted of 17 IGBP classification schemes. Among them, we used five forest classes, including ENF, EBF, DNF, DBF, and MF, and one grassland class, i.e., grasslands (GRA). Firstly, 500 m MODIS land cover data were resampled to 1 km. Secondly, if a pixel belonged to a class for more than eighteen of twenty years, it was chosen for further study; otherwise, it was dropped. This selection criterion was chosen to minimize the influence of land cover change and classification error [27]. Finally, we produced an integrated land cover map that represented the stable vegetation cover over the past 20 years.




2.2. Spatial Sampling of Land Cover Data


Here, 30 km × 30 km (i.e., 30 × 30 pixels) geographical windows were grided within China. A window was considered valid if it contained at least one forest pixel and one grassland pixel simultaneously. This window searching strategy emphasized paired adjacent pixels for two contrasting vegetation types. It was most successful in isolating vegetation control for surface characteristics (e.g., LST); this is because adjacent vegetation types share similar background climate conditions, such as rainfall and solar angle. There was no requirement for the number of contrasting vegetation types in each window, which ensured that a sufficient number of samples in a wide distribution were selected.




2.3. Temperature Data and Quality Control


The LST data were from MODIS 8-day Terra LST (MOD11A2, version 6.1, from February 2001 to December 2020) and Aqua LST (MYD11A2, version 6.1, from July 2002 to December 2020) [28] at a 1 km spatial resolution, including two daytime data points (local solar time 10:30 a.m. on Terra and 13:30 p.m. on Aqua) and two nighttime data points (22:30 p.m. on Terra and 01:30 a.m. on Aqua). Regarding data quality, only “good data quality” (QC flag = 0) and “other quality” (QC flag = 1) data were screened out for further study; this was limited to those which, on further examination, showed “average emissivity error ≤ 0.02” and “LST error ≤ 1 K” [9]. It should be noted that quality control ensured that only the clear sky condition data were used in this study, avoid the impact of cloud contamination on the LST data. The arithmetic mean of four time points in a day (i.e., 10:30 a.m., 13:30 p.m., 22:30 p.m., and 01:30 a.m.) was used to represent the daily average temperature. The daytime surface temperature was set as the arithmetic mean of 10:30 a.m. and 13:30 a.m., and the nighttime surface temperature was set as the arithmetic mean of 01:30 p.m. and 22:30 p.m.. The overpass time of Terra was approximated to be the time of the daily maximum and minimum temperature. Finally, the 8-day temperature data were further aggregated to the annual values for each year.




2.4. The Potential Impact of Forest Cover Change


Within each 30 × 30     k m   2     window, ΔLST was supposed to account for the potential LST changes resulting from afforestation:


  ∆ L S T =   L S T   F O R   −   L S T   G R A   ,  



(1)




where     L S T   F O R     and     L S T   G R A     were the averaged LST of the forest and grassland pixels in the window. FOR is either ENF, EBF, DNF, DBF, or MF. Positive (negative) ΔLST meant that forests were warmer (cooler) than nearby grasslands.



To minimize the effect of elevation on ΔLST, we performed the following elevation control method to eliminate the influence of the lapse rate to LST. First, the 90 m digital evaluation model (DEM) data from the Shuttle Radar Topography Mission (SRTM) [29] was used as an ancillary dataset to control elevation. Second, we divided the elevations of forest and grassland pixels within a window into 100 m intervals; we assume that there were k intervals in total. Third, we extracted the pixels of the forest and the grassland from the ith interval in a given window. If pixels of both types occurred in this interval (their total number denoted by     N   i    ), then the indicator     I   i     was set to 1; otherwise,     I   i     was set to 0. Then, we calculated   ∆ L S T ( i )   for the ith interval, i.e.,   ∆ L S T ( i ) =   L S T   F O R   ( i ) −   L S T   G R A   ( i )  . The ΔLST over the window was:


  ∆ L S T =     ∑  i = 1   k      I   i     N   i   ∆ L S T ( i )       ∑  i = 1   k      I   i     N   i       .  



(2)







In other words, only the same 100 m elevation intervals were considered when calculating ΔLST. This finally resulted in 697 windows for ENF and GRA, 565 windows for EBF and GRA, 67 windows for DNF and GRA, 1623 windows for DBF and GRA, and 1553 windows for MF and GRA, respectively.





3. Results


3.1. The Distribution of Potential Forest Conversion


We compared the spatial distribution of five potential forest conversions in this study with the optimized potential afforestation locations and tree species outlined in the latest published afforestation roadmap for China (refer to Figure 2c in [13]). Evergreen needleleaf forests (ENFs) were mainly located in Southwestern China and the Tianshan Mountains region in the northeast (Figure 1b), where the forestation roadmap recommended planting Picea-Abies, temperate Pinaceae, and warm Pinaceae. Evergreen broadleaf forests (EBFs) were distributed in Southern China (Figure 1c), where the forestation map suggested planting fast-growing evergreen and other evergreen broadleaf forests. Deciduous needleleaf forests (DNFs) were found in Northeastern China (Figure 1d), where the forestation roadmap recommended planting Larix spp. Deciduous broadleaf forests (DBFs) were broadly distributed from Northeastern to Southwestern China (Figure 1e), following the 400 mm annual precipitation contour. The forestation roadmap suggested the planting of Betula-Populus and other deciduous broadleaf forests. Mixed forests (MFs) were distributed in Southern, Southwestern, and Northeastern China, as well as the Tianshan Mountains region (Figure 1f), where temperate and subtropical mixed forests were shown to be suitable in the forestation roadmap.



The spatial distribution of potential forest conversions in our study aligns with the goals of the afforestation roadmap, which primarily emphasize the optimization of carbon sequestration. The observed consistency indicates that the biophysical climate effects (i.e., ΔLST) assessed in this study can indeed provide a more comprehensive evaluation of the climatic impacts of future afforestation.




3.2. Potential Impact of Forest Conversion on ΔLST


Generally, afforestation had a daily cooling effect for all paired comparisons except for DNF. The net cooling effects of ENF, EBF, DBF, and MF were −0.22 ± 0.11 °C (mean ± 95% confidence interval, the same below), −0.50 ± 0.10 °C, −0.33 ± 0.05 °C, and −0.36 ± 0.06 °C, respectively. The daily cooling effect consisted of a large cooling effect during the day and a small warming effect at night (see Figure 2a,c). However, DNFs showed the opposite pattern, with daytime cooling surpassed by nighttime warming (Figure 2a,c, see GRA->DNF), resulting in a net warming of 0.69 ± 0.24 °C. These regionally averaged conclusions in mid-latitudes generally align with previous satellite-data-driven studies in terms of direction, but some differences in magnitude have been noted [9,11,17,25]. Until now, only limited studies have focused on the classification of sub-divided forests. Zhao et al. [14] have found that DBF expansion from grasslands lead to a regionally averaged LST decrease with the value of −0.11 ± 0.81 °C (mean ± SD) in North America. Meanwhile, ENF expansion induced cooling to a magnitude of −1.27 ± 1.6 °C (mean ± SD).



Our results suggested that the cooling effects of broadleaf forests were stronger than those of needleleaf forests, while Zhao et al. [14] showed the opposite. The reason for this discrepancy is still unclear, even though similar LST data and methodologies were used. Possible reasons could be the influence of significant spatial variations in sample distribution, the length of time series data utilized, and data quality control.



Combining Figure 1, Figure 2 and Figure 3, we further detected the relation between the distribution of paired vegetation cover types and their latitudinal patterns of ΔLST. Stable and adjacently distributed ENF and GRA were mainly concentrated in Southwestern China; they also occurred sporadically in the Xinjiang Province and Southeastern China (refer to Figure 1b). In the regional average, the ΔLST between ENF and GRA was negative; this means that the cooling effect during the day was stronger than the warming effect at night. On average, the comparison between ENF and GRA indicated a relatively weak cooling effect compared to the comparisons between broadleaf forests and grasslands (i.e., EBF vs. GRA, DBF vs. GRA), as well as between MF and GRA (see Figure 2e). The reasons for this are discussed in Section 4.



The comparison between EBF and GRA, as well as that between DNF and GRA, formed an interesting contrast: the former was distributed in Southern China (Figure 1c, below 30° N), while the latter was found in Northeastern China (Figure 1d, above 48° N). Correspondingly, EBF showed a significant cooling effect compared to GRA, while DNF exhibited a significant warming effect relative to GRA.



The distribution of DBF vs. GRA and MF vs. GRA spanned from the south to the north (Figure 1e,f), exhibiting similar and distinct patterns of latitudinal variation in ΔLST (Figure 3d,e). During the daytime, DBF (MF) showed a cooling effect compared to the surrounding GRA, but the magnitude of cooling decreased with the increasing latitude (see Figure 2b, DBF (MF)). At night, DBF (MF) had a higher LST than the neighboring GRA, and the magnitude of warming increased with the latitude (see Figure 2d, DBF (MF)). Daily ΔLST represented a transition from cooling to warming, with the transition zone occurring between 44 and 47° N (ΔLST = −0.02   ±   0.08 °C for DBF vs. GRA, and ΔLST = 0.11   ±   0.21 °C for MF vs. GRA). In addition, DBF and MF showed average daily cooling effects of −0.65   ±   0.07 °C and −0.48   ±   0.06 °C,   r e s p e c t i v e l y  , between 20 and 43° N, as well as average daily warming effects of 0.53   ±   0.08 °C and 0.81   ±   0.18 °C between 48 and 53° N.



Similar to previous findings, this study found that the biophysical climate impact of forestation on LST could be further translated into the latitudinal dependence of a warming effect in northern high latitudes and cooling effects in other latitudes, with the transitional latitude near 45–50° N [9,25]. These cooling or warming effects are mainly driven by the relative strength of the albedo-induced radiative warming and evapotranspiration (hereafter, ET)-dominated non-radiative cooling [4,7]. In this work, near boreal regions (>47° N), radiative warming surpassed non-radiative cooling, causing a positive LST signal. The radiative warming comes from the fact that forest canopies have a lower albedo due to their greater height, unevenness, and darker color compared to grasslands, resulting in the absorption of more solar shortwave radiation energy [21]. The monthly results further indicated that this positive LST signal mainly occurred from November to the following April (Figure 4c). This is because snow-covered short vegetation surfaces reflect more shortwave radiation energy back into Space [30]. For the remaining mid-latitude zones in this study, non-radiative cooling was found to counteract radiative warming, leading to an overall negative ΔLST. Tall, rough canopies like those in conifer forests exhibit strong ET and latent heat release when soil moisture is sufficient, resulting in a cooling effect [21]. This effect is most pronounced at lower latitudes but diminishes as the latitude increases due to soil moisture limitations [7,31]. The cooling effect primarily occurs during the daytime and depends on stomatal opening for transpiration [32,33]. Seasonally, non-radiative cooling showed larger magnitudes in the growing season than in the dormant season (Figure 4c).



The latitudinal pattern of ΔLST is also impacted by the seasonal variations. Figure 4 provided valuable insights into the intricate spatiotemporal ΔLST patterns. Given the extensive latitudinal distribution of DBF and GRA, they served as representative examples of these patterns. During the daytime, DBF generally exhibited a cooling effect, except for regions situated north of 47° N during the winter months (specifically, in December and January, as depicted in Figure 4a). Conversely, DBF predominantly displayed a warming effect at night, except for areas located south of 30° N and especially during the summer (as indicated in Figure 4b). The daily ΔLST revealed pronounced spatiotemporal heterogeneity. In regions positioned south of 41° N, ΔLST consistently showcased a cooling trend throughout the year. In regions north of 42° N, the prevailing pattern involved cooling during the summer and warming during the winter. Additionally, with increasing latitude, the duration and intensity of winter warming exhibited an upward trend. It is worth noting that the temperature effect in the range of 44–47° N was not significant and represented a transitional region. This could be attributed to the opposite diurnal and seasonal impacts that had similar magnitudes and hence canceled each other out on daily and annual scales (refer to Figure 4c). Interestingly, in regions south of 30° N, the spatiotemporal characteristics of daily ΔLST were mainly inherited from those of daytime ΔLST, mainly due to strong ET cooling of temperate forests. In regions north of 47° N, especially in winter when the ET cooling effect was weak, the spatiotemporal characteristics of daily ΔLST were mainly inherited from those of nighttime ΔLST; here, albedo-induced warming becomes notable.



Unlike the cooling effect of forests compared to grasslands at low latitudes, ENF and MF exhibited a warming region around 30° N (see Figure 3a,e, indicated in orange); the warming effect at night exceeded the cooling effect during the day (see Figure 2b,d,f, ENF and MF). We enlarged this region to examine the details, as shown in Figure 5a,b. The warming region was found to be mainly located in high-altitude mountainous areas (Figure 5c), and this was covered with snow in winter, as shown in Figure 5d. The dark forest canopies conceal the underlying snow-covered grassland surface and further lower surface albedo. Thus, the forest surface absorbs more energy, subsequently generating a local warming effect, like its behavior in high-latitude regions. These phenomena suggest that intricate local conditions, such as high altitudes, can cause local warming [34,35].



So far, we have found that afforestation in areas north of 48° N in China may lead to significant local warming. Therefore, caution should be exercised when planting DNFs, DBFs, and MFs in Northeast China. The southwestern region of China is home to a variety of tree species, making it suitable for large-scale afforestation. However, afforestation in mountainous areas may cause local warming, especially when planting ENFs and MFs. The mentioned tree species for planting refer to those that are ecologically adapted to the local environment. Furthermore, in regions that are suitable for diverse tree species planting, it is advisable to choose broadleaf and mixed forests for their enhanced local cooling impact.




3.3. LST Patterns along Latitudinal Gradients: Perspective from DTR


The latitudinal pattern of diurnal temperature range (DTR) can also provide an alternative perspective on the differences in biophysical properties between forests and surrounding grasslands. DBFs had a smaller DTR than grasslands even at high latitudes (See Figure 6b), which implied that forests can provide a more moderate environment than short vegetations [30]. However, the origin of this reduced DTR varied at low and high latitudes. In regions below 38° N, DBFs had a diminished DTR primarily due to their lower daytime maximum LST compared to grasslands (refer to Figure 6a), which was attributed to higher ET and, correspondingly, more latent heat released at lower latitudes. In areas above 45° N, the smaller DTR in forests was primarily caused by their higher nighttime minimum LST compared to the adjacent grasslands (see Figure 6a). During the daytime, both forests and short vegetation experience water limitation in ET at high latitudes. However, the taller canopy heights of forests enable them to acquire more atmospheric energy through turbulent exchanges during the night, resulting in higher nighttime LST [36]. The perspective on DTR reinforces the impact of ET in shaping LST’s latitude-related changes.





4. Discussion


4.1. The Impact of Forest Types on Local Climate


Species differences in albedo and water and energy exchange can have effects that are important to the climate system. In ecosystems, the albedo values typically decrease from grasslands with standing dead leaves, which have high reflectivity, to broadleaf forests, and finally to dark coniferous forests [37]. The albedo is influenced not only by the reflectance of individual leaves, stems, and soil but also by the overall ecosystem structure. Complex canopies, due to interactions between leaves and stems, tend to have lower albedo compared to individual leaves, allowing for the efficient capture of light throughout the entire canopy. In contrast to broadleaf forests, coniferous forests have a more vertical angle of leaves in the upper canopy, reducing the likelihood of light saturation and enhancing the penetration of light through the canopy. So, coniferous forests are capable of thriving in high-latitude regions with less favorable lighting conditions (see Figure 1d). Additionally, the aggregation of needles around stems in coniferous forests facilitates the effective distribution of light within the canopy [21]. The literature indicates that evergreen needleleaf forests have an average surface albedo that is 0.02–0.03 lower than evergreen broadleaf forests, while deciduous needleleaf forests have an average surface albedo that is 0.00–0.01 lower than deciduous broadleaf forests [38,39]. Evergreen forests tend to be located in areas that are warm and wet, thus having a higher leaf area index and a lower surface albedo. On the other hand, canopies with shorter and smoother leaves, like grasslands, more effectively reflect incoming shortwave radiation from the upper leaves directly back to Space [20].



ET is another key factor that influences local climate and includes water vapor transpired by plants or evaporated from leaves or soil surfaces. In ecosystems, broadleaf forests have the highest ET values, followed by coniferous forests and then grasslands. Tall and uneven canopies are aerodynamically rough, allowing efficient energy and water vapor transfer away from the surface and mix in the atmosphere [30,40,41]. Conversely, air flow through short and smooth canopies, such as grasslands or crops, tends to have less turbulence, resulting in less overall interaction with the atmosphere. In general, energy flux from wet ecosystems is dominated by ET, whereas energy flux from other ecosystems, especially dry ones, is dominated by sensible heat flux [21]. For example, the transpiration rate in broadleaf forests is higher than in coniferous forests. Wilson et al. [42] measured Bowen ratios in different ecosystems during the summer, with values ranging from 0.25 to 0.5 in broadleaf forests and from 0.5 to 1 in coniferous forests. In this study, we found that evergreen broadleaf forests were mainly distributed in the humid southern regions of China (Figure 1c), where the release of a large amount of latent heat resulted in a lower ΔLST compared to the surrounding grasslands, with a value of −0.50 °C. In contrast, evergreen coniferous forests, primarily distributed in Southwestern China (Figure 1b), exhibited a relatively weak cooling effect compared to the comparisons between broadleaf forests and grasslands. The main difference may be attributed to the release of latent heat due to transpiration. While coniferous forests cannot cool the canopy surface through vigorous transpiration, their canopy structures have some features adapted to relatively cold and dry environments. Coniferous forests generally have stronger water interception and storage capabilities than broadleaf forests. The rough bark of coniferous trees can intercept up to 10% more precipitation than smooth-barked trees and shrubs [30,33]. Furthermore, coniferous forests have a deeper maximum root depth in mid-latitudes, allowing them to obtain more soil moisture [43].



Species characteristics influence the climate system through biophysical paths in terms of albedo and ET. Ma et al. [44] demonstrated that the spatiotemporal patterns of ΔLST were primarily determined by the net effect of ET-induced latent heat changes, followed by albedo-induced solar radiation absorption changes from the surface energy budget perspective. In the dominant northern coniferous forests, coniferous trees have lower albedo and stomatal conductance, thus transferring a large amount of sensible heat to the atmosphere, leading to local warming (Figure 1d). In contrast, broadleaf forests cause local cooling due to strong cooling from transpiration compared to grasslands (Figure 1c). Due to differences in distribution areas and canopy structure, it can be seen that the cooling effect of broadleaf forests, compared to grasslands, is generally stronger than that of coniferous forests.




4.2. Robustness of Potential Forest Change Impacts on LST


In our study, we did not strictly limit the number of pixels representing different vegetation types within each sample point; the only requirement was to have both forest and grassland pixels within a sample (see Table 1 for cases where pixel count equals to 1 and corresponding ΔLST values and numbers). This approach aimed to capture the latitude distribution effectively. The ΔLST resulting from potential forest cover change may not completely reflect the temperature variations that could occur when actual vegetation cover changes take place in the future [8,11]. This is due to the uncertain extent (e.g., deforestation often occurs in a scattered and partial manner) and duration (e.g., forests can be removed at different rates over multiple years) of the actual changes. However, potential changes will at least indicate the direction of local temperature changes when afforestation occurs in the future. Hence, we are additionally concerned about the robustness of the sample selection method in this study.



Earlier studies [8,9,45] have demonstrated that the choice of threshold for detecting forest cover change significantly affects the magnitude of the temperature impacts associated with forest changes. Table 1 shows the ΔLST values and sample numbers acquired through the selection of samples through the use of pixel thresholds varying from 1% to 5% (equivalent to 9–54 pixels). In the case of the ENF and GRA comparison, increasing the threshold led in a transition from cooling to warming effects for ENFs. This shift is primarily attributed to the fact that, with higher thresholds, the selected samples are predominantly located in low-latitude mountainous areas, subsequently behaving similarly to those in high-latitude regions. High altitude may disrupt latitudinal patterns, leading to differences in the magnitude and direction of ΔLST compared to regions at a similar latitude [34,35].



On the other hand, for the other four comparisons, increasing the threshold cannot alter the conclusion of whether forests exhibited warming or cooling effects. In the case of EBF and DNF comparisons, the increase in threshold rapidly reduced the sample numbers, indicating that the distributions of EBFs and DNFs were more dispersed compared to adjacent GRAs. For such dispersed paired comparisons, larger threshold values make it even less likely to detect stable change signals.




4.3. Implications and Future Work


Through an evaluation of the impact of five locally adapted forest types on the LST in China, this research enhances our comprehension of the intricate biophysical climate effects in the temperate region. Consequently, it contributes to a more comprehensive evaluation of China’s forestation roadmap, supporting the nation’s climate mitigation policies. Future work should quantify the overall impact of afforestation on local and regional climates through both biophysical and biogeochemical processes.





5. Conclusions


This study aims to understand how afforestation in China affects local and regional climates, focusing on five locally adapted forest types. By analyzing latitudinal patterns of ∆LST between five locally adapted forest types and adjacent grasslands using satellite-based observations, we made the following key findings: Firstly, broadleaf forests and mixed forests exhibit stronger cooling effects than coniferous forests, making them advisable choices for planting in regions that are suitable for diverse forest types. Secondly, temperate forests demonstrate a net cooling effect to the south of 43° N but a net warming effect to the north of 48° N compared to grasslands. We recommend caution when planting deciduous needleleaf forests, deciduous broadleaf forests, and mixed forests in Northeastern China, as there is potential for local warming to occur. Thirdly, in the mountainous areas of Southwestern China, especially when planting evergreen needleleaf forests and mixed forests, tree planting may lead to local warming. Overall, our study provides insights that complement China’s current afforestation roadmap, offering considerations beyond carbon sequestration benefits and supporting climate adaptation and mitigation policies.
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Figure 1. The spatial distribution of vegetation cover (including five forest cover types and one grassland cover type) and selected sample windows. (a) Spatial distribution of all selected windows with all 6 vegetation types as background. (b–f) Spatial distributions of sample windows for each paired comparison, with corresponding vegetation cover types as backgrounds. ENF(s)—evergreen needleleaf forest(s); EBF(s)—evergreen broadleaf forest(s); DNF(s)—deciduous needleleaf forest(s); DBF(s)—deciduous broadleaf forest(s); MF(s)—mixed forest(s); GRA(s)—grassland(s). 
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Figure 2. Potential surface temperature impacts of afforestation are calculated as the LST difference of forests minus nearby grasslands. The magnitude of ΔLST for each paired comparison in (a) daytime, (c) nighttime, and (e) daily. Here, for example, GRA->ENF means the change direction is from GRA to ENF (i.e., afforestation). The latitudinal pattern of ΔLST for each land cover type at 1° bands with insignifificant difference masked out by t test at 95% for (b) daytime, (d) nighttime, and (f) daily. The numbers marked with asterisks indicate that ΔLST is significant at 95% according to t-test. ENF(s)—evergreen needleleaf forest(s); EBF(s)—evergreen broadleaf forest(s); DNF(s)—deciduous needleleaf forest(s); DBF(s)—deciduous broadleaf forest(s); MF(s)—mixed forest(s); GRA(s)—grassland(s). 
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Figure 3. Spatial distribution of daily ΔLST for paired comparisons between (a) ENF and GRA, (b) EBF and GRA, (c) DNF and GRA, (d) DBF and GRA, and (e) MF and GRA. (f) The combined spatial distribution of the above five paired comparisons. ENF(s)—evergreen needleleaf forest(s); EBF(s)—evergreen broadleaf forest(s); DNF(s)—deciduous needleleaf forest(s); DBF(s)—deciduous broadleaf forest(s); MF(s)—mixed forest(s); GRA(s)—grassland(s). 
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Figure 4. Monthly means of latitudinal ΔLST between DBF and GRA in (a) daytime, (b) nighttime, and (c) daily. X-axes and Y-axes represent the month and the latitude, respectively. The grids marked with asterisks indicate that ΔLST is significant at 95% according to t-test. All the ΔLST results are obtained by averaging over period of 2001–2020. DBF(s)—deciduous broadleaf forest(s); GRA(s)—grassland(s). 
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Figure 5. Spatial distribution of daily ΔLST for paired comparisons between (a) ENF and GRA, (b) MF and GRA, (c) altitude and (d) snow water equivalent on 20 January 2010, at latitudes 27–33° N and longitudes 91–99° E. ENF(s)—evergreen needleleaf forest(s); MF(s)—mixed forest(s); GRA(s)—grassland(s). 
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Figure 6. (a) Latitudinal distribution of maximum and minimum LST and (b) the corresponding DTR for DBF and GRA. DBF(s)—deciduous broadleaf forest(s); GRA(s)—grassland(s); LST—land surface temperature; DTR—diurnal temperature range. 
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Table 1. The ΔLST values and sample numbers acquired through the selection of samples by using different pixel threshold. ENF(s)—evergreen needleleaf forest(s); EBF(s)—evergreen broadleaf forest(s); DNF(s)—deciduous needleleaf forest(s); DBF(s)—deciduous broadleaf forest(s); MF(s)—mixed forest(s); GRA(s)—grassland(s).
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ΔLST (°C)




	
Type\Pixel

	
1

	
9

	
18

	
27

	
36

	
45

	
54




	
ENF vs. GRA

	
−0.22

	
0.13

	
0.21

	
0.21

	
0.28

	
0.29

	
0.29




	
EBF vs. GRA

	
−0.50

	
−0.46

	
−0.83

	
−0.72

	
−0.78

	
−0.78

	




	
DNF vs. GRA

	
0.69

	
0.62

	
0.67

	
1.38

	

	

	




	
DBF vs. GRA

	
−0.33

	
−0.47

	
−0.60

	
−0.63

	
−0.54

	
−0.49

	
−0.50




	
MF vs. GRA

	
−0.36

	
−0.44

	
−0.38

	
−0.42

	
−0.47

	
−0.47

	
−0.38




	

	
Selected Sample Numbers




	
Type

	
1

	
9

	
18

	
27

	
36

	
45

	
54




	
ENF vs. GRA

	
696

	
336

	
244

	
190

	
150

	
111

	
85




	
EBF vs. GRA

	
563

	
35

	
12

	
6

	
2

	
2

	
0




	
DNF vs. GRA

	
67

	
5

	
3

	
1

	
0

	
0

	
0




	
DBF vs. GRA

	
1623

	
481

	
262

	
181

	
124

	
85

	
62




	
MF vs. GRA

	
1550

	
519

	
330

	
224

	
164

	
126

	
104

















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2024 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).








Check ACS Ref Order





Check Foot Note Order





Check CrossRef













media/file4.png
night ALST(°C) day ALST(°C)

daily ALST(°C)

1. 51

—-1.68*
—-1.91% —2.04%

—2.43*

GRA->ENF GRA->EBF GRA->DNF GRA->DBF GRA->MF
(a)

2.14*

*
1.04 Dere  0.80°

0:21*

GRA->ENF GRA->EBF GRA->DNF GRA->DBF GRA->MF
(c)

[
1

(o]
L

'
=
1

0.69*

—0.22% —0.33* —0.36*

-0.50*

GRA->ENF GRA->EBF GRA->DNF GRA->DBF GRA->MF
(e)
land cover change

40 45 50

20 25 30 35
()
latitude(°N)

ALST(°C)





nav.xhtml


  forests-15-00182


  
    		
      forests-15-00182
    


  




  





media/file2.png
ME-GRA . DBF-GRA

Land Cover Type






media/file13.png





media/file5.jpg
ASTEO)





media/file3.jpg





media/file1.jpg
MEGRA

® © @
Lant o e





media/file7.jpg
JFMAM] ) ASOND
@

i

FHAM] JASOND
®
Month

]

FMAM)  ASOND
@

aLsTEC)





media/file10.png
e AL N ST - o

- w
: Q
T 1 1 - | 1
=z = = Zz 3 = o < T
o [=] o 5 < 2 2 :
™M — o H 2 z z -
m m o ~ o1 o 5 3
(Ww)apmnly
o o i - o -
o S = = S S
[Tg] o S S = S
N A A =, 2 =

99°E

97°E

95 E

93°E

91°E
91°E

33°N
33°N
31°N
290N HEEAEE T
27°N





media/file12.png
30

eU

LST(°C)

0-
_10-
20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52

204

10+

A Y
\\
\’,‘Q
sy
\\ '.-—'" "—-—-:—:\\\—’~~
—— DBF LST_max L W e
s—‘-’r~—_
|~ GRALST max ey
§~~
—-—- DBF LST_min SlTa,
- ~\\\ ______

~~~ GRALST_min

-———~~

(a)

—— DBF DTR
~—— GRADTR

4+—"""""""T""""""""""""""""""""—T"""—T"—7T—7 77
20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52

(b)
Latitude(°N)





media/file9.jpg
e
e oe eE ot
(@)

an

Alitude(m)

7

e

an

2N

S o s orE  swE
[}

E
S ae wE o

(©

e

a
s

‘e se e orE  swE
(@

aLsTEC)

SWE(mm)





media/file0.png





media/file8.png
(D0)1STV

—~ ™
— o |
) L )
* ox ¥ * * % * * ¥ - » % = = + (0
* * * ¥ % *x % ¥ # ¥ | Z
% % % % * % % % % % % *x *x ¥ O
X % N X K X X A ¥ ¥ % %