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MODEL PERFORMANCE ACROSS THE 14 CLASSIFICATION SCENARIOS MODEL ASSESSMENT OF THE BEST CLASSIFICATION SCENARIO (No 10)

• Province of Navarre, Spain 3760 km2 of forests.
• Field data: 11 distinct forest species/groupings:
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• Global forest loss represents a persistent and alarming trend.

• Accurately characterizing forested areas holds critical significance for designing and implementing effective forest management strategies.

• There is a growing interest in the integration of Earth Observation data obtained from different types of sensors to enhance the accuracy of forest species mapping.

OBJECTIVE: quantify the added-value of combining data obtained from Sentinel-1 (S1), Sentinel-2 (S2) and LiDAR sensors for the classification of forest species.
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2.1. STUDY AREA & FIELD DATA

1. INTRODUCTION

2. MATERIALS & METHODS
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ACKNOWLEDGMENTS

Aranguren, I., González-Audícana, M., Montero, E., Sanz, J. A.,
& Álvarez-Mozos, J. (2025). Assessing the Synergistic Use of
Sentinel-1, Sentinel-2, and LiDAR Data for Forest Type and
Species Classification. Remote Sensing, 17(12), 2028.
https://doi.org/10.3390/rs17122028

2.2. REMOTE SENSING & TOPOGRAPHIC DATA
• Sentinel-1: 37 acquisition dates, 2 polarization channels (VH, VV), ascending orbit 103.

o Processing: thermal noise removal, orbit correction, 𝛽𝛽0 calibration, speckle filtering, terrain-flattening,
orthorectification.

• Sentinel-2: 40 acquisition dates, 10 spectral bands (B2, B3, B4, B5, B6, B7, B8, B8A, B11, B12) and 3
vegetation indices (Normalized Difference Vegetation Index [NDVI], the Normalized Difference Infrared Index
[NDII], and the Normalized Burn Ratio [NBR]).

• LiDAR data: single-photon sensor, 14 points/m2, processed using LAStools software.
o Processing: point selection (classified as ground or vegetation), noise removal, height normalization, and

feature generation. Features: 12 height-related, 5 intensity-related, and 8 structure-related.
• Topographic data: DTM distributed by the Cartographic Service of the Government of Navarre.

o Features: altitude (DTM), Northness, and Eastness.

2.3. METHODOLOGY

3. RESULTS

4. CONCLUSIONS
• Eleven forest classes were classified with 0.80 overall accuracy. Monospecific classes achieved the highest accuracies, while heterogeneous and mixed ones performed poorly.

• S2 red-edge and NIR bands from June, July and August emerged as the most important variables, alongside the height-related LiDAR and topographic variables.

• S1 did not contribute useful information to forest species classification. Results were ~10% worse than with S2 alone, and performance dropped even further when using S1 by itself.

Combining S1 with S2 provided no improvement and occasionally degraded performance.

  Predicted class  

 
  

Broadleaves Conifers Mixed  
 1 2 3 4 5 6 7 8 9 10 11 Total 
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s 1 17,414 4 441 849 2 5 162 58 395 20 93 19,443 

2 17 86 10 54 0 6 0 2 0 0 0 175 
3 485 10 9,501 1,213 179 116 271 54 56 248 36 12,169 
4 673 7 467 1,897 10 4 31 36 37 12 2 3,176 

C
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rs

 5 0 0 108 6 3,460 120 22 6 0 1 19 3,742 
6 4 0 217 14 132 2,502 253 30 1 15 29 3,197 
7 114 0 451 41 62 343 6,372 33 222 266 16 7,920 
8 66 0 49 77 79 66 81 723 7 5 20 1,173 

M
ix

ed
 9 147 0 46 22 0 1 168 4 262 19 1 670 

10 8 0 250 17 3 21 392 2 40 297 1 1,031 
11 62 0 117 10 90 73 73 18 4 6 182 635 

 Total 18,990 107 11,657 4,200 4,017 3,257 7,825 966 1,024 889 399 53,331 
 UA 0.92 0.80 0.82 0.45 0.86 0.77 0.81 0.75 0.26 0.33 0.46  
 PA 0.90 0.49 0.78 0.60 0.92 0.78 0.80 0.62 0.39 0.29 0.29  
 OA   0.80 
 1: Beech, 2: Hardwood, 3: Quercus, 4: Other broadleaves, 5: Aleppo pine, 6: Black pine, 7: Scots pine, 8: Other conifers, 9: Scots 

pine-Beech, 10: Scots pine-Oak and 11: Other mixtures. PA: Producer’s Accuracy, UA: User’s Accuracy, OA: Overall Accuracy 
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14 classification scenarios
• LiDAR
• Sentinel-1
• Sentinel-2
• LiDAR & Sentinel-1
• LiDAR & Sentinel-2
• Sentinel-1 & -2
• LiDAR & Sentinel-1 & -2

Monthly 
composites

Training dataset (70%)

Test dataset (30%)

Random Forest Classifier

• Overall Accuracy (OA): S2 (scenarios 7–14) > S1 (scenarios 3–6) > LiDAR (1–2).
• Adding topographic variables enhanced the OA in the majority of cases.
• Incorporating LiDAR metrics to S1 and/or S2 scenarios led to an enhancement in OA in all

cases, particularly for S1.

• Model performance: homogeneous classes > heterogeneous classes.
• Models based on S2 enhance the OA of heterogeneous and mixed classes.
• Scenarios 9, 10, and 14 yielded the most accurate results.
• F1-score values per class and scenario: • The most frequent species had little confusion.

• Mixed classes had lower accuracy, but
confusion occurred with the monospecific
classes intervening in the mix (minor mistake).

• The altitude emerged as the most significant
feature.

• LiDAR height metrics were also identified as
important features (h_max, h_p95).

• S2 images acquired in June and July emerged
as pivotal predictor variables, particularly the
NIR and red-edge bands.
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