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Figure 7: Missing person detection inference in autonomous SAR systems (a) Autonomous Flight:
A MAV performs a search mission under the forest canopy. (b) Onboard Inference: Frames captured
by the onboard camera are processed locally on the MAV in real time using a lightweight detection
model. (c) Edge Server Inference: Frames are transmitted via a commercial 5G network to a remote
edge server, where inference is performed using a higher-capacity model.

As a future direction and an ongoing application of ForestPersons, we configured a missing person
detection pipeline for autonomous Search and Rescue (SAR) missions. In this setup, frames captured
by the onboard camera of a Micro Aerial Vehicle (MAV) flying under forest canopy conditions are
processed by detection models trained on ForestPersons, which are deployed either onboard the MAV
or on a remote edge server depending on mission requirements.

These two inference paths are selected based on the trade-off between latency, bandwidth, and
model complexity. For onboard inference, lightweight object detection models such as variants of
YOLO [29] are optimized using tools such as NVIDIA TensorRT or Intel OpenVINO to meet real-
time constraints on resource-limited hardware, which is particularly useful when low-latency response
and independence from network connectivity are critical. In contrast, edge inference allows the use
of more advanced models such as transformer-based state-of-the-art architectures like DINO [38]]. In
this case, video streams are transmitted over a high-bandwidth wireless communication system, such
as 5G, to a remote server with greater computational resources. This enables the use of advanced
detection algorithms that leverage greater computational resources to achieve improved performance
compared to what is feasible on resource-constrained onboard systems.

Figure [7) illustrates this architecture: (a) The MAV autonomously performs a low-altitude search
mission under the forest canopy. (b) Each captured frame is processed in real time onboard using
an optimized lightweight detection model. (c) Alternatively, the video stream is transmitted over a
commercial 5G network to a remote edge server, where inference is performed by a more powerful
model.

Field experiments were conducted under canopy conditions using both mannequins and human actors
to simulate missing persons. In these trials, both onboard and edge inference modes successfully
detected targets in realistic environments, demonstrating the effectiveness of our SAR system and the
applicability of ForestPersons to real-world scenarios.
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B Benchmark Models

B.1 Implementation details

Table 5: Hyperparameter settings for training object detections. Most of the configurations are
followed by the default setting provided by MMDetection and detrex.

Methods Optimizer Learning rate Batch size  Weight decay Epoch
YOLOV3 [30] SGD 1x1073 64 5x 1074 273
YOLOX [31] SGD 1x 1072 64 5x 1074 300
RetinaNet [33] SGD 5x 1073 16 1x1074 12

Faster R-CNN [27] SGD 2 x 1072 16 1x1074 12
SSD [35] SGD 1.5 x 1072 192 4 %1075 120
DETR [37] AdamW 1x1074 16 1x1074 150
DINO [38]] AdamW 1x 1074 16 1x1074 12

In this section, we describe the hyperparameter settings used to train each object detection model for
benchmarking purposes. Table [5|summarizes the configurations for all models. Most hyperparameters
follow the default settings provided by the MMDetection [39] and detrex [40] frameworks, except
RetinaNet, for which we reduced the learning rate compared to the default setting to prevent training
instability observed with higher values.

B.2 Analysis of benchmark models

. .. . .. . Precision-Recall
Given the critical nature of SAR missions, achieving high recision-Recall Curves
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under varying confidence thresholds, offering insight into baseline object detection models.
its sensitivity to recall-focused operating points.

In Figure 8] DINO [38] ( ) consistently maintains high recall even at low confidence thresholds,
whereas SSD [35] (purple) exhibits a clear limitation in its recall capacity. Specifically, even when
all predicted bounding boxes are treated as true positives, its curve saturates below the recall levels
reached by DINO. This indicates a structural limitation in SSD’s detection capability that cannot be
overcome by threshold tuning alone. Such findings indicate that, particularly in SAR contexts, the
upper bound of recall achievable by a model constitutes an essential metric in itself, complementing
traditional aggregate measures such as mAP.

In practice, the confidence threshold is often selected based on the point that maximizes the F1-score,
calculated on a validation or a test set. However, in recall-sensitive domains such as SAR, it may be
more appropriate to deliberately reduce the threshold to prioritize recall, even at the expense of an
increased false positive rate. This strategy aligns with real-world operational considerations, wherein
human operators may prefer investigating more candidate detections rather than risking failure to
detect actual missing persons. Therefore, we argue that the development and evaluation of object
detectors for SAR applications should incorporate not only AP but also (1) the maximum attainable
recall and (2) the recall level at which precision begins to decline sharply. These indicators are closely
tied to the likelihood of successfully locating and rescuing missing persons, and thus serve as critical
performance criteria in SAR applications.
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C Case Study: Successes, Failures, and Future Directions

C.1 Limitations of Generalization from Prior Benchmarks

WiSARD
B T

UAV-based
SAR Dataset

Ground-level
Person Dataset

Figure 9: Failure cases of object detection models trained on prior UAV-based SAR and Ground-
level Person datasets. Green boxes indicate ground-truth bounding boxes, and red boxes represent
model predictions. These examples illustrate the limitations of existing datasets in handling under-
canopy SAR scenarios.

ForestPersons differs from conventional detection benchmarks in several key aspects, including
viewpoint, environmental complexity, and the conditions of human targets. To assess generaliz-
ability, we evaluated models trained on existing SAR datasets and ground-level person datasets
using the ForestPersons test split. Specifically, we selected SARD [12], HERIDAL [10], and WiS-
ARD as representative UAV-based SAR datasets, and COCOPersons [20], CrowdHuman s
and CityPersons [22] as representative ground-level person datasets. For all experiments, we used
Faster R-CNN as the object detection model.

As illustrated in Figure[9] models trained on these existing datasets exhibit limited generalizability
when applied to under-canopy SAR scenarios. This outcome is expected: prior UAV-based SAR
datasets primarily contain aerial images, which differ significantly from the ground-level perspectives
that are characteristic of under-canopy tasks. While ground-level datasets more closely reflect the
viewpoint of MAV flights compared to conventional UAV-based SAR datasets, they still predominantly
feature upright and fully visible individuals. Consequently, they fall short in representing challenging
cases such as non-standing or heavily occluded persons, which are common in forest search scenarios.

C.2 Evaluation on ForestPersons

ForestPersons

Figure 10: Success cases of object detection models trained on ForestPersons. Green boxes
indicate ground-truth bounding boxes, and red boxes represent model predictions. The models trained
with ForestPersons detect the failure case of the models trained with the existing dataset.
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ForestPersons (Failure Cases)

Figure 11: Failure cases of object detection models trained on ForestPersons. Green boxes indicate
ground-truth bounding boxes, and red boxes represent model predictions. Ground-truth instances
with high occlusion or small bounding box size tend to be frequently missed by the detection model.

We then evaluated a model trained on the ForestPersons training split to assess the detection perfor-
mance gains from using data specifically designed to reflect under-canopy SAR conditions. As shown
in Figure [0} the Faster R-CNN model trained on ForestPersons successfully detects missing persons
that were not captured by models trained on prior UAV-based or ground-level dataset. This provides
qualitative evidence that our dataset better suits SAR tasks in under-canopy environments.

We further investigated the factors contributing to prediction failures
on the ForestPersons test set, even when using models trained on
ForestPersons. Specifically, we analyzed the prediction results of a
Faster R-CNN model trained on ForestPersons by visualizing the
confusion matrix, as shown in Figure @ The confusion matrix
summarizes all predictions on the test set and reveals that false
positives significantly outnumber false negatives.

FN: 1073
(4.1%)

TP: 19794

(74.8%)

GT: Positive

FP: 5579

21.1%) TN: N/A

However, given the critical nature of SAR tasks, where false neg-

atives are significantly more detrimental than false positives, we
focused our analysis on ground-truth instances that were classified
as false negatives. Figure [TT|presents visual examples of these cases.
As expected, the model struggled to detect individuals with small
bounding boxes or under heavy occlusion by natural obstacles.

GT: Negative

Pred: Positive Pred: Négative
Figure 12: Confusion matrix
of the object detection model
trained with ForestPersons.

Interestingly, the winter subset yields noticeably fewer false negatives, suggesting that winter images
are generally less challenging for the detection model. A plausible explanation is that individuals
in winter scenes are more visually salient due to the higher contrast between individuals and the
snow-covered background, which facilitates easier detection. This explanation is supported by the
experiment in Table @b, where a model trained exclusively on winter images generalized worse
to the test set than a model trained only on summer images. This indicates that winter images
may lack sufficient variability to support effective generalization, which is why they are easier for
missing person detection, ultimately reducing the likelihood of false negatives. In contrast, summer
images, which often contain dense vegetation leading to various occlusions, contribute more to the
generalization ability of the model. These qualitative and quantitative findings help us understand the
exceptionally low incidence of false negatives in winter images.

C.3 Generalization Failures from Limited Attribute Training

Extending the results shown in Table[d] we further analyzed how restricting training data to specific
attributes, such as pose or season, affects the performance of Faster R-CNN. In Figure [I3] models
trained only on standing poses perform poorly when detecting people in other postures, such as sitting
or lying. These models mainly respond to upright shapes, often mistaking vertical objects like tree
trunks for people, and failing to detect people who are lying on the ground. This shows that the model
has learned to rely too heavily on shape patterns seen during training, and has not been exposed to
enough variation in how missing person actually appear during SAR scenarios.
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Figure 13: Detection cases for models trained with data labeled by specific poses. Green boxes
indicate ground-truth bounding boxes, and red boxes represent model predictions. Each row corre-
sponds to a model, and each column corresponds to the ground truth pose in the test image. Models
trained on a specific pose often fail to detect individuals in other poses and sometimes identify
incorrect regions as humans.
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Figure 14: Detection cases for models trained with seasonal data. Green boxes indicate ground-
truth bounding boxes, and red boxes represent model predictions. Each row shows detection from a
model trained on data from a specific season, while each column represents test data from a particular
season. Models trained on limited seasonal data show clear seasonal bias when applied to scenes
from different seasons, such as failing to detect people or generating inaccurate bounding boxes.

A similar pattern is seen in the seasonal experiments in Figure[T4] Models trained only on summer
images, which contain more vegetation and frequent occlusion, show slightly better generalization to
other seasons. The presence of dense vegetation and natural occlusion in summer scenes appears to
help the model learn features that generalize better to different seasonal environments. However, these
models still produce many errors in winter scenes, such as false positives caused by mistaking snow-
covered terrain for people. In contrast, models trained only on winter images perform significantly
worse in other seasons. Winter scenes usually lack vegetation and have fewer occluding elements,
which limits the diversity of visual cues the model can learn from. As a result, these models often
fail to detect people in summer scenes with dense foliage and complex backgrounds, leading to
frequent false negatives. This tendency is reflected in the confusion matrices shown in Figure [T3]
These findings indicate that the visual properties of each season shape how the model learns and
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Figure 15: Confusion matrices of object detection models trained on summer and winter datasets.

(Left) Summer-trained model; (Right) Winter-trained model.

where it tends to fail, and that training on a single season is not sufficient to ensure robustness across
seasonal conditions.

Unlike models trained on a single season or pose, the model trained on the complete dataset, which
includes a full range of poses and seasonal conditions, performs more reliably, as shown in the last
rows of Figure[T3]and Figure [T4] These results demonstrate the effectiveness of ForestPersons as a
benchmark that reflects the diversity and complexity of real-world SAR conditions. By providing
extensive variation in human pose, occlusion, and environmental factors, ForestPersons supports the
development of more generalizable models and serves as a solid foundation for advancing robust
missing person detection in challenging under-canopy search tasks.

C.4 Limitations Exposed and Directions for Future SAR Detection

Our qualitative analysis highlights the utility of ForestPersons in diagnosing the generalization and
structural limitations of representative detection models in the context of SAR missions. ForestPersons
introduces new challenges by incorporating vegetation-rich environments that frequently cause
occlusion, diverse human poses including non-upright postures, and seasonal conditions such as snow
that are often absent in prior datasets. These findings show that models trained on narrow visual
patterns may seem reliable in simplified test environments but fail to maintain the same level of
reliability when applied to real-world conditions. While ForestPersons was carefully designed to
cover a wide range of poses, occlusion levels, and seasonal conditions, our analysis suggests that
some failure cases may still remain undetected. Dataset diversity is therefore critical for revealing
model limitations, but it alone may not be sufficient.

To address this, complementary approaches such as optimizing viewpoint and trajectory design can
further reduce the inherent difficulty of the detection task and enhance practical performance in
the field. One such approach is viewpoint-aware flight planning, which can support vision models
by improving the visibility of missing persons. By explicitly accounting for the MAV’s camera
field of view, such planning can help ensure that individuals are captured from favorable angles and
distances. In contrast, coarse trajectories that simply follow major roads may expose the model to
less informative and more occluded perspectives. Therefore, alongside the use of diverse datasets
like ForestPersons, flight strategies that structurally facilitate detection should be explored as a
complementary direction, particularly in the context of autonomous SAR missions.

D Data Collection Guidelines

ForestPersons was constructed to reflect realistic search scenarios for missing persons in forested
environments. All video sequences were recorded using handheld or tripod-mounted cameras, in-
cluding GoPro HERO 9 Black, Sony SLT-A57, and See3CAM 24CUG models. The cameras were
positioned to simulate the typical flight altitudes and viewing angles of low-altitude MAV's operating
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under forest canopy, capturing slightly downward-facing perspectives similar to those used in actual
search operations. All recordings were captured at a frame rate of at least 20 FPS, with resolution
settings adjusted depending on the camera model used.

D.1 Locations: Forest Environments Relevant to SAR Missions

All data were collected in forested regions where real-world missing person incidents are likely to
occur. We selected diverse environments including dense forest interiors, valleys, and forest entrances
to reflect typical terrain encountered during SAR missions. These locations span a range of vegetation
density and visibility conditions, from heavily occluded forest interiors to forest edge regions with
sparse vegetation.

Each environment includes natural sources of visual occlusion such as tree branches, underbrush,
uneven terrain, and varying vegetation density. We aimed to incorporate diverse spatial layouts that
challenge missing person detection, including not only typical forest trails but also rocky valleys and
steep slopes covered with dense foliage. This diversity enables the dataset to capture a broad range of
search scenarios encountered in SAR missions.

D.2 Weather and Time of Day

To reflect the environmental diversity encountered in real-world search operations, data were collected
under various weather and lighting conditions. All video sequences were captured during daytime or
twilight hours before sunset, when there was sufficient natural light. Night time scenes were excluded
due to safety concerns during field deployment and the limited effectiveness of RGB-based detection
in low-light conditions.

Weather and seasonal conditions included sunny, overcast, and snow-covered winter environments.
These variations allowed us to capture diverse visual appearances, including strong shadows under
direct sunlight, diffuse lighting on cloudy days, and high reflectance and severe occlusion in snowy
terrain. Each sequence is accompanied by metadata describing both the season and weather, enabling
evaluations under specific environmental contexts.

D.3 Subject Behavior and Capture Strategy

To simulate realistic SAR scenarios, actors in the ForestPersons performed a wide range of behaviors,
including standing, sitting, lying down, and natural transitions between these states. Transitional
poses (e.g., moving from a seated to a standing position) were annotated with the nearest posture
label, typically sitting or standing. Although this labeling may involve some degree of annotator
subjectivity, its impact on the overall data quality is minimal. These behavioral variations reflect the
diversity of human configurations encountered in SAR operations.

Camera platforms included handheld rigs and tripods. To emulate the viewpoint of MAVs operating
under canopy, operators followed movement paths consistent with low-altitude MAV trajectories.
Camera height, angle, and distance were varied within and across sequences to simulate oblique
and horizontal viewpoints. This variation allowed us to capture human subjects from perspectives
representative of realistic aerial search conditions.

A key aspect of our strategy was the active creation of natural occlusion. Rather than using fixed oc-
clusion setups, camera operators navigated around tree branches, bushes, or through dense vegetation
to partially obscure subjects in dynamic and realistic ways. In difficult environments such as snowy
or rainy terrain, where operator movement posed safety risks, the camera was fixed and actors moved
within the frame to simulate occlusion safely.

E Video Sequence-Level Difficulty Estimation

ForestPersons was collected as a set of video sequences, from which image frames were extracted to
construct the final dataset. In this setup, if frames from the same sequence are split across training,
validation, and test splits, it can lead to overestimated model performance. This is because detection
models may implicitly learn scene-specific backgrounds or appearances during training, and then
encounter similar contexts during evaluation, resulting in inflated accuracy that does not reflect true
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Figure 16: Examples across various visibility levels and poses. Images are grouped by visibility
level (rows) and pose (columns), each drawn from distinct scene contexts.

generalization. To avoid such overlap, we split the dataset at the sequence level, ensuring that each
video sequence appears in only one of the train, validation, or test splits.

E.1 Necessity of Difficulty-Aware Data Splitting

A naive approach such as randomly assigning sequences to each split, or manually selecting them
based on subjective judgment (e.g., "easy-looking" or "challenging" scenes), can lead to distributional
bias across splits. For example, one split might inadvertently contain mostly clear and well-lit
scenarios, while another might be dominated by occluded or low-visibility scenes. Such imbalance
can undermine the fairness and interpretability of model comparisons.

To mitigate this issue, we introduced a model-based method for estimating sequence-level difficulty,
providing a principled way to assess and distribute difficulty across the dataset.

E.2 Model-Based Difficulty Estimation

We employed a Faster R-CNN [27]] object detector pretrained on the COCO [20] dataset to estimate
the detection difficulty of each sequence. For each sequence, we applied the detector to all images
and computed the Average Precision (AP). The difficulty score for a sequence s is then defined as:

Difficulty(s) = 1 — APsq(s) (1

Here, APj5((s) denotes the performance of the detector model on sequence s, averaged over all
annotated frames. Higher AP values indicate that the sequence is easier to detect, while a lower AP
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corresponds to more challenging scenes. This formulation provides an objective difficulty measure,
independent of annotator intuition or handcrafted heuristics.

E.3 Difficulty-Aware Dataset Splitting

Based on the estimated difficulty scores, we sorted all video sequences in ascending order of AP
(i.e., increasing difficulty) and allocated them to train, validation, and test splits to ensure balanced
difficulty distribution. For example, sequences were interleaved across splits so that each contained a
diverse mixture of easy, medium, and hard samples.

Difficulty Curve across Train, Validation, and Test Splits
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Figure 17: Difficulty Curve across Train, Validation, and Test Splits

As shown in Figure[I7] the difficulty curve of ForestPersons illustrates that each sequence spans a
range of detection difficulty. Each point corresponds to a video sequence, sorted by its model-based
difficulty score 1 — APy (s). The plot illustrates that the dataset spans a broad range of difficulty
levels, ensuring balanced evaluation across splits.
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