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Abstract


Cost-effective sampling methods for the estimation of variables of interest that are time-consuming are a major concern. Ranked set sampling (RSS) is a sampling method that assumes that a set of sampling units drawn from the population can be ranked by other means without the actual measurement of the variable of interest. We used data on vegetation dynamics from satellite remote sensing as a means in which to rapidly rank sampling units across various land covers and to estimate their residual agroforestry biomass contribution for a small cogeneration facility located in the center of a study area in central Italy. A remote sensing map used as an auxiliary variable in RSS enabled us to cut down the photo-interpretation of the residual biomass present in sampling units from 745 to 139, increase the relative precision of the estimate over common simple random sampling, and avoid individual subjective bias being introduced. The photo-interpretation of the sampling units resulted in a 1.12 Mg ha−1 year−1 mean annual density of residual biomass supply, although unevenly distributed among land cover classes; this led to an estimate of a yearly supply of 132 Gg over the whole 2276 km2 wide study area. Further applications of this study might include the spatial quantification of biomass supply-related ecosystem services.
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1. Introduction


Mapping vegetation function is an important technical task for managing natural resources as well as related ecosystem services. The classification and mapping of ecosystem services and environmental variables at local to global scales provide valuable information for understanding both natural and anthropic environments at a given time point or over a continuous period [1]. Traditionally, agriculture and forest information is sampled through field samplings or by photo-interpretation of very high resolution images [2,3]. However, in the absence of auxiliary data layers, simple random sampling may not be effective to quantify environmental data because the large number of samples needed to achieve sufficient precision is constrained by economic and time issues [4,5,6].



Bioenergy produced from the residues of crops and forest wood production has gained renewed attention in the context of carbon emissions reduction [7] and climate change mitigation strategies [8]. Using biomass residues from management practices such as prunings from orchards and forest cuts as input in novel supply chains may shift a waste problem into a resource [9]. Traditionally, in Mediterranean countries, residual biomass (RB) from prunings in olive groves, vineyards, and orchards is incinerated or left in place. Entering RB into an energy provision supply chain could achieve its promise as a sustainable alternative to short-rotation forestry, thereby avoiding land use change and its negative consequences [10,11,12].



Offsetting fossil fuel carbon emissions by burning agricultural and forestry RB in sustainable and short-distance supply chains to produce heat and power is among the many strategies to cope with climate change [13]. Estimating the RB on a spatially-explicit scale that can enter a sustainable energy provision chain is key to pinpointing the location of a potential heat and/or energy production plant [14,15,16] that can consume it. The potential RB availability per land cover of the regional area around the plant and the transportation time to the plant itself are among the most critical variables that can affect the sustainability of a short-distance supply chain.



Remote sensing technologies have proven to be good tools for assessing the availability of agriculture and forest resources such as biomass. Satellite-based data have proven to be effective both in terms of biomass estimation [17] and mapping [18,19]. Earth observation satellites record and collect spatial information regularly, with wide coverage and low cost, and therefore represents an advantageous tool for the detection of natural and agricultural resources over the last decades [20]. Remote sensing data are available from coarse (more than one kilometer) to fine (sub-meter) spatial resolution, and at variable temporal resolution, from daily to monthly [21].



Due to the general availability of high temporal and spatial frequency satellite remote sensing data, local and regional areas may be sampled by integrating suitable spatially explicit indicator maps into traditional sampling schemes as they are stratification layers. This is fundamentally opposite to the usual approaches to quantify ecosystem services such as aboveground productivity and RB by using remote sensing data on populations stratified by pre-existing ancillary data available on site [22,23].



Ranked set sampling (RSS) is an alternative to simple random sampling where the basic assumption is that a set of sampling units are randomly drawn from the population and are ranked by certain means without the actual measurement of the variable of interest, which is costly and/or time-consuming [24]. RSS is conceptually similar to the classical stratified sampling in that each population is divided into sub-populations so that the units within each sub-population are as homogenous as possible. In traditional applications of RSS, the ranking process requires visual comparison of the sampling units and, due to practical reasons, plots were clustered together. We removed the need for visual comparison by using a spatially explicit indicator map derived by optical satellite remote sensing as an auxiliary variate (auxiliary variable) to drive the ranking process of the sample units. While the introduction of spatially explicit maps as auxiliary variables avoids the bias that may be introduced by subjective ranking, its main advantage lies in the possibility of extensively widening the region of interest from local areas to regional and global areas while retaining or increasing the sampling precision of simple random sampling.



Our aim was to couple a spatially explicit map derived from optical satellite remote sensing as an auxiliary variable to a ranked set sampling design to sample the potential RB available in an area of 2200+ km2 in order to evaluate the sustainability of the biomass supply for an heating power plant located north of Rome (Italy). To the best of our knowledge, this is the first time that (i) RSS has been applied in such a wide area context, and (ii) a remotely sensed spatially explicit map has been used as an auxiliary variable to rank the sample plots.




2. Materials and Methods


2.1. Study Area


The small scale supply chain is spatially located in the northeastern outskirts of Rome, central Italy (Figure 1), approximately centered on a combined heat and power biomass plant (cogeneration facility) located at the geographical coordinates of 42.103° N, 12.628° E. The cogeneration facility was built on the property of the Research Center for Engineering and Agro-Food Processing (CREA) of Monterotondo (Rome, Italy) to pursue academic investigations. The facility can be used for thermal energy production and for micro-cogeneration by using a steam generator, with a potential production of around 40 electric kWh. The potential residual biomass (RB) needed for the continuous (7200 operational hours per year) production of heat and power is 811 Mg year−1. A RB storage and pre-processing facility is in operation close to the cogeneration plant. RB is then delivered to the pre-processing plant where it is chipped and stored to enable dehydration, and then fed to the plant.



The Tiber River, which flows from the northern to southern side, cuts the area into two east–west regions approximately equally spaced. The eastern part overlaps the Sabine Hills, an area historically devoted to olive cultivation and the production of olive oil [25]. The western side overlaps a low-lying area mainly used for mixed farming, interspersed with ditches and small rivers where the natural deciduous forest vegetation is still conserved and historically known as the “Roman Campagna” (e.g., [26]). The Tiber River flows toward and in the city of Rome, whose urban settlements are included in the southern part of the study area.



A transport-time constraint defined the study area’s outermost boundary. Any spatial point located no more than 60 min by road transport away from the pre-processing facility was included in the study area, assuming direct delivery from the pick-up point to the facilities. The pick-up–facility route was selected as the shortest path on the publicly-available road network. Motorways such as the north/south-bound A1 were excluded from the selection process. Consequently, the shape of the study area was irregular and dependent on the spatial arrangements of the road network, its road categories, and speed limits. Hilliness or slope of terrain was not considered in the route selection. Rather, those components were indirectly taken into account in route selection according to the lower street categories and lower speed limits featured in hilly areas. Due to limitations of the publicly available dataset on the road network, load limits were not considered in the optimal route selection. Faster roads widened the study area (e.g., toward the north–east to the city of Rieti along ‘Via Salaria’, codenamed SS4dir and SS4bis in Figure 1, or toward the north–west along ‘Via Cassia’, codenamed a SR2), whereas slower roads narrowed it (e.g., toward the eastern hilly area). R package osrm (OpenStreetMap-Based Routing Service [27]) version 3.2.0 was used to compute five isochronous rings at 10’ intervals, starting at 0’–20’ (isochronous ring code IR5) to 50’–60’ (isochronous ring code IR1) from the cogeneration facility (Figure 2, Table 1).




2.2. Definition of the Sampling Populations


Potential RB supply was defined as 100% of the RB available in the study area. Actual RB that can be supplied to the cogeneration plant can vary greatly due to economic and logistic reasons, even for a tiny fraction of the potential biomass.



Potential RB is unevenly distributed across land use classes ranging from agriculture (providing close to zero RB) to highly stocked forested areas. Populations were defined according to specific land cover classes on the basis of the Corine Land Cover 2018 [28] classification (CLC). The CLC is a European program that provides information on land cover and land cover changes across Europe organized into 44 classes in a hierarchical 3-level nomenclature.



CLC classes that could supply potential RB included two classes among the urban category (1.4.1 Green urban areas and 1.4.2 Sport and leisure facilities); five classes among the agriculture category (2.2.1 Vineyards, 2.2.2 Fruit trees and berry plantations, 2.2.3 Olive groves, 2.4.2 Complex cultivation patterns, and 2.4.3 Land principally occupied by agriculture); and one forest class (3.1.1 Broad-leaved forest). An under-represented class (1.4 km2 area, 2.4.1 Annual crops associated with permanent crops) was merged into class 2.4.2 due to very similar subsequent sampling procedures shared between the two classes. Class 2.2.1, despite being under-represented, was kept as a separate class due do its high potential supply of RB (Table 2).



Each CLC class intersecting the study area was defined as a population. As a result, eight populations were defined (Figure 3). Each population was sampled using ranked set sampling (RSS).




2.3. Auxiliary Variable from Remote Sensing


The auxiliary variable in ranked set sampling acts as the ranking variable of the random sample units. The normalized difference vegetation index (NDVI, [29]) aggregated at yearly level (NDVI2018) was used as the auxiliary variable. NDVI is directly related to the photosynthetic capacity, and hence the energy absorption of plant canopies [30,31] and is an excellent predictor of annual tree productivity [32], which in turn, is well correlated to RB. NDVI was estimated for all available visits over the study area of the satellites of the Copernicus Sentinel-2 (S-2) mission in 2018 as:


  N D V  I  t , x , y   =    ρ  842 , t , x , y   −  ρ  490 , t , x , y      ρ  842 , t , x , y   +  ρ  490 , t , x , y      



(1)




where   N D V  I  t , x , y     is the NDVI at time t and spatial coordinates x,y,    ρ  842     and    ρ  490     are the spectral reflectances of the central wavelengths of the near-infrared and red bands of S-2 recorded at time t and at the x,y coordinates. These spectral reflectances are themselves ratios of the reflected over the incoming radiation in each spectral band.



The S-2 satellite pair aims at providing multispectral data with a 5-day revisit frequency [33]. Cloud and cirrus formations were detected through the quality assurance metadata provided and the resulting pixels masked from the NDVI calculation. NDVI trajectories for all available pixels in the study area (at 10 m spatial resolution and 5-day temporal resolution) were collected; trajectories consisting of less than 13 time points were discarded. A harmonic model of time was fitted to each profile and NDVI harmonic trajectories were predicted every 10 days:


    N D V  I  t , x , y    ^  =  α  x , y   +  δ  x , y   t +   ∑   ω = 1  3   [   β  ω , x , y   c o s  (  2 π ω t  )  +  γ  ω , x , y   s i n  (  2 π ω t  )   ]   



(2)




where  α ,  δ ,    β ω   , and    γ ω    are harmonic model coefficients fitted to each (x,y) coordinate pair. An example of yearly NDVI trajectories for an olive grove and a broad-leaved forest in the study area is given in Figure 4. NDVI variability between successive values largely accounted for discrepancies between the spatial resolutions of the cloud mask (60 m) and the spectral bands [34], particularly evident at the boundary between the cloud and non-cloud mask. The raw NDVI trajectory of the broad-leaved forest appears to have been more severely affected by this issue, probably due to the higher frequency of cloudy conditions over mountain ranges where this land cover is prevalent.



NDVI2018 (Figure 5) was derived by integrating each of the predicted 37 (from DOY 1 to DOY 361) NDVI values at the pixel level:


    N D V  I  2018 , x , y    ^  =   ∑   n = 1   37        i  n , x , y    ^   



(3)







The estimation of the NDVI profiles and total NDVI2018 as the auxiliary variable was performed in Google Earth Engine [35].




2.4. Sampling Design


The essence of the ranked set sampling (RSS) is conceptually similar to stratified sampling where ranks are used to post-stratify the sample plots, resulting in a population being divided into sub-populations so that the plots within each sub-population are as homogeneous as possible.



RSS was first proposed by [36] in an effort to more efficiently estimate the yield of pastures by avoiding mowing and weighting the hay in every single sampling unit. Since then, it has been used in a variety of contexts where its efficiency has been proven such as for estimating shrub biomass in Appalachian Oak forests [37], sampling soil locations for estimating plutonium inventory [38], population censuses [39,40], genetic linkage analysis [41], horticultural surveys [42], and yield estimation in fruit tree orchards [43]. An overview of the original form of non-parametric ranked set sampling as well as balanced and unbalanced non-parametric design and RSS with auxiliary variables has been provided by [24].



A set of random sample plots was drawn independently from each population defined by the CLC class. The variable of interest was the yearly potential RB. The number of sample units varied according to population heterogeneity (estimated as the NDVI2018 standard deviation), and to spatial extension and fragmentation of the population area (Table 3).



Each set of random sample plots in each population was ranked according to the total summation of NDVI2018 values of the pixels falling in. A ranked set sample was selected from each set of random sample plots. Ranked sets samples are usually described in terms of sets and cycles. A ‘set’ is a random sample of k units; the selection of k sets in sequence completes a ‘cycle’. Balanced rank set sampling entails the selection of k sets in each of the n cycles of sampling. Thus, a total of nk2 = nk + nk(k − 1) sample plots are selected from each population. From these nk2 sample plots, a ranked set sample of nk plots is extracted for actual estimation of potential biomass. Of the k sample plots in the first set, only the plot with rank 1 is accepted in the ranked set sample. Next, a second set of k plots with rank 2 is accepted, and so on until the kth plot is accepted. This procedure is repeated in each of the n cycles. The unselected nk(k − 1) sample plots are discarded [4].



The optimal choice of n cycles and k sets varied according to the expert judgement of the heterogeneity of the variable of interest and the spatial extent of each CLC class. The higher heterogeneity and/or the wider spatial extent, the greater the k and n chosen (Table 3).



The relative precision of the estimator of the mean for RSS relative to the usual estimator for simple random sampling (i.e., the ratio of the sampling variances) varies with set size k from 1 to (k + 1)/2, which means that RSS is always at least as precise as simple random sampling and increases with the number of ranks the population is divided by [4].



The unbiased estimator for the yearly potential supply of RB, per hectare is given by:


     μ ρ   ^  =  1  n k     ∑   r = 1  k    ∑   j = 1  n   ρ   [ r ]  j    



(4)




where  ρ  is the supply of RB density in the RSS sample plots, estimated by photo-interpretation (in Mg ha−1 yr −1).



A consistent estimator for the variance of the mean is in [14] (p. 26):


   v ^   [     μ ρ   ^   ]  =  1   k 2  n  (  n − 1  )      ∑   r = 1  k    ∑   j = 1  n     (   ρ   [ r ]  j   −    ρ   [ r ]     ´   )   2  .  



(5)








2.5. Photo-Interpretation of Potential Residual Biomass Density in the Sample Plots


Sample plots were projected onto Google Earth software and an expert photo-interpreter identified and quantified the potential RB density available in Mg ha−1 yr−1. To aid in the process of RB density estimation, the photo-interpreter was given relevant RB density corner values to choose from. The RB density corner values were set according to the CLC class and tree density.



Four RB corner density values (Bc) were defined to cover maximum, ordinary, minimum, and no potential RB density that each CLC class could sustain in the study area (Table 4). Bc in urban and agriculture CLC classes (1.4.x and 2.x.x classes) was estimated as the total RB density available (in Mg ha−1 year−1) after each pruning operation averaged by the time between each operation:


    B c  =    b c  ⋅  d c   y      for   c ∈ 1 , 2 , 3   



(6)




where bc is the average RB per tree (t tree−1); dc is the tree density (tree ha−1); and y is the number of years between each pruning operation (year). Minimum RB corner density value (c = 4) was set to 0 Mg ha−1 yr−1.



As an example, in olive groves (CLC 2.2.3), pruning operations are carried out every other year (y = 2). The maximum average RB per tree (b1) is 0.027 Mg [44,45,46], and the corresponding tree density (d1) is 300 trees ha−1, resulting in B1 of 4.0 Mg ha−1 yr−1.



Single tree estimates for bc are not available in broad-leaved forests. We used scaled up RB values at the hectare level (   b c  ⋅  d c   ) averaged over the typical rotation period for coppices (25 years) in central Italy.



The photo-interpreter could assign as many as four RB density corner values to different sub-areas of each (r, j) sample plot. The final potential RB density for each sample plot (in Mg ha−1 yr−1) was calculated as:


   ρ   [ r ]  j   =     ∑   c = 1  4   A  c  [ r ]  j    B  c  [ r ]  j      A   [ r ]  j      



(7)




where    A   [ r ]  j     is the total area of the sample plot (r, j), in ha;    A  c  [ r ]  j     is the area in ha of the c-th sub-area of the sample plot; and    B  c  [ r ]  j     is the RB corner value assigned to the sub-area of the sample plot (in Mg ha−1 yr−1). Potential RB at the population level was estimated by Equations (4) and (5).



Examples of RSS sample plots in each CLC class are provided in Figure 6.





3. Results


The eight relevant land covers for potential residual biomass (RB) supply to the cogeneration plant can be grouped into three categories: urban (CLC class 1.4.1 and 1.4.2), agriculture (2.x.x classes), and forest (3.1.1).



Agriculture was by far the most spatially representative land-cover category in the study area, totaling 863 km2. Agricultural land was predominantly occupied with olive groves (41%) and fields were mainly aimed as crops, mixed with forestry land (35%). Deciduous forests extended for 414 km2, mainly distributed on the farthest rings away from the cogeneration plant. Urban land covers proved to be negligible in terms of extension and were mostly far away from the plant (Figure 7).



The outermost area (IR1) was dominated by broad-leaved forests and agriculture crops, especially on the east sector of the study area (the Sabine Hills), while olive groves and complex cultivation patterns became increasingly dominant in the inner areas (Figure 3 and Figure 7). The area closest to the cogeneration plant (IR5) was the poorest in terms of available RB.



The initial random sample units draw comprised a total of 745 sample plots across the eight CLC classes while the automatic ranking based on the NDVI auxiliary variables enabled us to discard 606 sample plots and to proceed to the photo-interpretation of 139 sample plots (19% of the original sample entity).



The photo-interpretation of the sample plots resulted in 1.12 Mg ha−1 yr−1 overall potential mean RB annual density across all land cover classes (Figure 8), although this was very unevenly distributed (standard deviation 0.457 Mg ha−1 yr−1).



Green urban areas (1.4.1) such as natural parks and recreational areas carried the highest potentiality to supply RB (1.64 Mg ha−1 yr−1), although this varied widely from site to site and was the RB from vegetation operations on trees such as felling and pruning. At the other end of the spectrum, RB density from sport and leisure facilities (1.4.2) and complex cultivation patterns (2.4.2) was well below the average (<0.5 Mg ha−1 yr−1) among the land covers, signaling that they could be ignored while defining the economic sustainability of the supply to the plant.



A very high density in RB was also found in agricultural lands such as olive groves, orchards, crops mixed with forests, and, especially, vineyards (2.2.3, 2.2.2, 2.4.3, and 2.2.1), although sampling in the very low spatial extension of the latter land cover (0.16 km2) probably drove the high variability around the mean density value.



Forests in the study area provided 0.767 Mg ha−1 yr−1, although this is a long-term average (25 years rotation period, Table 4) and the actual yearly supply may be dependent on the spatial extent of the forests being cut year by year.



Coupling the mean annual density of RB to CLC class area extensions provides an insight as to where and how far the RB reservoirs are (Figure 9). The total yearly potential RB available in the study area was 132 Gg.



The western areas (the “Roman Campagna”) could predominantly supply biomass from mixed agriculture/forest land cover (CLC 2.4.3) in moderate to high amounts each year (38 Gg available with a 30 to 60 min transportation time). The bulge area in IR1 was caused by the presence of a fast road toward north–west (SS2, Figure 1 and Figure 2) making more heterogeneous land cover available, but does not represent an advantage in terms of supplying the plant due to the low potential RB quantities that these land covers can sustain and the high landscape fragmentation.



Moderately far away areas (a 20 to 40 min transportation time) can supply around 50 Gg year−1 predominantly from the potential RB of olive groves.



Overall, the broad-leaved forests provide 31.8 Gg year−1 RB supply, predominantly from the farthest areas to the east of the cogeneration plant (known as the Sabine Hills, a 40 to 60 min lorry drive time, Figure 3 and Table 1). The presence of a fast road (SS4 and SS4bis, Figure 1) from the north–east is a coincidental advantage to the supply chain as it makes RB from forests in IR1 (Figure 2) available (i.e., no farther than a 60-minute drive time) to the cogeneration plant.



RB supply from green urban areas and leisure facilities was negligible and very far away from the cogeneration plant.




4. Discussion


The objective of this study was to propose an effective methodology for the evaluation and mapping of residual agroforestry biomass by coupling remote sensing and GIS to a traditional sampling design. In this framework, this study has introduced for the first time an auxiliary variable in the form of a spatially explicit indicator map from satellite remote sensing to augment the efficiency of the ranked sampling scheme. Although the study area was constrained to extend no further than a 60 min transport time from the pick-up location to the processing plant, the focus of our study was on the estimation of agroforestry residual biomass, rather than optimizing the logistics or the optimal facility localization [51,52]. The sampling design was applied on a large study area (2276 km2) to estimate the potential residual biomass (RB) supply available to a cogeneration plant located in its center.



On the assumption that all yearly potential RB is available to the cogeneration plant, we estimated that the supply of biomass will greatly exceed the biomass demand of the plant by almost 200 times (132 Gg year−1 vs. 811 Mg year−1). A third of potential RB supply (39 Gg year−1) is accounted for by olive groves geographically located very close or moderately close to the plant (0 to 40 min lorry drive time) in the Sabine Hills. The second most overall supplier of RB (38 Gg year−1) lies in the crop/forest cultivation pattern that is widely represented in the Roman Campagna, west of the plant, and moderately far away from it (i.e., 30+ min transport drive time). Its high landscape fragmentation may pose a few constraints as far as the pick-up of RB operations is concerned and its economic sustainability will be investigated in a further study.



In this study, the auxiliary variable we selected to rank the samples was easily computed on cloud-computing platforms such as Google Earth Engine. The NDVI vegetation map of the study area contributed to define the total NDVI for each sample plot simply by summing each pixel NDVI value. Ranking of the sampling unit in each set/cycle based on their NDVI values is a straightforward not-intensive operation easily carried out via automatic routines. One further advantage of using an automatic ranking procedure is given by increasing the set sizes to improve RSS efficiency over simple random sampling, particularly on highly heterogeneous populations. Traditionally, set sizes of three or four are common due to the difficulty of individual judgement ordering them into a large number of ranks. In this study, we used a set size of seven in olive groves and complex cultivation patterns land covers, and of five in land principally occupied by agriculture land cover.



Traditional RSS ranking often involves judgment. Although erroneous ranking does not lead to biased estimates [53], it may fall into random assignment and may lower the efficiency of the RSS to the simple random sampling baseline [4]. Judgment may still lead to bias when the individual doing the ranking preferentially or purposively gives rank 1 to the sample plot they would most prefer to extract from the first sample, rank 2 to a preferred plot in the second sample, and so forth. The automatization of the ranking through a spatially explicit auxiliary variable enables us to easily overcome this potential bias. The cost-effectiveness of RSS is clear: in this study, a total of 745 sampling units were randomly drawn in all land cover populations. Ranking based on a priori defined set/cycles led to the estimation of the variable of interest (potential RB) in only 139 sampling units, 18% of those we would have sampled through simple random sampling.



A number of practical factors contribute to significantly lowering the available RB supply including the efficiency of the recovery from the field [54], the optimal quantity that must be left in the field or in the forest for agronomical and ecological reasons, or to maintain soil organic matter and prevent erosion [55]. In addition, it should be emphasized that the actual RB supply heavily depends on owners being economically rewarded by providing it to the plant. A further analysis will expand this study from an economic perspective to assess the economic sustainability of the cogeneration facility. The output of such studies may also represent a contribution in the framework of ecosystem services mapping, which is becoming mainstream in many sustainability assessments, but its impact on real world decision-making is still limited [56].
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Figure 1. The geographical extent of the study area in Italy (inset). The cogeneration facility includes a combined heat and power plant located at the CREA-IT property. Road map from Google Maps. 
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Figure 2. Spatial extent and distribution of the transportation time belts (isochronous rings) from pick-up points to the cogeneration facility in the study area. 
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Figure 3. Spatial distribution of relevant land cover classes present in the study area. 
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Figure 4. A sample of NDVI2018 profiles for two highly widespread Corine Land Cover classes in the study area (olive grove and broad-leaved forest). Cyan values are NDVI2018 original trajectories, interpolated harmonic trajectories are in red. 
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Figure 5. Spatially explicit map of the normalized difference vegetation index for 2018 used as the auxiliary variable in RSS over the study area. The red-colored area corresponds to urban built areas (NDVI close to 0), greenest colors denote highly stocked vegetated areas such as broad-leaved forests (NDVI close to 300,000). 






Figure 5. Spatially explicit map of the normalized difference vegetation index for 2018 used as the auxiliary variable in RSS over the study area. The red-colored area corresponds to urban built areas (NDVI close to 0), greenest colors denote highly stocked vegetated areas such as broad-leaved forests (NDVI close to 300,000).



[image: Ijgi 09 00021 g005]







[image: Ijgi 09 00021 g006] 





Figure 6. Sample plots drawn over the satellite view in Google Earth in various CLC classes. (A) 1.4.1 Green urban areas; (B) 1.4.2 Sport and leisure facilities; (C) 2.2.1 Vineyards; (D) 2.2.2 Fruit trees and berry plantations; (E) 2.2.3 Olive groves; (F) 2.4.2 Complex cultivation patterns; (G) 2.4.3 Land principally occupied by agriculture use; (H) 3.1.1 Broad-leaved forests. 
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Figure 7. Spatial extent of CLC classes per land cover typologies (urban, agriculture, and forest) across isochronous rings. Fill colors of the CLC classes are as described in Figure 3. 
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Figure 8. Average potential residual biomass density in each land cover class in the study area. Fill colors of the CLC classes are as in Figure 3. 
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Figure 9. Potential RB available in each land cover class per land cover typology (urban, agriculture, forest), along isochronous rings. Fill colors of CLC classes are described as in Figure 3. 
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Table 1. Minimum and maximum transportation times (in minutes) from the pick-up point to plant facility, and surface area (in km2) of each isochronous ring (IR).
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	Ring Code
	Min Time
	Max Time
	Area





	IR1
	50
	60
	821



	IR2
	40
	50
	542



	IR3
	30
	40
	433



	IR4
	20
	30
	354



	IR5
	0
	20
	126



	All IRs
	
	
	2276










 





Table 2. Corine Land Cover level 3 classes, labels, and their spatial extent in the study area.
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	CLC Class
	Land Cover Typology
	CLC Label
	Area





	1.4.1
	Urban
	Green urban areas
	8.32



	1.4.2
	Urban
	Sport and leisure facilities
	13.3



	2.2.1
	Agriculture
	Vineyards
	0.165



	2.2.2
	Agriculture
	Fruit trees and berry plantations
	18.2



	2.2.3
	Agriculture
	Olive groves
	355



	2.4.2
	Agriculture
	Complex cultivation patterns
	187



	2.4.3
	Agriculture
	Land principally occupied by agriculture
	303



	3.1.1
	Forest
	Broad-leaved forest
	415



	All CLCs
	
	
	1296










 





Table 3. RSS design parameters for the populations belonging to the CLC classes. k is the number of ranks (or sets); n is the number of cycles; RP is the relative precision of the estimator of the mean for RSS relative to the usual estimator for simple random sampling; the random sample is the sample size randomly drawn in each population; the ranked set sample is the sample size selected under RSS; and the discarded sample is the sample size that was discarded after selection and ranking.
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	CLC Class
	k
	n
	RP Upper Bound
	Random Sample
	Ranked Set Sample
	Discarded Sample





	1.4.1 Green urban area
	3
	3
	2.0
	27
	9
	18



	1.4.2 Sport and leisure facilities
	3
	3
	2.0
	27
	9
	18



	2.2.1 Vineyards
	2
	2
	1.5
	8
	4
	4



	2.2.2 Fruit trees and berry plantations
	4
	3
	2.0
	36
	12
	24



	2.2.3 Olive groves
	7
	5
	4.0
	180
	35
	145



	2.4.2 Complex cultivation patterns
	7
	5
	4.0
	180
	35
	145



	2.4.3 Land principally occupied by agriculture
	5
	4
	3.0
	80
	20
	60



	3.1.1 Broad-leaved forest
	3
	5
	2.0
	75
	15
	60



	Total
	
	
	
	745
	139
	606










 





Table 4. Residual biomass density corner values (Bc for   c ∈ 1 , 2 , 3  ) estimated for each Corine Land Cover class population.
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	CLC Class
	RB Per Tree, bc (Mg tree−1)
	Tree Density, dc (Tree ha−1)
	Time between Operations, y (Year)
	RB Per Ha, bcdc (Mg ha−1)
	Bc (Mg ha−1 yr−1)
	References





	1.4.1 Green urban area
	0.4/0.3/0.2
	80
	8
	
	4.0/3.0/2.0
	[47]



	1.4.2 Sport and leisure facilities
	0.4/0.3/0.2
	50
	8
	
	2.5/1.9/1.3
	[47]



	2.2.1 Vineyards
	0.00075/0.00075/0.00070
	4000/3400/3000
	1
	
	3.0/2.6/2.1
	[44,48,49]



	2.2.2 Fruit trees and berry plantations
	0.007/0.0055/0.005
	500/500/400
	1
	
	3.5/2.8/2.0
	[48]



	2.2.3 Olive groves
	0.027/0.025/0.020
	300/230/180
	2
	
	4.0/2.9/1.8
	[44,45,46]



	2.4.2 Complex cultivation patterns
	0.015
	260/200/130
	2
	
	2.0/1.5/1.0
	[48]



	2.4.3 Land principally occupied by agriculture use
	0.007/0.0055/0.005
	500/500/400
	1
	
	3.5/2.8/2.0
	[48]



	3.1.1 Broad-leaved forests
	
	
	25
	26/23/19
	1.1/0.90/0.75
	[50]











© 2020 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 (http://creativecommons.org/licenses/by/4.0/).



























media/file13.jpg
200

Area (km?)

100

|II|:

Rt IR2 IR3 IR4





media/file4.png
0 10 5,20 Grec:

ISOCRFOROUSTINgS I

B IR1 50'-60 o\ o Cottaneilo Rieti
71 IR2 40'-60' ' o
1IR3 30'-40" | Fie "

1 IR4 20'-30" g
B IR5 0'-20
® Cogeneration facility

,301km <79

M e
~N Falerii Nov Civita ;
<t Castellana
ea L
B 5 da
3
Nep
S5311
€ AT ‘
SR2 Ma Cc
R
M rosi
@ne Po
"
Campagnang
1i Roma rvir
| SR2 |
] Fe
Le iqghe
] e
Due kN | SR2bis | e
SN ‘ [Sez] 5
A Mandela
ar . | 12k, ]
d 3 )
o s Farne )
x-d N s
S Riserva
O Ex Naturale della -
~ Marcigliana
<t Ea Sambuc
3
1ta viadam
g . | E80
lan
r Y .
MUNICIPIY MUNICIPIC
ROMA XV JRONSA 508 (SRS |
A,
M‘UNICKPIO Sa - AT
RO & Da & sola
Clitade Casape
fijtel d As0) v7i el Roma Tor Sapienza
: _ Mia Pas ] .

Ga 14

12.300 RomMA 21450 121600 12.750%=

MUNICIPIO

[
N
=0
o
o





nav.xhtml


  ijgi-09-00021


  
    		
      ijgi-09-00021
    


  




  





media/file18.png
Potential RB (Ggyr~ ")

20

—
o
|

—
(@)
I

o
!

T

Agriculture

BlE
¢

— [

242

24.2

2:2:8

4.2

.

IR1

IR2 IR3 IR4 |

R5

IR

@

IR2 IR3 IR4 IR5

IR1

IR2 IR3 IR4 IR5






media/file16.png
o

(,

_AK ey B ) gy Jo Ausuep |

o

eljusjod

222 223 242 243 3141

142 221

1.4.1





media/file2.png
Grdtcio

- =" ‘
10 20 Terria 30 k Vazi
Conlioo,
® Cogeneration facility
Cal Cottanello Contigliano Sa a
alvi Rieti
Study area Dellumbria
C I g Case -
N Madonna waeR o Benedetio Cittach
4 \ degli Angeli Ot Lo Vacone tasola o
~ se \ "
\ /S \\(7 Magliano Montebuon Sant’Elia

geenss N > Sabina Cekchiara >

:—J ]

p) ( San Giovanni

§ o~ [) Reatino

27N \ N\ Collevecchio Casperia Mont an
‘\\ Glovakni
d‘ \ 5 Selci Roccantica : BelNaonte
8 Farie \ Cantalupo In S&ina
N\

. ((2 —~ - ; i In Sabina :
o~ 5/, S bivita > s orano Vva
< vody . [tellana ~

i | e 15 PR Vg B, el
{ C N 5 - Il sRos7 Singalda
S/ \W N i [snes7 | Poggio Mirteto Torricella
I S~ Ponz ano In Sabina
vola > '/ fq\ \ Casaprota
. -"\,_4«/ / e Montopoli
C\ y i | di Sabina
>l ks \ Sant'Creste N = - Castelnuovo Monteleone
i zano . no
" N/ § aleria Capannacce ¥ \) Gece |
Mazzano Ri (S22 ) Fara In Sabina Osteria Nuova o solle di
Romano Flaminio oggio
Mgfiterosi Civitella Molano
San Paolo [
~
\
Fiano Romano Borgo'Quinzio :
Settevene Magliano \ NoTaIE Scandriglia Pc
Romano €
Morlupo L]
Montorio
Campagnano Capena
di Roma p"”” d ” Montellbrett| Zomeno Owvinio
Castelnuovo \
Port B VI%
Capanelle cone
Sacrofano g Monteflavio
Riano Percile
Stazzano
Cesano Formello
Cretone Licenza
o Caminetto Palomba
i m
Anguillaryse-colle : Sabina
L g Roccagiovine
Osteri uova 4 Sant’/Angelo /f'
o = Rom Mandela
(:;Tw anleo:a Marcellina {/
e G Isola Farnese San Polo del Vicovaro
o La Storta Cavaliern
'_.k.'
o 2 Guidonia .
Montecelio :
R La Giustiniana Sambuci
ata Castel Mada
Boccea 75 = = Villanova T?i\)?)li Cicilianc
na ttavia arco Simone Tivoll Terme
O Setteville
.
. ! 'MUNICIPIO
CASALOT ROMA v
tel d Ciltadel -
d%x:ﬁo( ) vaticano Roma Tor Sapienza
e Poli
Malagrotta 4
N = Torre Angela valle Martella
MUNIZZI&SO 12 75m{ Ga:lu_auo 12 900
ROM ! AMLINICIDIN ™ Nel Lazio - Caora






media/file5.jpg
cLcdasses
o

a2

221

=222 fem
D223

242

243

31

© Cogeneration aciity






media/file3.jpg





media/file1.jpg
© Cogeneraton acity
O stucyarea






media/file7.jpg
NovI

100

e AN





media/file10.png
GO

Legend . 10 e
I I
Total NDVI year 2018 L Cotiepess
o Modonma e e
[ 75,000
[ 1150,000
[ 225,000

Cittadu

Vacone

Montebuon

WA
-,
Caspatnzelyf
7 p 4 - ’
chu)lf:.’ 5 , =~ Ty onte
X 5 Bina

4 . geley
Il 300,000 : 4
Cantaipa” W S
. R 4 " in Sabiba e T 4 $
® Cogeneration facility , 1 T B ) 3 -
llana ‘ ey R ; _— TS 5 - % 9
3% N g - 4 S A l
X3 A= =N e cr
4: - 3 ) - "099'9‘_5"""0 v i Y ‘l'omcvlln -
| > : - s » NShtiRa
— Morntopoli G
Nep & s di Sabing .
sanx Csaste S Lnalalnuovo L >
L diuF. 11.1 4
Colle Farnese Hetwe (“’"“"""”" % : 2 o g 58 S S
 s&3 i8] ; T 245 e 2
?ll {03 Fara InSabina o OB A N ponts W Colle di 1
ninio, ¢ 3 o 1% R %
v 7 & : oo
Magliano Pa
(tﬁ Natu Romano S
unale d; '
'? ccian >
Aattignano Orvinio
nguillara Percile
sabazia
RO ‘ s L a
RN G e " B nuqh._- - Monte 5
Qe ; Caminetto
Anguillar }
Due Roccagiovine
Os
) - Mandela L
Sar ||
ella $.n Polo, del YISOVt
e < ‘(‘avn'ﬁ
O -
o
<t Sambuci
ata
Cicilianc

Boccea

Casape

Poli

12.?00

Castel d
Guido

Malagrotta - . A,.
12300 sunid2id50 12,660""" TS Qe =





media/file12.png





media/file9.jpg
Legend
Total NOVI year 2018
-o
75,000
150000
225,000
300000
Cogeneration facily |






media/file19.png





media/file14.png
Area (km?)

200 -

}_
E—
B_.

150 =

II:I |I|l=

R2 IR3 IR4 IR5 IR1 IR2 IR3 IR4 IR5 IR1 IR2 IR3 IR4 IR5

50 -






media/file8.png
2.2.3 Olive groves 3.1.1 Broad-leaved forest

1.00 -

0.75 1

0.25-

0.00 -

i I ] I I I

0 100 200 300 0 100 200 300
Day of year





media/file11.jpg





media/file6.png
- - RIIY -

04,,_‘ Otricoli 10 30 km

i 20
CLC classes I °°“°'W —— |
141 adonn: el
d':g-‘lldAng;Ii oS Vacone .4 lasola . ? ;“ -',

I 1.4.2 e Eh . TS . '~
|:’ 221 Sabina P > ey -
L1222 [ss3 ) / r
[ 1223

[]2.4.2

[]2.43

[ 3.1.1

® Cogeneration facility

TSTPT

- BIE (5
lle Farnese R R SARD0
> )
& Mazzano ¢ 0
Romano y L el
erosi 7
G § g 2
.

o Qtleve@

& :
3
O‘r Orv
= ovdi
\ Capanelle
N N A A AN v-q
\ < ) ( ravgrsa L=
b & ¥ ’. ‘, = del é,jlo d > Percile
) . 2, \ - ~
/ RS & | & Licenza
% - r Monteroto N
I -colle Scats o ™,
Eﬁl agQ Roccagiovine
steria I:Gova .
= Mandel:
Santa )
di Gale é - s . X % S Vicovaro
3 7 7L ‘
.8 ¢ [Shz ] )t
~ o sy 1 ams
<t % [,{’\—\? ¥ ! ; Samr
‘ Colleverdes ‘u‘:‘ | E45 |
' 2y
Boccea Cic

oS one

faso] M8

Setteville

| SRS |
Cittadel ? - > ﬁx\\x
Va‘"i-cl,io oma Tor Sapienza :1

12 D4 Y 12.600 ost

G
Malanratta - Dell'osa

42.2395 974 12.900





media/file15.jpg
L}

—a
=t
_—
0 o 0

=3

(,_4 ,_ey B ) gy Jo Ausuap [enuaiod

< =]
o S

222 223 242 243 3141

142 221

141





media/file17.jpg
Potential RB (Ggyr™')

TN BT TR

i ol
- M
=17 NNEE: NA,-

IRT IR2 IR3 IR4 RS IRt IR2 IR3 IR4 IRS IRt IR2 IR3 IR4 IRS





