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Figure 7. A sample evaluation plots from the Mixed Pine site predicted by a model built 314 
from training data from the same site, from each other site, and a universal model. 315 
Ground truth boxes are shown in green (A). Individual trees with a predicted probability 316 
greater than 15% are shown in black (B-E). The universal model (F) built from all 317 
annotations slightly outperformed all other models, including the model trained only from 318 m 
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the Mixed Pine site. For example, the boulder in the bottom right corner is incorrectly 319 
classified as a tree by the models trained from Mixed Pine, Alpine, and Eastern 320 
Deciduous sites, but is correctly ignored in the Oak Woodland and Universal models. 321 

 Assessment of the number of hand-annotations needed to improve model 322 

performance, indicated that while some hand-annotated data was important at all sites, 323 

the number of hand-annotated trees needed to improve model performance was 324 

typically relatively small. For example, the recall in the Mixed Pine site was < 0.2 with no 325 

hand-annotated data and was over 0.6 using approximately 2000 hand labeled crowns. 326 

Only minimal gains in performance occurred using up to an additional 2000 hand-327 

annotated crowns. Overall, the shape of the ablation curves suggest that the model is 328 

fairly robust and needs only approximately 1000 crowns in most cases to create a 329 

model close to full performance. The exception is the Alpine model, which improved by 330 

more than 30% after 3,000 crowns. In general, the precision was more robust than 331 

recall, suggesting that the hand annotations mostly improve the predictions of crown 332 

boundaries rather than additional tree locations.   333 

 334 

no 
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Figure 8. Sensitivity curves of the proportion of hand-annotation training data for each 335 
site. Values indicate the number of trees in the training dataset for each cutoff. Shaded 336 
area is the range of results from rerunning the analysis five times for each site. Note 337 
that due to the random sampling among runs, the exact number of trees will vary 338 
slightly. For simplicity, we show the mean number of training trees for each threshold. 339 

DISCUSSION 340 

Airborne tree detection promises to unlock ecological and forestry data at 341 

unprecedented spatial extents compared to traditional ground surveys. To turn remote 342 

sensing data into ecological information, there is a need for a unified tree detection 343 

model that can be applied to a broad array of forest conditions. Using a semi-supervised 344 

deep learning approach, we trained individual tree detection models for four geographic 345 

sites and studied the transferability of tree features among forest types. Our results 346 

show significant improvements over commonly used LiDAR-only implementations. 347 

Despite challenging conditions including overlapping canopies and a range of 348 

acquisition environments, the proposed approach holds promise for automated tree 349 

location and size detection at scale. On average across sites, the universal model 350 

correctly identified crown extent with approximately 65% recall and 70% precision. The 351 

remaining false positives were almost always correctly detected individual trees, but 352 

whose crown boundaries did not meet the intersection over union score of greater than 353 

0.5.  354 

 One goal was to assess the proposed crown detection approach in variety of 355 

canopy conditions to better understand which factors limit performance. We find 356 

performance is best in open environments with large, well-spaced, trees as in the Oak 357 

Woodland site. We had anticipated the performance of the algorithm would be worst at 358 
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the closed canopy Eastern Deciduous site. However, it was at the Alpine site that the 359 

algorithm had the poorest performance, suggesting that short dense trees, rather than 360 

complex, interconnected tree boundaries are the biggest challenge. One possible 361 

explanation is that the trees in the Alpine site are more sensitive to the resolution of the 362 

RGB image due to their small size. Since we use an evaluation metric of intersection-363 

over-union of 0.5, a difference of one pixel is inconsequential for large trees but may 364 

push small trees under the threshold for predicted positive.  365 

One of the advantages of deep learning approaches to tree detection is the potential 366 

to learn cross-site features. We conducted three types of generalization experiments to 367 

assess the transferability among forest types. The first was to use models trained from 368 

one site to predict an unseen site. Prediction to unseen conditions is a challenging task 369 

in computer vision, especially when the sites were specifically chosen to represent 370 

distinct forest types. Overall, we saw a significant decrease in performance between 371 

cross-site and within-site models. This means that generalization between two forest 372 

types without local training data remains unlikely to provide acceptable results. The one 373 

exception was the prediction of the Alpine site, which had superior performance when 374 

predicted by the Mixed Pine site, rather than using the Alpine hand annotations. This 375 

may stem from the difficulty of hand annotating the small trees that are common in the 376 

Alpine site. It is possible that the model was better at transferring the features from the 377 

large conifers in Mixed Pine to the smaller conifers in Alpine than a human was in 378 

annotating the crown boundaries in Alpine. A second possibility is that the significant 379 

heterogeneity in the pretraining data for the Alpine site led to poor results. The LiDAR-380 

based pretraining algorithm did not perform well at this site, with consistent under-381 
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segmentation among small trees. It is possible that the superior quality of the pretraining 382 

data at the Mixed Pine site allowed for better predictions in the Alpine site, compared to 383 

using lower quality data from the same site.  384 

To provide the model with more information on local tree conditions, we conducted 385 

transfer learning experiments to assess whether models pretrained at other sites could 386 

be used in conjunction with training data from a local to site to fine tune the model to 387 

that site. We find that building from existing models of tree detection is a promising 388 

avenue towards cross-site generalization. Adding only a small amount of local training 389 

data greatly increased performance and nearly recovered performance of the within-site 390 

model. The results were mostly logical; combining pretraining from a deciduous site 391 

(e.g. Oak Woodland) to predict another deciduous site (e.g. Eastern Deciduous) is 392 

better than using pretraining from a coniferous site (e.g. Alpine). This opens up the 393 

possibility of regional tree detection models that connect ecotypes based on their 394 

dominant canopy structure and species.  395 

 The ultimate goal of the proposed approach is to move toward a single unified 396 

model that can produce individual tree predictions in a variety of ecosystems. Our 397 

analysis shows promising results for a universal model trained from all pretraining and 398 

hand annotations from every site. In all sites, a universal model provided equivalent or 399 

better predictions than a within-site model, with improvements of up to 20% in one site. 400 

Given that the sites were selected to be as different as possible, and encompass a 401 

range of tree canopy conditions, this result highlights the ability of convolutional neural 402 

networks to learn flexible deep features. We expect that as more sites are included, the 403 

universal model will continue to improve. This means that a way forward is to combine 404 
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pretraining from as many sites as possible. Given that each NEON site has millions of 405 

trees, and there are dozens of sites with trees collected annually, there is a possibility of 406 

pretraining on continental scale. Further work is needed to know the balance between 407 

the number of training images per site and the number of sites to most efficiently train 408 

generalized features. 409 

In addition to universal model development, transferring knowledge beyond the 410 

NEON sites may be useful for many applied problems. It is currently unknown to what 411 

extent features learned from the 0.1 m resolution data used here can be applied to 412 

lower resolution satellite data (Karlson et al., 2014) or higher resolution UAV data 413 

(Brieger et al., 2019). Cross resolution training has not been fully explored in 414 

environmental remote sensing, but Li et al., (2018) recently showed that deep learning 415 

networks can learn scale invariant land classifications that can be matched among data 416 

sources. Given the ability to collect virtually unlimited pretraining data using our semi-417 

supervised approach, NEON sites can be seen as an ideal training sources for RGB 418 

tree models that could then be applied to other data types.   419 

 Our semi-supervised deep learning method uses LiDAR-based pretraining and 420 

RGB deep learning to perform individual tree segmentation (Weinstein et al. 2019). The 421 

NEON Airborne platform also collects hyperspectral information that may improve 422 

generalization across sites with similar species composition. Due to foliar and physical 423 

properties, tree species often have distinct spectral signatures which may facilitate 424 

distinguishing adjacent tree crowns. Hyperspectral features for tree species 425 

classification are relatively common (e.g. Maschler et al., 2018), but few papers have 426 

focused on integrating hyperspectral data into tree detection alongside other sensors. 427 
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Hyperspectral data is available for all NEON sites, and we utilized a three-band 428 

composite image to assist in annotating the Eastern Deciduous site (Figure 9), 429 

illustrating the usefulness of hyperspectral data to distinguish adjacent tree crowns with 430 

human vision. Choosing the best way to represent high-dimensional hyperspectral data 431 

in conjunction with the LiDAR and RGB data is non-trivial and will be important for 432 

improvements in individual tree detection at broad scales. 433 

 434 

Figure 9. Composite hyperspectral image and corresponding RGB image for the 435 
Eastern Deciduous site. The composite image contained near infrared (940nm), red 436 
(650nm), and blue (430nm) bands. Forests that are difficult to segment in RGB imagery 437 
may be more separable in hyperspectral imagery due to the differing foliar chemical 438 
properties of co-occurring trees.  439 

 Methods to extract ecological information from airborne sensors are maturing 440 

due to advancements in computer vision, data availability and sensor quality. Given our 441 

results, what are the strengths and limitations ecologists should consider when adding 442 

airborne-derived data? Our results, and prior works (Aubry-Kientz et al., 2019), suggest 443 

that small and subcanopy trees will likely be overlooked. We therefore expect that 444 

studies in which the results are driven by the upper canopy, sun-exposed trees will 445 

benefit the most from remote sensing at broad scales. For example, the total amount of 446 

biomass in most forests depends strongly on the largest trees and will be less sensitive 447 
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to potential non-detections of smaller subcanopy trees (Asner et al., 2012, Stegen et al. 448 

2011, Bastin et al. 2018). The inclusion of RGB data may benefit existing large-scale 449 

LiDAR-based studies of tree growth (Caughlin et al., 2016), taxonomy (Féret and Asner, 450 

2012) and disturbance (Garcia Millan and Sanchez-Azofeifa, 2018), since improved 451 

individual segmentation will lead to a more accurate matching of individual trees to 452 

metadata on taxonomy and health status. Studies of post-landscape disturbance, such 453 

as post-fire, will be aided by the broader perspective of airborne data, as well having 454 

significantly reduced risk compared to field surveys in recently burned forests. Most 455 

disturbances, such as fire and windstorms, alter the size distribution of forests, including 456 

large trees, and thus our approach can provide valuable, detailed landscape scale 457 

information about disturbance intensity and impacts (Kamoske et al., 2019). To address 458 

these questions, we envision a future in which airborne data on tree locations and sizes 459 

are a complement to local field surveys in broadening the scale of sampling in complex 460 

landscapes. 461 
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