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Abstract 

Precise crown segmentation is essential for assessing structure, competition, and produc-
tivity in agroforestry systems, but delineation is challenging due to canopy heterogeneity 
and variability in aerial imagery. This study analyzes how flight height and orientation 
affect segmentation accuracy in an agroforestry system of the Peruvian Amazon, using 
RGB images acquired with a DJI Mavic Mini 3 Pro UAV and the instance-segmentation 
models YOLOv8 and YOLOv11. Four flight heights (40, 50, 60, and 70 m) and two orien-
tations (parallel and transversal) were analyzed in an agroforestry system composed of 
Cedrelinga cateniformis (Ducke) Ducke, Calycophyllum spruceanum (Benth.) Hook.f. ex 
K.Schum., and Virola pavonis (A.DC.) A.C. Sm. Results showed that a flight height of 60 m 
provided the highest delineation accuracy (F1 ≈ 0.88 for YOLOv8 and 0.84 for YOLOv11), 
indicating an optimal balance between resolution and canopy coverage. Although 
YOLOv8 achieved the highest precision under optimal conditions, it exhibited greater 
variability with changes in flight geometry. In contrast, YOLOv11 showed a more stable 
and robust performance, with generalization gaps below 0.02, reflecting a stronger adapt-
ability to different acquisition conditions. At the species level, vertical position and crown 
morphological differences (Such as symmetry, branching angle, and bifurcation level) di-
rectly influenced detection accuracy. Cedrelinga cateniformis displayed dominant and 
asymmetric crowns; Calycophyllum spruceanum had narrow, co-dominant crowns; and Vi-
rola pavonis exhibited symmetrical and intermediate crowns. These traits were associated 
with the detection and confusion patterns observed across the models, highlighting the 
importance of crown architecture in automated segmentation and the potential of UAVs 
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combined with YOLO algorithms for the efficient monitoring of tropical agroforestry sys-
tems. 

Keywords: Calycophyllum spruceanum; Cedrelinga cateniformis; Virola pavonis; crown; forest 
monitoring; remote sensing; YOLO 
 

1. Introduction 
Tree crown architecture influences light interception, canopy structure, and compe-

tition, making crown characterization a key element for forest and agroforestry manage-
ment [1]. In agroforestry systems, crown size and spatial arrangement regulate shading 
patterns that affect crop photosynthesis and biomass accumulation, thereby conditioning 
system productivity [2–5]. Consequently, accurate crown delineation is essential for both 
ecological assessment and management-oriented applications. 

Traditionally, tree crown area has been estimated using ground-based measurements 
combined with geometric assumptions or optical methods such as hemispherical photog-
raphy [6–8]. Although these approaches provide valuable information, they are time-con-
suming, require intensive field effort, and are susceptible to observer-related variability, 
limiting their applicability over large or structurally complex areas. 

Recent advances in UAV (Unmanned Aerial Vehicle)-based remote sensing, particu-
larly when integrated with AI-driven segmentation models, have substantially improved 
the accuracy and efficiency of crown measurements [9–11]. UAV platforms enable the ac-
quisition of very high-resolution imagery at relatively low cost and with high operational 
flexibility, allowing for both fine-scale analysis of individual tree crowns and broader as-
sessments of stand structure across forests and agroforestry landscapes [12,13]. As a re-
sult, UAV-based crown segmentation has become an indispensable tool for forest moni-
toring, driving the development of automated and scalable delineation methods [14,15]. 

Despite these advantages, individual tree crown (ITC) delineation in agroforestry 
systems remains highly challenging due to structural heterogeneity and mixed-species 
composition. Shaded coffee and cocoa plantations, silvopastoral systems, and mixed or-
chards often present overlapping canopies, variable crown density, complex shadow pat-
terns, and fluctuating illumination, which obscure crown boundaries and reduce segmen-
tation accuracy [16,17]. These difficulties are further intensified by interspecific differences 
in crown architecture, leaf phenology, and spectral response. 

Several studies have shown that UAV flight height is a critical factor controlling the 
quality of individual tree crown detection and segmentation, mainly through its influence 
on ground sampling distance (GSD) and the apparent crown size in imagery [11,13,18]. 
Lower flight altitudes produce finer spatial resolution; however, excessively high image 
resolution does not necessarily improve deep learning performance, particularly in struc-
turally heterogeneous canopies [13,18]. Conversely, higher flight altitudes (i.e., coarser 
spatial resolution) reduce the level of spatial detail available and may decrease detection 
and delineation accuracy [11,13]. Overall, these findings indicate a trade-off between spa-
tial resolution and model performance, highlighting the need to identify a balanced or 
optimal flight height [11,18]. In addition, flight-line orientation relative to tree arrange-
ment or crop row direction influences the quality of UAV-derived products; aligning 
flight paths with row direction can improve geometric and radiometric consistency and 
facilitate canopy structure characterization [19]. 

YOLO (You Only Look Once) is a one-stage object detection model that rapidly pre-
dicts bounding boxes and object masks in a single pass [20]. Beginning with YOLOv8, the 
architecture introduced an anchor-free detection head combined with advanced backbone 
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and neck designs, enhancing feature extraction and optimizing the balance between accu-
racy and speed [21]. 

Several studies have shown that YOLO model variants, both in their native imple-
mentations and in modified versions, offer competitive and often superior performance 
compared to widely used object detectors, particularly in terms of the trade-off between 
accuracy and inference speed. For instance, DS-YOLOv8 has demonstrated significant im-
provements in detecting small, multiple, and partially occluded targets through the incor-
poration of modules such as DCN_C2f (Deformable Convolutional Network with Cross-
Stage Partial connections), SC_SA (spatial–channel self-attention), and the Wise-IoU loss 
function. These enhancements enabled DS-YOLOv8 to outperform models such as SSD 
(Single Shot MultiBox Detector), Faster R-CNN (Region-based Convolutional Neural Net-
work), and earlier YOLO versions (v3 and v5) across several remote sensing benchmark 
datasets, including RSOD, NWPU VHR-10, DIOR, and VEDAI, while maintaining high 
processing speeds of approximately 93 fps [22]. Similarly, in weed detection applications, 
YOLOv9 achieved the highest mAP@0.5 values, whereas YOLOv11 provided the fastest 
inference times, surpassing two-stage detectors such as Faster R-CNN and demonstrating 
improved generalization under limited training data conditions [23]. In infrastructure in-
spection tasks, particularly for solar panel monitoring, YOLO-based architectures—espe-
cially YOLOv8-m—have also shown superior performance relative to traditional convo-
lutional neural networks, achieving high levels of accuracy and sensitivity [24]. Collec-
tively, these studies highlight the suitability of YOLO models for applications that require 
an efficient balance between accuracy, computational efficiency, and robustness in com-
plex visual environments. 

In general, the YOLO model has recently been increasingly applied to solve problems 
in forest sciences. For example, it has been used for the fast and accurate detection of dead 
trees in protected forests [25], as a real-time detector of structural defects in trees (such as 
cracks and holes) [26], and for the rapid and precise detection of forest fires [27]. It has 
also been applied for the individual detection of trees in forest environments using LiDAR 
data acquired from drones [28], for detecting and counting oil palm trees in high-resolu-
tion aerial images [29], and for identifying and quantifying shoots of Eucalyptus clones in 
plantation forests [30]. Furthermore, YOLO has been employed for the automatic detec-
tion of stacked Eucalyptus logs in storage yards using field video recordings [31,32]. 

Recent studies have applied YOLO models to tree detection in different Peruvian 
contexts. For instance, in the Peruvian Amazon, the use of UAV imagery combined with 
YOLO models has proven effective for detecting and delineating individual tree crowns 
in complex forest environments. One study focused on wax palms, a culturally and eco-
logically significant species, showing that YOLO architectures can adapt well to heteroge-
neous canopy structures and provide reliable results for species mapping and forest mon-
itoring [33]. In urban contexts, deep learning models such as YOLOv5 have been success-
fully applied to aerial and ground-level images to detect and geolocate street trees [34]. 
Despite the high segmentation capacity, studies in agroforestry systems of the Peruvian 
Amazon remain scarce. 

Agroforestry is especially prominent in the Peruvian Amazon, where it is promoted 
as a strategy to curb deforestation and improve sustainability on small farms [35]. The 
Amazon region’s hot, humid climate (lowland rainforests and submontane forests) pro-
vides ideal conditions for diverse agroforestry systems. Smallholder farmers commonly 
establish multi-strata agroforests that mimic the structure of natural forests: perennial 
crops like cacao or coffee form an understory beneath a canopy of mixed tree species 
[36,37]. For example, cacao (Theobroma cacao) is typically grown under 50%–60% shade 
cover, which farmers achieve by planting fast-growing shade trees around the cacao rows 
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[38,39]. Coffee (Coffea arabica) is grown under a diversified shade canopy as part of agro-
forestry systems [40,41]. 

In the agroforestry systems of the Peruvian Amazon, a wide diversity of native tree 
species is commonly employed. Calycophyllum spruceanum (Benth.) Hook.f. ex K.Schum. 
(capirona) is valued in agroforestry systems (AFSs) for its rapid growth, high-quality tim-
ber, and its tall, well-defined crown, which allows for adequate light penetration for un-
derstory crops such as cacao and coffee. Its crown architecture, together with its condition 
as a light-demanding pioneer species, supports its use in restoration and silvicultural 
practices [42,43]. Cedrelinga cateniformis (Ducke) Ducke (“tornillo”) plays a key role as an 
upper-canopy species in AFSs. Its broad and moderately dense crown provides interme-
diate shade that facilitates the coexistence of crops and pastures. Additionally, its rapid 
juvenile growth, high timber value, and contributions to microclimate regulation and sys-
tem structure justify its frequent integration into agroforestry and silvopastoral arrange-
ments [17,44–46]. Virola pavonis (A.DC.) A.C. Sm. (“cumala”) is incorporated into AFSs, 
particularly in humid or flood-prone areas, due to its adaptation to waterlogged soils and 
its symmetrical crown architecture, which provides canopy stability and coverage. Its in-
creasingly demanded timber adds economic value to its ecological function within the 
system [47]. 

Under this context, we hypothesize that both flight height and flight orientation sig-
nificantly influence the accuracy of individual tree crown (ITC) segmentation in structur-
ally heterogeneous agroforestry systems of the Peruvian Amazon. Previous studies have 
shown that image resolution and flight height strongly affect ITC detection and delinea-
tion in forests and plantations [13], but the combined effects of flight geometry and mod-
ern one-stage instance-segmentation models have not yet been systematically evaluated 
in tropical agroforestry canopies. Specifically, the objectives of this study were: (i) to quan-
tify how UAV flight height and orientation jointly affect ITC segmentation accuracy in a 
multi-strata agroforestry system, (ii) to compare the performance and calibration behavior 
of YOLOv8 and YOLOv11 instance-segmentation models under these varying acquisition 
conditions, and (iii) to characterize the crown morphology of the forest species and ana-
lyze how these traits influence crown segmentation. 

2. Materials and Methods 
2.1. Study Site and Species 

The study was carried out in an agroforestry system located in the Peruvian Amazon, 
specifically in the district of San Juan Bautista, province of Maynas, Loreto region. The 
reference coordinates are 3.939641° S and 73.418874° W, at an elevation of 116 m above 
sea level. The study area corresponds to the “El Dorado” Experimental Annex of the San 
Roque Agricultural Experimental Station, which is managed by the National Institute of 
Agricultural Innovation (INIA). In this area, a warm-humid climate typical of the lowland 
Amazon prevails, with temperatures ranging from 21 °C to 33 °C, an annual mean tem-
perature of approximately 26–27 °C, and an annual precipitation of about 3000 mm, con-
centrated mainly between November and May [48]. The predominant soils exhibit clay-
loam and loamy-sand textures, strong acidity (pH 4.5–4.77), and organic matter levels be-
tween 0.80% and 1.77%, categorized as low to moderate [44,49]. These edaphoclimatic at-
tributes are characteristic of the lowland Amazonian terraces, geomorphological units 
formed by ancient alluvial deposits and defined by deep, highly weathered soils subjected 
to intense leaching due to the region’s high rainfall. As a result, these soils exhibit low 
chemical fertility, accumulation of exchangeable aluminum, and moderate drainage, con-
ditions that create humid and stable environments favorable for the development of ba-
rillal forests and agroforestry systems representative of the Peruvian Amazon. 
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The agroforestry system (AFS) was established on an area of 1 hectare and is 11 years 
old. The genetic material used for its establishment originated from botanical seeds col-
lected from trees located in the natural forests surrounding the study area [50]. The system 
is composed of forest species such as C. spruceanum (49 individuals), C. cateniformis (92 
individuals) and V. pavonis (81 individuals); along with a fruit species, Theobroma cacao L. 
(118 individuals) and a forage species, Centrocema macrocarpum Benth. The forest compo-
nent was established following a rectangular planting design, with a spacing of 5 × 15 m 
between plants and rows; the fruit component was planted between the tree rows at 5 m 
intervals (Figure 1). 

Structurally, the forest component exhibits a well-defined vertical stratification. C. 
cateniformis occupies the upper canopy layer and acts as the dominant species, presenting 
a diameter at breast height (DBH) of 26.07 ± 8.22 cm (8.6–43.2), a crown diameter (CD) of 
7.74 ± 1.91 m (2.1–11.79), a crown height (CH) of 10.22 ± 2.11 m (5.7–15.8), and a total height 
(TH) of 16.16 ± 2.99 m (8.1–22). C. spruceanum forms the intermediate stratum, with a DBH 
of 15.93 ± 6.34 cm (4.6–30.2), a CD of 5.39 ± 2.55 m (1.1–11.81), a CH of 8.72 ± 2.81 m (2.8–
16), and a TH of 13.14 ± 3.92 m (4.8–20.6). In contrast, V. pavonis occupies the lower stra-
tum, with a DBH of 9.85 ± 5.67 cm (2.1–29.6), a CD of 3.18 ± 1.88 m (0.45–10.1), a CH of 
4.06 ± 2.14 m (0.6–11), and a total height (TH) of 6.42 ± 3.08 m (0.9–15.4). These marked 
differences in size, crown architecture, and vertical position create a heterogeneous forest 
environment, providing a representative framework for evaluating and segmenting indi-
vidual tree crowns under mixed canopies. 

The methodological workflow for UAV-based individual tree crown segmentation in 
the agroforestry system is presented in Supplementary Figure S1. Experimental condi-
tions were defined considering four flight heights (40–70 m) and two flight orientations 
(parallel and transversal), and RGB nadir images were acquired. The images were orga-
nized according to the flight configuration, and individual tree crowns were annotated 
using instance segmentation with the support of smart polygon tools and manual refine-
ment; subsequently, the data were prepared through automatic orientation correction, 
resizing, and export to the YOLO format, and were split into training, validation, and test 
sets. YOLOv8 and YOLOv11 models were trained for each configuration and evaluated 
using precision, recall, F1-score, and AP@50 metrics, with optimal confidence thresholds 
selected. Finally, a comparative analysis was conducted by integrating field-assessed 
crown morphological traits through Multiple Correspondence Analysis (MCA) to evalu-
ate the relationship between crown structure and segmentation performance. 

2.2. UAV Image Acquisition 

The aerial survey was conducted from 16 to 21 May 2025, under stable atmospheric 
conditions, with clear and sunny skies, between 11:00 a.m. and 1:00 p.m. The flights were 
carried out using a remotely piloted aircraft system (RPAS), model DJI Mavic Mini 3 Pro, 
equipped with an integrated RGB camera featuring a 1/1.3″ CMOS sensor, 12 MP resolu-
tion, f/1.7 aperture, and a fixed focal length of 8.8 mm [51]. The flights were configured 
with an 85% frontal (longitudinal) and lateral (transverse) overlap, ensuring the evalua-
tion of all trees in the plot. The photographs were captured at the highest quality available 
on the equipment (4032 × 2268 pixels). 

The planning and execution of the flights were carried out using the DroneLink ap-
plication [52], installed on a mobile device connected to the aircraft’s remote controller. 
The missions were flown at altitudes of 40, 50, 60, and 70 m, in two orientations relative 
to the row arrangement of the system: parallel (P), following the direction of the rows, and 
transversal (T), crossing the rows perpendicularly (Figure 1). Both orientations were in-
cluded to account for potential differences associated with image acquisition geometry in 
row-based systems (i.e., the spatial arrangement of forest species within the agroforestry 
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system), which may influence crown visibility and segmentation performance under dif-
ferent illumination and viewing conditions. Rather than assuming visually evident differ-
ences in individual images, acquisitions in both flight directions were designed to system-
atically assess whether flight orientation affects model performance at different flight al-
titudes. Each height–orientation combination represented an independent dataset (e.g., 
“40-P”, “50-T”), generating georeferenced RGB imagery suitable for individual tree anal-
ysis and stand-level mapping (Figure 1). Table 1 presents the operational characteristics 
of each combination of flight height and orientation. Mission durations ranged from 6 min 
and 58 s to 14 min and 53 s, depending on the programmed altitude and the number of 
flight paths required. These missions captured between 117 and 343 images, while the 
spatial resolution (GSD) ranged from 1.08 to 1.89 cm/pixel, demonstrating the direct rela-
tionship between flight height and the level of detail obtained in the imagery. 

 

Figure 1. Flight design developed to evaluate the effect of flight height (40, 50, 60, and 70 m) and 
flight orientation relative to the row arrangement of the system (parallel—P and transversal—T) on 
crown segmentation quality. In the images, a rectangular white panel can be observed, which cor-
responds to a ground reference scale measuring 0.8 × 1.2 m and was used as a spatial reference in 
the study area. 

Table 1. Operational characteristics of each combination of flight height and orientation for the de-
tection of Amazonian tree crowns in agroforestry systems. 

Flight Height  
(m) 

Flight  
Orientation Duration (mm:ss) N° of Images 

GSD  
(cm/Pixel) 

70 
Parallel 07:21 118 1.89 

Transversal 06:58 117 1.89 

60 
Parallel 08:54 165 1.62 

Transversal 08:03 159 1.62 

50 Parallel 10:12 210 1.35 
Transversal 10:18 227 1.35 

40 Parallel 14:53 343 1.08 
Transversal 14:06 331 1.08 
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2.3. Ground Truth and Dataset Organization 

The photographs obtained during the flight missions were uploaded to the Roboflow 
server (https://app.roboflow.com), selecting the segmentation option for processing. Da-
taset was partitioned into 70% training, 20% validation, and 10% test, the split was per-
formed at the image level (patch-based split), ensuring that each image was assigned ex-
clusively to one of the three subsets. Individual tree crowns were annotated as instance-
segmentation polygons using the Roboflow Annotate tool. The annotation process began 
with the Smart Polygon tool, which employs a Segment Anything–based model to gener-
ate an initial crown mask from a single click. Annotators evaluated the algorithmically 
generated contours in real time and refined them by adding or removing regions so that 
each mask accurately matched the crown boundaries visible in the UAV imagery. In cases 
where crowns exhibited irregular shapes, such as serrated margins, dispersed leaf clus-
ters, or internal canopy gaps, the polygon complexity was increased to adequately capture 
these structural features. For larger crowns or in situations where Smart Polygon was un-
able to correctly delineate the boundaries, annotators provided a bounding box to guide 
the segmentation process. 

When Smart Polygon could not effectively distinguish interlaced canopies or crowns 
with sparse foliage, the manual Polygon tool was used. At high magnification, annotators 
meticulously traced each crown vertex by vertex, following the contours of branches and 
foliage while ensuring clear separation between neighboring crowns to generate distinct, 
non-overlapping instances. This procedure prioritized accuracy over speed, as the preci-
sion of crown delineations would directly influence subsequent crown area estimations. 

Annotations were performed independently for each flight height–orientation com-
bination (e.g., 70-P, 70-T, 60-P, 60-T). Table 2 presents the number of annotated tree crown 
instances by flight height and orientation for C. spruceanum, C. cateniformis, and V. pavonis. 
Differences in the number of annotated crowns among the different configurations reflect 
variations in crown visibility and detection performance associated with image acquisi-
tion parameters, rather than differences in the surveyed area, as all datasets correspond 
to the same study site. The table shows that, at lower flight heights, the total number of 
annotated crowns tends to decrease, which is primarily related to the reduced spatial cov-
erage per image. In contrast, higher flight heights provide greater spatial coverage, allow-
ing a larger number of crowns to be included within each scene. In addition, the table 
highlights the effect of flight orientation on crown detectability at the same flight height, 
showing that parallel and transversal configurations do not provide the same level of vis-
ibility for all species, which underscores species-specific responses to image acquisition 
geometry. 

Table 2. Number of annotated tree crowns by species, flight height, and flight orientation for the 
segmentation of Amazonian tree crowns in agroforestry systems. 

Flight 
Height (m) 

Flight  
Orientation 

C. spruceanum C. cateniformis V. pavonis 

70 Parallel 1483 2953 2177 
Transversal 1691 3171 2102 

60 Parallel 2162 3720 3076 
Transversal 1191 2228 1572 

50 Parallel 602 981 925 
Transversal 872 1524 1301 

40 Parallel 248 433 402 
Transversal 404 680 612 
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2.4. Segmentation Models and Training 

We trained instance-segmentation models for each flight condition (40, 50, 60 and 70 
m; parallel and transversal) using two modern families that natively predict per-instance 
masks and class labels: YOLOv8 Segment (exposed in Roboflow 3.0 as Roboflow 3.0 In-
stance Segmentation) and YOLOv11 Segment. Both support mask-based instance segmen-
tation and are commonly distributed in multiple sizes; we selected the Extra Large size to 
maximize accuracy, as Roboflow’s recent guidance notes that the Extra Large configura-
tion is the most accurate among the available sizes for detection and segmentation [53]. 
Adhering to pretraining-specific resizing and normalization steps significantly improves 
downstream task accuracy in remote sensing applications [54]. In our case, UAV images 
were resized to 640 × 640 pixels, and the Auto-Orient option was applied to correct image 
orientation based on EXIF metadata. This preprocessing step standardizes the resolution 
and visual orientation only, without altering the geometric content or the UAV flight path. 
The original 4032 × 2268 frames were uniformly rescaled to 640 × 640 pixels (not tiled or 
cropped), so tree crowns are not truncated by the input size. This input size follows the 
standard configuration recommended for YOLO models, providing a good balance be-
tween spatial detail and computational cost. 

To shorten convergence and provide strong, generic boundary priors, each run was 
initialized from a public MS-COCO instance-segmentation checkpoint. In our training 
logs the checkpoint is recorded as COCOx-seg, corresponding to the best COCO segment 
model available in the gallery of public checkpoints (Best-Common Objects). Using a 
COCO-pretrained segment backbone is a standard practice for YOLO-based models and 
aligns with Ultralytics’ distribution of weights that are pretrained on the COCO dataset 
[55]. 

2.5. Evaluation Metrics 

The performance of the models was evaluated using standard instance-segmentation 
metrics, following the automated workflow provided by the Roboflow platform. During 
training, Roboflow automatically performed internal evaluation of each model after every 
epoch using the validation set, generating real-time precision (Equation (1)), recall (Equa-
tion (2)), and F1-score (Equation (3)) curves across the full range of confidence thresholds. 
The platform recommended an optimal confidence threshold that balances precision and 
recall; we adopted this operating point for each model–dataset pair. Final headline metrics 
were computed on the independent test set using the optimal-confidence threshold se-
lected from validation. This workflow followed Roboflow’s evaluation guidance on se-
lecting the threshold that yields the best precision/recall/F1 trade-off for production. Fur-
thermore, we also assessed Average Precision at 50% Intersection over Union (AP@50) 
(Equation (4)). 

The training and validation learning curves (loss functions, precision, recall, and 
mAP) were analyzed to monitor the model’s learning dynamics. This analysis provided 
insights into convergence behavior and performance stability, complementing the static 
evaluation metrics and ensuring a comprehensive assessment of detection and segmenta-
tion performance throughout the training process. 

The corresponding mathematical formulations of the evaluation metrics are pre-
sented below: 

Precision: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 (1) 

Recall: 
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𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 (2) 

where: 

• True Positive (TP): a crown correctly predicted with sufficient overlap with the 
ground-truth mask. 

• True Negative (TN): absence of a crown correctly predicted (less relevant in instance 
segmentation). 

• False Positive (FP): a predicted crown with no corresponding ground-truth instance. 
• False Negative (FN): a ground-truth crown missed by the model. 

F1 Score: 

𝐹𝐹1 =
2 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 × 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

 (3) 

Average Precision at 50% Intersection over Union (AP@50) 

𝐴𝐴𝐴𝐴@50 = � 𝑝𝑝(𝑟𝑟)
1

0
 𝑑𝑑𝑑𝑑 with 𝐼𝐼𝐼𝐼𝐼𝐼 ≥ 0.5 (4) 

where p(r) is precision as a function of recall. 
To evaluate model robustness, the generalization gap (G) was calculated as the abso-

lute difference between the F1-scores obtained on the validation and test sets for each con-
figuration (height × orientation × model), as defined in Equation (5). Small gap values in-
dicate consistent performance across datasets and better generalization capability, 
whereas larger values reflect sensitivity to flight parameters and potential model instabil-
ity. 

G  =  | F1Validation  −  F1Test | (5) 

2.6. Comparative Analysis 

To evaluate the effect of flight height and orientation on segmentation performance, 
we conducted a comparative analysis using the trained YOLOv8 and YOLOv11 models. 
First, we compared model performance across the four flight heights (40, 50, 60, and 70 m) 
and both flight orientations. For each height–orientation combination, we computed the 
average F1-score, precision, and recall to assess whether orientation affected crown delin-
eation quality. 

In addition, we calculated a generalization gap, defined as the absolute difference 
between validation and test F1-scores within the same agroforestry dataset, as an internal 
measure of model robustness under varying flight conditions. We then examined the re-
lationship between F1-score and the optimal confidence threshold using scatterplots to 
characterize model calibration patterns and identify threshold ranges associated with bal-
anced performance. The distributions of optimal confidence thresholds were also summa-
rized with boxplots for validation and test sets to compare calibration consistency across 
models, heights, and orientations. 

Finally, we evaluated species-level performance for C. cateniformis, C. spruceanum, 
and V. pavonis. Because these species differ in crown architecture and canopy density, re-
porting species-specific metrics allowed us to determine how crown structure influenced 
segmentation accuracy. For the best-performing flight height, confusion matrices were 
generated to analyze classification accuracy at the species level. All line plots, heatmaps, 
scatterplots, and boxplots were produced in RStudio (v. 4.3.3) [56] using the ggplot2 pack-
age [57]. 
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2.7. Crown Morphological Assessment and Integration with UAV Segmentation Accuracy 

The morphological characterization of the crowns of the three species studied was 
performed using Multiple Correspondence Analysis (MCA). This multivariate technique 
is suitable for simultaneously examining categorical variables and exploring structural 
patterns in qualitative data sets, making it a more appropriate alternative than methods 
such as PCA, which require continuous data and linear relationships. 

The morphological dataset consisted of 259 individuals belonging to C. spruceanum, 
C. cateniformis and V. pavonis, evaluated in the field using a standardized protocol. For 
each tree, five categorical variables related to crown architecture were recorded, based on 
descriptors adapted from Galera et al. [58] and Kong et al. [59] variables were evaluated: 

1. Vertical structure: Suppressed, intermediate, codominant, and dominant. 
2. Bifurcation position, recorded according to its height relative to the crown: lower 

third, middle third, upper third or absence of bifurcation. 
3. Crown symmetry, Classified as asymmetric (uneven distribution of branches around 

the trunk) or symmetric (equal lateral extension). 
4. Branching angle, Right (branch insertion close to 90°), intermediate (branch insertion 

between 30° and 60°), or acute (branch insertion less than 30°). 
5. Branch thickness, expressed as the relative diameter of branches to trunk insertion: 

thick (>50%), medium (25%–50%), or thin (<25%). 

All variables were recoded as factors prior to the analysis to ensure their correct in-
terpretation within the MCA framework. The analysis was performed using the MCA 
function from the FactoMineR package in RStudio [56]. This procedure generated a facto-
rial space in which individuals (trees) were represented as points and the categories of 
each variable as vectors, allowing for the visualization of the joint structure of the dataset 
and the identification of morphological groupings among species. The results were visu-
alized through a biplot generated with the fviz_mca_biplot function from the factoextra 
package [60], where a color scheme was applied for each species and clustering ellipses 
were added to facilitate the interpretation of structural affinities. 

Finally, the patterns identified through the MCA were examined alongside the per-
formance metrics obtained from the YOLOv8 and YOYOv11 models. This comparison al-
lowed us to identify elements of crown architecture associated with segmentation accu-
racy and cross-species confusion trends. In this way, the MCA provided a complementary 
framework to understand how morphology influences detectability in UAV imagery and 
the behavior of crown segmentation models. 

3. Results 
3.1. Effect of Flight Height and Orientation on Model Performance 

The evaluation of segmentation performance across different flight heights and ori-
entations revealed clear patterns in both models (Table 3 and Figure 2). At 40 m height, 
performance differences between models and orientations were evident. YOLOv11 in par-
allel orientation achieved relatively high and balanced accuracy, with F1-scores of 0.812 
in validation and 0.805 in testing, supported by precision and recall values around 0.80. 
In contrast, its transversal configuration produced notably lower results (0.743 and 0.744). 
YOLOv8 showed the opposite pattern: parallel orientation yielded its lowest performance 
(0.739 and 0.737), while transversal orientation improved results to 0.767 in validation and 
0.797 in testing, indicating that orientation played a decisive role at this height. 

At 50 m, YOLOv11 demonstrated stable behavior across orientations, with parallel 
runs reaching 0.815 and 0.820 in F1-scores, and transversal runs slightly higher (0.817 and 
0.824). YOLOv8, however, displayed greater variability: while transversal orientation pro-
duced competitive results (0.799 and 0.814), parallel orientation dropped considerably, 
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with F1-scores of 0.770 in validation and only 0.712 in testing, highlighting the model’s 
sensitivity to flight geometry at this height. 

At 60 m, both models achieved their highest accuracy. YOLOv8 in parallel orientation 
reported the overall maximum across the study (F1 = 0.878 in validation; 0.886 in testing), 
with precision and recall values of 0.896 and 0.878, respectively. Its transversal configura-
tion also performed strongly (0.849 and 0.852). Similarly, YOLOv11 showed substantial 
improvements at this height, reaching 0.837 and 0.832 in parallel, and slightly higher val-
ues in transversal (0.856 and 0.843). These results confirm 60 m as the optimal height, of-
fering the best balance between crown detail and canopy coverage. 

At 70 m, performance remained robust but slightly lower than at 60 m. YOLOv11 
maintained comparable results in both orientations, with F1-scores around 0.813, while 
YOLOv8 achieved similar outcomes in parallel (0.797 and 0.813) and slightly superior re-
sults in transversal (0.818 and 0.832). 

Table 3. Performance metrics of Yolov8 and Yolov11 as a function of flight height and orientation 
in the detection of amazonian tree crowns. 

Height Orientation Model 
Validation Test 

F1 Score Precision Recall F1 Score Precision Recall 

40 
Parallel 

YOLOv11 0.8120 0.8310 0.7920 0.8050 0.8020 0.8130 
YOLOv8 0.7390 0.7780 0.8010 0.7370 0.7920 0.6920 

Transversal 
YOLOv11 0.7430 0.8520 0.7980 0.7440 0.7680 0.7280 
YOLOv8 0.7670 0.8670 0.7170 0.7970 0.8130 0.7820 

50 
Parallel 

YOLOv11 0.8150 0.8480 0.8010 0.8200 0.8630 0.7830 
YOLOv8 0.7700 0.8300 0.8370 0.7120 0.6980 0.7270 

Transversal 
YOLOv11 0.8170 0.8480 0.8190 0.8240 0.8910 0.7700 
YOLOv8 0.7990 0.8450 0.7830 0.8140 0.8690 0.7670 

60 
Parallel 

YOLOv11 0.8370 0.8990 0.9280 0.8320 0.8100 0.8560 
YOLOv8 0.8780 0.8910 0.9110 0.8860 0.8960 0.8780 

Transversal 
YOLOv11 0.8560 0.8980 0.8610 0.8430 0.8700 0.8210 
YOLOv8 0.8490 0.8740 0.8650 0.8520 0.9060 0.8070 

70 
Parallel 

YOLOv11 0.7930 0.8400 0.8950 0.8130 0.8100 0.8170 
YOLOv8 0.7970 0.8640 0.8840 0.8130 0.8380 0.7900 

Transversal 
YOLOv11 0.7980 0.8560 0.8190 0.8130 0.8300 0.7980 
YOLOv8 0.8180 0.8670 0.7940 0.8320 0.8780 0.7930 

Taken together, the results highlight two complementary patterns: YOLOv8 reached 
the highest absolute accuracy under optimal conditions (60 m, parallel) but exhibited 
greater fluctuations across height, particularly at 40 and 50 m. YOLOv11, by contrast, did 
not achieve the same peak values but offered more stable and consistent performance, 
with F1-scores above 0.80 in nearly all scenarios. The heatmap (Figure 3) shows the abso-
lute difference between validation and test F1-scores (generalization gap) for YOLOv8 and 
YOLOv11 across flight heights and orientations. Lower values indicate better generaliza-
tion (i.e., more consistent performance between validation and test). 

Results reveal a marked contrast between models. YOLOv11 consistently exhibited 
very small gaps (0.001–0.020) across all scenarios, confirming its robustness and stable 
calibration. Even at challenging heights (e.g., 40 m transversal or 70 m parallel), differ-
ences between validation and test remained minimal (<0.02), highlighting the model’s 
ability to maintain reliable accuracy across acquisition conditions. By contrast, YOLOv8 
displayed higher variability, with gaps ranging from as low as 0.003 (60 m transversal) to 
as high as 0.058 (50 m parallel). These fluctuations confirm its sensitivity to flight 
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parameters: while YOLOv8 reached the overall maximum accuracy (F1 = 0.886 at 60 m 
parallel), it also suffered larger discrepancies between validation and test at lower or in-
termediate heights. 

 

Figure 2. Comparative performance of YOLOv8 and YOLOv11 instance segmentation models 
across flight heights (40, 50, 60, and 70 m) and orientations (parallel vs. transversal) in agroforestry 
crown delineation tasks. Each panel shows validation or test results, with F1 score, precision, and 
recall reported as functions of height and flight orientation. 

 

Figure 3. Heatmap of the generalization gap (absolute difference between validation and test F1-
scores) for YOLOv8 and YOLOv11 across flight heights (40–70 m) and orientations (parallel vs. 
transversal). 
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Supplementary Figure S2 summarizes the training dynamics at 60 m flight altitude. 
YOLOv8 exhibited smooth and stable convergence in both orientations, with steadily de-
creasing training and validation losses and precision and recall consistently above 0.85, 
indicating robust learning stability and minimal overfitting. YOLOv11 showed less stable 
convergence patterns overall, particularly under transversal orientation, where fluctua-
tions in validation losses and metrics were more evident. Nevertheless, its parallel orien-
tation achieved smooth and consistent convergence, approaching the stability observed 
in YOLOv8 and yielding competitive final precision, recall, and mAP values. 

3.2. Effect of Confidence Threshold on Model Performance 

These results show that confidence threshold calibration differed fundamentally be-
tween models. The scatterplots with trend lines (Figure 4) show distinct relationships be-
tween the F1-score and the optimal confidence threshold for the two models. YOLOv8 
exhibited a strong inverse association: its highest F1-scores were achieved when thresh-
olds were set at very low values (often below 10%), while configurations requiring higher 
thresholds (>60%) corresponded to lower F1 performance. This pattern suggests that 
YOLOv8 maximized recall by allowing predictions with relatively low confidence to be 
retained but at the cost of unstable calibration across conditions. In contrast, YOLOv11 
displayed a more balanced and consistent behavior. In the validation set, confidence 
thresholds remained largely independent of F1 performance, while in the test set the rela-
tionship was only mildly negative. This indicates that YOLOv11 maintained reliable per-
formance without requiring extreme adjustments to the threshold. 

 

Figure 4. Scatterplots showing the relationship between F1-score and optimal confidence thresholds 
for YOLOv8 and YOLOv11 across validation (left) and test (right) sets. Regression lines highlight 
contrasting calibration patterns: YOLOv8 exhibits a strong negative association, requiring low 
thresholds to reach higher F1-scores, while YOLOv11 maintains more stable confidence ranges with 
weaker dependence on F1. 

The boxplots (Figure 5) highlight these contrasting calibration dynamics. YOLOv11 
demonstrated compact and well-defined distributions of optimal confidence values, with 
interquartile ranges consistently clustered around 35%–45% for both validation and test. 
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This narrow spread reflects stable calibration, meaning that YOLOv11 could operate ef-
fectively under a relatively fixed confidence regime regardless of flight height or orienta-
tion. By contrast, YOLOv8 displayed markedly broader distributions, with thresholds 
ranging from as low as 3%–5% in transversal orientations to over 70% in parallel flights at 
lower heights. Such wide variability underscores its sensitivity to acquisition parameters: 
although YOLOv8 achieved the single highest F1-score in the study (0.886 at 60 m paral-
lel), this performance came at the expense of requiring highly variable thresholds that may 
limit operational robustness. 

An F-test comparing the variances of F1-scores confirmed that YOLOv8 exhibited 
higher variability than YOLOv11 in both validation (σ2 = 0.0021 vs. 0.0011) and test sets 
(σ2 = 0.0033 vs. 0.0009), although the differences were not statistically significant (p > 0.05). 

 

Figure 5. Boxplots of optimal confidence thresholds for YOLOv8 and YOLOv11 in validation (left) 
and test (right) sets. YOLOv11 displays compact and consistent distributions (interquartile range 
~35%–45%), reflecting robust calibration, whereas YOLOv8 shows wider variability (3%–70%) de-
pending on flight height and orientation, underscoring its sensitivity to acquisition conditions. 

Supplementary Figure S3 shows how F1, precision, and recall vary with confidence 
threshold in validation (left) and test (right) sets. YOLOv8 reached its best F1-scores at 
very low thresholds (7%–23%), particularly in transversal flights, reflecting its recall-ori-
ented calibration. In contrast, YOLOv11 achieved optimal balance at moderate thresholds 
(46%–71%), indicating more stable and consistent calibration across orientations. 

3.3. Species-Specific Performance Across Heights and Orientations 

Figure 6 summarizes the species-level AP@50 across flight heights and orientations 
for both YOLOv8 and YOLOv11, in validation (bottom panels) and test sets (top panels). 
Clear trends emerged, with the highest accuracies consistently observed at 60 m, regard-
less of model or species. For instance, in the test set, both YOLOv8 and YOLOv11 reported 
peak AP@50 values above 95% for C. spruceanum and C. cateniformis under parallel orien-
tation, while V. pavonis also reached competitive results (>90%) at this height. 

At lower heights (40–50 m), performance showed greater variability across species 
and orientations. In the validation set, YOLOv8 exhibited a marked decline in C. 
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spruceanum under transversal flights at 40 m (AP@50 < 80%), while YOLOv11 showed 
more balanced results, maintaining values closer to 85%–90% for most species. At 70 m, 
AP@50 values remained high for all species (>85%) in both validation and test, but a slight 
decrease relative to 60 m confirmed that the intermediate height provided the best balance 
between crown resolution and canopy coverage. 

YOLOv11 consistently displayed smoother and more stable responses across heights, 
whereas YOLOv8 achieved the highest absolute peaks in the test set but also exhibited 
stronger fluctuations depending on species and orientation. These patterns highlight that, 
although species morphology (broad crowns vs. emergent forms) influenced detection ac-
curacy, flight height was the dominant factor, with 60 m consistently outperforming other 
settings. 

 

Figure 6. Species-specific crown segmentation accuracy (AP@50) of YOLOv8 and YOLOv11 models 
under agroforestry conditions, evaluated across flight heights (40, 50, 60, and 70 m) and orientations 
(parallel vs. transversal). Results are reported for both validation and test datasets, with separate 
panels for each model showing performance on C. spruceanum, V. pavonis and C. cateniformis. 

Figure 7 compares the species-level confusion matrices for YOLOv8 and YOLOv11 
at 60 m flight altitude, expressed as percentages. Both models correctly classified the ma-
jority of crowns for C. cateniformis, which consistently showed the highest diagonal values 
in both validation and test sets, reflecting its distinctive and well-defined crown morphol-
ogy. For YOLOv8, detection of C. spruceanum and V. pavonis was also strong but exhibited 
slightly higher confusion, particularly under transversal orientation. In contrast, 
YOLOv11 produced more balanced results across species, with fewer drastic changes be-
tween validation and test sets. Its parallel orientation achieved the most consistent 
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performance, maintaining high true-positive rates for all three species and minimal cross-
class confusion. 

 

Figure 7. Confusion matrices (%) of YOLOv8 and YOLOv11 at 60 m drone flight height under par-
allel and transversal orientations, in validation (left) and test sets (right). 
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3.4. Characterization of the Crown Morphology of Forest Species 

The morphometric analysis revealed clearly differentiated structural patterns among 
the three evaluated species (Table 4). Regarding vertical structure, C. spruceanum consisted 
mainly of codominant individuals (55.1%), whereas C. cateniformis was dominated by 
trees in the dominant stratum (53.3%). In contrast, V. pavonis exhibited a predominance of 
suppressed individuals (49.4%). 

Bifurcation position also showed marked contrasts: both C. spruceanum (46.9%) and 
C. cateniformis (78.3%) displayed a high frequency of bifurcation in the middle third of the 
crown, although this pattern was more pronounced in the latter. V. pavonis, on the other 
hand, was characterized by an almost complete absence of major bifurcations (96.3%). 

Crown symmetry further distinguished the species. C. spruceanum and V. pavonis 
showed a strong tendency toward symmetric crowns (69.4% and 84%, respectively), 
whereas C. cateniformis had a slightly higher proportion of asymmetric crowns (54.3%), 
consistent with its laterally expansive growth form. 

Branching angle also exhibited distinct patterns: C. spruceanum had almost exclu-
sively acute-angled branches (98%), while C. cateniformis and V. pavonis were dominated 
by intermediate-angled branches (98.9% and 95.1%, respectively). 

Finally, branch thickness showed a general tendency toward medium-sized branches 
across all species, although with different intensities: medium branches were predomi-
nant in C. spruceanum (63.3%), highly prevalent in C. cateniformis (81.5%), and also domi-
nant in V. pavonis (65.4%). This latter species also exhibited the highest proportion of thin 
branches (34.6%), consistent with its reduced dominance within the canopy. 

Table 4. Distribution of frequencies and percentages of tree crown morphological traits in an agro-
forestry system of the Peruvian Amazon. 

Variable Categories C. spruceanum C. cateniformis V. pavonis 
Frequency Percentage Frequency Percentage Frequency Percentage 

Vertical 
structure 

Suppressed 3 6.12 0 0 40 49.4 
Intermediate 9 18.4 4 4.35 33 40.7 
Codominant 27 55.1 39 42.4 8 9.88 

Dominant 10 20.4 49 53.3 0 0 

Bifurcation 
position 

Bifurcation in lower third 0 0 0 0 0 0 
Bifurcation in middle third 23 46.9 72 78.3 1 1.23 
Bifurcation in upper third 14 28.6 19 20.7 2 2.47 

No bifurcation 12 24.5 1 1.09 78 96.3 
Crown 

symmetry 
Asymmetric crown 15 30.6 50 54.3 13 16 
Symmetric crown 34 69.4 42 45.7 68 84 

Branching 
angle 

Right-angled branches 0 0 0 0 3 3.7 
Acute-angled branches 48 98 1 1.09 1 1.23 

Intermediate-angled branches 1 2.04 91 98.9 77 95.1 

Branch 
thickness 

Thick branches 3 6.12 5 5.43 0 0 
Medium branches 31 63.3 75 81.5 53 65.4 

Thin branches 15 30.6 12 13 28 34.6 

Multiple correspondence analysis (MCA) explained 36.2% of the variability in the 
data in the first two components (Component = 21.3%, Component = 14.9%; Figure 8). The 
qualitative traits of the crown produced a clear separation of the three species into par-
tially distinct groups. C. spruceanum (Blue) was located predominantly in the upper part 
of the plot, associated with codominant individuals exhibiting acute branching angles, 
and bifurcation in the upper third, indicating a narrow, tall crown positioned in the upper 
canopy layer. C. cateniformis (Red) was concentrated in the lower-left zone of the plot, 
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associated with dominant trees characterized by asymmetric crowns, bifurcation in the 
middle third, and medium branch thickness, features typical of broad and laterally expan-
sive crowns. V. pavonis clustered in the lower-right area of the biplot, linked to intermedi-
ate or suppressed individuals with symmetric crowns, absence of major bifurcation, and 
normally angled branches, representing a regular, balanced crown with lower vertical 
dominance. 

 

Figure 8. Multiple Correspondence Analysis (MCA) Biplot of Crown Architecture: Species cluster-
ing based on vertical structure, crown symmetry, branching angle, bifurcation level, and branch 
thickness. Colored points represent individual trees, with each color corresponding to one of the 
three species (C. spruceanum, C. cateniformis and V. pavonis). Black triangular markers denote the 
categorical levels of the morphological variables included in the analysis. The ellipses illustrate the 
multivariate clustering patterns associated with each species. 

4. Discussion 
4.1. Effect of UAV Flight Parameters on Crown Segmentation Accuracy 

A key finding of our study was that an intermediate flight height (~60 m) provided 
the highest crown segmentation accuracy. At this altitude, image resolution was sufficient 
to capture fine canopy-structural details, whereas flying lower (e.g., 40 m) did not yield 
further improvements. This pattern aligns with previous studies showing that segmenta-
tion accuracy increases as ground sampling distance (GSD) decreases, up to a point where 
higher resolutions no longer offer substantial benefits. For example, [11] reported that 
tree-crown detection accuracy peaks with high-resolution UAV imagery (a few centime-
ters per pixel) and declines once the GSD exceeds ~0.1 m. Similarly, [18] found that 
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detection performance was optimal when each crown occupied roughly 800–12,800 pixels, 
while overly coarse resolutions (<25 pixels) resulted in substantial crown omissions. Like-
wise, [61] documented that resampling UAV orthomosaics from 2 cm to 70 cm GSD pro-
gressively increased the discrepancies between segmented crown areas and ground-truth 
values. These results are consistent with the expectation that higher flight heights lose the 
fine canopy detail needed for accurate crown-boundary delineation. They also indicate 
diminishing returns at very low altitudes, a pattern similar to that reported by [62], who 
observed that flying at ~20 m tended to overestimate crown size, whereas an intermediate 
height of around 60 m was optimal for young oil palm stands. 

In our study, we acquired exclusively nadir imagery and varied only the flight-line 
orientation (parallel vs. transversal). Under these controlled conditions, orientation had a 
secondary effect on crown delineation: the highest performance was obtained at 60 m, and 
within that height, parallel trajectories yielded slightly better results, although differences 
between orientations were generally modest. These variations can be attributed to the in-
teraction between flight-path geometry and the structure of the agroforestry system. Par-
allel flights, which follow the row direction, tend to generate cleaner and more aligned 
crown footprints, as well as more homogeneous shadow patterns. This reduces the appar-
ent overlap between neighboring crowns and facilitates boundary detection. In contrast, 
transversal flights accentuate cross-row overlap and produce more irregular shadow pat-
terns, which likely explains the slight reduction in segmentation accuracy observed for 
this orientation. This behavior is consistent with [19], who demonstrated that aligning 
flight lines with the crop-row direction reduces motion blur and shadow occlusion, 
thereby improving canopy reconstruction. Similar importance of flight-path geometry has 
been highlighted in other UAV applications, such as construction-site inspection, where 
optimized flight-line planning enhances the quality of 3D reconstructions and reduces oc-
clusions during aerial surveys [63]. 

Although our analyses focused exclusively on nadir imagery, complementary evi-
dence suggests that the viewing angle also influences crown delineation. Several studies 
have shown that oblique imagery can be advantageous in complex or overlapping cano-
pies, as it captures three-dimensional crown profiles that nadir views may overlook [64]. 
While oblique acquisition was not employed in this study, these findings point to a prom-
ising direction for future research in agroforestry systems with greater structural com-
plexity, where integrating nadir and oblique perspectives could mitigate boundary ambi-
guity and reduce problems of under- and over-segmentation. 

4.2. YOLOv8 vs. YOLOv11: Comparative Segmentation Performance 

Several studies have demonstrated the potential of YOLO models for tree crown de-
lineation using UAV imagery. For example, applying YOLOv5 to LiDAR data acquired 
by UAV achieved an F1-score of 0.74, outperforming traditional forest parameter–based 
methods [65]. Earlier versions, such as an enhanced YOLOv4 applied to canopy height 
models derived from LiDAR, reported recall and precision values of 83.6% and 81.4%, 
respectively [66], demonstrating their effectiveness for individual tree detection in forest 
environments. In this study, F1-score values were similar to or higher than those previ-
ously reported (Table 3), confirming the strong capability of YOLO models to accurately 
segment tree crowns in tropical agroforestry systems. 

The comparison between YOLOv8 and YOLOv11 reveals a trade-off between maxi-
mum accuracy and consistency across conditions. YOLOv8 achieved the highest accuracy 
under optimal conditions (particularly at 60 m flight height and with parallel trajectories, 
where crown scale was ideal), with F1-scores near 0.88. However, its performance fluctu-
ated notably with changes in height and orientation: at lower altitudes (40–50 m), where 
crowns appear larger and more overlapped, YOLOv8 showed substantial decreases in 
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accuracy. In contrast, YOLOv11 did not reach the maximum peak achieved by YOLOv8 
but exhibited far more stable performance, maintaining F1-scores above 0.80 across most 
scenarios. This suggests that YOLOv11’s architectural enhancements provide greater ro-
bustness to variations in image scale and viewpoint. 

A fundamental difference between the two models lies in the design of the detection 
head. YOLOv8 uses an anchor-free approach, predicting object centers on a grid without 
predefined anchor boxes [67]. While this scheme can improve speed and localization for 
moderately sized objects, our results show that it struggles with small or densely overlap-
ping crowns. This limitation has been documented in the literature; for example, Sun et 
al. [68] proposed YOLOv8E, a refined version designed to improve segmentation of small 
and medium-sized crowns in dense canopy structures. Conversely, YOLOv11 incorpo-
rates several architectural innovations, such as the C3k2 module, an improved SPPF neck, 
and a combined channel–spatial attention block (C2PSA), that enhance multiscale feature 
extraction and attention to relevant spatial details [69]. These improvements explain its 
greater stability and precision in detecting small or partially occluded crowns, as reflected 
in our experiments. 

In summary, YOLOv11 addresses several of the limitations observed in YOLOv8. 
While YOLOv8 can achieve exceptional accuracy under ideal conditions, its sensitivity to 
scale and angle variations can lead to missed detections when crowns approach the limits 
of the model’s resolution. Therefore, although YOLOv11 performed slightly below 
YOLOv8 in the ideal case (60 m, parallel flight), it consistently outperformed YOLOv8 in 
more challenging scenarios, which is particularly relevant for operational agroforestry 
monitoring, where drone flight conditions are not always constant. 

Previous studies also support the suitability of YOLO detectors for this task. For in-
stance, YOLOv3 was used to detect and measure pine crowns, achieving a high corre-
spondence with ground-truth measurements (R2 ≈ 0.94) [70]. Similarly, YOLOv5-based 
models have outperformed traditional forestry algorithms relying on handcrafted fea-
tures [65]. Recent literature also highlights efforts to improve YOLOv8 and YOLOv11 for 
crown detection. For example, an optimized YOLOv8 variant (YOLOv8E) achieved a 
mean Average Precision of 32.2% (AP50–95) on a complex urban forest dataset after mod-
ifying the model to address weaknesses in detecting small and overlapping crowns [68]. 
Likewise, an enhanced YOLOv11 variant (YOLOv11-OAM), which incorporated addi-
tional modules, achieved a notable 11.4% improvement in mAP@0.5, reaching 93.1% in a 
multi-species orchard dataset [69]. These findings confirm that, although both models are 
powerful, their performance can be significantly improved through domain-specific ad-
aptations. 

Deep learning models are known to exhibit sensitivity to random weight initializa-
tion, which can introduce variability in performance, particularly when training on rela-
tively small datasets [71]. In this study, this potential source of variation was mitigated by 
initializing all models from COCO-pretrained weights and by applying consistent train-
ing protocols across all configurations. Moreover, the very low generalization gaps ob-
served between validation and test sets (≤0.02 for YOLOv11 and ≤0.058 for YOLOv8) in-
dicate stable model behavior across independent evaluation datasets, supporting the ro-
bustness of the reported results and suggesting that the main conclusions are not driven 
by random seed effects. 

Although multiple independent training runs with different random seeds were not 
conducted, the consistency of the observed performance patterns across flight heights, 
flight orientations, and model architectures further supports the reliability of the compar-
ative trends identified in this study. In particular, the identification of an optimal flight 
height and the contrasting behavior between YOLOv8 (higher peak accuracy but greater 
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variability) and YOLOv11 (slightly lower peak accuracy but higher stability) remained 
coherent across all evaluated configurations. 

Crown segmentation methods based on canopy height models (CHMs) or 3D point 
clouds derived from LiDAR or photogrammetry, combined with techniques such as local 
maxima detection, watershed segmentation, or object-based image analysis, have been 
widely used [12,15,16,60,61,72]. However, these approaches typically require LiDAR data 
or high-quality photogrammetric reconstructions, as well as intensive parameter tuning. 
Moreover, our species-level differences confirm that crown morphology remains a limit-
ing factor [12,60,72–74], indicating that YOLO-based approaches should be viewed as 
complementary tools rather than replacements for traditional methods in structurally 
complex agroforestry landscapes. 

The visual analysis of the video obtained at a flight altitude of 60 m under parallel 
orientation revealed notable differences in segmentation behavior between the YOLOv8 
and YOLOv11 models (Supplementary Video S1). The YOLOv8 model produced a smaller 
number of detections but with more defined contours that closely matched the actual 
crown boundaries, reflecting higher geometric precision and a lower incidence of over-
segmentation. In contrast, YOLOv11 exhibited a greater number of detections and higher 
sensitivity to variations in texture and illumination, capturing partially shaded or densely 
overlapping crowns, although with a tendency toward boundary fusion and false detec-
tions in areas of high structural heterogeneity. These differences suggest that YOLOv8 
emphasizes spatial specificity and morphological fidelity of individual crowns, whereas 
YOLOv11 prioritizes overall canopy coverage, providing broader detection at the expense 
of lower accuracy in individual tree delineation. Nevertheless, despite these differences, 
some crowns remained undetected by either model, highlighting the need for continued 
research to evaluate the generalization capacity and field efficiency of the developed mod-
els, as well as to explore methodological alternatives that could enhance accuracy in crown 
assessment and delineation. 

4.3. Species-Specific Cup Morphology and Its Effect on Segmentation 

In agroforestry systems, trees are often planted in more regular arrangements than 
in natural forests; however, the coexistence of multiple forest species with annual or per-
ennial crops generates varying levels of competition for light, water, and nutrients. These 
interactions directly influence crown development, resulting in species-specific differ-
ences in crown area that must be captured through robust segmentation, as they are cen-
tral to understanding both ecological dynamics and management outcomes. 

Species-specific segmentation results align closely with previous research emphasiz-
ing that tree crown morphology, particularly crown shape, size, and isolation, is a primary 
determinant of detection accuracy, often exerting greater influence than sensor type or 
algorithm selection. Similar findings were reported by Gan et al. [11], who demonstrated 
that segmentation accuracy is strongly governed by crown shape. In their study of a tem-
perate mixed forest, Acer shirasawanum, characterized by broad and horizontally spread-
ing crowns, achieved the highest Mask R-CNN F1-scores, whereas Acer nipponicum, with 
a more compact and columnar crown, was detected with much lower accuracy. Despite 
sharing similar leaf morphology and taxonomic proximity, the two maple species differed 
markedly in segmentation success due to structural variation in crown architecture. Con-
sistently, TLS-based analyses have shown that 3-D crown morphology can deviate sub-
stantially from simple allometric expectations as a function of neighborhood competition 
and species composition, further underscoring that fine-scale differences in crown archi-
tecture have disproportionate impacts on tree-level metrics and inference [75] 

Consistent evidence is provided by Hastings et al. [72], who found that crown archi-
tecture significantly influences LiDAR-based mapping accuracy: automated methods 
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tended to perform well in conifer-dominated stands but were less reliable in closed-can-
opy broadleaf forests, where crown irregularity and overlap are more prevalent. Similar 
patterns were reported in a multi-ecosystem evaluation of a multi-layer LiDAR crown 
delineation algorithm, which detected overstory and understory trees more accurately in 
a structurally simpler conifer site than in a dense deciduous broadleaf forest, underscor-
ing the sensitivity of individual-tree mapping to canopy complexity [73]. Conifers, with 
conical and symmetrical crowns, produce distinct canopy peaks and clear edges that fa-
cilitate delineation, whereas broadleaf species often exhibit flattened or fragmented 
crowns, leading to frequent over- and under-segmentation errors. Even in intensively 
managed orchards, irregular trained crowns require tailored UAV-based workflows to 
reliably extract crown width and projection area, highlighting again the challenges posed 
by non-standard crown shapes [74]. Similarly, reports on Prosopis species showed that 
trees with regular canopies exhibited smaller errors between conventional and LiDAR 
measurements [76]. 

In an agroforestry setting, C. cateniformis likely exhibited a degree of local crown shy-
ness; as a taller emergent species, it avoids direct canopy contact with shorter neighboring 
trees, leaving a visible halo or outline in imagery. C. spruceanum, by contrast, appeared to 
lack such separation, its crowns commonly touched or overlapped adjacent trees. This 
interpretation aligns with findings by Sivanandam et al. [77], who emphasized that many 
tree detection methods rely on assumptions of uniformly spaced, non-overlapping 
crowns, and therefore perform poorly in heterogeneous, mixed-species forests. Similarly, 
LiDAR-based segmentation studies in multi-layered stands have shown that vertically 
overlapping crowns markedly reduce individual-tree detection rates because most algo-
rithms implicitly assume a single, well-separated canopy surface [78]. 

At 60 m (parallel flight), Table 5 summarizes the crown morphology derived from 
the MCA for each species together with their segmentation metrics. Although the table 
does not directly demonstrate how vertical position or morphology determine perfor-
mance, it does reveal consistent patterns that suggest associations between crown struc-
ture and model behavior. C. cateniformis, placed by the MCA in the left–lower quadrant 
(asymmetric crowns, mid-crown bifurcation, medium branches, many dominant individ-
uals), exhibited broad, partly emergent canopies and delivered high AP@50 (YOLOv8 
94/96; YOLOv11 94/97) with the lowest confusion for both models. V. pavonis, positioned 
in the right–lower quadrant (symmetric crowns, limited bifurcation, normal/right-angle 
branching), had regular, moderately dense crowns and intermediate AP@50 (YOLOv8 
92/88; YOLOv11 91/89) with low–moderate cross-talk, slightly cleaner in YOLOv11. C. 
spruceanum, mapped to the upper half of the MCA (acute-angled branches; upper-third 
bifurcation; co-dominant), formed narrow, higher-tier crowns and achieved the highest 
AP@50 at this setting (YOLOv8 96/97; YOLOv11 97/98) yet showed more off-diagonal as-
signments than C. cateniformis, mainly boundary leakage into/out of V. pavonis when 
crowns are closely spaced. 

Accumulating evidence shows that each forest or plantation type has its own struc-
tural configuration (in terms of composition, stratification and spatial pattern), which 
makes it necessary to conduct pilot studies to calibrate methods and validate assumptions 
at the local scale before upscaling their use. For example, Weinstein et al. [79] reported 
that when models were trained in one forest type and applied to another, performance 
generally decreased, with better results when forest structures were more similar. Simi-
larly, Sun et al. [66] applied and validated a heightmap–deep learning approach in three 
plot types (nursery, forest landscape and mixed habitat), demonstrating that structural 
differences between plots affected crown detection and that on-site calibration and testing 
improved accuracy prior to scaling. In the same vein, Pucino et al. [80] showed that crown 
segmentation accuracy varies significantly among vegetation classes and that closed-
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canopy forests pose different challenges than thinned areas, reinforcing the need to locally 
adjust methods and parameters through pilot studies. 

Although this work focuses on a Peruvian Amazon agroforestry system, the UAV–
YOLO framework that we develop is not specific to this region or to these three species. 
The selected species are representative of common functional roles and contrasting crown 
architectures in tropical agroforestry (dominant emergent crowns, narrow co-dominant 
crowns and intermediate symmetric crowns), so the methodological insights and recom-
mended flight configurations are expected to be transferable to other tropical agroforestry 
systems, provided that models are retrained on locally representative imagery. 

Table 5. Species-specific crown morphology (MCA), structural descriptors, AP@50, and model-sep-
arated confusion at 60 m (parallel flight lines). 

Species 
MCA-Derived 

Crown Traits (Per 
Dim1/Dim2) 

Structural De-
scription 

(from MCA 
Position) 

YOLOv8 
AP@50 

(Val/Test, 
%) 

YOLOv11 
AP@50 

(Val/Test, 
%) 

Confusion @60 m—
Parallel (YOLOv8) 

Confusion @60 m—
Parallel (YOLOv11) 

C. spruceanum 

Medium branches; 
acute branching an-
gles; upper-third bi-
furcation; often co-
dominant (upper 

half) 

Narrow, 
higher-tier 

crown; 
smaller hori-
zontal projec-
tion; greater 
canopy con-

tact; edges can 
be irregular 

96/97 97/98 

Higher confusion 
than C. cateniformis: 
off-diagonal assign-

ments to V. pavo-
nis/C. cateniformis 
when crowns are 

closely spaced; typi-
cal error is bound-
ary leakage/merg-

ing. 

Higher confusion 
than C. cateniformis 
but generally less 

than YOLOv8: 
cross-class assign-

ments persist at 
cluster edges; cali-
bration is more sta-

ble. 

C. cateniformis  

Asymmetric 
crowns; mid-crown 
bifurcation (second 

third); medium 
branch thickness; 
many dominant 

(left–lower quad-
rant) 

Broad, later-
ally expan-
sive, partly 

emergent can-
opy; well-de-
fined bounda-
ries; crowns 

stand clear of 
neighbors 

94/96 94/97 

Lowest confusion: 
strong main diago-
nal; rare swaps (oc-
casional into V. pav-
onis); robust to local 

crowding. 

Lowest confusion: 
very clean diagonal; 

mislabels are 
rare/sporadic; 

slightly cleaner 
than YOLOv8. 

V. pavonis 

Symmetric crowns; 
no/limited major bi-

furcation; nor-
mal/right-angle 

branching; mostly 
intermediate/sup-

pressed (right 
lower) 

Balanced, reg-
ular crown 

outline; mod-
erately dense 
mid–upper 

canopy; 
smooth 

boundaries 

92/88 91/89 

Moderate crosstalk: 
small bidirectional 

swaps with C. caten-
iformis; few errors 

into C. spruceanum; 
stable at parallel. 

Low–moderate 
crosstalk: similar 

pattern but slightly 
reduced off-diago-

nal mass vs. 
YOLOv8. 

5. Conclusions 
This study shows that UAV flight height is the primary factor controlling individual 

tree crown (ITC) segmentation accuracy in a structurally heterogeneous agroforestry sys-
tem of the Peruvian Amazon. An intermediate altitude of 60 m provided the best balance 
between crown detail and canopy coverage, yielding the highest F1-scores for both 
YOLOv8 and YOLOv11, whereas lower (40–50 m) and higher (70 m) altitudes produced 
more variable and slightly lower accuracies, in line with previous evidence on the joint 
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effects of ground sampling distance and crown size on ITC delineation. Flight orientation 
had a secondary influence: parallel flight lines generally outperformed transversal ones at 
the optimal height, but height clearly dominated the overall performance patterns. 

The comparison between YOLOv8 and YOLOv11 revealed a trade-off between peak 
accuracy and robustness to changing acquisition conditions. YOLOv8 achieved the high-
est single-run test F1-score (≈0.886 at 60 m, parallel), but its performance and confidence-
threshold calibration were more sensitive to flight height and orientation. YOLOv11 
reached slightly lower peak F1-values but maintained an F1 > 0.80 and very small gener-
alization gaps across most configurations, suggesting that YOLOv8 is preferable when 
flights can be tightly controlled around the optimal configuration, whereas YOLOv11 is 
better suited for operational monitoring where flight conditions are more heterogeneous. 

Species-level analyses confirmed that crown morphology and vertical position 
strongly modulate segmentation difficulty. Cedrelinga cateniformis, with broad and partly 
emergent crowns, was segmented and classified with the highest accuracy, while Calyco-
phyllum spruceanum and Virola pavonis, with narrower or more symmetric crowns and 
greater canopy contact, showed higher confusion, consistent with previous reports on the 
role of crown architecture and isolation in ITC delineation. Although our empirical results 
are anchored in a Peruvian Amazon case study, the proposed workflow, combining UAV-
based RGB imagery, YOLO instance segmentation and crown morphological assessment, 
is generic and can be transferred to other tropical agroforestry systems and mixed-species 
forests, provided that models are retrained on locally representative data. Moreover, this 
pilot study provides a methodological foundation for future research explicitly aimed at 
evaluating the generalization of this approach across other agroforestry systems with 
broader structural variability and species composition. Future studies could explicitly in-
corporate repeated training with different random seed values and report average perfor-
mance metrics together with measures of variability, in order to more accurately quantify 
the impact of stochastic initialization effects on model performance. They could also in-
corporate oblique or multi-angle imagery and evaluate the use of low-cost or multispec-
tral LiDAR sensors to improve canopy segmentation and structural characterization in 
diverse agroforestry systems. Likewise, the broader application of these tools could sup-
port silvicultural management, including the planning of thinnings, pruning, and the phe-
notyping of seed trees. 

Supplementary Materials: The following supporting information can be downloaded at: 
https://www.mdpi.com/article/10.3390/f17010087/s1, Figure S1: UAV-Based Workflow for Individ-
ual Tree Crown Segmentation in Agroforestry Systems; Figure S2: Training Dynamics of YOLOv8 
and YOLOv11 at 60 m Flight Altitude under Parallel and Transversal Orientations; Figure S3: Vari-
ation of F1, Precision, and Recall with Confidence Threshold for YOLOv8 and YOLOv11 in Valida-
tion and Test Sets at 60 m Flight Altitude; Supplementary Video S1: Comparative Analysis of 
YOLOv8 and YOLOv11 Segmentation Efficiency in UAV Imagery Acquired from 60 m Parallel 
Flights (DOI: 10.17632/8swxxfrtd9.1). 
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