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The solution reveals an emphasis on the "Do-nothing" approach, covering the largest area 
(16,122 ha) and the highest number of stands (2,004). This suggests a predominant 
strategy of passive forest management or limited human intervention. One notable 
change is the significant increase in the area designated for Clearcutting, which has 
expanded from 877 ha to 3,348 ha across 336 stands (Table 19). This suggests a more 
aggressive harvesting approach. Other management action such as Fruit picking & Shrub-
cleaning, remain largely unchanged, maintaining their roles in fire risk mitigation and 
selective maintenance. Thinning & Shrub-cleaning has increased in both area (160 ha) 
and number of stands (25), indicating a growing emphasis on selective thinning as a forest 
management tool factors. 

Table 19 Summary of Optimized silvicultural treatments when maximizing wood removal (excluding 
adjacency and clearcut constraints). 

Clearcut 3348.7 336 
Do-nothing 16122.6 2004 
Fruit picking and Shrub-cleaning 1656.9 207 
Non-burnable 7653.2 633 
Thinning and Shrub-cleaning 160.4 25 

 

• With adjacency and harvest constraints 

In this model, we incorporated the clearcut and adjacency constraints established by 
Portuguese law, which restrict the harvesting of more than 50 hectares of adjacent stands 
of the same species. Under these constraints, the objective function Volt was maximized, 
resulting in a total harvested volume of 220,046 m³. Additionally, the corresponding RAit 
value obtained in this scenario was 0.99080, reflecting the wildfire resistance index under 
regulated harvesting conditions. 

The latest run continues to show a strong preference for the "Do-nothing" approach, 
which has slightly increased to 17,014 hectares across 2,071 stands (Table 20). While "Do-
nothing" remains dominant, its expansion suggests that more forest stands are being left 
to evolve naturally, potentially indicating a shift away from active management in certain 
areas. 

On the other hand, Clearcutting has decreased compared to the previous run, dropping 
from 3,348 hectares to 2,457 hectares across 269 stands (Table 20). This reduction 
suggests a more restrained approach to large-scale timber harvesting, due to the 50-ha 
harvesting constraint. Other management actions, such as Fruit picking & Shrub-cleaning 
and Thinning & Shrub-cleaning, remain unchanged, indicating consistency in their roles 
within forest management. Overall, the data suggests a continued reliance on passive 
management, with some adjustments in clearcutting practices, possibly reflecting a 
balance between economic activities and environmental sustainability (Figure 224). 

Table 20 Summary of Optimized silvicultural treatments when maximizing wood removal (excluding 
adjacency and clearcut constraints). 
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Clearcut 2457.3 269 
Do-nothing 17014.1 2071 
Fruit picking and Shrub-cleaning 1656.9 207 
Non-burnable 7653.2 633 
Thinning and Shrub-cleaning 160.4 25 

 

 
Figure 224 Silvicultural options to maximize wood removal (including adjacency and clearcut 
constraints) for the year 2025 in Vale do Sousa, Portugal. 
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This approach evaluates the trade-offs between maximizing wildfire resistance (RAit) and 
maximizing the volume of wood removed (Volt) using a MIP model. The findings 
demonstrate how variation in different objective can influence optimal actions to be 
taken over the landscape.  

This study considers the simulated dataset for the year 2025 basing the inventory of 2022 
and aims to make a tactical decision to be taken before the wildfire season of 2026 starts. 
For both objectives the model was run twice; one with harvesting constraints and other 
excluding the harvesting constraints. The RAit (Wildfire Resistance Index, that take in to 
account the fire spread between neighbour stands), maximization scenario in both runs 
resulted in an adjusted wildfire resistance index of ~0.9977, indicating a High resistance 
class. By contrast, the wood removal maximization was modelled considering Portuguese 
law not to exceed harvest area for same species adjacent to each other more than 50 ha. 
This scenario yielded maximum Volume removal as 220,046 m3 and RAit as 0.9908. 
However, in the model, setting no limitation on harvesting and RAit, the volume of wood 
removal was maximized with the value of 271,075 m3 revealing all the stands at 
harvesting age being harvested and is nearly 19% more than wood removal maximization 
complying Portuguese harvesting law. RAit value was found to be 0.990461, which is the 
lowest of all and falls under the Low resistance class. This gradual increase in harvested 
volume led to decrease in wildfire resistance reducing live fuel moisture. The omission of 
shrub cleaning in this scenario, as seen in Table 19 and Table 20, contributed in increasing 
the fuel load and thus increasing flammability and fire spread of a stand. 

The two management approaches differ based on several factors. Wood Removal 
Maximization model randomly selected all the fuel treatment scenario to be 0 which 
mean no fuel treatment. The exclusion of shrub cleaning increases the fuel load in the 
forest stands thereby increasing the probability of fire spread as well as the creation of 
vertical continuity. Additionally, the model prioritized the selection of high yield stands 
for harvesting thus leading to a greater number of clearcut areas. In contrast, both 
scenarios in RAit maximization promoted a more balanced distribution of management 
prescriptions selecting actions to shrink flammability across stands rather than 
maximizing economic returns. 

While Ferreira et al. (2023) employed a Mixed Integer Programming (MIP) model for a 90-
year strategic planning horizon, our study adopts a one-year tactical planning approach. 
Their model ensures long-term sustainability by incorporating adjacency constraints on 
not harvesting the stands more than 50ha, if it is occupied with the same forest species. 
However, our LP model focuses on does not consider any constraints in harvesting and 
emphasize only on immediate intervention; planning for 2025. Despite these 
methodological differences, both studies emphasize the importance of integrating 
wildfire resistance into forest management. Nevertheless, the LP model used in this 
research offers an efficient and effective decision-support system for instant fire risk 
mitigation, especially in the aftermath of fire seasons with high-risk potential. This 
research also supports evidence of Gonzalez et al. (2005) and Thompson et al. (2016) that 
emphasizes the significance of high-frequency fuel treatment in maintaining the 
resilience of wildfires. 
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The implication of these can also be extended beyond immediate fire prevention. 
Differences in RAit and volume maximization highlights the importance of tactical 
planning in balancing economic and ecological objectives. Maximizing wood removal may 
yield short-term economic benefits, however, increases long-term vulnerability to 
wildfires. Conversely, prioritizing fire resistance ensures greater landscape resilience but 
limits immediate timber revenues. This trade-off can help policy makers and managers 
to design an adaptive methodology considering increase wildfire risk. 

 
9.2.1 Land Classification 
The Agiasos forest is the largest, comprised of 66 pure stands of P. brutia, covering an 
area of 3178 hectares. The largest stand is 173 ha, the smallest 8 ha, and the average 
stand area is 48 ha. The Vasilika forest has 29 stands, most dominated by P. brutia, 
covering an area of 2132 ha. The largest stand is 137 ha, the smallest 25 ha, and the 
average stand area is 73 ha. Last, the Ampeliko forest, which is the smallest, is comprised 
of 12 P. brutia dominated stands, covering an area of 808 ha. The largest stand is 83 ha, 
the smallest 42 ha, and the average stand area is 67 ha. Overall, the stands in all three 
forests are uneven-aged and the age of trees ranges from seedlings up to 85-110 years 
old. Each of the forests has a designated Forest Management Plan (FMP), where all stands 
need to receive some type of silvicultural measures, mainly selective thinning at defined 
intervals varying by forest and stand (thinning intensity varies from 5% to 30%, usually). 
In the region, the dominant wind direction is the northeast (17%), followed by the NNE 
(12%). 

9.2.2 Resource capability models 
Forest Growth  

The Table 21 presents forest-related metrics for three locations—Agiasos, Ampeliko, and 
Vasilika—focusing on forest area, standing volume (tree biomass), thinning volume, 
canopy cover, and canopy height. All forests show an increase in standing volume, 
indicating positive growth in biomass. Agiasos exhibits the highest increase (+67.96 m³), 
followed by Vasilika (+38.16 m³) and Ampeliko (+24.61 m³). Thinning is proportionally 
conducted across the forests, typically 10% of the 2025 standing volume. Agiasos has the 
highest thinning volume (40.9 m³), aligning with its larger area and higher growth. Canopy 
cover is relatively uniform (57.5%–59.2%), indicating consistent forest density. Canopy 
height varies slightly (16.9 m–17.9 m), suggesting similar tree growth patterns across 
locations. Ampeliko has the highest canopy height (17.9 m), possibly due to species 
composition or site conditions. 

Table 21 Forest growth projection in Agiasos, Ampeliko and Vasilika forests 

Agiasos 3,182 341.1 409.1 40.9 58.2 16.9 

Ampeliko 824 68.4 92.9 9.3 57. 5 17.9 
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Vasilika 2,142 154.5 192.7 19.3 59.2 17.0 

 
6,148 563.9 694.7 69.5 58.4 17.1 

Table 22 presents slope (Slp) and road distance (Rd_d) data for different directional 
sectors across three forests: Agiasos, Ampeliko, and Vasilika. Ampeliko has the steepest 
slopes, especially in SE (19.8°), S (21.5°), and SW (20.7°). Agiasos has moderate slopes, 
ranging mostly from 10.6° to 15.5°, indicating a varied terrain. Vasilika shows the lowest 
slope values, particularly in SE (7.3°) and SW (8.8°), making it the least steep area. Total 
average slopes are highest in the South (17.2°) and lowest in SW (12.1°), suggesting terrain 
variability across regions. 

Ampeliko has extreme variations, with a very high road distance in SE (736.3 m), 
suggesting large roadless areas, which can be problematic for accessibility and fire 
response. Agiasos has relatively even road distances, with shortest access in the South 
(55.0 m) and longest in SE (209.5 m). Vasilika has the longest distances in the West (331.8 
m) and SE (302.2 m), indicating remote areas requiring better access. 

Steeper slopes (Ampeliko) may increase soil erosion and fire spread potential due to rapid 
downhill movement. Long road distances (Ampeliko SE & Vasilika W) suggest difficult 
access, making fire management and logging more challenging. Agiasos has a balanced 
terrain with better road access, making it the most manageable for forestry operations. 

Table 22 Forest stand general characteristics 

Agiasos 12.9 165.9 12.4 95.7 14.5 171.5 15.5 161.8 

Ampeliko - - - - - - 19.8 736.3 

Vasilika 13.3 163.6 - - 8.9 214.8 12.5 227.3 

Total 12.9 165.7 12.4 95.7 13.5 179.8 14.2 212.5 

Agiasos 14.7 55.0 11.7 209.5 11.7 166.5 10.6 115.2 

Ampeliko 21.5 162.8 20.7 234.1 18.8 37.0 17.5 377.6 

Vasilika 11.4 175.0 7.3 302.2 8.8 93.8 13.0 331.8 

Total 17.2 118.4 12.7 235.6 12.1 144.0 13.5 260.4 

 

The Table 23 shows the fire metrics in Agiasos, Ampeliko and Vasilika forests. Agiasos has 
the highest ignition probability (12.48), indicating a greater likelihood of fire initiation 
compared to Ampeliko (2.27) and Vasilika (4.23). The variation in ignition probability may 
be influenced by climatic conditions, human activities, fuel load, and topography. 
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Ampeliko has the lowest ignition probability, suggesting it may have lower fuel 
accumulation or less human activity triggering fires. 

Agiasos (0.486) has the highest stand flammability, indicating more fire-prone vegetation. 
Ampeliko (0.083) and Vasilika (0.156) have significantly lower flammability, suggesting 
differences in tree species, moisture levels, or fuel characteristics. Agiasos combination 
of high ignition probability and high flammability makes it the most fire-vulnerable forest. 

Agiasos again has the highest fire spread probability (6.94), aligning with its high ignition 
risk and flammability. Vasilika (2.85) and Ampeliko (1.33) have lower fire spread 
probabilities, but still non-negligible risks. Fire spread probability depends on wind 
conditions, forest connectivity, and fuel continuity—Agiasos likely has conditions that 
promote fire propagation. 

Agiasos is the most fire-prone forest, with high ignition potential, flammability, and 
spread risk. Ampeliko is the least at risk, having the lowest values across all fire-related 
parameters. Vasilika falls in between, with moderate fire risk but still significantly lower 
than Agiasos. 

 

Table 23 Fire metrics in Agiasos, Ampeliko and Vasilika forests 

Agiasos 12.48 0.49 6.94 

Ampeliko 2.28 0.08 1.33 

Vasilika 4.23 0.16 2.85 

 0.18 0.01 0.10 

Fire spread between stands probabilities 

The spatial relation between the 107 forest stands were analysed (Table 24) and we can 
observe that each stand usually shares the border limits with several other stands having 
the grand total average length across all stands is 539 meters. The grand total fire spread 
probability averages 0.0464. In some locations, such as Ampeliko_99 and Vasilika_87, 
have significantly higher length values exceeding 900, while Vasilika_87 also exhibits a 
high fire spread probability 0.1152). Agiasos_46 (0.2172) and Agiasos_42 (0.1321) have 
among the highest probabilities of fire spread, suggesting potentially high-risk areas. 
There is noticeable variation in fire spread probability among locations, with some below 
0.01 while others exceed 0.1, indicating uneven fire risk distribution. 

Table 24 Fire spread probability in forest stands in Lesvos Island 

Agiasos 410 477 0.0445 

Ampeliko 51 751 0.069 
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Vasilika 161 632 0.043 

Total 622 539 0.046 

 

To put it simple, the ignition 255 that originated in Stand 1 of the Agiasos forest burned 
in total 10 ha, 5 ha of which in Stand 2 of the Agiasos forest, 3 ha burned in Stand 13 of 
Vasilika forest, and 2 ha burned in the Stand 12 of Vasilika forest. This process is repeated 
for every ignition that originates from each stand. Then for all ignitions that originate from 
that stand and burn the same neighbouring stand, we sum the total burned area. With 
that process, conducted with XFire given that all necessary inputs are provided, we were 
able to estimate the total burned area originating from one stand and burning on a 
neighbouring one. The raw burned area value, by using all stands, was converted into a 
fire spread probability value, with the highest value from all stand couples (sending and 
receiving) be closer to 1 and the lowest value closer to zero (Table 25). 

Table 25 Adjacency and fire spread probability example between all forest stands used for Lesvos 
Island 

4 Agiasos_1 Ampeliko_102 667.56 0.0218 

5 Agiasos_1 Ampeliko_103 535.78 0.0128 

6 Agiasos_1 Ampeliko_105 347.35 0.0327 

 

9.2.3 Results from the MILP 
9.2.3.1 Minimizing fire risk 

The optimization results effectively highlight the selection of forest plots for thinning in 
2025 using the Mixed-Integer Linear Programming (MILP) approach. Two distinct 
methods were employed to select plots based on fire risk reduction: one focusing on a 
10% area constraint (Approach 1.1) and the other selecting 11 plots with thinning year 
prioritization constraints (Approach 1.2). The analysis for 2026 demonstrated that the 
average fire risk of the plots selected under the 10% area constraint was 0.3105, while 
the average fire risk for the 11 selected plots was 0.3087. Although these values exist 
outside the normalized 0-1 scale, where the maximum fire risk is approximately 2.2, they 
still effectively represent the relative fire risk within the selected plots. 

Under the 10% area thinning constraint, a total of 19 plots were identified for 
intervention. These selections were made based on factors such as historical thinning 
records and potential fire risk reduction. The selected plots exhibit variability in size, with 
some undergoing complete thinning while others have only a portion designated for 
treatment. The spatial distribution of thinning activities, illustrated in the corresponding 
map, suggests a well-strategized allocation across different forest regions, optimizing 
resilience to wildfires. Notably, several plots had their last thinning intervention over two 
decades ago, reinforcing the urgency of intervention to sustain forest health and mitigate 
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fire risk. The selection process aligns with predefined constraints, ensuring an efficient 
and balanced forest management approach. 

For the 11 selected plots under Approach 1.2, prioritization was based on the earlier 
thinning year. These plots were strategically chosen to enhance forest resilience and 
optimize the reduction of fire risk. The results indicate that prioritizing plots based on 
past thinning years provides slightly improved fire risk reduction compared to the area-
based constraint approach. 

The Table 26 presents the forest plots selected for thinning in 2025 based on the 
optimization model. It includes details such as the unique plot ID, total shape area, 
thinning area, and the last thinning year, while  

Table 27 shows the same information but for the 11 plots of the MILP. 

Table 26 Selected Forest Plots for Thinning in 2025 (MILP- 10% Area) 

1 Agiasos_2 37.39 0.37 2001 
2 Agiasos_6 44.92 0.45 2000 
3 Agiasos_28 93.63 93.63 2009 
4 Agiasos_29 28.079 28.079 2009 
5 Agiasos_33 74.078 74.078 2008 
6 Agiasos_37 59.44 59.44 2003 
7 Agiasos_38 28.62 0.29 2003 
8 Agiasos_42 88.51 88.51 2004 
9 Agiasos_45 25.89 25.89 2004 
10 Agiasos_51 140.65 140.65 2002 
11 Agiasos_52 94.09 52.39 2004 
12 Agiasos_64 25.74 25.74 2002 
13 Agiasos_66 19.82 19.82 2008 
14 Vasilika_69 13.77 1.38 1999 
15 Vasilika_74 75.70 0.76 2007 
16 Vasilika_83 65.26 0.65 2002 
17 Vasilika_93 98.01 0.98 2005 
18 Ampeliko_99 83.91 0.84 2006 
19 Ampeliko_101 83.26 0.83 2008 

 
Table 27 Selected Forest Plots for Thinning in 2025 (MILP- 11 Plots) 

1 Agiasos_21 71.52 71.52 2008 
2 Agiasos_28 93.64 93.64 2009 
3 Agiasos_33 74.08 74.08 2008 
4 Agiasos_42 88.51 88.51 2004 
5 Agiasos_46 132.05 132.05 2002 
6 Agiasos_51 140.65 140.65 2002 
7 Agiasos_52 94.09 94.09 2004 
8 Agiasos_56 163.78 163.78 2004 
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9 Vasilika_69 137.76 137.76 1999 
10 Vasilika_76 114.92 114.92 2007 
11 Ampeliko_105 89.99 89.99 2008 

The maps in Figure 225 illustrates the forest plots selected for thinning in 2025 based on 
the MILP optimization model. The red-coloured plots represent the areas where thinning 
will be conducted, while the grey areas indicate non-selected plots or do-nothing option. 
The 10% area constraint method is more closely aligned with the "Thinning Year" 
constraint, allowing for partial thinning of plots, thus enabling a more flexible selection 
of areas to thin, even including fractional portions of plots. This flexibility is a 
consequence of the continuous nature of the decision variables in this formulation. 

In contrast, the 11-plot selection method employs binary variables, where each plot is 
either fully selected or not. This binary formulation tends to prioritize risk minimization 
by selecting contiguous plots that cover a larger area than the 10% constraint, resulting 
in a lower overall fire risk for the selected plots. Moreover, selecting entire plots, rather 
than partial fractions, is more economically viable, as it reduces logistical complexities 
associated with partial thinning, particularly in plots that may be geographically 
dispersed. The 11 selected plots, as observed, are spatially closer to one another, 
optimizing operational efficiency and minimizing transportation and resource costs. 

Notably, there is overlap in the plots selected by both methods, particularly in the case of 
plots that receive full thinning. These plots, selected under the 10% area constraint, are 
the same as those selected under the 11-plot method, highlighting that the most critical 
high-risk plots are consistently prioritized across both methods. This consistency ensures 
that both approaches effectively target high-risk areas, albeit with slight variations in 
coverage and logistical considerations. 

  
a. b. 
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Figure 225 a. Thinning Forest Plots in 2025 (MILP Model- 10 % Area); b. Thinning Forest Plots in 2025 
(MILP Model- 11 plots (10 % Plots). 

The fire risk maps for 2025 and 2026 (Figure 226) illustrate the spatial distribution of fire 
risk across the study area, categorized into low (green), medium (yellow), and high (red) 
risk zones. The observed minimal difference between the two years can be attributed to 
the conservative assumptions applied in the risk reduction model, where thinning was 
assumed to decrease fire risk by only 5%, while areas left untreated experienced a 1% 
risk increment. Additionally, the spatial extent available for thinning was constrained, 
limiting the overall impact of risk reduction interventions. The risk classification was 
based on absolute values rather than a normalized scale, with the minimum risk set at 
0.02 and the maximum at 2.2. Plots were categorized as low risk (≤ 0.2), medium risk (≤ 
1), and high risk (> 1) to prioritize high-risk areas for thinning. A more precise 
categorization could be achieved with empirical data on the actual risk reduction effects 
of thinning and the rate of risk increase in untreated areas. Future improvements in risk 
assessment could incorporate such data to refine the classification and optimize 
intervention strategies. The primary objective remains the identification of high-risk plots 
for targeted thinning under the given constraints. 

 
Figure 226 The fire risk maps for 2025 and 2026. 
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This work provides measurable outcomes on how focusing on one forest management 
priority results in trade-offs in the others, and it identifies fuel treatment projects to 
achieve multiple fire management outcomes (Ager et al., 2017; Pohjanmies et al., 2019; 
Schroder et al., 2016; Triviño et al., 2017). Recent studies in the United States showed that 
treating less than 30% of landscapes (ideally between 10-20%) can have substantial 
effects on wildfire spread and intensity; in other words, not every stand needs to be 
treated (Ager et al., 2021; Finney et al., 2007). A homogeneous fuel landscape generally 
favours fire spread (Baker, 1994), while a fragmented landscape with heterogeneous fuel 
patches reduces fire spread (Turner et al., 1989). Fire spread is influenced by the spatial 
arrangement of land cover and land use types (LULC) and their characteristics. However, 
fire spread under extreme conditions, such as those found at EWE (fire spread rate is ≥ 
50 m/min (Tedim et al., 2018)), appears to be insensitive to landscape structure and is 
primarily determined by weather conditions (Moreira et al., 2020; Moritz et al., 2010; 
Turner & Romme, 1994). However, targeting the reduction of the amount and 
connectivity of fuels would reduce fire growth rate, increase the potential for fire 
suppression, and mitigate fire damage (Moreira et al., 2020). Percolation theory studies 
suggest that reducing fuel connectivity is an effective approach to mitigating fire spread 
across the landscape, but the thresholds for percolation (i.e., the threshold at which 
functional landscapes transition from unconnected to connected) reported in different 
studies vary. Using generic landscapes, Bevers et al. (2004) determined a percolation 
threshold of 59% of landscapes resistant to fire spread, and Loehle (2004) determined a 
lower value of about 18%. Additionally, fire modelling techniques can be applied to 
analyze the potential for landscape-level fire spread in response to the timing and 
location of fuel treatments. For example, Alcasena et al. (2018) showed that treating 
approximately 15% of the landscape with prescribed burns, strategically distributed is 
effective in interrupting large wildfires. This value is similar to that of Fernandes (2015) 
who shows that 5-10% of the landscape in strategic locations should be treated with 
prescribed fire annually to reduce wildfire size. For more information for the above, 
please refer to the FIRE-RES deliverable D1.11 “Ecological factors driving resistant and 
resilient landscapes to high intensity and extreme wildfire events”. 

Recent studies emphasized the need to incorporate wildfire uncertainty into effective fuel 
reduction plans, prompting discussions on whether future wildfires burn the project 
areas prioritized for fuel treatments prior to their scheduled implementation, and 
whether this would be executed at a fast pace (Ager et al., 2021). For example, despite 
the widespread implementation of fuel treatments in the United States, their benefits are 
diminished over time on large landscapes due to the low probability that treated areas 
will be burned by a sub-sequent fire within a treatment’s lifespan (temporal mismatch) 
(Barnett et al., 2016). Our prioritization process results indicate how much area should 
be treated and where, but to achieve the estimated levels of attainment, forest 
management should be effectively applied with vegetation and fuel treatment methods 
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aligned with international experience and practice, while considering the 
abovementioned temporal mismatch (Graham et al., 2010; Jain et al., 2012). In brief, fuel 
treatment strategies should employ a combination of surface fuel loading, depth, and 
continuity reduction treatments (e.g., prescribed burns and mastication), silvicultural 
practices to change tree crown structure (e.g., thinning and low pruning), and the creation 
of infra-structure and safety areas to facilitate fire suppression activities (e.g., road 
networks and water points). Mechanical treatments such as thinning (either commercial 
or non-commercial depending on stand conditions), mastication, or entire tree harvesting 
are required in high fuel load conditions or dense forest ecosystems with ladder fuels to 
reduce canopy bulk density and to mitigate hazard prior to using fire to reduce fuels. 
Most recent studies agree that thin and burn treatments had positive effects in terms of 
reducing fire severity, tree mortality, and crown scorch, but burning or thinning alone had 
either less of an effect or none, compared to untreated sites (Kalies & Yocom Kent, 2016). 
In the work of Vilà-Vilardell et al. (2023) it is highlighted that the reduction of fire intensity, 
severity and spread rates can be better achieved when combining overstory and 
understory treatments, with the resistance ability more influenced by understory 
treatment than thinning intensity, while mechanical treatments followed by burning 
more beneficial than mechanical only. They also found that prescribed burning after light 
or heavy thinning led to resistant forests. In another study by Davis et al. (2024), it was 
found that forest treatments that reduce surface fuels decrease subsequent wildfire 
severity, thinning with prescribed burning was the most effective and persistent 
treatment in several cases across the Western US, and treatment efficacy for reducing 
wildfire severity declined for older treatments. They also highlighted that prior low or 
moderate severity wildfire can reduce subsequent wildfire severity (Davis et al., 2024). 

The temporal mismatch and the appropriate fuel treatment prescriptions for each area 
should be considered when fire management agencies want to apply fire risk reduction 
fuel treatments. Significant administrative and application constraints need to be 
addressed to implement the simulated scenarios and increase the chances for reducing 
fire behaviour. In our previous research (Palaiologou et al., 2018; Palaiologou, 
Kalabokidis, Troumbis, et al., 2021), we highlighted that prescribed burning is illegal in 
Greece and that a policy reform is required to allow for its application. As a result, the 
investment cost to achieve the expected outcomes is significantly higher compared to a 
similar application in other countries with a well-established fire use culture. Moreover, 
the major logistical constraint is how downed logs are moved to the closest timber mill 
and what infrastructure is required (e.g., opening of new roads). Another consideration 
is the management of logging residuals to avoid increasing fire risk in cases where no pile 
burning or mastication follows. 

Once the projects and the stands for fuel management are selected on the larger scale 
that this analysis was conducted, a smaller scale approach is then required to allocate 
and arrange treatments on the landscape to maximize their efficiency. For the case of 
stands with high attainment for the suppression difficulty priority, our results can be used 
to design fuel breaks in the form of a network with sufficiently modified fuels that can 
decrease the potential fire intensity and the rate of spread to a level where suppression 
resources succeed in containing the fire (Moriarti et al., 2015; Oliveira et al., 2016). 
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We identified some limitations in our assumptions and modelling. The ForSys model is 
data driven, and the inputs used for both fire simulation modelling and scenario planning 
were a snapshot of the most recent forest and fuel conditions, confined by data 
availability for each Living Lab. Results should be interpreted and applied within a short-
term timeframe (1 to 10 years maximum). Moreover, management activities were 
simulated without the effect of potential disturbances that can occur within the 
application timeframe. As a result, forest growth was not considered in our estimations, 
and results are applicable until substantial forest growth occurs or until the effect of a 
disturbance substantially changes stand structure or fuel conditions. 

The major assumptions we made in scenario planning modelling included the following: 
(1) the stands selected for forest management would receive an appropriate suite of 
treatments, including mechanical thinning, fuels mastication, and pile burning of logging 
residuals; and (2) the posttreatment conditions of the stand would meet priority goals for 
the various objectives, i.e., reduce transmission of wildfires to developed areas or timber 
retrieval goals. In addition, our approach for assessing the levels of attainment from 
applying forest management in the selected project areas are relative rather than 
absolute values. In terms of forest production, since recent estimates of merchantable 
timber volume were not available, we used aboveground biomass minus foliage which 
was the only good available analog to merchantable timber volume. Some of the selected 
stands within projects might not be accessible due to lack of roads, which implies the cost 
of treatments there would be increased. 

Finally, since increasing fuel loads and continuity represent the main factor responsible 
for the recent catastrophic fire events in the Mediterranean region, we anticipate that our 
results can inform fire risk management agencies on the optimization of forest 
management to improve fire suppression efficiency and reduce fire spread to the 
wildland–urban interface and protected areas. Managing forest fuels has been 
internationally demonstrated to be an efficient strategy to fragment fuels and reduce fire 
spread rates and severity. 
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Forest management is a complex and multifaceted task that involves balancing ecological, 
economic, and social factors. It includes decisions regarding logging schedules, 
conservation efforts, species protection, forest regeneration, and ecosystem services. 
Given the dynamic and unpredictable nature of forests, coupled with the growing 
pressure from climate change and increasing human activity, efficient management of 
forest resources has never been more critical. One effective way to address these 
challenges is through the application of mathematical programming. 

Mathematical programming, particularly optimization techniques, provides a robust 
framework for tackling forest management problems by enabling decision-makers to 
consider multiple objectives simultaneously. Forest managers must often make decisions 
that balance maximizing timber production, minimizing environmental degradation, 
ensuring biodiversity conservation, and meeting community and economic needs. 
Mathematical programming models can incorporate these diverse objectives and 
constraints, offering decision support in a way that is both quantitative and transparent. 

One of the key advantages of using mathematical programming is its ability to handle the 
complexity of forest systems. Forests are inherently dynamic, with growth, harvesting, 
and regeneration processes that are subject to numerous variables such as species 
interactions, environmental factors, and market conditions. By utilizing optimization 
models, forest managers can simulate different management strategies, predict long-
term outcomes. For instance, a linear programming model or a Mixed integer 
programming model can be used to determine the optimal schedule for silvicultural 
treatments in the landscape that minimizes losses while meeting sustainability goals of 
wood of fire resistance. 

The adaptability of mathematical programming also makes it invaluable in addressing the 
evolving challenges of forest management in the face of climate change. By considering 
variables such as changing precipitation patterns, temperature increases, and altered 
growth rates, forest managers can develop strategies that account for future 
uncertainties. This proactive approach allows for more resilient forest management 
practices that adapt to changing environmental conditions and help mitigate the effects 
of climate change. 

The approach proposed by Ferreira et al. (2023) to estimate fire resistance offers valuable 
insights into landscape planning and fire risk mitigation, but it also comes with several 
limitations that should be considered when interpreting its results. While the approach 
incorporates some environmental factors, the approach may not fully account for the 
increasing variability and intensity of climate conditions (e.g., extreme droughts, 
heatwaves) that directly influence fire resistance and behaviour. The estimation of fire 
resistance may rely on generalized landscape features and fuel models, which can 
obscure fine-scale heterogeneity (e.g., microtopography, small fuel breaks) that 
significantly influence fire spread and intensity. 
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Ferreira et al. (2023) focus on fire resistance (the ability to avoid ignition or initial spread), 
but this does not fully reflect resilience, which includes post-fire recovery and adaptive 
capacity. A landscape that resists fire may still be ecologically vulnerable after a severe 
event. This approach also excludes socioeconomic and Land Use Feedbacks, tending to 
emphasize biophysical attributes of the landscape and may underrepresent how human 
decisions—such as land abandonment, afforestation, or agricultural expansion—interact 
with fire risk and resistance over time. 

In addition to its technical advantages, it promotes collaboration and communication 
among stakeholders. Forest management often involves diverse groups, such as 
government agencies, private landowners, conservationists, and local communities, each 
with different interests and objectives. By applying optimization models, stakeholders can 
better understand the consequences of different management scenarios and work 
towards consensus-driven decisions that are supported by data and analysis. 

In conclusion, the relevance of solving forest management problems using mathematical 
programming lies in its ability to address the complexities of sustainable forest 
management through optimization. By incorporating ecological, economic, and social 
factors into a comprehensive model, mathematical programming enables more 
informed, efficient, and adaptable decision-making. As the challenges facing global 
forests continue to grow, the role of mathematical programming in forest management 
will be increasingly essential in ensuring the health, productivity, and sustainability of 
these vital ecosystems. 
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import arcpy 
import os 
 
# Set the workspace to your geodatabase 
arcpy.env.workspace = r"C:\DATA\Research\Ongoing\Fire-
Res\WP2\WebGIS\wetransfer_for_web_greece_tradeoffs-rar_2024-11-
27_1115\wetransfer_for_web_ch_tradeoffs-rar_2024-11-
27_1143\For_WEB_CH_TRADEOFFS\CH_RUN10.gdb"   
 
# List all feature classes in the workspace 
feature_classes = arcpy.ListFeatureClasses() 
 
# Iterate through each feature class 
for fc in feature_classes: 
    # Get the feature class name 
    fc_name = os.path.basename(fc) 
     
    # Split the name by underscores 
    parts = fc_name.split("_") 
     
    # Check if the name has at least 6 underscores to process 
    if len(parts) >= 6: 
        # Extract the part between the 4th and 6th underscores 
        # Add a new field named 'W1' (if it doesn't already exist) 
        field_name = "W1" 
        field_list = [f.name for f in arcpy.ListFields(fc)] 
        if field_name not in field_list: 
            arcpy.management.AddField(fc, field_name, "SHORT", field_length=2) 
            print(f"Field '{field_name}' added to {fc_name}") 
         
        # Update the field values for all records 
        with arcpy.da.UpdateCursor(fc, [field_name]) as cursor: 
            for row in cursor: 
                row[0] = parts[4]  # Assign part[4] to the field 
                cursor.updateRow(row) 
    
        # Add a new field named 'W2' (if it doesn't already exist) 
        field_name = "W2" 
        field_list = [f.name for f in arcpy.ListFields(fc)] 
        if field_name not in field_list: 
            arcpy.management.AddField(fc, field_name, "SHORT", field_length=2) 
            print(f"Field '{field_name}' added to {fc_name}") 
         
        # Update the field values for all records 
        with arcpy.da.UpdateCursor(fc, [field_name]) as cursor: 
            for row in cursor: 
                row[0] = parts[5]  # Assign part[4] to the field 
                cursor.updateRow(row) 
         
       # Add a new field named 'W2' (if it doesn't already exist) 
        field_name = "R1" 
        field_list = [f.name for f in arcpy.ListFields(fc)] 
        if field_name not in field_list: 
            arcpy.management.AddField(fc, field_name, "SHORT", field_length=2) 
            print(f"Field '{field_name}' added to {fc_name}") 
 
        # Rank records based on descending 'aaa' values 
        with arcpy.da.SearchCursor(fc, ["SUM_FIRIN_PCP", "OID@"]) as search_cursor: 
            records = [(row[0], row[1]) for row in search_cursor] 
         
        # Sort records by 'aaa' in descending order 
        records.sort(key=lambda x: x[0], reverse=True) 
         
        # Create a dictionary for rankings 
        rankings = {record[1]: rank + 1 for rank, record in enumerate(records)} 
         
        # Update the R1 field with rankings 
        with arcpy.da.UpdateCursor(fc, ["OID@", field_name]) as cursor: 
            for row in cursor: 
                row[1] = rankings[row[0]]  # Assign rank based on OID 
                cursor.updateRow(row) 
        print(f"Updated field '{field_name}' in {fc_name} with rankings based on 
'SUM_PRTSO_PCP'") 
     
     # Add a new field named 'W2' (if it doesn't already exist) 
        field_name = "R2" 
        field_list = [f.name for f in arcpy.ListFields(fc)] 
        if field_name not in field_list: 
            arcpy.management.AddField(fc, field_name, "SHORT", field_length=2) 
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            print(f"Field '{field_name}' added to {fc_name}") 
 
        # Rank records based on descending values 
        with arcpy.da.SearchCursor(fc, ["SUM_IGNPR_PCP", "OID@"]) as search_cursor: 
            records = [(row[0], row[1]) for row in search_cursor] 
         
        # Sort records by '' in descending order 
        records.sort(key=lambda x: x[0], reverse=True) 
         
        # Create a dictionary for rankings 
        rankings = {record[1]: rank + 1 for rank, record in enumerate(records)} 
         
        # Update the R1 field with rankings 
        with arcpy.da.UpdateCursor(fc, ["OID@", field_name]) as cursor: 
            for row in cursor: 
                row[1] = rankings[row[0]]  # Assign rank based on OID 
                cursor.updateRow(row) 
        print(f"Updated field '{field_name}' in {fc_name} with rankings based on 
'SUM_PRTSI_PCP'") 
     
    #new_name = "_".join(parts[4:6]) 
 
    else: 
        print(f"Skipped {fc_name} (less than 6 parts)") 
 
print("Processing completed!") 

 
import arcpy 
import os 
 
 
 
# Set the workspace to your geodatabase 
arcpy.env.workspace = r"C:\DATA\Research\Ongoing\Fire-
Res\WP2\WebGIS\wetransfer_for_web_greece_tradeoffs-rar_2024-11-
27_1115\wetransfer_for_web_ch_tradeoffs-rar_2024-11-
27_1143\For_WEB_CH_TRADEOFFS\CH_RUN10.gdb"   
 
# Output feature class name and path 
output_fc = os.path.join(arcpy.env.workspace, "Run10_CH")  # Replace "Merged_FeatureClass" 
with your desired output name 
 
# List all feature classes in the geodatabase 
feature_classes = arcpy.ListFeatureClasses() 
 
# Check if there are feature classes to merge 
if feature_classes: 
    # Perform the merge 
    arcpy.management.Merge(feature_classes, output_fc) 
    print(f"Successfully merged {len(feature_classes)} feature classes into {output_fc}") 
else: 
    print("No feature classes found in the geodatabase.") 
 
print("Processing completed!") 

 

 

 

 

 



 

297 
 

 
Acuna, M. A., Palma, C. D., Cui, W., Martell, D. L., & Weintraub, A. (2010). Integrated spatial 

fire and forest management planning. Canadian Journal of Forest Research, 40(12), 
2370-2383. 

Adeli, A., Dowd, P., Emery, X., & Xu, C. (2021). Using cokriging to predict metal recovery 
accounting for non-additivity and preferential sampling designs. Minerals Engineering, 
170, 106923. 

Ager, A. A., Bunzel, K., Day, M. A., Evers, C., & Palaiologou, P. (Unpublished report). XFire: 
Geospatial framework for characterizing transboundary wildfire risk to communities. 
Retrieved from  

Ager, A. A., Evers, C. R., Day, M. A., Alcasena, F. J., & Houtman, R. (2021). Planning for 
future fire: scenario analysis of an accelerated fuel reduction plan for the western United 
States. Landscape and Urban Planning, 215, 104212. Retrieved from 
https://www.fs.usda.gov/treesearch/pubs/63129 
doi:10.1016/j.landurbplan.2021.104212 

Ager, A. A., Houtman, R., Day, M. A., Ringo, C., & Palaiologou, P. (2019). Tradeoffs between 
US national forest harvest targets and fuel management to reduce wildfire transmission 
to the wildland urban interface. Forest Ecology and Management, 434, 99-109. 

Ager, A. A., Vogler, K. C., Day, M. A., & Bailey, J. D. (2017). Economic opportunities and 
trade-offs in collaborative forest landscape restoration. Ecological Economics, 136, 
226-239. 

Alcasena, F., Ager, A., Le Page, Y., Bessa, P., Loureiro, C., & Oliveira, T. (2021a). Assessing 
wildfire exposure to communities and protected areas in Portugal. Fire, 4(4), 82. 
Retrieved from  doi:10.3390/fire4040082 

Alcasena, F., Ager, A., Le Page, Y., Bessa, P., Loureiro, C., & Oliveira, T. (2021b). Assessing 
wildfire exposure to communities and protected areas in Portugal. Fire, 4(4), 82. 

Alcasena, F. J., Ager, A. A., Bailey, J. D., Pineda, N., & Vega-Garcia, C. (2019). Towards a 
comprehensive wildfire management strategy for Mediterranean areas: Framework 
development and implementation in Catalonia, Spain. Journal of Environmental 
Management, 231, 303-320. 

Alcasena, F. J., Ager, A. A., Salis, M., Day, M. A., & Vega-Garcia, C. (2018). Optimizing 
prescribed fire allocation for managing fire risk in central Catalonia. Science of the 
Total Environment, 4(621), 872-885. 

Alexander, M. E., & Cruz, M. G. (2017). Interdependencies between flame length and fireline 
intensity in predicting crown fire initiation and crown scorch height. International 
Journal of Wildland Fire, 26(4), 345. 

Aparício, B. A., Alcasena, F., Ager, A., Chung, W., Pereira, J. M. C., & Sá, A. C. L. (2022). 
Evaluating priority locations and potential benefits for building a nation-wide fuel break 
network in Portugal. Journal of Environmental Management, 320, 115920. 

Aparício, B. A., Alcasena, F., Ager, A. A., Chung, W., & Pereira, J. M. C. (2022). Evaluating 
priority locations and potential benefits for building a nation-wide fuel break network 
in Portugal. Journal of Environmental Management, 320, 115920. Retrieved from 
https://doi.org/10.1016/j.jenvman.2022.115920 doi:10.1016/j.jenvman.2022.115920 

Aparício, B. A., Benali, A., Pereira, J. M., & Sá, A. C. (2023). MTTfireCAL package for R—

an innovative, comprehensive, and fast procedure to calibrate the MTT fire spread 
modelling system. Fire, 6(6), 219. 

Baker, W. L. (1994). Restoration of landscape structure altered by fire suppression. 
Conservation Biology, 8(3), 763-769. 

https://www.fs.usda.gov/treesearch/pubs/63129
https://doi.org/10.1016/j.jenvman.2022.115920


 

298 
 

Barnett, K., Parks, S., Miller, C., & Naughton, H. (2016). Beyond fuel treatment effectiveness: 
characterizing interactions between fire and treatments in the US. Forests, 7(10), 237. 

Barreiro, S., & Tome, M. (2011). SIMPLOT: Simulating the impacts of fire severity on 
sustainability of eucalyptus forests in Portugal. Ecological Indicators, 11(1), 36-45. 

Barrio Anta, M., & Diéguez-Aranda, U. (2005). Site quality of pedunculate oak (Quercus robur 
L.) stands in Galicia (northwest Spain). European Journal of Forest Research, 124, 19-
28. 

Başkent, E., & Jordan, J. (1995). Characterizing spatial structure of forest landscapes: a 

hierarchical approach. Canadian Journal of Forest Research, 25(11), 1830-1849. 
Baskent, E. Z., Borges, J. G., & Kašpar, J. (2024). An Updated Review of Spatial Forest 

Planning: Approaches, Techniques, Challenges, and Future Directions. Current 
Forestry Reports, 10(5), 299-321. 

Belmonte, A., Jaque, E., Quezada, J., Fernandez, A., Donoso, C., & Carteau, C. (2015). Site 
effects associated with the 2010 Maule earthquake in zones characterized by the 
presence of wetlands in the Biobio region, Chile. Geogr. Fis. Din. Quat, 38, 3-13. 

Benali, A., Russo, A., Sá, A., Pinto, R., Price, O., Koutsias, N., & Pereira, J. (2016). 
Determining Fire Dates and Locating Ignition Points With Satellite Data. Remote 
Sensing, 8(4), 326. 

Bergonse, R., Oliveira, S., Gonçalves, A., Nunes, S., da Câmara, C., & Zêzere, J. L. (2021). A 
combined structural and seasonal approach to assess wildfire susceptibility and hazard 
in summertime. Natural Hazards. 

Bettinger, P., Boston, K., Siry, J. P., & Grebner, D. L. (2016). Forest management and 
planning: Academic press. 

Bevers, M., Omi, P. N., & Hof, J. (2004). Random location of fuel treatments in wildland 
community interfaces: a percolation approach. Canadian Journal of Forest Research, 
34(1), 164-173. 

Beyer, H. L., Dujardin, Y., Watts, M. E., & Possingham, H. P. (2016). Solving conservation 
planning problems with integer linear programming. Ecological Modelling, 328, 14-22. 

Bonannella, C., Hengl, T., Heisig, J., Parente, L., Wright, M. N., Herold, M., & De Bruin, S. 
(2022). Forest tree species distribution for Europe 2000–2020: mapping potential and 
realized distributions using spatiotemporal machine learning. PeerJ, 10, e13728. 

Borges, J. G., Hoganson, H. M., & Falcão, A. O. (2002). Heuristics in multi-objective forest 
management. Multi-objective forest planning, 119-151. 

Borgesa, J. G., & Hoganson, H. M. (2000). Structuring a landscape by forestland classification 
and harvest scheduling spatial constraints. Forest Ecology and Management, 130(1), 
269-275. 

Bosela, M., Rubio-Cuadrado, Á., Marcis, P., Merganičová, K., Fleischer Jr, P., Forrester, D. I., 

. . . Bielak, K. (2023). Empirical and process-based models predict enhanced beech 
growth in European mountains under climate change scenarios: A multimodel 
approach. Science of the Total Environment, 888, 164123. 

Bot, K., & Borges, J. G. (2022). A systematic review of applications of machine learning 
techniques for wildfire management decision support. Inventions, 7(1), 15. 

Botequim, B., Bugalho, M. N., Rodrigues, A. R., Marques, S., Marto, M., & Borges, J. G. 
(2021). Combining tree species composition and understory coverage indicators with 
optimization techniques to address concerns with landscape-level biodiversity. Land, 
10(2), 126. 

Botequim, B., Fernandes, P., Garcia-Gonzalo, J., Silva, A., & Borges, J. (2017). Coupling fire 
behaviour modelling and stand characteristics to assess and mitigate fire hazard in a 



 

299 
 

maritime pine landscape in Portugal. European Journal of Forest Research, 136, 527-
542. 

Botequim, B., Fernandes, P. M., Borges, J. G., González-Ferreiro, E., & Guerra-Hernández, J. 
(2019). Improving silvicultural practices for Mediterranean forests through fire 
behaviour modelling using LiDAR-derived canopy fuel characteristics. International 
Journal of Wildland Fire. 

Botequim, B., Garcia-Gonzalo, J., Marques, S., Ricardo, A., Borges, J. G., Tome, M., & 
Oliveira, M. M. (2013). Developing wildfire risk probability models for Eucalyptus 
globulus stands in Portugal. IForest-Biogeosciences and Forestry, 6(4), 217. 

Botequim, B., Zubizarreta-Gerendiain, A., Garcia-Gonzalo, J., Silva, A., Marques, S., 
Fernandes, P. M., . . . Tome, M. (2015). A model of shrub biomass accumulation as a 
tool to support management of Portuguese forests. iForest-Biogeosciences and 
Forestry, 8(2), 114. 

Bradshaw, L., & McCormick, E. (2000). Fire Family Plus user's guide, Version 2.0. (RMRS-
GTR-67WWW). Retrieved from Ogden, UT:  

Bradshaw, L., & McCormick, E. (2001). FireFamily Plus user's guide, version 2.0. Gen. Tech. 
Rep. RMRS-GTR-67-WWW. Fort Collins, CO: US Department of Agriculture, Forest 
Service, Rocky Mountain Research Station., 67, 124. 

Bradshaw, L. S., Deeming, J. E., Burgan, R. E., & Cohen, J. D. (1983). The 1978 National 
Fire-Danger Rating System: Technical documentation (pp. 44). Ogden, UT: USDA 
Forest Service, Intermountain Forest and Range Experiment Station. 

Brudvig, L. A. (2017). Toward prediction in the restoration of biodiversity. Journal of Applied 
Ecology, 54(4), 1013-1017. 

Buchhorn, M., Smets, B., Bertels, L., De Roo, B., Lesiv, M., Tsendbazar, N.-E., . . . Tarko, A. 
(2020). Copernicus global land service: Land cover 100m: Version 3 Globe 2015-2019: 
Product user manual. 

Burkhart, H. (1990). Status and future of growth and yield models. Paper presented at the Proc. 
a Symp. on State-of the Art Methodology of Forest Inventory, 1990. 

Byram, G. M. (1959). Forest fire behaviour. In K. Davis (Ed.), Forest Fire Control and Use 
(pp. 90-123). New York: McGraw-Hill. 

Casals, P., Baiges, T., Bota, G., Chocarro, C., De Bello, F., Fanlo, R., . . . Taull, M. (2009). 
Silvopastoral systems in the northeastern Iberian peninsula: a multifunctional 
perspective. Agroforestry in Europe: Current Status and Future Prospects, 161-181. 

Chazdon, R. L., & Guariguata, M. R. (2018). Decision support tools for forest landscape 
restoration: current status and future outlook (183). Retrieved from Indonesia:  

Chen, Y., & Zhu, X. (2012). Site quality assessment of a Pinus radiata plantation in Victoria, 
Australia, using LiDAR technology. Southern Forests: a Journal of Forest Science, 
74(4), 217-227. 

Ciobotari, I., Príncipe, A., Oliveira, M. A., & Silva, J. N. (2024). LiDAR data acquisition and 
processing for ecology applications. arXiv preprint arXiv:2401.05891. 

Claessens, H., Oosterbaan, A., Savill, P., & RONDEux, J. (2010). A review of the 
characteristics of black alder (Alnus glutinosa (L.) Gaertn.) and their implications for 
silvicultural practices. Forestry, 83(2), 163-175. 

Costafreda-Aumedes, S., Comas, C., & Vega-Garcia, C. (2016). Spatio-Temporal 
Configurations of Human-Caused Fires in Spain through Point Patterns. Forests, 7(12), 
185. 

Costafreda-Aumedes, S., Vega-García, C., & Comas, C. (2018). Improving fire season 
definition by optimized temporal modelling of daily human-caused ignitions. Journal 
of Environmental Management, 217, 90-99. 



 

300 
 

da Silva, T. P., Pereira, J. M. C., Paúl, J. C., Santos, M. T. N., & Vasconcelos, M. J. P. (2006). 
Estimativa de emissões atmosféricas originadas por fogos rurais em Portugal. Silva 
Lusitana, 14(2), 239-263. 

Davis, K. T., Peeler, J., Fargione, J., Haugo, R. D., Metlen, K. L., Robles, M. D., & Woolley, 
T. (2024). Tamm review: A meta-analysis of thinning, prescribed fire, and wildfire 
effects on subsequent wildfire severity in conifer dominated forests of the Western US. 
Forest Ecology and Management, 561, 121885. 

Day, M. A., Ager, A. A., Houtman, R., & Evers, C. R. (2023). Prioritizing restoration and risk 
reduction landscape projects with the ForSys planning system (RMRS-GTR-437). 
Retrieved from Fort Collins, CO: https://doi.org/10.2737/RMRS-GTR-437 

de Bruin, S., Herold, M., Araza, A., & Lucas, R. (2020). CCI Biomass Product Validation Plan 
Year 2 Version 2.0: D2. 5. from ESA https://climate.esa.int/en/projects/biomass/ 

Deeming, J. E., Burgan, R. E., & Cohen, J. D. (1977). The National Fire-Danger Rating System 
– 1978 (INT-39). Retrieved from Ogden, UT:  

Directive, C. (1992). 92/43/EEC of 21 May 1992 on the conservation of natural habitats and 
of wild fauna and flora (Habitats Directive). Official Journal of the European Union L, 
206, 22.07. 

Duane, A., Aquilué, N., Canelles, Q., Morán-Ordoñez, A., De Cáceres, M., & Brotons, L. 
(2019). Adapting prescribed burns to future climate change in Mediterranean 
landscapes. Science of the Total Environment, 677, 68-83. 

Duane, A., & Brotons, L. (2018). Synoptic weather conditions and changing fire regimes in a 
Mediterranean environment. Agricultural and Forest Meteorology, 253-254, 190-202. 

Duarte, E., Rubilar, R., Matus, F., Garrido-Ruiz, C., Merino, C., Smith-Ramirez, C., . . . Jofré, 
I. (2024). Drought and Wildfire Trends in Native Forests of South-Central Chile in the 
21st Century. Fire, 7(7), 230. 

Eaton, M. J., Yurek, S., Haider, Z., Martin, J., Johnson, F. A., Udell, B. J., . . . Kwon, C. (2019). 
Spatial conservation planning under uncertainty: adapting to climate change risks using 
modern portfolio theory. Ecological Applications, 29(7), e01962. Retrieved from  
doi:10.1002/eap.1962 

EEA. (2018). Corine Land Cover (CLC) 2018, Version 2020_20u1.  Retrieved 8 April 2017 
https://land.copernicus.eu/pan-european/corine-land-cover/clc2018 

Faias, S., Palma, J., Barreiro, S., Paulo, J., & Tomé, M. (2012). Resource communication. 
sIMfLOR platform for portuguese forest simulators. Forest Systems, 21(3), 543-548. 

Fernandes, P. M. (2009). Combining forest structure data and fuel modelling to classify fire 
hazard in Portugal. Annals of Forest Science, 66(4), 415. 

Fernandes, P. M. (2015). Empirical support for the use of prescribed burning as a fuel 
treatment. Current Forestry Reports, 1, 118-127. 

Fernandes, P. M., Barros, A. M., Pinto, A., & Santos, J. A. (2016). Characteristics and controls 
of extremely large wildfires in the western Mediterranean Basin. Journal of 
Geophysical Research: Biogeosciences, 121(8), 2141-2157. 

Ferreira, L., Constantino, M. F., Borges, J. G., & Garcia-Gonzalo, J. (2015). Addressing 
wildfire risk in a landscape-level scheduling model: An application in Portugal. Forest 
Science, 61(2), 266-277. 

Ferreira, L., Nascimento Baptista, A., Constantino, M., Marques, S., Martins, I., & Borges, J. 
G. (2023). Integrating wildfire resistance and environmental concerns into a sustainable 
forest ecosystem management approach. Frontiers in Forests and Global Change, 6, 
1177698. Retrieved from  doi:10.3389/ffgc.2023.1177698 

Finney, M. A. (2002). Fire growth using minimum travel time methods. Canadian Journal of 
Forest Research, 32(8), 1420-1424. 



 

301 
 

Finney, M. A. (2004). Farsite: Fire area simulator–model development and evaluation, united 
states department of agriculture forest service rocky mountain research station 
research paper. Retrieved from Missoula, MT:  

Finney, M. A., McHugh, C. W., Grenfell, I. C., Riley, K. L., & Short, K. C. (2011). A 
simulation of probabilistic wildfire risk components for the continental United States. 
Stochastic Environmental Research and Risk Assessment, 25, 973–1000. 

Finney, M. A., Seli, R. C., McHugh, C. W., Ager, A. A., Bahro, B., & Agee, J. K. (2007). 
Simulation of long-term landscape-level fuel treatment effects on large wildfires. 
International Journal of Wildland Fire, 16, 712-727. 

Florestas. (2023). ICNF-8o RELATÓRIO PROVISÓRIO DE INCÊNDIOS RURAIS—

Direção Nac. De Gestão Do Programa De Fogos Rurais. 
Forrester, D. I., Tachauer, I. H. H., Annighoefer, P., Barbeito, I., Pretzsch, H., Ruiz-Peinado, 

R., . . . Chakraborty, T. (2017). Generalized biomass and leaf area allometric equations 
for European tree species incorporating stand structure, tree age and climate. Forest 
Ecology and Management, 396, 160-175. 

Garcia-Gonzalo, J., Zubizarreta-Gerendiain, A., Ricardo, A., Marques, S., Botequim, B., 
Borges, J. G., . . . Pereira, J. (2012). Modelling wildfire risk in pure and mixed forest 
stands in Portugal. Allgemeine Forst und Jagdzeitung (AFJZ), 183, 238-248. 

Gelabert, P. J., Jiménez-Ruano, A., Ochoa, C., Alcasena, F., Sjöström, J., Marrs, C., . . . 
Rodrigues, M. (2025). Assessing human-caused wildfire ignition likelihood across 
Europe. EGUsphere, 2025, 1-27. 

GENCAT. (2012). Cartografia dels hàbitats a Catalunya. Retrieved from  
Gómez-García, E., Crecente-Campo, F., Barrio-Anta, M., & Diéguez-Aranda, U. (2015). A 

disaggregated dynamic model for predicting volume, biomass and carbon stocks in 
even-aged pedunculate oak stands in Galicia (NW Spain). European Journal of Forest 
Research, 134, 569-583. 

Gómez-García, E., Diéguez-Aranda, U., Cunha, M., & Rodríguez-Soalleiro, R. (2016). 
Comparison of harvest-related removal of aboveground biomass, carbon and nutrients 
in pedunculate oak stands and in fast-growing tree stands in NW Spain. Forest Ecology 
and Management, 365, 119-127. 

Gómez-Vázquez, I., Fernandes, P. M., Arias-Rodil, M., Barrio-Anta, M., & Castedo-Dorado, 
F. (2014). Using density management diagrams to assess crown fire potential in Pinus 
pinaster Ait. stands. Annals of Forest Science, 71, 473-484. 

González-Olabarria, J.-R., & Pukkala, T. (2011). Integrating fire risk considerations in 
landscape-level forest planning. Forest Ecology and Management, 261(2), 278-287. 

Gonzalez-Olabarria, J. R., Brotons, L., Gritten, D., Tudela, A., & Teres, J. A. (2012). 
Identifying location and causality of fire ignition hotspots in a Mediterranean region. 
International Journal of Wildland Fire, 21(7), 905. 

Gonzalez-Olabarria, J. R., Mola-Yudego, B., Pukkala, T., & Palahi, M. (2011). Using 
multiscale spatial analysis to assess fire ignition density in Catalonia, Spain. Annals of 
Forest Science, 68(4), 861-871. 

Gonzalez, J. R., Palahí, M., & Pukkala, T. (2005). Integrating fire risk considerations in forest 
management planning in Spain–a landscape level perspective. Landscape Ecology, 20, 
957-970. 

Goovaerts, P. (1998). Ordinary cokriging revisited. Mathematical Geology, 30, 21-42. 
Graham, R. T., Jain, T. B., & Matthews, S. (2010). Fuel management in forests of the Inland 

West. In W. J. Elliot, I. S. Miller, & L. Audin (Eds.), Cumulative watershed effects of 
fuel management in the western United States (pp. 19-68). Fort Collins, CO: USDA 
Forest Service, Rocky Mountain Research Station. 



 

302 
 

Hansen, M. C., Potapov, P. V., Moore, R., Hancher, M., Turubanova, S. A., Tyukavina, A., . . 
. Townshend, J. R. G. (2013). High-Resolution Global Maps of 21st-Century Forest 
Cover Change. Science, 342(6160), 850-853. 

Hof, J., & Bevers, M. (2002). Spatial optimization in ecological applications. New York: 
Columbia University Press. 

Holz, A., Haberle, S., Veblen, T., De Pol-Holz, R., & Southon, J. (2012). Fire history in western 
Patagonia from paired tree-ring fire-scar and charcoal records. Climate of the Past, 8(2), 
451-466. 

ICGC. (2016). Mapes de variables biofísiques de l’arbrat de Catalunya.   
ICNF. (2013). Cartografia de áreas ardidas 2010, 2011 e 2012.   Retrieved from 

http://www.icnf.pt/portal/florestas/dfci/inc/mapas 
ICNF. (2019). IFN6 – Anexo Técnico. [pdf]. Version 1.0. Retrieved from Lisbon:  
Iftekhar, M. S., Polyakov, M., Ansell, D., Gibson, F., & Kay, G. (2017). How economics can 

further the success of ecological restoration. Conservation Biology, 31(2), 261-268. 
Jain, T. B., Battaglia, M. A., Han, H.-S., Graham, R. T., Keyes, C. R., Fried, J. S., & Sandquist, 

J. E. (2012). A comprehensive guide to fuel management practices for dry mixed conifer 
forests in the northwestern United States (RMRS-GTR-292). Retrieved from Fort 
Collins, CO: http://www.fs.fed.us/rm/pubs/rmrs_gtr292.pdf 

Jin, Y., Du, J., & He, Y. (2017). Optimization of process planning for reducing material 
consumption in additive manufacturing. Journal of Manufacturing Systems, 44, 65-78. 

Johnson, K. N., & Scheurman, H. L. (1977). Techniques for prescribing optimal timber harvest 
and investment under different objectives—discussion and synthesis. Forest Science, 
23(suppl_1), a0001-z0001. 

Kalabokidis, K., Ager, A. A., Finney, M. A., Athanasis, N., Palaiologou, P., & Vasilakos, C. 
(2016). AEGIS: a wildfire prevention and management information system. Natural 
Hazards and Earth System Sciences, 16, 643-661. 

Kalies, E. L., & Yocom Kent, L. L. (2016). Tamm Review: Are fuel treatments effective at 
achieving ecological and social objectives? A systematic review. Forest Ecology and 
Management, 375, 84-95. 

Kazana, V., & Kazaklis, A. (2005). Country Situations: Greece. In M. Merlo & L. Croitoru 
(Eds.), Valuing Mediterranean forests-Towards total economic value (pp. 229-240). 
USA: CABI Publishing. 

Kimmins, J. (1990). Modelling the sustainability of forest production and yield for a changing 
and uncertain future. The Forestry Chronicle, 66(3), 271-280. 

Kimmins, J. (1997). Predicting sustainability of forest bioenergy production in the face of 
changing paradigms. Biomass and Bioenergy, 13(4-5), 201-212. 

Konoshima, M., Albers, H. J., Montgomery, C. A., & Arthur, J. L. (2010). Optimal spatial 
patterns of fuel management and timber harvest with fire risk. Canadian Journal of 
Forest Research, 40(1), 95-108. 

Kukkala, A. S., & Moilanen, A. (2013). Core concepts of spatial prioritisation in systematic 
conservation planning. Biological Reviews, 88(2), 443-464. 

Kutchartt, E., González-Olabarria, J. R., Aquilué, N., Garcia-Gonzalo, J., Trasobares, A., 
Botequim, B., . . . Pirotti, F. (2024). Pan-European fuel map server: an open-geodata 
portal for supporting fire risk assessment. Geomatica, 100036. 

Lang, N., Jetz, W., Schindler, K., & Wegner, J. D. (2022). A high-resolution canopy height 
model of the Earth. arXiv preprint arXiv:2204.08322. 

Loehle, C. (2004). Applying landscape principles to fire hazard reduction. Forest Ecology and 
Management, 198(1-3), 261-267. 

MAAyMA. (2015). Estadística General de Incendios Forestales.  



 

303 
 

MacQueen, J. (1967). Some methods for classification and analysis of multivariate 
observations. Paper presented at the Proceedings of the fifth Berkeley symposium on 
mathematical statistics and probability. 

Mahood, A. L., Lindrooth, E. J., Cook, M. C., & Balch, J. K. (2022). Country-level fire 
perimeter datasets (2001–2021). Scientific data, 9(1), 458. 

MAPA. (2016). Los incendios forestales en España. Decenio 2006-2015. Retrieved from 
Madrid, Spain:  

Marques, M., Juerges, N., & Borges, J. G. (2020). Appraisal framework for actor interest and 
power analysis in forest management-Insights from Northern Portugal. Forest Policy 
and Economics, 111, 102049. 

Marques, M., Reynolds, K. M., Marto, M., Lakicevic, M., Caldas, C., Murphy, P. J., & Borges, 
J. G. (2021). Multicriteria decision analysis and group decision-making to select stand-
level forest management models and support landscape-level collaborative planning. 
Forests, 12(4), 399. 

Marques, S., Garcia-Gonzalo, J., Botequim, B., Ricardo, A., Borges, J., Tomé, M., & Oliveira, 
M. (2012). Assessing wildfire occurrence probability in Pinus pinaster Ait. stands in 
Portugal. Forest Systems, 21(1), 111-120. 

Marques, S., Marto, M., Bushenkov, V., McDill, M., & Borges, J. (2017). Addressing wildfire 
risk in forest management planning with multiple criteria decision making methods. 
Sustainability, 9(2), 298. 

Marques, S., Rodrigues, A. R., Paulo, J. A., Botequim, B., & Borges, J. G. (2024). Addressing 
Carbon Storage in Forested Landscape Management Planning—An Optimization 
Approach and Application in Northwest Portugal. Forests, 15(3), 408. 

Matoso, B., Roxo, C., Soares, D., Francisco, D., Andrade, D., Moreira, F., . . . Lourenço, S. 
(2019). Especificações técnicas da Carta de Uso e Ocupação do Solo (COS) de 
Portugal Continental para 2018. Relatório Técnico. Direção-Geral do Território.  

Matus, F. J., Duarte, E., Rojas, C., Smith-Ramírez, C., Rubilar, R. A., Merino, C., . . . Morales, 
L. (2023). Forest Wildfires in Chile: Effects on Soil Degradation and Damage 
Mitigation Preprints: Preprints. 

McWethy, D. B., Pauchard, A., García, R. A., Holz, A., González, M. E., Veblen, T. T., . . . 
Currey, B. (2018). Landscape drivers of recent fire activity (2001-2017) in south-
central Chile. PLoS ONE, 13(8), e0201195. 

Metzger, M. J., Bunce, R. G. H., Jongman, R. H., Mücher, C. A., & Watkins, J. W. (2005). A 
climatic stratification of the environment of Europe. Global Ecology and 
Biogeography, 14(6), 549-563. 

Microsoft. (2018). Computer generated building footprints for the United States GitHub 
repository.  Retrieved 21 February 2022 
https://github.com/Microsoft/USBuildingFootprints 

Moilanen, A., Leathwick, J. R., & Quinn, J. M. (2011). Spatial prioritization of conservation 
management. Conservation Letters, 4(5), 383-393. 

Moreira, F., Ascoli, D., Safford, H., Adams, M. A., Moreno, J. M., Pereira, J. M. C., . . . 
Fernandes, P. M. (2020). Wildfire management in Mediterranean-type regions: 
paradigm change needed. Environmental Research Letters, 15(1), 011001. 

Moriarti, K., Okeson, L., & Pellant, M. (2015). Fuel breaks that work 
(https://www.sagegrouseinitiative.com/wp-content/uploads/2015/07/5_GBFS_Fuel-
Breaks.pdf). Retrieved from Boise, Idaho:  

Moritz, M. A., Moody, T. J., Krawchuk, M. A., Hughes, M., & Hall, A. (2010). Spatial 
variation in extreme winds predicts large wildfire locations in chaparral ecosystems. 
Geophysical Research Letters, 37, 1-5. 



 

304 
 

Muñoz-Sabater, J., Dutra, E., Agustí-Panareda, A., Albergel, C., Arduini, G., Balsamo, G., . . 
. Thépaut, J.-N. (2021). ERA5-Land: a state-of-the-art global reanalysis dataset for land 
applications. Earth System Science Data, 13(9), 4349-4383. 

Murphy, P. J., Woodard, P. M., Quintilio, D., & Titus, S. J. (1991). Exploratory analysis of the 
variables affecting initial attack hot-spotting containment rate. Canadian Journal of 
Forest Research, 21(4), 540-544. 

Nastos, P. T., Politi, N., & Kapsomenakis, J. (2013). Spatial and temporal variability of the 
Aridity Index in Greece. Atmospheric Research, 119, 140-152. 

Nedd, R., Light, K., Owens, M., James, N., Johnson, E., & Anandhi, A. (2021). A synthesis of 
land use/land cover studies: Definitions, classification systems, meta-studies, 
challenges and knowledge gaps on a global landscape. Land, 10(9), 994. 

Nelson, R. M. (2000). Prediction of diurnal change in 10-h fuel stick moisture content. 
Canadian Journal of Forest Research, 30, 1071-1087. 

Nunes, L., Patrício, M., Tomé, J., & Tomé, M. (2011). Modeling dominant height growth of 
maritime pine in Portugal using GADA methodology with parameters depending on 
soil and climate variables. Annals of Forest Science, 68, 311-323. 

Nunes, L., Tomé, J., & Tomé, M. (2011). Prediction of annual tree growth and survival for 
thinned and unthinned even-aged maritime pine stands in Portugal from data with 
different time measurement intervals. Forest Ecology and Management, 262(8), 1491-
1499. 

NWCG. (2011). WIMS user's guide: chapter 6 - working with station information. Retrieved 
from Boise, ID:  

Öhman, K., & Lämås, T. (2005). Reducing forest fragmentation in long-term forest planning 
by using the shape index. Forest Ecology and Management, 212(1-3), 346-357. 

Oliveira, S., Gonçalves, A., & Zêzere, J. L. (2020). Reassessing wildfire susceptibility and 
hazard for mainland Portugal. Science of the Total Environment, 143121. 

Oliveira, T. M., Barros, A. M. G., Ager, A. A., & Fernandes, P. M. (2016). Assessing the effect 
of a fuel break network to reduce burnt area and wildfire risk transmission. 
International Journal of Wildland Fire, 25(6), 619-632. 

Packalen, P., Strunk, J., Packalen, T., Maltamo, M., & Mehtätalo, L. (2019). Resolution 
dependence in an area-based approach to forest inventory with airborne laser scanning. 
Remote Sensing of Environment, 224, 192-201. 

Pais, C., Carrasco, J., Elimbi Moudio, P., & Shen, Z.-J. M. (2021). Downstream protection 
value: Detecting critical zones for effective fuel-treatment under wildfire risk. 
Computers & Operations Research, 131, 105252. 

Pais, C., Carrasco, J., Martell, D. L., Weintraub, A., & Woodruff, D. L. (2019). Cell2Fire: A 
Cell Based Forest Fire Growth Model. Retrieved from  

Pais, C., Carrasco, J., Martell, D. L., Weintraub, A., & Woodruff, D. L. (2019). Cell2fire: A 
cell based forest fire growth model. arXiv preprint arXiv:1905.09317. 

Palaiologou, P., Ager, A. A., Nielsen-Pincus, M., Evers, C., & Kalabokidis, K. (2018). Using 
transboundary wildfire exposure assessments to improve fire management programs: a 
case study in Greece. International Journal of Wildland Fire, 27, 501-513. 

Palaiologou, P., Kalabokidis, K., Ager, A. A., Galatsidas, S., Papalampros, L., & Day, M. A. 
(2021). Spatial optimization and tradeoffs of alternative forest management scenarios 
in Macedonia, Greece. Forests, 12(6), 697. Retrieved from 
https://www.fs.usda.gov/research/treesearch/62755 doi:10.3390/f12060697 

Palaiologou, P., Kalabokidis, K., Day, M. A., Ager, A. A., Galatsidas, S., & Papalampros, L. 
(2022). Modelling fire behavior to assess community exposure in Europe: Combining 



 

305 
 

open data and geospatial analysis. International Journal of Geo-Information, 11(3), 
198. Retrieved from https://doi.org/10.3390/ijgi11030198 doi:10.3390/ijgi11030198 

Palaiologou, P., Kalabokidis, K., Troumbis, A. Y., Day, M. A., Nielsen-Pincus, M., & Ager, 
A. A. (2021). Socio-ecological perceptions of wildfire management and effects in 
Greece. Fire, 4(2), 18. Retrieved from https://doi.org/10.3390/fire4020018 
doi:10.3390/fire4020018 

Parisien, M. A., Kafka, V., Hirsch, K. G., Todd, J. B., Lavoie, S. G., & Maczek, P. D. (2005). 
Mapping wildfire susceptibility with the BURN-P3 simulation model. Natural 
Resources Canada, Canadian Forest Service, Northern Forestry Centre, Edmonton.  
Northern Forestry Centre Information Report NOR-X-405.  36 pp. 

Patrício, M. d. S. F. (2006). Análise da potencialidade produtiva do castanheiro em Portugal: 
Instituto Politecnico de Braganca (Portugal). 

Paulo, J. A., Faias, S. P., & Tomé, M. (2012). SUBER v. 5.0-Manual do utilizador. RT1/2012. 
Paulo, J. A., Tomé, J., & Tomé, M. (2011). Nonlinear fixed and random generalized height–

diameter models for Portuguese cork oak stands. Annals of Forest Science, 68, 295-
309. 

Pavani-Biju, B., Borges, J. G., Marques, S., & Teodoro, A. C. (2024). Enhancing Forest Site 
Classification in Northwest Portugal: A Geostatistical Approach Employing Cokriging. 
Sustainability (2071-1050), 16(15). 

Pedernera, P., & Julio, G. (1999). Improving the economic efficiency of combatting forest fires 
in Chile: The KITRAL system. Paper presented at the Proceedings of symposium on fire 
economics, planning and policy: Bottom lines. 

Peng, C. (2000). Growth and yield models for uneven-aged stands: past, present and future. 
Forest Ecology and Management, 132(2), 259-279. 

Peng, L., Peng, M., Liao, B., Huang, G., Li, W., & Xie, D. (2018). The advances and challenges 
of deep learning application in biological big data processing. Current Bioinformatics, 
13(4), 352-359. 

Pirotti, F., González-Olabarria, J., & Kutchartt, E. (2023). Updating Aboveground Biomass at 
a Pan-European Scale Through Satellite Data and Artificial Intelligence. The 
International Archives of the Photogrammetry, Remote Sensing and Spatial 
Information Sciences, 48, 1763-1769. 

Pluntke, T., Schwarzak, S., Kuhn, K., Lünich, K., Adynkiewicz-Piragas, M., Otop, I., & 
Miszuk, B. (2016). Climate analysis as a basis for a sustainable water management at 
the Lusatian Neisse. Meteorology Hydrology and Water Management. Research and 
Operational Applications, 4. 

Pnevmatikos, J., & Katsoulis, B. (2006). The changing rainfall regime in Greece and its impact 
on climatological means. Meteorological Applications, 13(4), 331-345. 

Pohjanmies, T., Eyvindson, K., & Mönkkönen, M. (2019). Forest management optimization 
across spatial scales to reconcile economic and conservation objectives. PLoS ONE, 
14(6), e0218213. Retrieved from  

Probeck, M., Ruiz, I., Ramminger, G., Fourie, C., Maier, P., Ickerott, M., . . . Dufourmont, H. 
(2021, 11-16 July 2021). CLC+ Backbone: Set the Scene in Copernicus for the Coming 
Decade. Paper presented at the 2021 IEEE International Geoscience and Remote 
Sensing Symposium IGARSS. 

Rasilla, D. F., García-Codron, J. C., Carracedo, V., & Diego, C. (2010). Circulation patterns, 
wildfire risk and wildfire occurrence at continental Spain. Physics and Chemistry of the 
Earth, Parts A/B/C, 35(9-12), 553-560. 

Riddell, G. A., van Delden, H., Maier, H. R., & Zecchin, A. C. (2019). Exploratory scenario 
analysis for disaster risk reduction: Considering alternative pathways in disaster risk 



 

306 
 

assessment. International Journal of Disaster Risk Reduction, 39, 101230. Retrieved 
from https://doi.org/10.1016/j.ijdrr.2019.101230 doi:10.1016/j.ijdrr.2019.101230 

Rodríguez-González, P. M., Stella, J. C., Campelo, F., Ferreira, M. T., & Albuquerque, A. 
(2010). Subsidy or stress? Tree structure and growth in wetland forests along a 
hydrological gradient in Southern Europe. Forest Ecology and Management, 259(10), 
2015-2025. 

Rothermel, R. C. (1972). A mathematical model for predicting fire spread in wildland fuels 
(INT-115). Retrieved from Ogden, UT:  

Sá, A., Benali, A., Aparicio, B., Bruni, C., Mota, C., Pereira, J., & Fernandes, P. (2023). A 
method to produce a flexible and customized fuel models dataset. MethodsX, 10, 
102218. 

Sakellariou, S., Parisien, M.-A., Flannigan, M., Wang, X., de Groot, B., Tampekis, S., . . . 
Christopoulou, O. (2020). Spatial planning of fire-agency stations as a function of 
wildfire likelihood in Thasos, Greece. Science of the Total Environment, 729, 139004. 

Sakellariou, S., Sfougaris, A., Christopoulou, O., & Tampekis, S. (2022). Integrated wildfire 
risk assessment of natural and anthropogenic ecosystems based on simulation modeling 
and remotely sensed data fusion. International Journal of Disaster Risk Reduction, 78, 
103129. 

Salis, M., Arca, B., Del Giudice, L., Palaiologou, P., Alcasena-Urdiroz, F., Ager, A., . . . Duce, 
P. (2021). Application of simulation modeling for wildfire exposure and transmission 
assessment in Sardinia, Italy. International Journal of Disaster Risk Reduction, 58, 
102189. 

Salis, M., Laconi, M., Ager, A. A., Alcasena, F. J., Arca, B., Lozano, O., . . . Spano, D. (2016). 
Evaluating alternative fuel treatment strategies to reduce wildfire losses in a 
Mediterranean area. Forest Ecology and Management, 368, 207-221. 

San-Miguel-Ayanz, J., Durrant, T., Boca, R., Maianti, P., Libertà, G., Vivancos, T. A., . . . 
Leray, T. (2019). Forest Fires in Europe, Middle East and North Africa 2019. Retrieved 
from Luxenburg:  

Sánchez-González, M., Tomé, M., & Montero, G. (2005). Modelling height and diameter 
growth of dominant cork oak trees in Spain. Annals of Forest Science, 62(7), 633-643. 

Schaaf, M. D., Wiitala, M. A., Schreuder, M. D., & Weise, D. R. (2004). An evaluation of the 
economic tradeoffs of fuel treatment and fire suppression on the Angeles National 
Forest using the Fire Effects Tradeoff Model (FETM). Paper presented at the 
Proceedings, II International Symposium on Fire Economics, Policy and Planning: A 
Global Vision. 

Schlobohm, P., & Brain, J. (2002). Gaining an understanding of the national fire danger rating 
system. National wildfire coordinating group, PMS, 932. 

Schroder, S. A. K., Tóth, S. F., Deal, R. L., & Ettl, G. J. (2016). Multi-objective optimization 
to evaluate tradeoffs among forest ecosystem services following fire hazard reduction 
in the Deschutes National Forest, USA. Ecosystem Services, 22, 328-347. 

Scott, J. H., & Burgan, R. E. (2005). Standard fire behavior fuel models: a comprehensive set 
for use with Rothermel's surface fire spread model (RMRS-GTR-153). Retrieved from 
Fort Collins, CO: http://treesearch.fs.fed.us/pubs/9521 

Scott, J. H., Short, K. C., Finney, M., Gilbertson-Day, J., & Vogler, K. C. (2018). FSim: the 
large-fire simulator — Guide to Best Practices version 0.3.1. Retrieved from  

Spawn, S. A., & Gibbs, H. K. (2020). Global Aboveground and Belowground Biomass Carbon 
Density Maps for the Year 2010: ORNL Distributed Active Archive Center. 

Stahl, D., & Sallis, H. (2012). Model‐based cluster analysis. Wiley Interdisciplinary Reviews: 
Computational Statistics, 4(4), 341-358. 



 

307 
 

Stein, A., & Corsten, L. (1991). Universal kriging and cokriging as a regression procedure. 
Biometrics, 575-587. 

Strassburg, B. B., Iribarrem, A., Beyer, H. L., Cordeiro, C. L., Crouzeilles, R., Jakovac, C. C., 
. . . Balmford, A. (2020). Global priority areas for ecosystem restoration. Nature, 
586(7831), 724-729. 

Tedim, F., Leone, V., Amraoui, M., Bouillon, C., Coughlan, M. R., Delogu, G. M., . . . 
Xanthopoulos, G. (2018). Defining extreme wildfire events: Difficulties, challenges, 
and impacts. Fire, 1(1), 9. Retrieved from  doi:10.3390/fire1010009 

Thomas, J. W. (1979). Wildlife habitats in managed forests: the Blue Mountains of Oregon and 
Washington: Wildlife Management Institute. 

Thompson, M. P., MacGregor, D. G., & Calkin, D. E. (2016). Risk management: Core 
principles and practices, and their relevance to wildland fire. (RMRS-GTR-350). 
Retrieved from Fort Collins, CO:  

Thompson, M. P., Vaillant, N. M., Haas, J. R., Gebert, K. M., & Stockmann, K. D. (2013). 
Quantifying the potential impacts of fuel treatments on wildfire suppression costs. 
Journal of Forestry, 111(1), 49-58. 

Tomé, M., Barreiro, S., Paulo, J., & Tomé, J. (2006). Modelling tree and stand growth with 
growth functions formulated as age independent difference equations. Canadian J 
Forest Res, 36(7), 1621-1630. 

Tonini, M., Pereira, M. G., Parente, J., & Vega Orozco, C. (2016). Evolution of forest fires in 
Portugal: from spatio-temporal point events to smoothed density maps. Natural 
Hazards, 85(3), 1489-1510. 

Tóth, S. F. (2020). The 17th symposium on systems analysis in forest resources: An 
introduction and synthesis. Forest Science, 66(4), 424-427. 

Tóth, S. F., & McDill, M. E. (2008). Promoting large, compact mature forest patches in harvest 
scheduling models. Environmental Modeling & Assessment, 13, 1-15. 

Triviño, M., Pohjanmies, T., Mazziotta, A., Juutinen, A., Podkopaev, D., Le Tortorec, E., . . . 
Mori, A. (2017). Optimizing management to enhance multifunctionality in a boreal 
forest landscape. Journal of Applied Ecology, 54(1), 61-70. 

Tsagari, K., Karetsos, G., & Proutsos, N. (2011). Forest fires in Greece, 1983–2008. Retrieved 
from Athens, Greece:  

Turner, M. G., Gardner, R. H., Dale, V. H., & O'Neill, R. V. (1989). Predicting the spread of 
disturbance across heterogeneous landscapes. Oikos, 121-129. 

Turner, M. G., & Romme, W. H. (1994). Landscape dynamics in crown fire ecosystems. 
Landscape Ecology, 9, 59-77. 

Úbeda, X., & Sarricolea, P. (2016). Wildfires in Chile: A review. Global and Planetary 
Change, 146, 152-161. 

USDA Forest Service. (2018). Towards shared stewardship across landscapes: An outcome-
based investment strategy (FS-118). Retrieved from Washington, DC:  

Van Wagner, C. E. (1989). Prediction of crown fire behavior in conifer stands. Paper presented 
at the 10th Conference of Fire and Forest Meteorology, Ontario, Canada. 

Vanclay, J. K. (1991). Compatible deterministic and stochastic predictions by probabilistic 
modeling of individual trees. Forest Science, 37(6), 1656-1663. 

Vanclay, J. K. (1994). Modelling forest growth and yield: applications to mixed tropical 
forests. UK: Cab International. 

Veblen, T. T., Donoso, C., Kitzberger, T., & Rebertus, A. J. (1996). Ecology of southern 
Chilean and Argentinean Nothofagus forests. The ecology and biogeography of 
Nothofagus forests, 10, 93-353. 



 

308 
 

Vilà-Vilardell, L., De Cáceres, M., Piqué, M., & Casals, P. (2023). Prescribed fire after 
thinning increased resistance of sub-Mediterranean pine forests to drought events and 
wildfires. Forest Ecology and Management, 527, 120602. 

Wackernagel, H. (1994). Cokriging versus kriging in regionalized multivariate data analysis. 
Geoderma, 62(1-3), 83-92. 

Yue, C., Kohnle, U., & Hein, S. (2008). Combining Tree- and Stand-Level Models: A New 
Approach to Growth Prediction. Forest Science, 54(5), 553-566. 

Zianis, D., & Radoglou, K. (2006). Comparison between empirical and theoretical biomass 
allometric models and statistical implications for stem volume predictions. Forestry, 
79(4), 477-487. 



 
 

 


