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Motivation

Thousands of people risk their lives annually crossing the Mediterranean Sea to escape war, persecution,
and poverty, often using overcrowded and unsafe boats. Non-governmental Organizations (NGOs) make
it their task to conduct search-and-rescue (SAR) operations to help people in distress. Traditionally,
NGO crews manually scan the horizon with binoculars, a time-intensive and physically demanding task.
However, video streams from cameras mounted on NGO vessels scanning the horizon present a valuable
opportunity for automated analysis using computer vision. This work aims to develop a real-time computer
vision-based solution to detect objects like people, boats, and other floating objects in video frames,
enabling timely crew responses. The focus is on evaluating state-of-the-art (SOTA) object detection
methods, comparing transformer-based and CNN-based models.

Dataset

The dataset, SAR-CAM, contains 5,632 high-resolution images including 4,151 annotated objects, cap-
tured during SAR missions by an NGO.

The following challenges are associated with this dataset:
• Small Object Detection: Boats on the horizon appear very small, covering only a few pixels,

thus making them difficult to detect accurately.
• Reflections: The dataset contains reflections on the water surface and from the camera, which can

create false positives and complicate the detection task.
• Weather conditions: The dataset includes images taken under various weather conditions, such as

fog, overcast skies, and bright sunlight, which can affect visibility and detection performance.
• Lens contamination: The camera lens is contaminated by dirt, which creates additional noise and

can lead to false detections.
• Class imbalance: The dataset exhibits a significant class imbalance, with a majority of the

annotated objects being boats, while other relevant classes, such as people and floating objects, are
underrepresented.

Finetuning SOTA object detection models

To address the challenges of the SAR-CAM dataset, various state-of-the-art (SOTA) object detection
models are fine-tuned and evaluated. The model selection is based on the findings in [Ma+25] and
[LHX25], whose results indicate the effectiveness of transformer-based object detection models in a related
SAR scenario. The models include:
• CNN-based:

• YOLOv8
• YOLO11
• YOLO12

• Transformer-based:
• RT-DETR
• RT-DETRv2
• RF-DETR

The metrics used for evaluation include Average Precision (AP) and Average Recall (AR) at different
Intersection over Union (IoU) thresholds, with a segmentation into small, medium, and large objects.

Finetuning Results

While YOLO11m performs best AP at small object detection, its lightweight model YOLO11n has the
best small object AR. Among DETR variants, RT-DETR achieves the best AR rate for small objects,
while maintaining comparable AP performance to RT-DETRv2. Transformer-based models RF-DETR
and RT-DETRv2 perform better than CNN-based models in large object detection. In medium object
detection, transformer-based and CNN-based models perform similarly. Notably, RF-DETR achieves a
very high AR10@0.1 on medium objects of 0.97. Interestingly, YOLO12m performs worse in large object
detection compared to other YOLO variants.

Small Object Detection Enhancement Methods
To further enhance the detection of small objects, various methods are applied:
Hyperparameter Tuning: Optimizing the model’s hyperparameters, by searching for the best com-
bination of training parameters, such as learning rate, batch size, and number of epochs, and data
augmentation parameters, such as rotation, scaling, and flipping. The optimization algorithm is based on
a Bayesian optimization method called Tree-Parzen Estimator [Wat23].
Knowledge Distillation: To enhance the feature extraction capabilities of the model, knowledge
distillation is applied, where a smaller student model learns from a larger teacher model. In context of the
work, the student models are the best performing CNN-based and transformer-based models. The recently
released open foundation model DINOv3 [Sim+25] is used as the teacher model, which shows strong
feature extraction capabilities on the introduced SAR-CAM dataset. The student models are trained
unsupervised on the SAR-CAM dataset by minimizing the distance between the feature representations
of the teacher and student models, which is expected to enhance the performance of the student models.
The knowledge distilled student models are then fine-tuned on the SAR-CAM dataset.
COCO class mapping: YOLO and RT-DETR variants are pre-trained on the COCO dataset, which
contains 80 classes. To leverage the pre-trained weights, a class mapping is applied, where the boat class
in SAR-CAM is mapped to the boat class in COCO.
Adding a P2 Layer to YOLO11’s architecture: Adding a P2 layer to YOLO11’s architecture
improved small object detection performance on the VisDrone dataset [Wan+25]. The P2 layer, which
operates at a lower level of the network can better capture detailed features, which is important to detect
small objects. Compared to other layers in the Feature Pyramid Network, the P2 layer acts on high-
resolution feature maps from an earlier backbone stage and can therefore preserve more local details of
the targets. Local details can be edges, textures and shapes, which are crucial for the detection of small
objects.

Results

• RQ1: Which model architecture, CNN-based or transformer-based, best meet the real-time
operational requirements of SAR-CAM, in terms of inference speed, detection accuracy (low
false-positive rate and high recall), and compatibility with the NVIDIA TensorRT ecosystem?
While CNN-based architectures achieve higher detection accuracy, particularly for small objects,
transformer-based architectures significantly outperform CNNs in inference speed. Among the
evaluated models, YOLO11m with FP16 quantization meets all system requirements while achieving
the highest AP, making it the best-suited model for the SAR-CAM system.

• RQ2: How can the detection performance of current state-of-the-art object detectors be improved
for small objects in maritime environments by keeping the detection accuracy of medium and
large objects stable?
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YOLO11m

Baseline 0.64 0.59 0.86 0.81 0.81 0.89 0.81 0.87
HPT 0.61 0.57 0.84 0.81 0.85 0.91 0.87 0.92
KD 0.65 0.59 0.88 0.82 0.80 0.90 0.71 0.84
class mapping 0.52 0.47 0.80 0.74 0.76 0.84 0.80 0.84
P2 Layer 0.55 0.48 0.88 0.80 0.75 0.86 0.76 0.85

YOLO12m Baseline 0.62 0.57 0.86 0.80 0.82 0.89 0.58 0.85
HPT 0.59 0.54 0.89 0.84 0.81 0.90 0.83 0.89

RT-DETR
Baseline 0.51 0.48 0.85 0.79 0.74 0.86 0.83 0.89
KD 0.43 0.40 0.78 0.70 0.73 0.84 0.77 0.85
class mapping 0.56 0.52 0.87 0.82 0.77 0.89 0.82 0.89

Table: Small object detection performance and effect of small object detection enhancement methods. For medium and large
objects, AP@0.1:0.5 and AR@0.1:0.5 are reported to verify stable performance.

No single method consistently improves small object detection. The impact of each method varied
across different SOTA models. For a transformer-based architecture like RT-DETR, class mapping
proved to be a simple yet effective way to enhance small object detection. With a longer training
time, knowledge distillation could be a promising method for YOLO11m.

• RQ3: How well do models fine-tuned on the SAR-CAM dataset generalize to benchmark
maritime dataset SMD, and what does this imply about their domain adaptability?
While the general performance on medium and large objects is stable, the performance on small
objects drops significantly. Similar to the observations on the SAR-CAM dataset, YOLO11m achieves
the highest AP on small objects, while the lightweight YOLO11n achieves the highest AR on small
objects. Among transformer-based models, RT-DETRv2 better generalizes to the small objects, while
RF-DETR better generalizes to medium and large objects. Qualitative results suggest that detection
errors due to reflections occur. Additionally, false positives are observed from detection on the sky,
probably caused by clouds.
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