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Highlights

What are the main findings?

• We developed an automated person detection method using Grounding DINO, in
which thermal infrared imagery from fixed-point ground cameras is adapted to UAV
viewpoints through spatial resizing, padding, and position-based augmentation.

• The proposed scheme improved Recall over the baseline in complex, low-contrast envi-
ronments, with padding and position-based augmentation as the dominant contributors,
and it generalized to a completely unseen public dataset through altitude-aware input
rescaling without any retraining.

What are the implications of the main findings?

• The training-data construction strategy addresses the scarcity of UAV-based thermal in-
frared datasets by leveraging easily collectible ground-based imagery, and the approach
generalizes to nighttime acquisition.

• The Grounding DINO-based system supports real-time inference at approximately
24 FPS on a desktop-class GPU, providing a practical technical foundation for nighttime
UAV-based search and rescue operations.

Abstract

The survival probability of persons requiring rescue after large-scale earthquakes or land-
slides decreases rapidly with time, and nighttime search operations are constrained by
limited visibility. Satellite remote sensing enables wide-area observation at night, but
its limited spatial resolution restricts the identification of individual persons. This study
develops an automated method for detecting persons in thermal infrared imagery captured
by Unmanned Aerial Vehicles (UAVs) using the deep learning model Grounding DINO. To
address the limited availability of Unmanned Aerial Vehicle (UAV)-based training data,
thermal infrared imagery captured by fixed-point ground cameras was used for training.
Spatial resizing and padding were applied to emulate UAV viewpoints and mitigate the
ground-aerial domain gap. The proposed model outperformed the baseline on real-world
datasets, with substantial Recall improvements in environments with low thermal contrast.
An ablation study confirmed that spatial resizing, padding, and position-based augmen-
tation each contribute progressively to detection performance. A comparison with the
lightweight YOLOv8n and DETR-based RT-DETR detectors indicated that the Transformer
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architecture alone does not account for reliable detection in scenes with complex ther-
mal noise. This robustness instead derives from the language-grounded semantic priors
of Grounding DINO. An extended evaluation on nighttime imagery indicated that the
proposed approach generalizes to nighttime acquisition.

Keywords: disaster response; deep learning; unmanned aerial vehicle; human detection;
spatial resizing

1. Introduction
In post-disaster search and rescue operations following large-scale earthquakes or

landslides, the survival probability of entrapped victims is strongly governed by the time
elapsed since the hazardous event. This decline is particularly pronounced for victims
trapped beneath collapsed structures or sediment debris. Statistics from the 1995 Great
Hanshin-Awaji Earthquake indicate that the survival probability of individuals requiring
rescue dropped rapidly from 74.9 % on the day of the disaster to 24.2 % the following day,
and further to 5.4 % after 72 h [1,2]. This 72-h threshold is commonly referred to as the
“golden hours”, indicating that search and rescue operations within this timeframe are
essential for maintaining survival probability.

However, in actual disaster scenarios, search and rescue operations conducted at
night are subject to substantial physical and institutional constraints, even within these
golden hours. In particular, both the INSARAG Guidelines [3], issued by the International
Search and Rescue Advisory Group (INSARAG), and the Safety Management Manual
for Firefighting and Emergency Operations [4] prioritize the safety of rescue personnel.
Consequently, when adequate safety cannot be ensured because of poor visibility, such
operations are suspended or scaled down [5,6], resulting in the loss of numerous life-
saving opportunities.

To address this issue, lighting vehicles were deployed to support nighttime search
and rescue operations during the 2018 Hokkaido Eastern Iburi Earthquake and the July
2018 Heavy Rain Disaster, although their effective operational range remained limited [7,8].
In the 2016 Kumamoto Earthquake, the main shock occurred at 01:25, which delayed initial
damage assessment activities, such as the identification of collapsed houses, until the
following morning [9]. In the 2024 Noto Peninsula Earthquake, which occurred at approxi-
mately 16:00, complex disasters including widespread building collapses, large-scale fires,
and road network disruptions significantly constrained both the nighttime deployment of
search and rescue teams and helicopter-based information gathering [10,11].

Against this background, remote sensing technologies have been increasingly em-
ployed to acquire wide-area information even at night, without requiring rescue teams
or investigators to physically enter hazardous disaster zones. Synthetic Aperture Radar
(SAR) is effective for large-scale damage assessment because of its all-weather and day-
and-night observation capabilities. As an active remote sensing system that transmits and
receives microwave signals, SAR visualizes surface conditions independently of daylight
and weather. This capability enables rapid situational assessment immediately after a
disaster. For example, Voigt et al. discussed the importance of Satellite-based Emergency
Mapping (SEM) and reported that mapping is completed within approximately 6 to 8 h
after satellite image acquisition, which allows SEM to be extended to various situations
such as extreme weather events and pandemics [12]. Twele et al. developed a method
that automatically and immediately maps flood areas using Sentinel-1 data even in poor
weather [13]. The use of satellite imagery such as SAR has therefore enabled relatively
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rapid acquisition of information on large-scale disaster conditions. However, because of
limitations in observation frequency and resolution, it is unsuitable for local and imme-
diate searches that identify individual victims [12]. Wang et al. proposed a few-shot
change-detection method that jointly exploits optical and SAR imagery for rapid disaster
response [14]. Arai developed a Generative Adversarial Network (GAN)-based method
that converts SAR images into optical images to facilitate landslide-area detection under
cloudy or nighttime conditions [15].

In contrast, Unmanned Aerial Vehicles (UAVs), which have recently been adopted
across a wide range of application domains, are expected to be effective for victim search
operations. They can also acquire high-resolution disaster information from lower altitudes
and support the rapid mapping of damage. For example, Restas systematized the use of
drones in disaster response. Compared with conventional aircraft and satellites, drones
were reported to be highly effective for situational awareness in forest fires and nuclear ac-
cidents, and for identifying the locations of victims [16]. Turner et al. further demonstrated
that UAVs are effective for high-precision landslide monitoring [17]. VanExel et al. com-
bined UAV and satellite imagery to detect climate-related disasters such as flooding and
desertification using deep convolutional networks [18]. Shukla and Shukla integrated UAV-
based disaster-zone classification with crowd-density estimation to improve situational
awareness in affected areas [19].

Beyond search and rescue, UAV-based deep-learning object detection has been actively
investigated in adjacent application domains. For example, UAV-based monitoring has been
applied to the inspection of power transmission lines [20], agricultural field surveying [21],
and infrastructure damage assessment [22]. These studies share the technical challenge
of detecting small or partially occluded targets in aerial imagery, and the methodological
insights from these adjacent domains have informed the design of detection systems for
disaster response.

Highly maneuverable UAVs are therefore considered suitable for high-frequency data
acquisition at close range, and they are expected to play a crucial role in the victim search
operations that constitute the focus of this study. For example, Lygouras et al. proposed an
automated victim detection framework for search and rescue operations, in which a deep
learning-based human detection model was deployed onboard a UAV [23]. Sambolek et al.
compared and evaluated deep learning-based person detection methods using UAV aerial
imagery and demonstrated the effectiveness of person detection in search and rescue
scenarios [24]. Bejiga et al. demonstrated that victims buried beneath snow or rubble can
be detected using a pre-trained model as a feature extractor, applied to images captured
by UAVs in an environment simulating an avalanche disaster [25]. More recently, Qu et al.
addressed the scarcity of post-disaster imagery by using generative adversarial networks
to synthesize diverse disaster scenes, which improved human detection in UAV-assisted
search and rescue [26].

Robust detection under degraded imaging conditions has also been pursued in UAV-
related tasks, where YOLO-RAW enhances the detection of UAVs under rain, sensor noise,
and motion blur [27]. Open-world recognition frameworks have likewise been developed
to identify previously unseen target categories in remote-sensing imagery, including an
incremental ship-recognition framework that extracts unknown classes while mitigating
catastrophic forgetting [28]. These two directions, namely robustness to degraded imagery
and open-set extensibility, are both pertinent to victim detection in thermal infrared imagery
and motivate the detector adopted in this study.

However, most UAVs are equipped with visible-light cameras. This makes them
effective in daylight but limits their applicability at nighttime disaster sites. The use of
thermal infrared cameras, which operate independently of visible light, is therefore effective
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for nighttime search operations. This study aims to develop a method for automatically
detecting victims from the air using UAVs equipped with thermal infrared cameras under
nighttime search conditions.

The high-precision detection of victims using deep learning models requires a large
and diverse dataset acquired under conditions similar to those encountered during opera-
tion. However, images captured at disaster sites are extremely scarce [23]. Thermal infrared
images are even rarer, and few datasets include poses specific to disaster sites, such as
victims lying on the ground or crouching.

In this study, thermal infrared data captured by fixed-point ground cameras serve as a
substitute for the rare and costly UAV imagery used in training, because such data can be
collected safely and easily. To mitigate the domain gap between ground-view and UAV-
acquired aerial imagery, which arises from differences in perspective and distance, we apply
spatial resizing and padding to the ground-based imagery to emulate UAV altitudes. We
further adopt Grounding DINO, a Transformer-based object detection model, and evaluate
its performance under real-world conditions that include diverse poses commonly observed
at disaster sites, such as lying down and crouching.

The contributions of this study are threefold. First, we propose a training-data con-
struction strategy that adapts thermal infrared imagery captured by fixed-point ground
cameras to the UAV viewpoint through spatial resizing, padding, and position-based aug-
mentation. This strategy addresses the scarcity of UAV-acquired thermal training data for
victim detection. Second, we provide a systematic analysis of the ground-to-aerial domain
gap, including an ablation study that isolates the contribution of each preprocessing compo-
nent. Third, we conduct a comprehensive evaluation covering partial occlusion, nighttime
acquisition, an external public dataset, and comparisons with Convolutional Neural Net-
work (CNN)-based and DETR-based detectors. The novelty of this study therefore lies in
the data-centric adaptation strategy rather than in the detection architecture itself.

2. Methodology
2.1. Study Area and Thermal Infrared Data Acquisition

We assumed a nighttime disaster search and rescue scenario, and captured thermal
infrared data using UAVs equipped with thermal infrared cameras, as well as fixed-point
ground cameras. All data were captured at the Hayashi-cho Campus of Kagawa University
in Japan.

We captured training and validation data using fixed-point cameras at two locations,
specifically the courtyard and the sofa area, which are indicated by the pink frames in
Figure 1. These environments represent open outdoor and indoor spaces with distinct
background temperature distributions. Furthermore, the inclusion of the sofa area enabled
the capture of images containing diverse poses, such as crouching, sitting, and lying down,
in addition to pedestrians.

Test data were captured using UAVs equipped with thermal infrared cameras at
parking lots and sports grounds, which are indicated by the light blue frames in Figure 1.
These sites were configured to represent victim search at actual disaster sites. During data
capture, the scenes included not only pedestrians but also individuals lying on the ground
or partially occluded by objects, representing delayed evacuees or incapacitated persons.

The thermal infrared camera mounted on the UAV operates in the Long-Wave Infrared
(LWIR) band. The captured thermal images have a resolution of 1280 × 960 px and a
thermal sensitivity of less than 50 mK. The flight altitude was set to approximately 20 m.
This altitude enables smooth screening in residential areas without the need to avoid
obstacles, as typical utility poles are 10–15 m high.
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The thermal infrared images used for training and validation were captured using
fixed-point ground cameras operating in the same LWIR band as the UAV-mounted camera.
To reproduce the viewing geometry and height of UAV-based imaging as closely as possible,
image capture was conducted at approximately 4.4 m above ground level in the sofa area
and approximately 9.8 m in the courtyard. This setup enabled the capture of thermal
infrared images containing diverse poses expected at disaster sites, including walking,
crouching, sitting, and lying down. These ground-view images were subsequently utilized
as training and validation data by applying the preprocessing described later to emulate
the person scale observed in UAV-based thermal infrared imagery.

Figure 1. Study sites and experimental data collection areas. The pink frames indicate the locations
where training and validation data were captured using stationary thermal infrared cameras, corre-
sponding to the courtyard and the sofa area. The light blue frames represent the areas where test
data were captured using a UAV-mounted thermal infrared camera, corresponding to the parking lot
and the sports ground. The background aerial photograph was obtained from GSI Maps [29].

2.2. AI-Based Victim Detection Method

We adopted Grounding DINO [30], a Transformer-based object detection model,
for victim detection in thermal infrared images. Grounding DINO is an open-set object
detection model that enables the detection of arbitrary objects by processing image and
text information multimodally.

In addition to its architectural advantages over CNN-based detectors, Grounding
DINO was selected over alternative detection paradigms for two practical reasons specific
to disaster-response scenarios. First, the open-set detection capability of Grounding DINO
enables future extension to disaster-specific concepts such as “injured person” or “crawling
victim” through prompt modification, without the need for additional model retraining.
By comparison, closed-set detectors such as YOLO [31], Faster R-CNN [32], and recent
DETR variants [33] require retraining for any new target class. Second, the integration of the
BERT-based text encoder with the visual backbone allows the model to incorporate linguis-
tic priors during detection. This characteristic is particularly beneficial when targets exhibit
unusual appearances due to occlusions, pose variations, or low thermal contrast. We fur-
ther validate this choice empirically through a comparative experiment with YOLOv8n in
Section 3.3, where Grounding DINO consistently outperforms the lightweight CNN-based
detector in challenging environments such as sports grounds and debris-covered scenes.
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Architecturally, Grounding DINO integrates an image backbone based on the Swin
Transformer with a text backbone based on BERT, and visual and linguistic features are
fused through cross-attention layers within the feature enhancement module. This archi-
tecture incorporates global contextual information through self-attention and enables ad-
vanced contextual understanding grounded in the concepts specified by text prompts [30].
This capability is expected to provide robust detection for open-set instances that are rare
in conventional training datasets, such as persons partially buried under debris or in
crouching poses commonly observed at disaster sites, as defined linguistically [34].

The choice of using a single text prompt (“person”) was determined through prelim-
inary experiments. We compared alternative prompt configurations, including disaster-
related terms such as “victim” and “human body”, as well as compound prompts such as
“person, victim, body”. The single prompt “person” yielded the most stable detection per-
formance with the fewest false positives. This stability can be attributed to the fact that the
BERT-based text encoder of Grounding DINO has been pretrained on a large-scale corpus
in which “person” provides the most general and well-grounded semantic representation
of the human category. We therefore adopted the single prompt “person” throughout the
experiments reported in this paper.

To achieve high-precision detection while reducing significant annotation costs, we
fine-tuned a pre-trained Grounding DINO model (groundingdino_swint_ogc) using the
ground-based data described in Section 2.1.

2.3. Dataset Preparation and Domain Gap Handling

We constructed the dataset by extracting frames containing persons from the captured
thermal infrared videos. A domain gap exists between the training and validation data
captured by fixed-point ground cameras and the test data captured by UAVs, which is
attributed to differences in shooting distance and angle. The primary factor contributing to
this domain gap is the mismatch in the number of pixels occupied by the target, referred
to as Pixels on Target (PoT). Persons in UAV images captured at an altitude of 20 m
appear as extremely small regions relative to those in ground-based images. Using ground-
based data directly for training could therefore reduce detection accuracy because of this
scale mismatch.

Annotations were generated using the Computer Vision Annotation Tool (CVAT) [35].
Each person visible in the captured frames was enclosed by a tight axis-aligned bounding
box covering the entire visible body, including limbs and head. When body parts were
partially occluded by objects or other body parts, only the visible portions were enclosed.
To ensure consistency, all annotations were performed by a single annotator who applied
consistent criteria across the dataset. Frames containing no person, or in which all persons
were too heavily occluded to be reliably identified, were excluded from the dataset.

To formalize this mismatch, PoT can be expressed as the number of pixels representing
a target area on the ground, which is inversely related to the ground sampling distance
(GSD). The GSD can be written as

GSD =
Wground

Npixel
(1)

where Wground is the ground-projected width of the sensor footprint and Npixel is the
corresponding image width in pixels. Using this definition, PoT can be approximated as

PoT ≈ Atarget

GSD2 (2)
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where Atarget denotes the ground-projected area of the person. These relationships indicate
that PoT decreases rapidly as GSD increases, which makes persons appear as small thermal
sources in UAV-based thermal infrared imagery and amplifies the scale mismatch between
ground-view and aerial domains.

To address this, the application of spatial resizing and padding to the ground-based
imagery (Figure 2) emulates UAV altitudes. We calculated the reduction ratio for the
ground-based imagery based on the pixel height of persons in the UAV images.

To determine the spatial resizing factor in a principled manner, the reduction ratio
was defined based on the pixel height of a person observed in the UAV-based imagery and
that in the ground-based imagery. Specifically, the resizing factor s was computed as

s =
PUAV

Pground
(3)

where PUAV denotes the pixel height of a person in the UAV-based image and Pground

denotes that in the corresponding ground-based image.

(a) Courtyard (b) Sofa area

Figure 2. Thermal infrared images after spatial resizing and padding for the courtyard (a) and the
sofa area (b). A higher reduction ratio was applied to (b) so that the apparent person size matches
the UAV viewpoint at an altitude of 20 m.

We then placed the reduced image in the center of a 480 × 360 px black background
image, corresponding to the model input size, to emulate the appearance of persons from a
UAV viewpoint. The proposed spatial resizing process intentionally downsamples person
regions in ground-based imagery to emulate a reduction in Pixels on Target (PoT) and opti-
mizes the network to extract meaningful features even from low-resolution thermal sources.

Under our imaging conditions, the ground sampling distance (GSD) at an altitude
of 20 m with a spatial resolution of 1280 × 960 pixels is estimated to be approximately
1.5–2.0 cm per pixel. When the body or upper torso of a person requiring rescue is con-
sidered, the target occupies several tens of pixels in the image. Fine details such as limb
boundaries and the head are represented as extremely small regions consisting of only a few
to several tens of pixels. Such a limited number of pixels constitutes a physical constraint
on extracting meaningful features from small targets. Targets smaller than 32 × 32 pixels,
which correspond to the small-object criterion in the MS COCO dataset, are widely recog-
nized to retain few effective spatial features within the network. They are therefore difficult
to distinguish from background noise [36]. The proposed spatial resizing and padding
strategy intentionally exposes the model to low-resolution targets and aims to optimize the
network to achieve high sensitivity to subtle temperature variations.

Thermal infrared imagery can be represented using either of two visualization schemes,
namely White Hot, in which high-temperature regions appear bright, and Black Hot,
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in which they appear dark. All data were acquired using a unified White Hot scheme.
Under this condition, the black regions introduced by the padding process represent
backgrounds that emulate extremely low-temperature areas. This setting is expected to
encourage the model to learn to distinguish persons, which appear as relatively high-
intensity heat sources, as independent local features separated from background noise.

In addition, an important physical constraint in thermal infrared observation is the
thermal crossover phenomenon, in which the radiance of the target becomes similar to
that of the background [37]. This phenomenon leads to the loss of thermal contrast and
consequently makes automatic detection extremely challenging. The proposed domain gap
mitigation strategy is also intended to enhance the capability of extracting subtle features
under such low-contrast conditions.

For the training data, data augmentation improved robustness against positional
changes and expanded the dataset. Five training images were generated from a single
image by placing the resized ground-based imagery not only at the center of the background
image but also at its four corners, namely the top-right, top-left, bottom-right, and bottom-
left (Figure 3). For the validation data, this positional augmentation was excluded, so that
only centered resized images were used.

(a) Center (b) Top-left (c) Top-right

(d) Bottom-left (e) Bottom-right

Figure 3. Results of data augmentation after image preprocessing. Five training images were
generated from a single original image by placing the resized ground-based imagery at the center
and the four corners (top-left, top-right, bottom-left, and bottom-right) of the background image.

Table 1 presents the breakdown of the final dataset. Data augmentation expanded the
training data from 1827 to 9135 images, and the validation data consisted of 203 images that
were resized only. For the test data, which were designed to represent a search at an actual
disaster site, we prepared 20, 10, and 20 images for cases captured by UAVs in a parking
lot, a sports ground, and a sports ground with obstacles such as debris, respectively.

2.4. Training Setting and Evaluation Metrics

We used the dataset described in Section 2.3 to train the person-detection model.
We adopted AdamW as the optimization algorithm and set the learning rate to 1 × 10−5,
the batch size to 4, and the number of epochs to 50. We set the input image size to
480 × 360 px and followed the recommended settings of the original model [30] for other
hyperparameters. During training, we monitored the loss and detection accuracy on the
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validation set. To avoid overfitting, we selected the model weights from epoch 13, when
validation performance was optimal, as the final detection model.

Table 1. Breakdown of the constructed dataset used for training, validation, and testing.

Category Location Number of Images

Training data Courtyard 6725
Sofa area 2410

Validation data Courtyard 53
Sofa area 150

Test data
Parking lot 20
Sports ground 10
Sports ground (with debris) 20

The baseline model in all experiments denotes the publicly released Grounding DINO
(Swin-T backbone) pre-trained on large-scale visible-light image–text data and applied in a
zero-shot manner without any additional training on thermal infrared imagery. The identi-
cal text prompt (“person”), input resolution, and confidence threshold were used for the
baseline and the proposed model. The two models differ only in whether the proposed
training-data construction strategy was applied.

During model training, Grounding DINO employs a contrastive learning loss between
the image and text modalities [38]. For object localization, an L1 loss is combined with a
Generalized Intersection over Union (GIoU) loss that evaluates overlap between predicted
and ground-truth bounding boxes, designed to improve regression stability for small
targets [38]. In particular, because small coordinate deviations can substantially affect
evaluation metrics in small-target detection, this combination of advanced loss functions
contributes to improved detection accuracy for small thermal sources that are characteristic
of a UAV viewpoint.

The quantitative evaluation of detection performance utilized Precision, Recall, F1-
score, Intersection over Union (IoU), and mean Average Precision (mAP), which are
standard metrics in object detection tasks. The mAP was reported at an IoU thresh-
old of 0.5 (mAP@0.5) and over the COCO-style range from 0.5 to 0.95 with a step of
0.05 (mAP@0.5:0.95) [36]. For Precision, Recall, F1-score, and IoU, the IoU threshold was
set to 0.5 and detections with a confidence score of 0.25 or higher were defined as valid pre-
dictions. For mAP, all detections were ranked by confidence score and evaluated following
the COCO evaluation protocol.

All training and inference experiments were conducted on a workstation equipped
with an NVIDIA GeForce RTX 4080 SUPER GPU with 16 GB of memory, running Ubuntu
24.04 with PyTorch 2.3.1 and CUDA 12.1. The hardware and software configuration used
for training and inference is summarized in Table 2. The Grounding DINO models were
implemented using the mmdetection framework. The same workstation was used for the
inference speed measurements reported in Section 3.6, ensuring a fair comparison between
detectors operating on identical hardware. To enable a quantitative comparison with a
lightweight CNN-based detector, YOLOv8n was additionally trained and evaluated under
an identical dataset configuration. Details of the comparison are provided in Section 3.3. A
DETR-based real-time detector, RT-DETR-l (the large variant of RT-DETR) [39], was further
trained and evaluated under the same configuration.
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Table 2. Hardware and software configuration used for training and inference.

Component Specification

GPU NVIDIA GeForce RTX 4080 SUPER (16 GB)
OS Ubuntu 24.04
CUDA 12.1
PyTorch 2.3.1
Detection framework (Grounding DINO) mmdetection 3.x
Detection framework (YOLOv8) Ultralytics 8.x
Input image size 480 × 360 px
Batch size 4
Training epochs 50
Optimizer (Grounding DINO) AdamW (lr = 1 × 10−5)
Optimizer (YOLOv8) AdamW (auto-tuned by Ultralytics)
Confidence threshold 0.25
IoU threshold 0.5

3. Results
3.1. Qualitative Detection Results

Real-world data captured using a UAV-mounted thermal infrared camera were used
to validate the effectiveness of the proposed victim detection model. For comparative
verification, Figures 4–6 present the detection results obtained in a parking lot, a sports
ground, and a sports ground containing debris, respectively. From left to right, each figure
shows the ground truth, the detection results of the baseline model without additional
training, and the detection results of the proposed model with additional training.

Figure 4 shows the detection results in the parking lot, which featured a uniform back-
ground temperature and relatively clear contrast. In this environment, both the baseline and
proposed models detected common walking poses, as shown in Figure 4a. However, when
persons were captured from a nadir view (i.e., directly overhead) (Figure 4b), the baseline
model failed to detect any persons because it could not capture changes in spatial features.
The proposed model, in contrast, detected all three persons. Similar results were observed
across many other images, in which the proposed model consistently achieved higher
detection rates than the baseline. This improvement is likely attributable to the proposed
model learning the features of persons represented as small heat sources through the spatial
resizing of ground-based imagery.

Furthermore, both models recognized persons in various poses commonly observed
at disaster sites, such as sitting with legs extended, lying supine, and crouching (Figure 4c).
For the supine person captured from a nadir view in Figure 4d, the baseline model failed to
detect the person. The proposed model, by comparison, identified the same individual as
two separate bounding boxes corresponding to the upper and lower body parts. Figure 4e
contains a person sitting with legs extended and hands on the ground, together with
a person curled up on the side. The baseline model detected both persons, whereas the
proposed model detected the seated person only at the lower body and the curled-up person
as two overlapping boxes covering the entire body. These behaviors can be attributed to the
proposed model prioritizing local high- and low-intensity areas characteristic of thermal
infrared images over the overall human body shape during training. Because the training
data included persons carrying bags or umbrellas whose bodies were partially occluded
or fragmented, the proposed model learned to identify fragmented and discontinuous
heat-source regions as independent persons. Consequently, it tended to detect individual
regions as separate persons when similar discontinuities arose from changes in body pose,
as observed in Figure 4d,e.
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(a) Walking

(b) Nadir view

(c) Sitting, lying, and crouching

(d) Supine person from nadir view

(e) Sitting and curled lying

Figure 4. Comparison of person detection results in the parking lot. Columns from left to right show
the ground truth, the baseline model (without additional training), and the proposed model (with
training data preprocessing). Blue boxes denote ground-truth annotations and red boxes denote
model predictions.

Figure 5 shows the detection results in the sports ground, where grass and soil coexist
and the temperature distribution is noisy. In this environment, the detection performance of
the baseline model deteriorated markedly. As shown in Figure 5a, the baseline model failed
to detect either of the two persons and instead produced a single bounding box covering
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the entire image. A similar behavior was observed in Figure 5b, where the baseline model
failed to detect any of the three walking persons and again produced a single full-image box.
In Figure 5c, the baseline model detected one of three persons and additionally produced
a single full-image box. This behavior can be attributed to the domain gap that arises
when models trained on visible-light images are applied to thermal infrared imagery. This
domain gap limits the ability to distinguish human features, particularly under low thermal
contrast against the background.

(a) Scene 1

(b) Scene 2

(c) Scene 3

Figure 5. Comparison of person detection results in the sports ground. Columns from left to right
show the ground truth, the baseline model, and the proposed model. Blue boxes denote ground-truth
annotations and red boxes denote model predictions.

The proposed model, by comparison, detected both persons in Figure 5a, although the
upper person was detected twice at the same location. It also detected two of the
three persons in both Figure 5b,c without producing any over-segmented box covering the
entire image. However, detection often remained challenging under thermal crossover,
where the body surface temperature assimilates with the ground temperature, as seen in
the undetected persons in Figure 5b,c.

Furthermore, Figure 6 shows a sports ground similar to Figure 5, in which persons
are covered by cardboard or placed on top of it. For a person whose lower body was
completely covered, the baseline model identified an extended region that included the
heat-accumulated obstacles (Figure 6a). The proposed model, in contrast, identified only
the exposed upper body once. These results suggest that the baseline model treated low-
intensity regions including obstacles as persons, whereas the proposed model distinguished
the unique thermal features of each body part and excluded the surrounding obstacles.
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(a) Parallel occlusion

(b) Cross-axis occlusion

(c) Only head exposed

(d) Lying on debris

Figure 6. Comparison of person detection results in the sports ground with arranged debris. Columns
from left to right show the ground truth, the baseline model, and the proposed model. Blue boxes
denote ground-truth annotations and red boxes denote model predictions.

Regarding Figure 6b, where the torso is covered and only the head and feet are
exposed, the baseline model failed to detect the person because of the extremely small
exposed area. The proposed model, by comparison, detected both the exposed head and
the feet as two separate detections with characteristic thermal shapes. In Figure 6c, where
the entire body except the head is covered by obstacles, the baseline model failed to detect
the person and instead produced a false positive covering the entire image. In this case,
the proposed model could not isolate the exposed body part as an independent person. It
instead identified a single region encompassing both the exposed head and the overlapping
debris as one detection. Although the proposed model detected persons under partial
occlusion better than the baseline, Figure 6c shows that precisely isolating individual body
parts remains challenging when the exposed area is extremely limited.

In Figure 6d, the upper part of the scene contains cardboard placed alone without
any person, whereas the lower part contains a person whose midsection is covered by
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debris. The baseline model failed to detect the person. The proposed model detected the
partially occluded person together with the surrounding obstacles, but it also produced a
false positive on the isolated cardboard. This behavior indicates that the proposed model
occasionally responds to obstacle materials whose thermal characteristics resemble the
debris associated with persons in the training data. This response represents a residual
limitation when isolated obstacles share thermal patterns with debris-occluded persons.

3.2. Quantitative Detection Results

A quantitative evaluation was conducted using the test data to validate the effec-
tiveness of the proposed model. Five standard object-detection metrics were employed,
specifically Precision, Recall, F1-score, IoU, and mean Average Precision (mAP). Table 3
shows the detection performance of each model under three different environments, namely
a parking lot, a sports ground, and a sports ground with obstacles such as debris.

Table 3. Performance comparison of person detection between the baseline and proposed models
across three scenarios.

Test Scenario Model Precision Recall F1-Score IoU mAP@0.5 mAP@0.5:0.95

Parking lot Baseline 0.9459 0.7609 0.8434 0.9339 0.914 0.791
Ours 0.6610 0.8478 0.7429 0.8817 0.824 0.649

Sports ground Baseline 0.1667 0.0800 0.1081 0.8410 0.221 0.125
Ours 0.4762 0.4000 0.4348 0.6830 0.471 0.246

Sports ground (with debris) Baseline 0.0741 0.0741 0.0741 0.6267 0.071 0.031
Ours 0.2500 0.2222 0.2500 0.6597 0.185 0.056

These evaluation metrics were calculated based on the correspondence between bound-
ing boxes predicted by the model and the ground truth annotations. Predictions that
sufficiently overlapped with ground truth annotations were defined as True Positives (TP),
predictions made in the absence of ground truth annotations were defined as False Positives
(FP), and undetected ground truth instances were defined as False Negatives (FN).

Precision represents the proportion of correctly detected persons among all detected
regions and is calculated as

Precision =
TP

TP + FP
(4)

Recall represents the proportion of existing persons that were correctly detected and
is defined as

Recall =
TP

TP + FN
(5)

The F1-score is the harmonic mean of Precision and Recall and is used to evaluate the
balance between these two metrics, which is calculated as

F1-score =
2 × Precision × Recall

Precision + Recall
(6)

In addition, IoU quantifies the degree of overlap between predicted and ground truth
bounding boxes and is defined as the area of their intersection divided by the area of
their union. As described in Section 2.4, predictions with an IoU of 0.5 or higher were
regarded as True Positive, and only detections with a confidence score of 0.25 or higher
were considered valid predictions in the evaluation.

In the parking lot, which features a relatively uniform background composed primarily
of asphalt, the baseline model achieved a Precision of 0.9459 and a Recall of 0.7609, whereas
the proposed model improved Recall to 0.8478. The improvement in Recall demonstrates
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that the use of preprocessed training data reduced missed detections for persons with
altered spatial features, including cases captured from a nadir viewpoint (Section 3.1).
The baseline model achieved a mAP@0.5 of 0.914 and a mAP@0.5:0.95 of 0.791, exceeding
the corresponding values of 0.824 and 0.649 for the proposed model. This trend is consistent
with the lower Precision of the proposed model in this environment. In this simple scene,
where targets are well separated from the background, the conservative detection style of
the baseline yields a higher mAP. The proposed model, in contrast, trades some Precision
for a substantially improved Recall.

Next, in the sports ground, where grass and soil are intermixed and thermal-
distribution noise is present, the Precision and Recall of the baseline model decreased
markedly to 0.1667 and 0.0800, respectively. Consistent with the observations in Section 3.1,
the baseline model frequently failed to distinguish persons because of the low thermal con-
trast against the background. This limitation appeared as the misclassification of the entire
image as a single bounding box and led to many missed detections. The proposed model,
by comparison, achieved a Precision of 0.4762 and a Recall of 0.4000, which represents
an improvement in Recall of approximately five times that of the baseline. The mAP@0.5
also increased from 0.221 to 0.471, and the mAP@0.5:0.95 increased from 0.125 to 0.246,
indicating consistent improvements across IoU thresholds. These results indicate that
the proposed model performs stable person detection by exploiting local high- and low-
intensity regions in thermal infrared imagery, even under challenging conditions such as
thermal crossover.

Furthermore, in the sports-ground cases where debris was positioned, the Precision,
Recall, and F1-score of the baseline model were all extremely low at 0.0741. As described
in Section 3.1, the baseline model frequently recognized both persons and rectangular
obstacles as human features. This produced detections that covered areas including the
obstacles or, in some cases, misidentified the entire image as a single bounding box. These
remarkably low values demonstrate the vulnerability of the baseline model in failing to
distinguish person-specific geometric characteristics. By comparison, the proposed model
maintained a certain level of accuracy even where persons were partially occluded. This
performance can be attributed to the model’s ability to recognize discontinuous heat-source
regions individually, such as limbs and the head, and to exclude obstacles appropriately.
The mAP@0.5 increased from 0.071 to 0.185, and the mAP@0.5:0.95 increased from 0.031 to
0.056, confirming the same trend in challenging environments where partial occlusions and
thermal noise dominate.

However, the IoU for the proposed model was 0.6597, only slightly exceeding the
0.6267 recorded by the baseline. This small difference can be attributed to the inclusion re-
lationship between the bounding boxes produced by the two models. The baseline model’s
large false detections inevitably overlapped with the ground truth regions, leading to IoU
values that exceeded the threshold. The proposed model identified only localized heat
sources consistent with the ground truth, where even slight coordinate displacements sub-
stantially reduced the IoU. As a consequence, the numerical IoU values of the two models
did not differ substantially despite their qualitative differences.

3.3. Comparison with CNN-Based and DETR-Based Detectors

To quantitatively compare the proposed approach with a widely used lightweight
detector, we additionally trained YOLOv8n [31] under the same dataset configuration
as Grounding DINO. The YOLOv8n model was trained on the proposed preprocessed
dataset and evaluated on the same three test environments as in Section 3.1. These environ-
ments were the parking lot, the sports ground, and the sports ground containing debris.
The evaluation metrics included Precision, Recall, mAP@0.5, and mAP@0.5:0.95 [36].
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Table 4 presents the quantitative results. The confidence threshold was set to 0.25,
which is the default value commonly used in object detection benchmarks and balances
detection sensitivity against the false-positive rate. In the parking lot, YOLOv8n attained
a Precision of 0.66 and a Recall of 0.58, whereas Grounding DINO reached a Precision of
0.66 and a Recall of 0.85. In the sports ground with mixed grass and soil, YOLOv8n yielded
a mAP@0.5 of 0.00 and localized no persons above the confidence threshold. The same
outcome was observed in the sports ground containing debris. By comparison, Grounding
DINO achieved mAP@0.5 values of 0.47 and 0.19 in these two environments, respectively.

These results indicate that the lightweight CNN-based detector cannot reliably lo-
calize persons in thermal infrared imagery containing complex background patterns.
The Transformer-based architecture of Grounding DINO, combined with its language-
grounded feature representation, provides robustness against thermal background noise
that the lightweight CNN does not match.

Table 4. Quantitative comparison among YOLOv8n, RT-DETR-l, and Grounding DINO under the
proposed preprocessing scheme.

Test Scenario Model Precision Recall mAP@0.5 mAP@0.5:0.95

Parking lot
YOLOv8n 0.66 0.58 0.50 0.27
RT-DETR-l 0.51 0.09 0.08 0.06
Grounding DINO 0.66 0.85 0.82 0.65

Sports ground
YOLOv8n 0.00 0.00 0.00 0.00
RT-DETR-l 0.00 0.00 0.00 0.00
Grounding DINO 0.48 0.40 0.47 0.25

Sports ground (with debris)
YOLOv8n 0.00 0.00 0.00 0.00
RT-DETR-l 0.00 0.00 0.00 0.00
Grounding DINO 0.25 0.22 0.19 0.06

To examine whether this limitation is specific to CNN-based architectures, RT-
DETR-l [39], a representative real-time DETR-based detector, was trained and evaluated un-
der conditions identical to those of YOLOv8n. As reported in Table 4, RT-DETR-l attained a
mAP@0.5 of only 0.08 in the parking lot and failed to detect any person in the sports ground
and debris-covered environments. The closed-set detectors therefore exhibited the same
failure pattern regardless of whether the backbone was convolutional or Transformer-based.
This observation indicates that the robustness of Grounding DINO derives primarily from
the semantic priors acquired through large-scale image–text pre-training, rather than from
the Transformer architecture itself.

Figure 7 presents the qualitative comparison between YOLOv8n and the proposed
Grounding DINO model under the same proposed preprocessing scheme. In the parking
lot (a), YOLOv8n detected only one of the three persons captured from a nadir view,
whereas the proposed model detected two of the three. On the open sports ground (b),
YOLOv8n produced dense false positives across the grass area, whereas the proposed
model maintained stable detection of the persons. On the sports ground with arranged
debris (c, d), YOLOv8n generated dense false positives across the entire scene, whereas
the proposed model detected the persons with only minor bounding-box deviations. This
behavior indicates that the lightweight CNN-based detector relies more heavily on full-
body spatial features and produces scattered false detections in scenes containing complex
thermal background patterns. By comparison, the Transformer-based architecture of the
proposed model handles partial occlusions and thermal distractors more robustly under
the same preprocessing scheme.
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(a) Parking lot, walking

(b) Sports ground without obstacles

(c) Sports ground with debris, upper body exposed

(d) Sports ground with debris, upper body exposed

Figure 7. Qualitative comparison between YOLOv8n (left) and the proposed Grounding DINO
model (right) under the same proposed preprocessing scheme. The corresponding ground truth is
shown in Figures 4–6. Red boxes denote model predictions.

3.4. Ablation Study

To quantitatively evaluate the contribution of each component in the proposed prepro-
cessing scheme, we conducted an ablation study under four settings defined as follows.
None used the original ground-based imagery. Resize applied the spatial resizing factor s to
the ground-based imagery, and the resulting smaller images were stored without padding.
Resize + Padding applied both spatial resizing and padding to a 480 × 360 px black back-
ground, with the resized image placed at the center only. Full corresponded to the complete
proposed scheme, in which the resized image was placed at the center and at the four
corners of the background, yielding five training samples per source image. These settings
were chosen to isolate the contribution of three preprocessing components, namely spatial
resizing alone, the addition of padding, and the addition of position-based augmentation.
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Both Grounding DINO and YOLOv8n were trained under each of the four settings,
together with RT-DETR-l. The validation set, the test set, and the training hyperparameters
were kept identical across all settings to isolate the effect of preprocessing. Table 5 reports
the resulting mAP@0.5 values across all combinations.

Table 5. Ablation study results (mAP@0.5) across four preprocessing settings and three test en-
vironments. None uses the original ground-based imagery. Resize applies spatial resizing only,
without padding. Resize + Pad applies spatial resizing and center padding to 480 × 360 px. Full is
the proposed scheme, which adds five-position augmentation.

Test Scenario Model
Preprocessing Setting (mAP@0.5)

None Resize Resize + Pad Full

Parking lot
YOLOv8n 0.66 0.52 0.51 0.50
RT-DETR-l 0.83 0.70 0.73 0.08
Grounding DINO 0.88 0.90 0.77 0.82

Sports ground
YOLOv8n 0.00 0.00 0.00 0.00
RT-DETR-l 0.00 0.00 0.00 0.00
Grounding DINO 0.11 0.14 0.29 0.47

Sports ground (with debris)
YOLOv8n 0.00 0.00 0.00 0.00
RT-DETR-l 0.00 0.00 0.00 0.00
Grounding DINO 0.05 0.04 0.10 0.19

For Grounding DINO in the parking lot, mAP@0.5 showed only minor variation
across settings, ranging from 0.77 to 0.90, which reflects the relative ease of detection
in this uniform-background environment. In the sports ground environment, mAP@0.5
increased from 0.11 under None to 0.47 under Full, corresponding to a 4.3-fold improve-
ment. In the sports ground containing debris, the corresponding improvement was 3.9-fold,
with mAP@0.5 rising from 0.05 to 0.19. The transition from None to Resize yielded only a
minor change, whereas the subsequent transitions to Resize + Pad and to Full produced
the largest improvements.

These results indicate that padding and position-based augmentation are the
two dominant contributors to the observed improvement under challenging environmental
conditions. The behavior of YOLOv8n further indicates that the proposed preprocessing
alone is insufficient when the backbone lacks the capacity to model global context across
complex thermal scenes.

Figure 8 illustrates the qualitative effects of each preprocessing component across
three environments. The parking lot contained three persons in diverse poses, includ-
ing curled-up, legs-extended seated, and supine postures. Conditions None and Resize
detected all three persons with closely matched bounding boxes, whereas Resize + Pad
and Full produced over-segmented detections for some persons. This trend is consistent
with the closely matched mAP@0.5 scores reported in Table 5, which indicates that the
proposed preprocessing has limited effect in simple scenes. On the open sports ground,
conditions None and Resize failed to detect most persons and produced a single bounding
box covering the entire image, whereas Resize + Pad introduced a false positive on the
grass area that was subsequently suppressed in Full. On the sports ground with arranged
debris, None failed entirely, Resize produced a single full-image box, Resize + Pad detected
the upper body together with a false positive on adjacent grass, and Full constrained the
box around the exposed body parts. These observations indicate that the contribution of
preprocessing components becomes pronounced in environments with occlusions, scale
variation, or thermal distractors, while remaining limited in simple scenes.
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Parking lot Sports ground without obstacles Sports ground with arranged debris

(i) None

(ii) Resize

(iii) Resize + Pad

(iv) Full

Figure 8. Qualitative comparison of the four ablation conditions for the proposed Grounding DINO
model. From top to bottom, the rows show the None, Resize, Resize + Pad, and Full settings,
and the columns correspond to the parking lot, the open sports ground, and the sports ground with
arranged debris. Blue boxes denote ground truth and red boxes denote model predictions.

3.5. Extended Evaluation Under Nighttime Conditions

To evaluate the generalization capability of the proposed approach to nighttime
acquisition, we constructed an additional test set captured at night. The test set comprised
30 thermal infrared images acquired by the UAV-mounted thermal camera at night in a
sports ground environment. The captured scenes included diverse poses such as walking
and lying down, as well as persons partially occluded by objects or by other body parts.
The persons in each frame were annotated using axis-aligned bounding boxes following
the procedure described in Section 2.3. The proposed Grounding DINO model and the
YOLOv8n comparison model were both evaluated on this nighttime test set under all
four ablation settings, without any additional fine-tuning. Table 6 presents the results.
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Table 6. Extended evaluation under nighttime conditions (mAP@0.5). The test set consists of
30 thermal infrared images captured at night in a sports ground environment with partial occlusions
and diverse poses. The four preprocessing settings (None, Resize, Resize + Pad, Full) follow the same
definitions as in Table 5.

Model
Preprocessing Setting (mAP@0.5)

None Resize Resize + Pad Full

YOLOv8n 0.00 0.07 0.04 0.03
RT-DETR-l 0.03 0.03 0.00 0.00
Grounding DINO 0.17 0.22 0.18 0.32

For Grounding DINO, the Full setting yielded a mAP@0.5 of 0.32 on the nighttime
test set, which exceeded the corresponding value of 0.19 on the daytime sports ground
containing debris. This result can be attributed to the fact that nighttime thermal imag-
ing enhances the temperature contrast between cooled background surfaces and warm
body parts. The enhanced contrast supports stable person localization under nighttime
acquisition. The same monotonic improvement across preprocessing settings observed in
the daytime experiments was also reproduced, with mAP@0.5 increasing from 0.17 under
None to 0.32 under Full.

For YOLOv8n, all settings yielded mAP@0.5 below 0.07. This outcome is consistent
with the limitations of the lightweight CNN-based detector observed in the daytime sports
ground and debris-covered environments. RT-DETR-l likewise remained at or below a
mAP@0.5 of 0.03 across all four settings, consistent with its failure in the daytime sports-
ground and debris-covered environments (Section 3.4).

Together with the qualitative observations described above, these results indicate that
the proposed preprocessing scheme enables effective generalization to nighttime acquisi-
tion. The proposed approach demonstrates a certain level of effectiveness in scenarios that
combine nighttime acquisition, partial occlusions, and pose variation.

Due to logistical constraints, the nighttime data acquisition was conducted only at
the sports ground. The captured scenes covered three representative situations, namely
two persons lying on cardboard with partial occlusion by debris, three persons walking
captured from a nadir view, and a person lying on the ground. The ground thermal ap-
pearance differed slightly between the daytime and nighttime acquisitions, which indicates
a residual domain gap. Figure 9 presents the qualitative detection results across these
scenes. In (a), the baseline model detected only a small body part of one person, whereas
the proposed model detected both persons on the cardboard. In (b), the baseline model
detected only one of three walking persons, whereas the proposed model detected two of
the three. In (c), the baseline model produced a single bounding box covering the entire
image, whereas the proposed model detected the lying person with a tight bounding box.
These observations indicate that the advantage of the proposed scheme over the baseline is
maintained under nighttime acquisition. This suggests that the preprocessing components
mitigate not only spatial domain gaps but also thermal variations between daytime and
nighttime acquisitions.

3.6. Inference Speed and Real-Time Feasibility

The computational efficiency of the proposed approach was evaluated by measur-
ing the per-frame inference time of both Grounding DINO and YOLOv8n on the same
hardware described in Section 2.4. The measurement followed a standard benchmark-
ing protocol that included 20 warmup iterations followed by 100 timed iterations on the
same thermal infrared image with a single inference batch. The timing window cov-
ered preprocessing, the model forward pass, and postprocessing for both models. Image
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disk read time became negligible after warmup due to operating-system file caching,
and torch.cuda.synchronize() was invoked before and after each timed iteration to
ensure accurate GPU timing.

(a) Two persons lying on cardboard

(b) Three persons walking, captured from a nadir view

(c) Person lying on the ground

Figure 9. Qualitative detection results under nighttime conditions at the sports ground. Columns
from left to right show the ground truth, the baseline model, and the proposed model. Blue boxes
denote ground-truth annotations and red boxes denote model predictions.

Table 7 reports the mean inference time and the corresponding throughput in frames
per second (FPS). Grounding DINO required approximately 41.3 ms per frame, correspond-
ing to 24.2 FPS. YOLOv8n required approximately 2.2 ms per frame, corresponding to
457.4 FPS. The throughput of YOLOv8n was approximately 19 times higher than that of
Grounding DINO on identical hardware. RT-DETR-l required approximately 21.1 ms per
frame, corresponding to 47.4 FPS, under the same protocol. Table 7 additionally reports the
number of parameters, the floating point operations (FLOPs) computed at the inference
input resolution, and the model size of each detector. RT-DETR-l incurs a computational
cost of the same order as Grounding DINO. Nevertheless, only Grounding DINO main-
tained detection capability in the challenging environments (Section 3.3), which indicates
that detection robustness in this task is not determined by computational budget.

These results indicate that the proposed Grounding DINO-based system can sup-
port real-time processing on a desktop-class GPU. The lightweight YOLOv8n provides
a substantial throughput margin suitable for embedded deployment on UAV platforms
equipped with edge GPUs. The choice between the two models therefore depends on the
operational priorities of the disaster-response scenario. Grounding DINO is preferable
when detection performance is prioritized, whereas YOLOv8n is preferable when inference
speed is prioritized.
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The proposed method is intended for near-real-time processing at a ground station,
in which thermal infrared video transmitted from the UAV is processed on a GPU-equipped
ground station. The measured throughput of approximately 24 FPS satisfies this require-
ment. Onboard processing on resource-constrained edge devices is not assumed in the
present study. It would require model compression techniques such as knowledge distilla-
tion or quantization, which remain for future work.

Table 7. Efficiency comparison on NVIDIA RTX 4080 SUPER (input size 480 × 360 px, batch size 1).
FLOPs were computed at the same input resolution. The value for Grounding DINO is a lower-bound
estimate because several custom operators are not counted by the profiler.

Model Parameters FLOPs (G) Model Size Mean Time (ms) FPS

YOLOv8n 3.0 M 4.6 5.9 MB 2.19 457.4
RT-DETR-l 32.8 M 62.2 63.1 MB 21.11 47.4
Grounding DINO 173.5 M ≈77.1 660 MB 41.26 24.2

3.7. Generalization to an Unseen External Dataset

To examine the generalization capability beyond the data collected in this study,
both the baseline and the proposed models were evaluated on the publicly available
HIT-UAV dataset [40]. HIT-UAV is a high-altitude infrared thermal dataset acquired by
an independent group using a different UAV platform and thermal sensor over schools,
parking lots, roads, and playgrounds, at flight altitudes of 60–130 m under both daytime
and nighttime conditions. The test split comprises 579 images containing 2611 person
instances. Neither model was retrained or tuned on this dataset, and the evaluation pipeline,
an input resolution of 480 × 360 px, the text prompt, and the confidence threshold were
identical to those of the main evaluation. All images were therefore completely unseen by
both models.

Table 8 summarizes the results stratified by flight altitude and illumination. The base-
line achieved a mAP@0.5 of 0.281 on the full test split, and its performance decreased
monotonically with flight altitude, from 0.567 at 60 m to 0.024 at 100–130 m. Nighttime
imagery yielded substantially higher performance than daytime imagery, with mAP@0.5
values of 0.356 and 0.060, respectively. This difference is attributable to the enhanced
thermal contrast between cooled background surfaces and warm bodies, and it supports
the nighttime orientation of this study. On the subset closest to the operational assumption
of this study, namely 60 m at night, the baseline reached 0.635. By contrast, the proposed
model degraded severely under the default input scale, reaching only 0.021 on the full split
and thereby exhibiting a specialization–generalization trade-off. Specifically, fine-tuning
with the proposed preprocessing specializes the model to the apparent person scale of the
assumed flight altitude of approximately 20 m, which is approximately one third of the
lowest altitude in HIT-UAV.

To isolate the cause of this degradation, the input resolution was varied while keeping
all other settings fixed (Table 9). The performance of the proposed model recovered
monotonically with the input scale, from 0.021 to 0.214 on the full split and from 0.093 to
0.474 on the 60 m nighttime subset at a 2.0× input. At this input scale, it exceeded the
baseline on the same subset, which decreased from 0.635 at the default scale to 0.458 under
the same upscaling. The baseline likewise did not benefit from input upscaling on the full
split, changing only from 0.281 to 0.228, which confirms that the recovery is specific to
the scale prior learned through the proposed preprocessing rather than a generic effect of
higher resolution. At a 3.0× input, the performance of the proposed model collapsed to
a mAP@0.5 of 0.013, which is attributable to resolution extrapolation beyond the trained
positional-encoding range. These results identify the apparent person scale, expressed in

https://doi.org/10.3390/rs18142279

https://doi.org/10.3390/rs18142279


Remote Sens. 2026, 18, 2279 23 of 29

Pixels on Target, as the dominant factor governing cross-altitude generalization. Because the
flight altitude is known during UAV operations, the input scale can be adjusted accordingly.
This altitude-aware rescaling recovers most of the scale-induced degradation without any
retraining. Figure 10 illustrates these effects qualitatively. The fine-tuned proposed model
misses most persons at the default input but recovers them when the input is rescaled,
whereas Figure 10c shows a case in which the recovery remains incomplete.

Baseline (zero-shot) Proposed, 480×360 Proposed, 1280×1024

(a) High-density scene at 60 m, nighttime

(b) Low-density scene at 60 m, nighttime

(c) Case of incomplete recovery at 60 m, nighttime

Figure 10. Qualitative detection results on the HIT-UAV dataset at 60 m under nighttime conditions.
From left to right, each row shows the zero-shot baseline and the proposed model at input sizes of
480 × 360 px and 1280 × 1024 px. Blue boxes denote ground-truth annotations and red boxes denote
model predictions. The proposed model misses most persons at the default input but recovers them
after input rescaling, except in (c), where the recovery remains incomplete.

Table 8. External evaluation on the HIT-UAV test split (mAP@0.5, input size 480 × 360 px). Neither
model was trained on this dataset.

Subset Images Baseline Proposed

Full test split 579 0.281 0.021
Altitude 60 m 170 0.567 0.067
Altitude 70–90 m 135 0.116 0.012
Altitude 100–130 m 274 0.024 0.002
Daytime 183 0.060 0.003
Nighttime 396 0.356 0.033
60 m, nighttime 137 0.635 0.093
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Table 9. Effect of input scale on the HIT-UAV evaluation (mAP@0.5). The default input of 480 × 360 px
corresponds to a 0.70× scale of the original 640 × 512 px images. The dash (–) indicates a configuration
that was not evaluated.

Subset Input Scale Baseline Proposed

Full test split
480 × 360 0.281 0.021
960 × 720 0.228 0.132
1280 × 1024 – 0.214

Altitude 60 m 480 × 360 0.567 0.067
1280 × 1024 0.388 0.422

60 m, nighttime 480 × 360 0.635 0.093
1280 × 1024 0.458 0.474

4. Discussion
The detection results indicate that training on thermal infrared imagery captured

by fixed-point ground cameras and processed through spatial resizing and padding im-
proved person detection performance for UAV-based thermal infrared imagery. In the
sports ground environment where grass and soil were mixed, the proposed model achieved
a markedly higher Recall than the baseline. This improvement can be attributed to the
baseline model failing to learn person-specific features under low thermal contrast. The pro-
posed model captured spatial features related to person scale and contextual features de-
rived from relative intensity distributions, maintaining stable detection even when persons
appeared as small thermal sources.

The ablation study (Section 3.4) revealed that padding and position-based augmenta-
tion are the dominant contributors to detection performance under challenging environ-
ments. Padding introduces black background regions that emulate the low-temperature
surroundings observed from a UAV, which encourages the model to learn person-specific lo-
cal features. Position-based augmentation exposes the network to varied spatial locations of
the target, which reduces the dependency on fixed central placement. These contributions
become pronounced in environments with occlusions and scale variation.

The decrease in Precision observed for the proposed model can be attributed to over-
segmentation. The model relied more heavily on the distribution of localized high- and
low-intensity thermal regions than on the global human body shape, treating spatially
discontinuous heat sources caused by occlusions or pose changes as independent detection
targets. Post-processing strategies such as modified non-maximum suppression with a
higher IoU threshold or spatial clustering of detected regions could mitigate this behavior,
and remain a direction for future investigation.

The high sensitivity to localized thermal information can function effectively under
specific conditions, as observed in the sports ground environment with debris. Whereas
the baseline model frequently detected persons and occluding objects as a single entity,
the proposed model identified person regions by recognizing thermal characteristics spe-
cific to the head and limbs even when heat sources were spatially discontinuous. This
behavior suggests that the proposed model relies on contextual information incorporating
relationships with surrounding regions rather than absolute intensity differences alone.

The detection failure of YOLOv8n in the sports ground and debris-covered environ-
ments (Section 3.3) further illustrates the importance of the Transformer-based architecture.
The convolutional feature extractor of YOLOv8n encodes features through local kernels
with limited receptive fields, which constrains its ability to model long-range dependencies
across complex thermal scenes. The Transformer-based encoder of Grounding DINO cap-
tures global contextual relationships through self-attention, and the language-grounded
text encoder provides additional semantic priors that stabilize detection under low thermal
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contrast. The failure of RT-DETR-l under identical conditions (Section 3.3) reinforces this
interpretation. The Transformer architecture alone is not sufficient, and the robustness of
Grounding DINO derives primarily from the semantic priors acquired through large-scale
image–text pre-training.

The proposed approach also generalized to nighttime acquisition (Section 3.5). The pro-
posed model achieved a mAP@0.5 of 0.32 on the nighttime test set, exceeding its perfor-
mance on the daytime debris-covered environment. This result indicates that the dominant
failure mode in challenging scenes is physical occlusion rather than the time of day, be-
cause nighttime acquisition can enhance thermal contrast between cooled background
surfaces and warm body parts.

The external evaluation on HIT-UAV (Section 3.7) revealed a specialization–generalization
trade-off introduced by fine-tuning. The proposed model is specialized to the apparent
person scale of its intended operational altitude and degrades on imagery acquired at
three to six times that altitude, whereas the zero-shot baseline retains broader generality.
The scale-matching analysis demonstrated that this degradation is governed primarily by
the apparent person scale and is largely recoverable through altitude-aware input rescaling,
which is practical because the flight altitude is known during UAV operations. This find-
ing reframes the proposed preprocessing as an explicit scale-prior injection and suggests
that maintaining altitude-specific input scaling, or altitude-stratified training data, is the
principal requirement for extending the proposed approach to other operational altitudes.

The inference speed measurements (Section 3.6) indicate that Grounding DINO sup-
ports real-time processing on desktop-class GPUs at approximately 24 FPS, whereas
YOLOv8n offers approximately 19 times higher throughput. Deployment on resource-
constrained edge devices may require model compression techniques such as knowledge
distillation or quantization, depending on whether detection performance or inference
speed is prioritized.

In environments characterized by both thermal crossover and substantial background
noise, detection remained difficult even for the proposed model. Further improvements are
likely to require additional information sources such as temporal information from video
data or complementary sensor modalities. The evaluation was also conducted using a single
UAV platform and thermal camera model, with the nighttime evaluation limited to a single
sports ground location. Generalization to other UAV altitudes, sensor resolutions, postures,
and broader nighttime environments remains for future work. The present validation
therefore remains limited in scale. Further testing with larger datasets, additional disaster-
like environments, different UAV platforms, and different flight altitudes is required
before operational deployment. The present system is designed for a flight altitude of
approximately 20 m, assuming residential areas in Japan where utility poles of 10–15 m
constrain the practical flight altitude. Applications in areas with high-rise buildings, which
require higher flight altitudes, remain for future work.

5. Conclusions
This study developed a method for automatically detecting persons from UAV-

acquired thermal infrared imagery, in support of victim search under nighttime disaster
conditions. Thermal infrared imagery captured by fixed-point ground cameras was used to
construct the training data. Spatial resizing and padding were applied to emulate the scale
of persons observed from UAV viewpoints, and the resulting data were used to train the
person detection model.

Quantitative evaluation showed that the proposed model achieved a substantial
improvement in Recall compared with the baseline, particularly in environments where
grass and soil were mixed and the thermal contrast was reduced. This improvement can
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be attributed to the proposed model learning spatial features related to person scale and
contextual features based on relative intensity distributions, even when persons appeared
as small heat sources.

The novelty of this study lies in a training data construction strategy that addresses
the limited availability of UAV-collected thermal infrared aerial imagery. Specifically, this
study uses thermal infrared images collected by fixed-point ground cameras and adapts
them to a UAV viewpoint for training. This strategy enhances the practical applicability of
UAV-based thermal infrared remote sensing for nighttime disaster response.

The comprehensive evaluation included an ablation study, a comparison with
YOLOv8n, and an extended evaluation under nighttime acquisition. The results indi-
cate that the proposed preprocessing scheme generalizes across diverse environments and
that Grounding DINO enables reliable detection in scenes with complex thermal noise.
The inference speed measurements further indicate that real-time processing is feasible
on desktop-class GPUs. The comparison with the DETR-based RT-DETR-l showed that
closed-set detectors fail in complex thermal environments regardless of architecture, which
attributes the robustness of the proposed system to the language-grounded semantic priors
of Grounding DINO. The external evaluation on the HIT-UAV dataset quantified the gener-
alization boundary of the fine-tuned model and demonstrated that altitude-aware input
rescaling substantially mitigates the scale-induced degradation without retraining.

The proposed model exhibited a tendency toward over-segmentation due to its high
sensitivity to localized thermal information, which resulted in a decrease in Precision.
Detection also remained challenging under conditions involving thermal crossover and
substantial background noise. Further improvements are expected to require the incorpo-
ration of temporal information from video data or other complementary sources. Future
work will extend the evaluation to other UAV platforms, sensor resolutions, and broader
nighttime environments, including higher flight altitudes required in areas with high-rise
buildings. It will also investigate post-processing strategies to mitigate over-segmentation.
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