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Appendix A.1. Description of the USDA Agricultural Research Service’s Multispectral Imaging System and Remote Sensing Process 
1. Flight logistics before and after fire, remote sensing equipment, and image classification
Through coordinated flight missions before and after the fire, the USDA-ARS (College Station, TX) collected high-resolution aerial multispectral images (21-cm pixel resolution) at 1981.2 m above mean sea level (MSL), following standard USDA-ARS protocols (Song et al., 2017; Li et al., 2020; Yang et al., 2022). Image acquisitions took place during peak biomass season (August-September) and low biomass season (February-March) from 2018-2020 (Jaime et al. 2023). The two Nikon D810 digital cameras (one RGB and one NIR) used during the USDA flyovers and their respective multispectral data specifications are the same as those described in Jaime et al. (2023). 
2. Random Forest classification process
We created vegetation cover maps of woody and non-woody classes for each sampled year from 2018-2020 for both peak and low biomass seasons using the Random Forest (RF) supervised classification (Liaw and Wiener, 2001; Breiman, 2001). For each prefire (2018) mosaicked image, 500 training polygons were designated as sets of regions of interest (ROIs) for woody, non-woody, and bare ground. A similar RF supervised classification was performed for each burn unit after the 2019 prescribed burn to map the scorched material from the fire represented in the pixel data. For each (2019) postfire mosaicked image, an additional 500 training polygons were incorporated to the prefire ROI sets to capture burned areas (e.g., scorched material) from the high-resolution imagery. Using ENVI 5.5 (NV5 Geospatial Solutions, Inc., Broomfield, CO, USA), Jeffries-Matusita distance separability analysis was used to confirm the distinctiveness of each training class (Richards, 2022; Jaime et al., 2023). For accuracy assessment, we calculated a confusion matrix in ArcMap 10.8 (ESRI, 2022) to evaluate the RF classification accuracy for each cover class (woody vs. non-woody and bare ground vs. burned areas). An independent set of equally-stratified random points per soil type was used for each class for verification with a postfire UAV mosaicked image (3-cm resolution) (Jaime et al. 2023). 
3. Results of the Random Forest-based classification maps of vegetation cover before and after the fire
The overall accuracy for the RF classification with training samples for major cover types (non-woody, woody, burned, and bare ground) was 94.4% for prefire conditions with a Kappa coefficient of 89.7%. For postfire images, RF classification achieved 92.8% accuracy with a Kappa of 87.8%. User accuracy (UA) ranged from 83.6% for non-woody vegetation to 98.6% for burned areas (Table A1). Furthermore, the producer’s accuracy (PA) ranged from 90.2% for non-woody vegetation to 97.4% for bare ground (Table A1). The non-woody vegetation class consistently showed the lowest UA and PA, whereas bare ground had consistently high UA and PA. Verification of the RF model indicated that the majority of misclassification occurred between woody cover pixels misclassified as non-woody pixels.
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Figure A1. Random Forest supervised classification maps for burn units during the pre-fire season (I-II) and post-fire season (III-IV) in Martin Ranch (MR)

Table A1. Summary of error matrix accuracies for postfire RF classification classes
	
	
	Reference Data

	
	
	Bare Ground
	Non-Woody
	Woody
	Burn
	User’s Accuracy (%)

	Classified data
	Bare Ground
	998
	12
	0
	10
	97.8

	
	Non-Woody
	10
	1091
	128
	75
	83.6

	
	Woody
	0
	48
	1472
	0
	96.8

	
	Burn
	17
	58
	0
	1054
	93.4

	
	Producer’s Accuracy (%)
	97.4
	90.2
	92.0
	92.5
	OA (92.8%)



Using the RF classification, we estimated that 17.6% of the area burned in the Lively burn unit. Of this burned area, 23.4% occurred within the deeper soil (VaB), compared to 14.4% in the very shallow soil (TA). The E6M burn unit had 22.1% of the total burned area, with 25.9% of the burned area within the TA soil and 10.1% within KaB soil. Regarding woody vegetation cover across prefire and postfire seasons, the RF model indicated that woody vegetation cover in the Lively unit was 26.9% during the prefire season and 31.4% during the postfire season. In the EM6 burn unit, 38.9% of the land area was classified as woody cover prior to the fire and 42.1% as woody cover after the fire. Within soil types, prefire woody cover on TA soils was 24.2% in the Lively unit and 38.9% in the E6M unit. For VaB soils, prefire woody cover was 28.3%, and for KaB soil, it was 32% across both burn units. Areas classified as bare ground accounted for 4.5-7.7% within the Lively unit and 3.5-4.3% in the E6M unit before and after the fire, respectively.

Appendix A.2. Generating maps of fire severity dNBR and maps of Voronoi polygons for each sampled location
1. Fire Severity (dNBR) calculation from Copernicus Sentinel-2 postfire imagery.
[bookmark: _Hlk191041155]To evaluate fire severity in burned areas, we used cloud-free Copernicus Sentinel-2  satellite images of the burn units before and after the prescribed fire. From the Sentinel-2 images, we calculated the Normalized Burn Ration ( ) and Difference NBR ( using the NIR (760 - 900 nm, 10-m resolution) and SWIR (2080 - 2350 nm, 20-m resolution) bands to map the extent of fire severity (Roteta et al., 2019; Hu et al., 2021). As shown in Figure A2.1, dNBR values provide insight into fire severity levels. dNBR < -0.1 indicates vegetation recovery, while dNBR between 0.1 and  0.27 represent low to moderate fire severity within burned areas. Using the dNBR image, we extracted the dNBR pixel data from the raster using the “Extract Multi Values to Point” in ArcMap 10.8 for each sampled location in the burned areas. Fire severity values were subsequently included as a covariate in the plant diversity statistical analyses.
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Figure A2.1 Fire severity (dNBR at 10-m resolution) raster maps of burn units at MR.

2. Proximity between the focal sampling point and its immediate neighbors
The R package “dismo” was used to generate the Voronoi polygons (Fig. A2.2), while the “ggvoronoi” package was employed to identify the immediate neighbors of each sampling point (Garrett et al. 2018).

[image: A map of the united states  Description automatically generated] 
Figure A2.2 Voronoi polygons for field sampled points at both burn units in MR.
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