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7 Abstract. Validation of wildfire simulations remains a persistent challenge in dynamic vegetation and Earth

8  system modeling due to structural inconsistencies between model outputs and satellite-derived observation

9 datasets. Researchers often rely on ad hoc, non-reproducible preprocessing workflows to bridge the gap
10 between different projections and resolutions. This study presents a structured, open-source R-based
11 workflow for processing dynamic vegetation model outputs and systematically comparing them with remote
12 sensing burned area products. The workflow provides an end-to-end solution that (i) aggregates burned
13 area from remote sensing data, (ii) harmonizes sinusoidal HDF files into WGS84-based model formats, and
14 (iii) performs regional-scale comparisons across user-defined spatial units. While demonstrated using LPJ-
15 GUESS and MODIS MCDG64A1, the workflow employs a model- and dataset-agnostic "Master Grid"
16 approach. This creates a static template to strictly harmonize observational data, thereby eliminating spatial

17 mismatch errors while ensuring reproducibility.
18 Keywords: burned area analysis, dynamic vegetation model, LPJ-GUESS, MCD64A1, wildfire modelling

19 Plain language summary: Burned area prediction relies on complex computer models, but checking these
20 models against actual satellite observations often proves to be challenging due to different grid systems.
21  Therefore, scientists usually end up writing custom and hard-to-replicate code to force the data to align.
22 This manuscript details an open-source tool that automatically and accurately aligns model predictions with
23 satellite data. By creating a standardized “Master Grid”, this new workflow eliminates hidden mapping errors
24 and ensures that wildfire researchers can easily and consistently validate their model outputs against real-

25 world fire observations.
26

27



https://doi.org/10.5194/egusphere-2026-4188
Preprint. Discussion started: 4 August 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

28 1. Introduction

29 Accurately representing changing wildfire regimes under anthropogenic climate change remains one of the
30 major sources of uncertainty in Earth system modelling. In many fire-prone regions, recent decades have
31 been characterized by increasing fire weather severity, longer fire seasons, greater atmospheric aridity,
32 and more frequent extreme wildfire events, although trends in burned area vary considerably among
33 ecosystems and regions (Abatzoglu et al. 2016; Jones et al. 2022). As climate change continues to alter
34  the spatial and temporal characteristics of fire regimes and expand the climatic envelope conducive to fire,
35 the ability of Dynamic Global Vegetation Models (DGVMs) and Earth System Models (ESMs) to accurately
36 represent these changing dynamics is becoming paramount (Bowman et al., 2020; Harrison et al., 2021).
37  These models are increasingly relied upon by researchers to project future carbon cycle feedbacks and
38  vegetation dynamics; however, their utility is contingent upon robust, systematic evaluation against the

39 historical observational record (Hantson et al. 2016; Lasslop et al. 2020; Ekberzade, 2026a).

40 Despite the availability of high-quality, long-term satellite records — most notably the MODIS MCD64A1
41 burned area product — systematic comparison between model simulations and observations remains
42  technically demanding. Differences in spatial resolution, grid structure, coordinate reference systems (e.g.,
43 Sinusoidal vs. WGS84; Fig. 1), temporal aggregation and reporting conventions often prevent direct
44  comparison of burned area estimates. These challenges are particularly acute when working with
45  disturbance data, which are highly heterogeneous in space and time and sensitive to "edge effects" during

46 regridding.

Source: MODIS Sinusoidal Tiles Target: Dynamic Model Grid (Geographic)

47 Figure 1. Visual representation of the reprojection challenge. The native sinusoidal projection of MODIS
48 products (Source), vs the equirectangular grid required by DGVMs (Target).
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49 Currently, model assessment efforts frequently rely on ad hoc, case-specific scripts that are difficult to
50 reproduce, extend, or transfer across studies. While major inter-comparison projects (e.g., FireMIP;
51 Hantson et al., 2016) document their processing protocols in detail, the underlying code is rarely published
52 as a reusable tool, forcing subsequent studies to reconstruct these pipelines from scratch. Furthermore,
53 while comprehensive benchmarking systems like ILAMB (Collier et al., 2018) exist, they are often
54  computationally intensive, Python-centric, and optimized for global CMIP-style outputs. This leaves a
55 significant gap for, e.g. the ecological modeling community which predominantly utilizes R (Lai et al. 2019),
56  for a lightweight, transparent, and easily adaptable workflow designed to bridge the technical gap between

57  the complex sinusoidal grids of remote sensing products and custom regional model grids.

58  This paper addresses these challenges by presenting a transparent and reproducible R-based workflow for
59 the assessment of simulated burned area against satellite-based observations. The workflow is
60 demonstrated using outputs from the dynamic vegetation model LPJ-GUESS-SIMFIRE-BLAZE and the
61 MODIS MCD64A1 burned area product but is designed to be model- and dataset-agnostic. A series of
62  scripts are provided to harmonize spatial and temporal representations and facilitate regional-scale

63 comparisons using user-defined spatial units such as ecological regions or hydrobasins.

64 The focus of this contribution is methodological rather than evaluative. The example analyses are intended
65 to illustrate the application of the workflow rather than to provide a comprehensive assessment of a
66 particular model configuration or fire regime. The presented code series is organized into three
67 methodological components: (1) Automated Data Acquisition: Definition of the study domain via polygon
68 inputs (shapefile or coordinates) and automated identification and download of corresponding MODIS tiles,
69 (2) Processing and Derivation: Derivation of pixel-level burned area from the MCD64A1 HDF files, including
70 quality filtering and reprojection from the native sinusoidal grid, into a standard WGS84 coordinate listing,
71 directly comparable to model outputs, (3) Harmonization and Comparative Analysis: Construction of a
72 "Master Grid" based on model geometry, aggregation of observational data to this grid, and execution of

73 regional statistical comparisons.
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74 Together, this workflow provides a transparent and reproducible foundation for regional to global validation
75  of wildfire simulations, with particular relevance for researchers working at the interface of dynamic

76  vegetation modeling and Earth observation data in an era of rapidly changing fire regimes.

77 2. Model and observational data

78 2.1 LPJ-GUESS dynamic vegetation model

79 LPJ-GUESS is a process-based dynamic regional-to-global vegetation model (DGVM) that simulates
80  vegetation structure and function through representations of growth, establishment, and mortality
81 processes. The model places particular emphasis on resource competition and disturbance responses
82 (Smith, 2007; Smith et al. 2001) and is widely used to study vegetation dynamics, biogeochemistry, and
83 disturbance—climate interactions. LPJ-GUESS requires gridded climate input data—including temperature,
84  precipitation, solar radiation, wind speed, and relative humidity—along with atmospheric CO:2
85  concentrations and soil properties. Simulations are conducted at the level of independent stands, each
86 initialized under a “grass-only” condition. While individual plant traits and cohort dynamics determine
87  species persistence, the interactions between climatic variability and disturbance ultimately shape stand-

88 level vegetation composition, biomass, and structure.

89 Fire disturbance in LPJ-GUESS is simulated using two coupled modules: SIMFIRE and BLAZE. SIMFIRE
90 (Knorr et al., 2014) is a semi-empirical model that calculates the annual burned area fraction of a grid cell.
91 It determines fire probability using a statistical approach driven by fuel continuity (proxied by fAPAR
92  simulated by the vegetation model), fire weather (using the Nesterov Index), and human population density.
93 Subsequently, BLAZE (Rabin et al., 2017) provides a detailed mechanistic treatment of fire behavior and
94 impacts. Using the burned area fraction generated by SIMFIRE to drive stochastic patch selection, BLAZE
95  simulates fireline intensity, combustion completeness, and fire-induced mortality at the cohort level, thereby

96 resolving the biophysical fluxes associated with biomass burning.
97 2.2 Satellite-derived burned area data

98 The MODIS MCD64A1 Collection 6 burned area product is a global satellite-derived dataset providing
99 monthly estimates of burned area (BA) at a spatial resolution of 500 m. The MCD64AL1 algorithm identifies

100 burned pixels using changes in surface reflectance combined with active fire detections, enabling the
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101 detection of burn scars across a wide range of ecosystems and fire regimes (Giglio et al. 2018). BA in
102 MCDG64ALl is reported as the approximate Julian day of burning for each pixel. However, the product is
103  distributed as non-overlapping tiles in a Sinusoidal projection, which must be mosaicked and reprojected
104  to the geographic coordinate systems (e.g., WGS84) standard in Earth system modeling. Additionally,
105 uncertainties related to cloud cover, small fires, and sensor limitations can affect detection accuracy. For
106  model-observation comparisons, these high-resolution, tile-based data must be spatially aggregated to the
107 model grid and temporally harmonized — a process that forms the core of the methodological workflow

108 described in this study.
109 3. Workflow Description

110 The workflow is implemented as a modular series of R scripts designed to guide the user from raw data
111 acquisition to final comparative analysis. The process is divided into three distinct stages, utilizing the terra
112 package for spatial manipulation, httr and jsonlite for API interaction, and standard library tools for robust

113 file handling.
114 3.1 Study Area Definition and Data Acquisition

115  The first stage establishes the spatial domain and handles the retrieval of remote sensing data. This
116 process addresses the common challenge of identifying which specific MODIS tiles are required to cover
117  an irregular Region of Interest (ROI) and locating the correct version-controlled files. The workflow
118  accommodates flexible input methods to suit different study designs. Users may define their study area by
119 either a bounding box (providing a simple coordinate extent (min/max longitude and latitude), ideal for broad
120  regional sweeps), or a vector polygon (importing a shapefile (.shp) representing the study domain, specific

121 administrative boundaries, hydrobasins, or ecoregions using the sf package).

122 To bridge the gap between geographic coordinates and the MODIS projection, the script projects the user's
123 ROI into the MODIS Sinusoidal coordinate system. It then mathematically intersects this footprint with the
124 global tile grid to generate a precise list of required tile identifiers (e.g., hisvos, h1svos4). This ensures that any
125 tile overlapping even a fraction of the study area is identified. For reproducibility, the workflow includes a
126  fully automated download routine (Appendix A). This script queries the NASA Common Metadata

127 Repository (CMR) API to locate files from the latest MODIS Collection (currently 061), verifies
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128 authentication using a user-supplied Earthdata token, and performs integrity checks (e.g., file size
129  verification) during download. Further comments are embedded to the script (Appendix A). If the HDF files
130  are already downloaded during a previous study, the user can skip this stage and simply define the existing

131 folder path in the next stage.
132 3.2 Processing and Harmonization

133 The core of the workflow involves transforming the raw, tile-based satellite data into a format compatible
134  with the gridded output of LPJ-GUESS. This is achieved through a two-step process that separates raw
135  data extraction from model specific harmonization. The logic behind this separation is the modular approach
136  to code writing, so that each R file represents a stand-alone application which can be applied independently

137 if required.
138 3.2.1 Derivation of burned area

139 First, the downloaded raw MODIS tiles are processed to generate a consistent, pixel-level record of burned
140  area (Appendix B). The script iterates through the downloaded HDF files, extracting the “Burn Date” and
141  “QA’ data. It applies a quality mask (defaulting to valid land pixels) and reprojects the data from the native
142 Sinusoidal projection to the geographic WGS84 (EPSG:4326) coordinate system. Crucially, the workflow
143 calculates the exact surface area of every pixel, dynamically accounting for the latitudinal variation in grid
144 cell size inherent in the geographic coordinate system. This ensures that burned area estimates remain
145 physically accurate even at high latitudes where grid distortion is significant. Finally, this stage exports a
146 precise list of burned pixels (latitude, longitude, and area in km?) for every month and year, providing an

147 intermediate output that is resolution-independent and compatible with standard GIS software.
148 3.2.2 Grid Harmonization

149 To ensure spatial consistency during comparison, the workflow utilizes a “Master Grid” approach (Appendix
150 C, Phase 1). Rather than projecting model outputs to match satellite data, the script generates a static
151 “Master Grid” raster based on the unique longitude and latitude coordinates of the LPJ-GUESS inpuit file.
152 The WGSB84 pixel list generated in the previous step is then spatially “snapped” to this template, eliminating
153 edge-effect errors during comparison, and preventing the spatial mismatch often introduced when

154 rasterizing point-based model outputs.
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3.3 Comparative Analysis and Statistical Evaluation

The final stage utilizes the harmonized dataset to assess model performance against the observational
benchmark using a multi-metric statistical framework (Appendix C, Phase 2-4). The processed MODIS
dataframe is merged with the LPJ-GUESS outputs based on coordinate keys, allowing for cell-by-cell or
regionally aggregated comparisons. To move beyond simple visual comparison, the workflow implements

four specific statistical metrics designed to evaluate different aspects of fire regime performance:

1. Long-term Spatial Agreement: To assess if the model accurately captures the spatial distribution
of fire prone areas, the Spearman rank correlation coefficient (p) is calculated between the

simulated and observed mean annual burned area across all spatial units. This non-parametric test
evaluates the model’s ability to rank high- and low-fire areas correctly, minimizing the influence of
absolute magnitude biases.

2. Interannual Variability (IAV): To evaluate the model's response to climate forcing, the workflow
computes the Spearman correlation of the annual burned area time series for each individual
spatial unit. This results in a distribution of correlation coefficients, highlighting regions where the
model successfully captures fire-climate synchronization.

3. Peak Fire Year Timing: Extreme fire years often drive the majority of ecological impacts. The
workflow identifies the year of maximum burned area for both the model and observation in every
spatial unit and calculates the absolute difference in years. This metric assesses the model's ability
to reproduce extreme events driven by specific climatic anomalies.

4. Fire Dominance and Persistence: To identify regions that disproportionately contribute to the total
fire budget, a dominance index is calculated based on the frequency with which a spatial unit
exceeds the 90th percentile of regional burned area. This helps distinguish between regions with

chronic, frequent fire activity and those with rare, episodic events.

The workflow allows for these metrics to be aggregated into user-defined functional units (e.g.,

HydroBASINS or ecoregions) to contextualize model performance within distinct biomes.

4. Workflow Application
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181 The utility of the presented workflow is demonstrated in a study by Ekberzade (2026a), where the results
182  of LPJ-GUESS-SIMFIRE-BLAZE historical run forced with ERA5-land climate reanalysis data are
183 benchmarked against MCD64A1. The model was configured using the parameterizations detailed in
184 Ekberzade et al. (2025), and the simulation was conducted sans-human to isolate climate-driven fire
185 dynamics. The benchmarking against the MCD64A1 dataset (processed via the workflow in Appendix B)
186 covered the entire study area, a region characterized by heavy human interference and highly fragmented

187 natural forests.
188 4.1 Diagnostic Capabilities

189 In the reference study, the workflow successfully harmonized the monthly satellite observations to the
190 model's native grid (Appendix C, Phase 1) and generated a suite of diagnostic metrics (Appendix C, Phase

191 2—4). The automated analysis highlighted three distinct capabilities of the tool:

192 1. Spatial Contextualization: The long-term spatial agreement analysis (as implemented in the
193 workflow's S_pattern module in Appendix C, Phase 4) immediately identified a regime-dependent
194 divergence in model performance. The workflow revealed that while the model closely reproduced
195 fire activity in natural forested areas with low fragmentation rates and limited human interference,
196 it missed the fire dynamics in steppe ecosystems which are heavily managed, and where the fire
197 regime is driven by anthropogenic factors. By aggregating pixel-level data into ecoregions, the tool
198 allowed for a rapid assessment of where the model’s "fire niche" aligns with reality, moving beyond
199 simple global sums.

200 2. Temporal Fidelity: The interannual variability (IAV) and peak-year metrics provided a standardized
201 way to assess the model's sensitivity to climate forcing. The workflow automatically flagged regions
202 where the simulated fire season was out of phase with observations — specifically in tourism
203 hotspots affected by episodic anthropogenic ignitions — while confirming robust synchronization in
204 climate-driven Mediterranean forests where human activity is relatively limited. This automated
205 flagging significantly reduced the labor required to distinguish model artifacts from genuine forcing
206 responses, and thus provided a diagnostic step that is often manually laborious in ad-hoc
207 comparisons.
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208 3. Regime Classification: The fire dominance index successfully separated regions of chronic, fuel-
209 limited fire activity from those driven by episodic, climate-limited events. This classification —
210 generated automatically by the script — provided immediate feedback on whether the underlying
211 driver of simulated fire (fuel availability vs. moisture deficit) matched the observational record.

212 5. Discussion

213 The primary contribution of this work is the reduction of technical friction in the validation pipeline. As
214 highlighted in the introduction, the increasing frequency of climate-driven fire events underscores the need
215 for rapid and robust model evaluation. However, comparing dynamic vegetation or Earth system model
216 (ESM) outputs with remote sensing data has often relied on bespoke, project-specific and generally single-
217 use scripts to handle the reprojection of Sinusoidal MODIS tiles and the aggregation of high-resolution
218 pixels to coarse model grids (Hantson et al., 2016; Lasslop et al., 2020; Harrison et al., 2021). This ad-hoc
219 approach is labor-intensive and prone to spatial edge artifacts. By standardizing the Processing (Appendix
220 B) and Harmonization (Appendix C) stages, the presented workflow reduces the time required to move from
221 raw model output to actionable diagnostics from weeks to hours, allowing researchers to focus on the

222 ecological implications of their simulations rather than data engineering.

223 A key methodological innovation in the presented workflow is the "Master Grid" strategy. Comparisons
224 between model simulations and satellite-derived observations require spatial harmonization between
225 datasets that differ in projection, spatial resolution, and land-mask definition, a process that can introduce
226 interpolation, aggregation, and geometric inconsistencies, particularly along coastlines and heterogeneous
227 landscapes (Warszawski et al., 2014; Lasslop et al., 2020; Harrison et al., 2021). By generating a static
228  template based strictly on the model’s unique coordinate list, the workflow harmonizes observational data
229 to the exact geometry of the simulation. This ensures that, in the final analysis, the observed and the
230 simulated burned area fields are represented on an identical spatial geometry, minimizing spatial mismatch

231  artifacts and facilitating robust grid-cell-by-grid-cell statistical analysis.

232 Additionally, while comprehensive benchmarking frameworks such as ILAMB provide extensive capabilities
233 for evaluating ESMs, they are primarily designed for large-scale model intercomparison projects and are

234 often implemented within Python-based software ecosystems that require substantial infrastructure and
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235 configuration (Collier et al., 2018). Likewise, initiatives such as FireMIP have established standardized
236  experimental protocols for global fire modelling, but the implementation of the associated processing and
237  evaluation workflows is generally left to individual modelling groups (Rabin et al., 2017). The workflow
238 presented here complements these efforts by providing a lightweight, model-agnostic methodology
239 implemented entirely using open-source R packages (e.g., terra, sf), making standardized model evaluation

240  more accessible to fire and vegetation ecologists as well as regional modelling studies.

241 Crucially, this design democratizes access to rigorous validation tools. Early-career researchers and
242 domain experts often possess deep knowledge of fire ecology but may lack the specialized software
243 engineering skills required to construct complex spatial data pipelines from scratch. Packaging these
244  operations into a transparent framework aims to empower a broader spectrum of scientists to conduct
245 reproducible model benchmarking (Baker 2016, Peng 2011). This supports the broader goal of the Earth
246 system modeling community to standardize evaluation protocols, ensuring that model improvements are

247 measured against consistent, reproducible baselines rather than methodological artifacts.

248 While the current implementation relies on the MODIS MCD64A1 product, the modular architecture of the
249  workflow facilitates adaptation to other observational datasets. The Comparative Analysis (Appendix C) is
250 inherently dataset-agnostic, requiring only a standardized coordinate-time-value input. Consequently, the
251 Data Processing module (Appendix B) can be readily adapted to ingest higher-resolution products — such
252 as active fire detections from VIIRS or burn scars from Sentinel-2 — while retaining the same robust "Master
253 Grid" harmonization and statistical benchmarking framework. Future iterations could further expand this
254 utility by incorporating support for sub-daily temporal resolution to validate diurnal fire cycles, thereby

255 extending the tool's applicability to fine-scale fire behavior modeling.

256 6. Conclusion

257 Validating dynamic vegetation and fire models against satellite observations is a critical step in establishing
258  confidence in future Earth system projections. However, this process is frequently hindered by the technical
259 barriers of incompatible coordinate systems, differing spatial resolutions, and the lack of standardized
260 processing protocols. The ad-hoc scripts often used to bridge this gap can introduce significant "edge-

261  effect” errors and limit the reproducibility of model inter-comparison studies.
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262 This paper presents a comprehensive, open-source R-based workflow designed to overcome these
263  challenges. By providing a modular solution for (1) automated data acquisition, (2) physically accurate pixel-
264  level derivation of burned area, and (3) rigorous spatial harmonization using a "Master Grid" approach, the
265 workflow streamlines the path from raw data to actionable diagnostics. The utility of this framework is
266 evident in its ability to not only quantify global bias but to spatially contextualize model performance —
267  distinguishing, for example, between climate-driven fire regimes in Mediterranean forests and human-

268 driven dynamics in managed steppes.

269 Ultimately, by reducing the technical burden associated with data preprocessing, this contribution shifts the
270 research focus from code management to scientific inquiry. The adoption of this standardized protocol will
271  facilitate more frequent and transparent validation efforts, thereby accelerating improvements in the next

272 generation of fire-enabled dynamic vegetation models.

273
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APPENDIX A

FHEF AR A R R R R

# Data acquisition

i ssisatiisssiisatiisatiistsiiaaaii sttt i at it i n it
library(terra)

library (httr)

library(jsonlite)

library (sf) # Added for optional shapefile handling

HhEFHHEEF R A SRR AR R AR R R R R R R R R

# USER SETTINGS

FHEF AR A A R R R R

# 1. Earthdata Token (Get from https://urs.earthdata.nasa.gov/ -> Generate Token)
# Protip: tokens have expiration dates, so make sure it is still valid.

token <- "YOUR TOKEN HERE"

# To avoid ghost writing, a hard directory set is recommended

setwd ("THIS IS YOUR DOWNLOAD DIRECTORY”)

# 2. Define Input Method: Set ONE of these (leave the other NULL)

# Option A: Path to a shapefile (e.g., "data/my study area.shp")

shapefile path <- NULL

# Option B: Bounding Box c(xmin, xmax, ymin, ymax) - Default: Turkey/East Med, adjust

# for your study area

roi_bounds <- c(26, 45, 36, 42)

# 3. Time Period, adjust accordingly

years <- 2021:2025



https://doi.org/10.5194/egusphere-2026-4188
Preprint. Discussion started: 4 August 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

304 # 4. Output Directory: This section is optional. You can skip it if you used a hard

305 #directory set, setwd(), at the beginning

306 out dir <- file.path(getwd(), "data", "modis_raw")

307 if (!dir.exists(out_dir)) dir.create(out dir, recursive = TRUE)

308

309 # --- SAFETY CHECK ---

310 if (token == "YOUR TOKEN HERE" || is.null (token)) {

311 stop ("ERROR: Please replace 'YOUR TOKEN HERE' with your actual NASA Earthdata

312 token.")

313 }

314

315 FHAFEE AR E AR R R R R R R
316 # FUNCTIONS

317 FHAFHH AR R A R R R R R R R
318

319 # A. Calculate MODIS Tiles from Vector (Shapefile or Bbox)

320 get required tiles <- function(roi vect) {

321 # Project ROI to Sinusoidal (MODIS native projection)

322 modis crs <- "+proj=sinu +lon 0=0 +x_0=0 +y 0=0 +a=6371007.181 +b=6371007.181
323 +units=m +no_defs"

324 roi_sinu <- project(roi_vect, modis_crs)

325 e <- ext(roi_ sinu)

326

327 # MODIS Sinusoidal Tile Dimensions (approximate meters)

328 tile size x <- 1111950.5197665554

329 tile size y <- 1111950.5197665554

330

331 # Calculate indices (H: 0-35, V: 0-17); x origin is left edge, y origin is top edge
332 x_origin <- -20015109.354

333 y_origin <- 10007554.677

334
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336
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338
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340
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342
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344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364

h min <- floor((e$xmin - x origin) / tile size x)
h max <- floor((e$xmax - x origin) / tile size x)
v_min <- floor ((y origin - e$ymax) / tile size y)

v_max <- floor ((y origin - e$ymin) / tile size y)

# Clamp to valid ranges
h min <- max(0, h min); h max <- min(35, h max)

v_min <- max (0, v_min); v_max <- min(17, v_max)

tiles <- expand.grid(h = h min:h max, v = v_min:v_max)
tilesS$tile id <- sprintf ("h%02dv%02d", tiles$h, tiles$v)

return(tiles$tile id)

# B. Query NASA CMR API for Exact URLs (Collection 061)

get modis urls <- function(tile id, start year, end year, auth token)

print (paste ("Searching for tile:", tile id, "..."))

url <- "https://cmr.earthdata.nasa.gov/search/granules.json"

query params <- list(
short_name = "MCD64Al1",
version = "0o0l1", #make sure this is the correct version!

page_size = 2000,

{

EGUsphere

sort _key = "-start date",

temporal = pasteO(start year, "-01-01T00:00:00Z,", end year, "-12-31T23:59:592"),
"options[readable granule name] [pattern]" = "true",

"readable granule name" = paste0("*", tile_ id, "*")
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365 response <- GET(url, query = query params, add headers ("Authorization" =

366 paste ("Bearer", auth token)))

367

368 if (http_error(response)) {

369 warning (paste ("API Error for tile", tile id, ":", status_code (response)))
370 return (NULL)

371 }

372

373 content <- fromJSON (content (response, "text", encoding = "UTF-8"))
374

375 # Check if entries found

376 if (length(content$feedSentry$id) == 0) {

377 warning (paste ("No data found for", tile id, " (Version 061)"))
378 return (NULL)

379 }

380

381 entries <- content$feed$entry

382

383 # Extract HDF links

384 extract hdf <- function(links df) ({

385 if (is.null(links df)) return(NA)

386 url <- links dfS$href[grep("\\.hdf$", links dfS$href)]

387 url <- url[!grepl ("\\.xml$", url)]

388 if (length(url) > 0) return(url[l]) else return(NA)

389 }

390

391 if ("links" %in% names (entries)) {

392 file urls <- sapply(entries$links, extract hdf)

393 return(na.omit (file urls))

394 } else {

395 return (NULL)
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396 }

397 }

398

399 FHEFEE A R R R R
400 ¢ EXECUTION

401 #hEH A R A
402

403 # 1. Prepare ROI Vector

404 if (!is.null(shapefile path)) {

405 print (paste ("Reading shapefile:", shapefile path))

406 roi_vect <- vect (shapefile path)

407 } else {

408 print ("Using defined bounding box.")

409 roi_vect <- ext(roi bounds) %>% vect(crs = "EPSG:4326") %>% as.polygons()
410 }

411

412 # 2. Get Tiles

413 my tiles <- get required tiles(roi vect)

414 print (paste ("Required Tiles:", paste(my tiles, collapse =", ")))
415

416 # 3. Download Loop

417 for (tile in my tiles) {

418 download links <- get modis urls(tile, min(years), max(years), token)
419

420 if (!is.null(download links) && length(download links) > 0) {

421 print (paste("Tile", tile, ": Found", length(download links), "files."))
422

423 for (url in download links) {

424 file name <- basename (url)

425 dest path <- file.path(out dir, file name)
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426

427 if (!file.exists(dest_path)) {

428 tryCatch ({

429 response <- GET (url,

430 write disk(dest path, overwrite = TRUE),

431 add_headers ("Authorization" = paste("Bearer", token)))
432

433 if (status_code (response) != 200) {

434 warning (paste ("Failed (HTTP", status_code (response), "):", file name)
435 if (file.exists(dest path)) file.remove (dest path)

436 } else {

437 info <- file.info(dest path)

438 if (info$size < 10000) {

439 warning (paste ("File too small (auth error?):", file name))
440 file.remove (dest path)

441 } else {

442 print (paste ("SUCCESS:", file name))

443 }

444 }

445 }, error = function(e) {

446 print (paste ("Error downloading:", file name, "-", e$message))
447 })

448 }

449 }

450 } else {

451 print (paste("Tile", tile, ": No files found.")

452 }

453 }

454

455
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456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485

APPENDIX B.

FHEF AR A R R R R
# MCD64A1 Burned Area Workflow

# - Monthly & Annual BA (regional totals)

# - Pixel-level BA with lon/lat for GIS

FHEH AR R A R R R R S
library(terra)

library (sf)

library (lubridate)

library (dplyr)

library (zoo)

library (ggplot2)

library(scales)

library (tidyr)

#omm— L. SETUP — oo m oo
# Set the path to where you downloaded your MODIS tiles

setwd ("THIS IS YOUR WORKING DIRECTORY")

files <- list.files(recursive = TRUE, pattern = "\\.hdf$", full.names = TRUE)

aoi lonlat <- ext (24, 50, 34, 46)

aoi vect <- as.polygons(aoi lonlat, crs = "EPSG:4326")

# === 2. METADATA ————————mm oo oo

get metadata <- function(filename) {
tag <= sub(".*A([0-91{7}).*", "\\1", basename (filename))
year <- as.integer (substr(tag, 1, 4))

doy <- as.integer (substr(tag, 5, 7))
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486 date <- as.Date(doy - 1, origin = pasteO(year, "-01-01"))
487 list(file = filename, year = year, month = month (date))
488 }

489

490 files_df <- bind rows(lapply(files, function(f) as.data.frame(get_metadata(f))))

491

492 # -—- 3. MONTHLY PROCESSOR ——==———=—=—=——————————— - —————
493

494 process_monthly ba <- function(year, month, files df, aoi_vect,
495 ga_mode = "confl+") {

496

497 target date <- as.Date (paste(year, month, "01", sep = "-"))
498 next month <- target date + months (1)

499

500 relevant files <- files df %>%

501 filter(

502 (year == year (target date) & month == month(target date)) |
503 (year == year (next_month) & month == month (next month))
504 ) $>%

505 pull (file)

506

507 if (length(relevant files) == 0) return (NULL)

508

509 burn list <- list()

510

511 for (f in relevant files) {

512

513 b <- try(rast(f, subds = 1), silent = TRUE)

514 if (inherits (b, "try-error")) next

515
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516 if (ga mode != "none") {

517 q <- try(rast(f, subds = 3), silent = TRUE)

518 if (inherits(q, "try-error")) next

519

520 ga_conf <- g %% 4

521

522 if (ga_mode == "confl+") ga mask <- ga conf >= 1
523 if (ga_mode == "high") ga_mask <- ga_conf ==

524

525 b <- mask(b, ga mask, maskvalues = 0)

526 }

527

528 if (global (b, "notNA")[[1]] > 0) {

529 burn list[[f]] <- b

530 }

531 }

532

533 if (length(burn list) == 0) return(NULL)

534

535 burn mosaic <- if (length(burn list) == 1) {
536 burn list[[1]]

537 } else {

538 mosaic (sprc(burn_list), fun = "max")

539 }

540

541 aoi modis <- project(aoi_vect, crs(burn mosaic))
542

543 burn bin <- ifel (burn mosaic > 0, 1, NA)

544 burn _crop <- crop (burn bin, aoi modis, mask = TRUE, touches = TRUE)

545

20
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546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575

area_crop <- cellSize(burn_crop, unit = "km")

list (burned = burn crop, area = area crop)

# —-= 4. MAIN EXECUTION === === ===

results_list <= list()
mcd _pixels monthly <- list()

freq map_accum <- NULL

unique_months <- files_df %>%
distinct (year, month) $%$>%

arrange (year, month)

for (i in l:nrow(unique months))

y <- unique monthsS$year[i]

m <- unique months$month[i]

# <<< NEW

{

message ("Processing: ", y, "-",

output <- process_monthly ba(

y, m, files df, aoi_vect,

ga_mode = "confl+"

if (!is.null (output)) {

r month <- output$burned

sprintf ("$02d", m))
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576 a month <- output$area

577

578 # ———— REGIONAL TOTAL ————————— oo oo
579 burned km2 <- global(r month * a month, "sum", na.rm = TRUE) [1,
580

581 results list[[i]] <- data.frame(

582 year =y,

583 month = m,

584 burned km2 = burned km2,

585 dataset = "MCDG4AL"

586 )

587

588 # —-—— PIXEL-LEVEL EXTRACTION (NEW) ———-——-———————————m————
589 pixel r <- r month * a month

590

591 df pix <- as.data.frame(pixel r, xy = TRUE, na.rm = TRUE)
592

593 if (nrow(df pix) > 0) {

594 names (df pix) <- c("lon", "lat", "burned km2")

595 df pix$year <-y

596 df pix$month <- m

597 mcd _pixels monthly[[length(mcd pixels monthly) + 1]] <- df pix
598 }

599

600 # ———— FREQUENCY MAP —————— -
601 r binary <- ifel(is.na(r _month), 0, 1)

602

603 if (is.null(freq map accum)) {

604 freq map_accum <- r_binary

605 } else {

22
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606 r binary <- resample(r binary, freg map accum, method = "near")
607 freq map_accum <- freq map_accum + r_ binary

608 }

609 }

610 }

611

612 # -—- 5. FINAL DATAFRAMES —————————————————————————————————————

613

614 monthly BA <- bind rows(results list)

615

616 mcd pixels monthly <- bind rows (mcd pixels monthly)

617

618 mcd pixels annual <- mcd pixels monthly %>%

619 group_by(year, lon, lat) %>%

620 summarise (

621 burned km2 = sum(burned km2, na.rm = TRUE),

622 .groups = "drop"

623 )

624

625 # —-— 6. SAVE OUTPUTS —=——————— - oo oo

626 write.csv(

627 monthly BA,

628 "MCD64A1 Monthly BurnedArea Final QAl.csv",
629 row.names = FALSE

630 )

631 write.csv(

632 mcd pixels monthly,

633 "MCD64A1 Monthly Pixel BurnedArea km2 1.csv",
634 row.names = FALSE

635 )

23
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636
637
638
639
640
641
642
643
644
645
646
647
648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665

write.csv(
mcd _pixels annual,
"MCD64A1 Annual Pixel BurnedArea km2 2.csv",
row.names = FALSE
)
writeRaster (
freq map_accum,
"MCD64A1 Burn Frequency 2000 2025 1.tif",
overwrite = TRUE
)
FHAFHHA A AR AR R A R R R R R R
# 7. ARCGIS-READY SPATIO-TEMPORAL EXPORTS (OPTION A)
# - Reproject MODIS Sinusoidal — WGS84 (EPSG:4326)
# - Export monthly & annual pixel CSVs with true lon/lat

ifdddssdsssssssdsasasassasssssdsssadadssassadasdsdsasaanititi

# --- Helper: pixel table - sf - lon/lat -—-——————————————————

pixels to_lonlat <- function(df pixels, template raster) {

# Convert to sf using MODIS projection

sf modis <- st _as sf(

df pixels,

coords = c("lon", "lat"),

crs = crs(template raster)

# Reproject to WGS84

sf wgs84 <- st _transform(sf modis, 4326)
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666 # Extract lon / lat

667 coords <- st_coordinates (sf wgs84)

668

669 df out <- sf wgs84 %>%

670 st drop geometry() %>%

671 mutate (

672 lon = coords[, 1],

673 lat = coords[, 2]

674 )

675

676 return (df out)

677 }

678

679 # --- Use frequency raster as projection reference ----------
680

681 template raster <- freq map_accum

682

683 # --- Monthly pixel BA (ArcGIS-ready) —-—--——-——=—=————————————————
684

685 mcd _pixels monthly 11 <- pixels to lonlat(

686 mcd_pixels monthly,
687 template raster
688 )

689

690 write.csv(

691 mcd pixels monthly 11,

692 "MCD64A1 Monthly Pixel BurnedArea km2 WGS84 ArcGIS.csv",
693 row.names = FALSE

694 )

695
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696 # --- Annual pixel BA (ArcGIS-ready) --——---————=———-————————-———

697

698  mcd pixels annual 11 <- pixels to lonlat(

699 mcd_pixels annual,
700 template raster
701 )

702

703 write.csv(

704 mcd_pixels annual 11,

705 "MCD64A1 Annual Pixel BA km2 WGS84 ArcGIS.csv",
706 row.names = FALSE

707 )

708

709 FHEHHF AR AR AR AF A AR A AR AR A AR AR A AR AR AR AR SRS
710 # END OF ARCGIS EXPORT BLOCK

711 FHEF AR A R R R
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712 APPENDIX C.

713  1library(terra)

714  1library(sf)

715 library (dplyr)

716 library (readr)

717  1library(tidyr)

718  1library(ggplot2)

719  1library(scales) # For nice axis number formatting
720 library (patchwork) # For final layout touches
721 library (tibble)

722  1library(grid)

723  library(gridExtra)

724

725  setwd(“THIS IS YOUR WORKING DIRECTORY”)

726

727 #

728 # *PHASE 1 - Data Ingest, Master Grid Creation & Total Aggregation
729 #

730

731 AR R R R R R R R R R R R R R R R
732 # This section of the code reads in LPJ-GUESS BA, turns it into a master grid, reads
733 # MCD64Al1 BA (converted from raw Burn Date), reads in WWF ecoregions, matches all

734 # datasets to LPJ master grid, aggregates BA over ecoregions), compares BA in

735 # observation vs simulation

736 AR R R R R R R R R R R R R R R R
737

738 HEF R R R R R R R R R R R

739 # LPJ-GUESS ops. - adjust for your model/output file names/types

740 AR R R R R R R R R R R R R R

741

27
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742 # Read BA

743 lpj_tbl <- read table("annual burned area.out", col types = cols())
744 # glimpse (1lpj tbl)

745

746 # Filter for the relevant time period - to match MCD64Al

747  1pj ba tbl <- 1pj tbl %>%

748 filter (Year >= 2001, Year <= 2024) %>% group by(Lon, Lat, Year) %>%
749 summarise (BurnFrac = sum(BurntFr, na.rm = TRUE), .groups = "drop")
750

751 # 2. CREATE MASTER GRID & STATIC LAYER

752 # Step A: Define the Grid Geometry using UNIQUE coordinates only
753 unique grid <- 1lpj ba tbl %>% distinct(Lon, Lat) %>% mutate(val = 1)
754 lpj template <- rast(unique grid, type = "xyz", crs = "EPSG:4326")
755 writeRaster (1pj template, "lpj master grid G.tif", overwrite = TRUE)
756

757 # Step B: Calculate Cell Area (km?2)

758 cell area km2 <- cellSize(lpj template, unit = "km")

759

760 # Step C: Create the "Total Burned Area" Raster for ArcGIS

761 # Sum the fractions across all years to get the total footprint

762 lpj total frac <- lpj ba tbl %>%

763 group by (Lon, Lat) %>%
764 summarise (TotalBurnFrac = sum(BurnFrac, na.rm = TRUE), .groups = "drop")
765

766 # Convert to Raster and multiply by area

767 lpj ba r <- rast(lpj total frac, type = "xyz", crs = "EPSG:4326") * cell area km2
768  names(lpj ba r) <- "lpj ba km2 total"

769

770 # Save for spatial analysis

771 writeRaster (1lpj ba r, "lpj ba km2 total 2001-2024 G.tif", overwrite = TRUE)
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772

773 FHAFH AR A R R R R R R R R R R R R R R R
774 # MCD64A1 ops.

775 FHEFEE A R R R R R R R R R
776

777 # Read MODIS BA

778 obs_tbl <- read csv("MCD64Al1 Annual Pixel BA km2 WGS84 ArcGIS.csv", col types =
779 cols())

780 # glimpse (obs_tbl)

781

782 # Snap observations to LPJ grid - spatial points (vector), not raster!
783 obs_pts <- vect(obs_tbl, geom = c("lon", "lat"), crs = crs(lpj_template))
784

785 # Assign each MODIS pixel to an LPJ cell

786 obs pts$lpj cell <- cellFromXY (lpj template, crds(obs pts))
787

788 # Aggregate MODIS BA to LPJ grid

789 modis 1pj tbl <- obs pts |>

790 as.data.frame() |>

791 filter(!is.na(lpj cell)) [>

792 group by (lpj cell) [>

793 summarise (modis_ba km2 = sum(burned km2, na.rm = TRUE))
794

795 # Create MODIS-on-LPJ raster

796 modis lpj r <- lpj template

797 values (modis 1lpj r) <- 0 # Initialize with 0 - GEMINI

798 values (modis_1lpj r) [modis_ lpj tbl$lpj cell] <- modis lpj tblS$modis ba km2
799  names(modis lpj r) <- "modis ba km2 total"

800

801 writeRaster (modis_lpj r, "MODIS BA aggregated to lpj total G.tif", overwrite = TRUE) #
802 MODIS BA aggregated to LPJ
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803

804

805 FHEFE A R R R R R R R R
806 #  World terrestrial ecoregions ops. - adjust for your own aggregation unit

807 #hEHEH A E AR R R R R R R R R R
808

809 # Read ecoregions

810 eco_sf <- st read("Ecoregions shp/ecoregions_clipped.shp")

811 # Re-project to LPJ grid if necessary

812 eco_sf <- st_transform(eco_sf, crs(lpj template))

813

814 # Rasterize ecoregions onto LPJ grid

815 eco_r <- rasterize(vect(eco sf), lpj template, field = "ECO_ID")
816

817 writeRaster (eco r, "eco reg lpj G.tif", overwrite = TRUE)

818

819 FHEFEE A A R R
820 # Ecoregion Aggregation

821 idddssssssssssddassassdadssssssssatasassssdsssssssssiaaissssasdsdssssssaaisasisi

822
823 # 1.1 Zonal burned area (LPJ) — USE AREA, NOT FRACTION
824 ba 1lpj eco <- zonal(lpj ba r, eco r, fun = "sum", na.rm = TRUE)

825 names (ba_lpj_eco) <- c("eco_id", "ba_ lpj km2")

826

827  # 1.2 Zonal burned area (MCD64Al) — USE MODIS-ON-LPJ RASTER

828  ba obs _eco <- zonal (modis_lpj r, eco r, fun = "sum", na.rm = TRUE)
829  names(ba_obs_eco) <- c("eco id", "ba obs km2")

830

831 # 1.3 Ecoregion area (LPJ-cell based, latitude-aware)

832 eco_area <- zonal (cell area km2, eco r, fun = "sum", na.rm = TRUE)
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833 names (eco_area) <- c("eco_id", "area_ km2")
834
835 # Final ecoregion comparison table

836  eco ba <- ba lpj eco %>%

837 left join(ba_obs_eco, by = "eco_id") %>%

838 left join(eco_area, by = "eco_id") %>%

839 mutate (ba_frac_lpj = ba lpj km2 / area km2,
840 ba frac obs = ba obs_km2 / area km2,
841 ba ratio = ba lpj km2 / ba obs_ km2)
842

843 # SANITY CHECK

844 summary (eco_ba$ba_ratio)

845

846  #

847 # S'PHASE 2: Time-Series Generation (Annual Loop)
848 4

849

850 EE R
851 # This section considers LPJ-GUESS BA and MCD64Al to see how they compare through time
852 # within each ecoregion. For that it computes time-resolved ecoregion series -->

853 # ecoregion x year - (unit = km? and fractional area);

854 # builds a canonical table: ecoregion x year x {LPJ BA, MODIS BA, ratios} to drive:
855 # all diagnostics, all plots, ArcGIS exports and regime-specific interpretation

856 FHAHAH AR A A R R R R R R R R
857

858  eco year list <- list(

859

860 # Identify common years

861  1pj years <- unique(lpj ba tbl$Year)

862 mod_years <- unique (obs_tbl$year)
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863 years <- intersect (lpj_years, mod_years)

864

865 message ("Processing Years: ", paste (min(years), "to", max(years)))
866

867 for (yy in years) {

868

869 # --- A. LPJ Yearly ---

870 # Filter data for this year

871 lpj subset <- 1lpj ba tbl %>% filter(Year == yy)

872

873 # Create raster for this year (Coords are unique here, so type="xyz" is safe)
874 r 1lpj frac <- rast(lpj subset([, c("Lon", "Lat", "BurnFrac")],
875 type = "xyz", crs = crs(lpj_ template))

876

877 # Extend to full grid (fills missing pixels with 0)

878 r lpj frac <- extend(r_ lpj frac, 1lpj template, fill = 0)

879

880 # Convert Fraction -> Area

881 r 1lpj ba <- r 1lpj frac * cell area km2

882

883 # (Optional) Write annual raster if needed for ArcGIS animation
884 # writeRaster (r_lpj ba, pasteO("LPJ BA ", yy, ".tif"), overwrite=TRUE)
885

886 # --- B. MODIS Yearly ---

887 obs pts sub <- obs pts[obs pts$year == yy, ]

888

889 modis_agg <- as.data.frame (obs_pts_sub) %>%

890 filter(!is.na(lpj cell)) %>%

891 group by (lpj cell) %>%

892 summarise (modis _ba km2 = sum(burned km2, na.rm = TRUE))
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893

894 r mod ba <- lpj template

895 values (r_mod ba) <- 0

896 values (r_mod ba) [modis_agg$lpj cell] <- modis_agg$modis ba km2
897

898 # --- C. Zonal Stats ---

899 1pj stats <- zonal(r lpj ba, eco_r, fun = "sum", na.rm = TRUE)
900 mod_stats <- zonal (r mod ba, eco r, fun = "sum", na.rm = TRUE)
901

902 names (1pj_stats) <- c("eco_id", "lpj ba km2")

903 names (mod_stats) <- c("eco_id", "modis_ba_km2")

904

905 # Combine

906 eco_year list[[as.character(yy)]] <- lpj_stats %>%

907 left join(mod_stats, by = "eco id") %>%

908 left join(eco_area, by = "eco id") %>%

909 mutate (

910 year = as.integer (yy),

911 lpj frac = lpj ba km2 / area km2, #area-normalized BA
912 modis frac = modis ba km2 / area km2, #area-normalized BA
913 ba ratio = lpj ba km2 / modis ba km2

914 )

915 }

916

917 eco_year ba <- bind rows(eco_year list)

918 # This CSV is your Phase-2 backbone:

919  write csv(eco_year ba, "Ecoregion Yearly BA LPJ vs_MODIS.csv")
920

921 summary (eco_year ba$modis_ba km2)

922 summary (eco_year ba$lpj ba km2)
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923
924
925
926
927
928
929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952

# #*'PHASE 3: Analytic Plots (Publication Ready)

FHEHH R E A R R R R
# Multi eco-region trajectory plot

FHEH AR R R R R R R

unique (eco_year ba$eco_id) #identify individual eco_ids, for sanity comparisons

# 1. Prepare Data Labels

eco_year long <- eco_year ba %>%
filter(!is.na(modis ba km2), !is.na(lpj ba km2)) %>%
pivot longer (

cols = c(modis_ba_km2, 1lpj_ba km2),

names to = "raw source",
values to = "ba km2"

) $>%

mutate (

source_label = case_when(

raw_source == "modis ba km2" ~ "MODIS (Observed)",
raw_source == "lpj ba km2" ~ "LPJ-GUESS (Modeled)",
TRUE ~ raw_source

# 2. Define Colors
my_colors <- c(

"MODIS (Observed)" = "steel blue",
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953 "LPJ-GUESS (Modeled)" = "#D55E00"

954 )

955

956 # 3. Create Main Plot

957 p <- ggplot(eco_year long, aes(x = year, y = ba km2, color = source label)) +
958 geom line(linewidth = 0.8, alpha = 0.8) +

959 facet wrap(~ eco_id, ncol = 4, scales = "free y") +

960 scale color manual (values = my colors) +

961 scale y continuous(labels = label comma()) +

962 labs(x = NULL, y = expression ("Burned Area (km""2*")")) +

963 theme bw(base size = 14) +

964 theme (

965 legend.position = ¢(0.55, 0.02),

966 legend.justification = c(0.5, 0),

967 legend.direction = "horizontal",

968 legend.title = element blank(),

969 legend.background = element rect(fill = "white", color = "grey70"),
970 legend.margin = margin(5, 10, 5, 10),

971 strip.background = element rect (fill = "grey95"),

972 strip.text = element text (face = "bold", size = 14),

973 panel.grid.minor = element blank(),

974 axis.text = element text(color = "black")

975 )

976

977 # 4. Final Polish with Patchwork

978 final plot <- p + plot_annotation(

979 title = "Burned Area Trajectories: Model vs. Observation",

980 subtitle = pasteO ("Annual area burned across ecoregions (", min(years), "-",
981 max (years), ")"),

982 caption = "Data Sources: MODIS Collection 6 & LPJ-GUESS Simulation",
983 theme = theme (
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984 plot.title = element text(size = 18, face = "bold"),

985 plot.subtitle = element text(size = 16, color = "grey40")
986 )

987 )

988

989 # 5. Save

990 ggsave ("LPJ-MODIS ecoregions multiplot.png", final plot, width = 16, height = 12, dpi
991 = 300)

992

993 FHEFEE AR E A A R R
994 # E. Fire regimes --- boxplot

995 FHAFA A R R R R R R R R R R R R R R R R
996

997 # Define Regimes

998  eco _regime <- tibble(

999 eco_id = c(786,678,703,650,662,665,649,646,674,658,692,654,804,
1000 785,790,791,789,

1001 661,725,688,727,652,735,695,

1002 831,820,815,841,817,830,739,812,747),

1003 regime = c(rep("Forest", 13), rep("Mediterranean", 4),

1004 rep ("Steppe", 7), rep("Desert", 9)

1005 )

1006

1007 # Join and Order Factors

1008 eco_year regime <- eco_year ba %>%
1009 left join(eco_regime, by = "eco_id") %>%
1010 mutate (regime = factor (regime, levels = c("Forest", "Mediterranean", "Steppe",

1011 "Desert")))
1012
1013 # Create Boxplot

1014 fire regime plot <- ggplot (eco year regime $%$>% filter (modis ba km2 > 1),
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aes(x = regime, y = lpj ba km2 / modis ba km2)) +
1016 geom boxplot (fill = "#le52a6", color = "#le52a6", alpha = 0.7,
1017 outlier.size = 3, outlier.shape = 21, outlier.fill = "#4287f5") +
1018 coord cartesian(ylim = c(0, 80)) +
1019 labs(x = "", y = expression ("LPJ-GUESS / MCD64A1 BA ratio"),
1020 title = "Comparison of LPJ-GUESS and MCD64Al BA across fire-regime ecoregions",
1021 subtitle = "(Ratio = 1 indicates perfect agreement)") +
1022 theme minimal() +
1023 theme (
1024 axis.text = element text(size = 14),
1025 axis.title = element text(size = 14),
1026 plot.title = element text(face = "bold", size = 18),
1027 plot.subtitle = element text(size = 16),
1028 plot.background = element rect(fill = "white", color = NA)
1029 )
1030
1031 ggsave ("LPJ-MODIS boxplot fire regime.png", fire regime plot, width = 10, height = 8,
1032 dpi = 300)
1033
1034 FHEFEE AR A R R R R R R R R R R
1035 # F. Ecoregion name - id table --- Supplementary Figure
1036 FHAFEE AR R R R R R R R R R R R R
1037
1038 # 1. Create the Data (input for the table) - adjust for your own regional aggregation
1039
1040  eco_ref <- tribble(
1041 ~Type, ~ID, ~Name,
1042 "Forest", 786, "Anatolian conifer and deciduous mixed forests",
1043 "Forest", 678, "Rodope montane mixed forests",
1044 "Forest", 703, "Northern Anatolian conifer and deciduous forests",
1045 "Forest", 650, "Caucasus mixed forests",
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1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075

"Forest", 662,
"Forest", 665,
"Forest", 649,
"Forest", 646,
"Forest", 674,
"Forest", 658,
"Forest", 692,
"Forest", 654,
"Forest", 804,
"Mediterranean",

"Mediterranean",

"Mediterranean",
"Mediterranean",
"Steppe", 661,
"Steppe", 725,
"Steppe", 688,
"Steppe", 727,
"Steppe", 652,
"Steppe", 735,
"Steppe", 695,
"Desert", 831,
"Desert", 820,
"Desert", 815,
"Desert", 841,
"Desert", 817,
"Desert", 830,
"Desert", 739,
"Desert", 812,
"Desert", 747,

"Eastern Anatolian deciduous forests",
"Euxine-Colchic broadleaf forests",
"Caspian Hyrcanian mixed forests",

"Balkan mixed forests",

"Pannonian mixed forests",

"Crimean Submediterranean forest complex",
"Carpathian montane forests",

"Central European mixed forests",

EGUsphere

"Southern Anatolian montane conifer and deciduous forests",

790, "Cyprus Mediterranean forests",

789, "Crete Mediterranean forests",
"East European forest steppe",

"Central Anatolian steppe",

"Zagros Mountains forest steppe",
"Eastern Anatolian montane steppe",
"Central Anatolian steppe and woodlands",
"Pontic steppe",

"Elburz Range forest steppe",

"North Arabian desert",

"Central Persian desert basins",

"Caspian lowland desert",

"South Iran Nubo-Sindian desert and semi-desert",

"Central Asian northern desert",
"Mesopotamian shrub desert",

"Syrian xeric grasslands and shrublands",
"Azerbaijan shrub desert and steppe",

"Tigris-Euphrates alluvial salt marsh"

38
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1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091

1092
1093

1094

1095
1096

1097
1098

1099
1100

1101
1102

1103
1104

1105
1106
1107

# 2. PLOT THE TABLE
# Optional:
# for readability

eco_table plot <- eco_ref %>%

mutate (y_pos =

ggplot () +

# A.

geom_rect (

oe

row_numbper () )

Zebra Striping (Grey bars

for odd rows)

EGUsphere

add a rectangle for every other row to create "zebra striping"

data = $>% filter (y_pos 2 ==1),
aes(xmin = -0.1, xmax = 1. ymin = y pos - 0.5, ymax = y pos + 0.5),
fill = "grey95", inherit.aes FALSE
) +
# B. Columns
geom_text (aes(x = 0, y = y pos, label = ID), hjust 0, fontface = "bold", size =
3.5) +
geom_ text (aes(x = 0.1, y = y pos, label = Name), hjust = 0, size = 3.5) +
geom_ text(aes(x = 1, y = y pos, label = Type, color Type), hjust = 1, size = 3.5,
fontface = "italic") +
# C. Headers (Manually added at y = 0)
annotate ("text", x = 0, y = label = "ID", fontface = "bold", size 4, hijust = 0)
+
annotate ("text", x = 0.1, y label = "Ecoregion Name", fontface "bold", size =
4, hjust = 0) +
annotate ("text", x =1, y = label = "Vegetation Type", fontface = "bold", size =

4, hjust = 1) +

# D.

Scales & Theme

scale y reverse()

+ # Flips so row 1 is at top
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1108 scale x continuous (limits = c(-0.1, 1.1)) +

1109 scale color manual (values = c("Forest" = "#082621",

1110 "Mediterranean" = "#445EF2",
1111 "Steppe" = "#425953",

1112 "Desert" = "#A67041")) +
1113 theme void() +

1114 theme (

1115 legend.position = "none",

1116 plot.background = element rect(fill = "white", color = NA),
1117 plot.margin = margin (20, 20, 20, 20)

1118 )

1119 # Also display it here to check
1120 eco_table plot

1121

1122 ggsave ("Supplementary Figure Table.png", eco_table plot, width = 8, height = 11, dpi =
1123 300)

1124

1125 #

1126 # S PHASE 4: Statistical analysis
1127 #

1128

1129 # Long-term spatial pattern agreement
1130
1131 # eco_year ba <- make sure you already have this

1132 # columns: eco id, year, lpj ba km2, modis ba km2, area km2

1133

1134  eco_mean_skill <- eco_year_ba %>%

1135 group by (eco_id) %>%

1136 summarise (

1137 lpj mean = mean(lpj ba km2, na.rm = TRUE),
1138 modis mean = mean(modis ba km2, na.rm = TRUE),
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1139 .groups = "drop") %>%
1140 filter (modis mean > 1) # remove fire-free noise
1141

1142 spatial cor <- cor.test(

1143 eco mean skill$lpj mean,
1144 eco mean skill$modis mean,
1145 method = "spearman")

1146

1147 # Sanity check options

1148 range (eco_mean skill$modis mean)

1149 range (eco_mean skill$lpj mean)

1150

1151 # Save spatial cor$estimate and p.value for the upcoming plot

1152 rho <- round(spatial cor$estimate, 2)

1153 pval <- spatial corS$p.value

1154

1155 # Does the model burn the right places, even if not the right amounts? (regardless

1156 # of magnitude bias)

1157
1158 x_anno <- max(eco mean skill$modis mean, na.rm = TRUE) * 0.95
1159 y anno <- min(eco mean skill$lpj mean, na.rm = TRUE) * 1.2
1160

1161 S_pattern <- ggplot(eco mean_skill,

1162 aes(x = modis _mean, y = lpj mean)) +

1163 geom point(size = 3, alpha = 0.75, color = "grey30") +

1164 geom_smooth (method = "1m", se = FALSE, linetype = "dashed") +
1165 scale x loglO() +

1166 scale y loglO() +

1167

1168 annotate ("text", x = x_anno, y = y anno,
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1169 hjust = 1.05, vjust = -0.5,

1170 label = paste0("Spearman p = ", rho,

1171 "\np = ", signif(pval, 2)), size = 4) +

1172 labs(

1173 X = "Observed mean annual burned area (km?, MODIS)",

1174 y = "Simulated mean annual burned area (km?, LPJ-GUESS)",

1175 title = "Spatial agreement of long-term burned area across ecoregions"
1176 )+

1177 theme minimal (base size = 14) +

1178 theme (plot.background = element rect(fill = "white", color = NA))

1179 S pattern

1180

1181 # Spearman p — spatial ranking skill ; Regression line - proportional bias ; Log-log —

1182 # cross-regime comparability
1183

1184 ggsave ("Longterm spatial pattern agreement.png", S pattern, width
1185 dpi = 300)

1186

1187 # Interannual variability skill

1188

1189 eco_interannual skill <- eco year ba %>%
1190 filter (modis ba km2 > 1) %>% # avoid zeros
1191 group by (eco_id) $>%

1192 summarise (

1193 r interannual = cor(

1194 1pj ba km2,

1195 modis ba km2,

1196 method = "spearman",

1197 use = "complete.obs"), .groups = "drop")
1198

1199 # Does the model respond to climate variability correctly?

42
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1200 # Boxplot of ecoregion-wise correlations
1201

1202 S _eco <- ggplot(eco interannual skill,

1203 aes(y = r_interannual)) +

1204 geom _boxplot (fill = "#leb52a6", color = "#le52a6", alpha = 0.7,

1205 width = 0.3, outlier.size = 3, outlier.shape = 21, outlier.fill =
1206 "§4287£f5") + #outlier.shape = 16, outlier.alpha = 0.6) +

1207 # stat_summary(fun = mean,geom = "point",

1208 # size = 3) +

1209 geom hline(yintercept = 0, linetype = "dashed", color = "grey20") +
1210 coord cartesian(ylim = c(-1, 1)) +

1211 labs (

1212 y = "Spearman correlation (annual burned area)",

1213 title = "Interannual burned area variability skill across ecoregions"
1214 )+

1215 theme minimal (base_size = 14) +

1216 theme (plot.title = element text (face = "bold", size = 18),

1217 plot.background = element rect(fill = "white", color = NA))

1218 S _eco

1219

1220 ggsave ("Spearmancorr.png", S eco, width = 10, height = 5, dpi = 300)
1221

1222 # Peak fire year agreement

1223

1224 eco_peak years <- eco year ba %>%

1225 group_by (eco_id) %>%

1226 summarise (

1227 peak year 1lpj = year[which.max (1lpj ba km2)1,

1228 peak year modis = year[which.max (modis ba km2)],

1229 .groups = "drop") %>%

1230 mutate (peak year diff = abs(peak year lpj - peak year modis))
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1231

1232 summary (eco_peak years$peak year diff)

1233 quantile (eco_peak years$peak year diff, probs = c(0.25, 0.5, 0.75))
1234

1235 # Does the model get the big years right?

1236 # Distribution of peak year differences:

1237 S _peak <- ggplot(eco peak years,

1238 aes(x = peak year diff)) +

1239 geom_histogram(binwidth = 1, boundary = 0, closed = "left", fill = "#le52a6", color
1240 = "#le52a6", alpha = 0.8) +

1241

1242 # quantile (eco_peak years$peak year diff, probs = c(0.25, 0.5, 0.75)):

1243 geom vline(xintercept = c(3, 7, 12),

1244 linetype = c("dashed", "solid", "dashed"), linewidth = 0.8, color =
1245 "grey50", alpha = 0.7)+

1246

1247 labs (x = "Absolute difference in peak fire year (years)",

1248 y = "Number of ecoregions",

1249 title = "Agreement in timing of peak fire activity") +

1250

1251 theme minimal(base size = 14) +

1252 theme (plot.title = element text (face = "bold", size = 18),

1253 plot.background = element rect(fill = "white", color = NA))

1254

1255 S_peak

1256

1257 ggsave ("Peakyearcheck.png", S peak, width = 10, height = 5, dpi = 300)
1258

1259 # Fire persistence / dominance metric

1260 global thresh <- quantile(eco year baSmodis ba km2, 0.90, na.rm = TRUE)

1261
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1262 eco_fire persistence <- eco_year ba %>%

1263 group_ by (eco_id) %>%

1264 summarise (

1265 fire dominance = mean (modis ba km2 > global thresh, na.rm

1266 .groups = "drop"

1267 )

1268

1269 # Which ecoregions contribute disproportionately to large fires across the study area?

1270 # Global-threshold dominance index:

1271

1272 S persist <- ggplot(eco fire persistence %>%

1273 arrange (desc (fire dominance)) %>%

1274 mutate (eco_id = factor(eco _id, levels = eco id)),
1275 aes(x = eco id, y = fire dominance)) +

1276 geom col() +

1277 coord flip() +

1278 labs (

1279 x = "Ecoregion",

1280 y = "Fire dominance index",

1281 title = "Persistence of high burned area across ecoregions"
1282 )+

1283 theme minimal (base size = 13) +

1284 theme (plot.title = element text (face = "bold", size = 18),
1285 plot.background = element rect(fill = "white", color

1286 S_persist

1287

1288 ggsave ("Firepersistence.png", S persist, width = 10, height

1289
1290 # Faceted interannual time series

1291
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1292 top_ecos <- eco_year ba %>%

1293 group_ by (eco_id) %>%

1294 summarise (total ba = sum(modis ba km2, na.rm = TRUE)) %>%
1295 arrange (desc (total ba)) %>%

1296 slice head(n = 6) %>%

1297 pull (eco id)

1298

1299 top_ecos <- c(786, 790, 804, 665, 692, 703) #, 727) #649
1300

1301 S faceted eco <- eco year ba %>%

1302 filter (eco_id %in% top ecos) %>%

1303 pivot longer (c(lpj ba km2, modis ba km2),

1304 names_to = "source",

1305 values to = "ba km2") %>%

1306 ggplot (aes (year, ba km2, color = source), alpha = 0.8) +

1307 geom line (linewidth = 1.2) +

1308 facet wrap(~ eco_id, scales = "free y") +

1309 scale _color manual (values = c("lpj ba km2" = "#D55E00", # Orange

1310 "modis ba km2" = "steel blue"), # Blue

1311 labels = c("LPJ-GUESS", "MODIS")) + # Optional: Rename legend

1312 labels

1313 labs (

1314 x = "",

1315 y = "Burned area (km2)",

1316 color = ""

1317 ) +

1318 theme minimal (base size = 13) +

1319 theme (plot.title = element text (face = "bold", size = 18),

1320 plot.background = element rect(fill = "white", color = NA))
1321

1322 S faceted eco
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1323
1324
1325
1326
1327
1328
1329
1330
1331
1332
1333
1334
1335
1336
1337
1338
1339
1340
1341
1342
1343
1344
1345
1346
1347
1348
1349
1350
1351
1352
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ggsave ("Faceted _eco.png", S faceted eco, width = 10, height = 5, dpi = 300)

Caspian <- eco_year _ba %>%
filter (eco_id == 649) %>%

pivot longer (c(lpj_ba km2, modis ba km2),

names_to = "source",
values_to = "ba_km2") %>%
ggplot (aes (year, ba km2, color = source)) +
geom_line() +
labs (
x = "Year",
y = "Burned area (km?)",
color = "Dataset"
) +

theme minimal (base size = 13) +
theme (plot.title = element text(face = "bold", size = 18),
plot.background = element rect(fill = "white", color = NA))
Caspian

ggsave ("Caspian.png", Caspian, width = 10, height = 5, dpi = 300)

EAnatolian montane steppe <- eco year ba %>%
filter(eco_id == 727) %>%
pivot_ longer (c(lpj_ba km2, modis ba km2),
names to = "source",
values_to = "ba_km2") %>%

ggplot (aes (year, ba km2, color = source)) +

geom_line() +
labs (
x = "Year",

47



https://doi.org/10.5194/egusphere-2026-4188
Preprint. Discussion started: 4 August 2026
(© Author(s) 2026. CC BY 4.0 License.

1353
1354
1355
1356
1357
1358
1359

1360
1361

1362

y = "Burned area (km?)",
color = "Dataset"

) +

theme minimal (base size = 13) +

theme (plot.title = element text (face =

"Hold",

plot.background = element rect (fill

EAnatolian montane steppe

"white", color

EGUsphere\

ggsave ("Eastern Anatolian montanesteppe.png", EAnatolian montane steppe, width = 10,

height = 5, dpi = 300)
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1363 Code and data availability

1364  The R scripts used to produce the results in this paper are archived on Zenodo and publicly available at
1365 https://doi.org/10.5281/zenodo.18300982 (Ekberzade, 2026b). The MODIS MCD64Al data is openly

1366 available from the NASA Earthdata Search (https://search.earthdata.nasa.gov/).
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