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Abstract — This paper addresses the laborious, time-consuming and error-prone process of generating ground truth data to
perform instance segmentation of fish in their natural habitat. Our proposal is to use the Segment Anything Model (SAM), which
allows zero-shot inference, to automatically build the segmentation masks, significantly reducing the dataset creation time and
enhancing scalability to larger datasets. Experimental results using You Only Look Once (YOLO) demonstrate only marginal
performance differences between our approach —with segmentation masks created with no human intervention— and a standard
training using a fully human-labeled dataset. The results underscore the effectiveness of the automated workflow discussed
herein, showcasing substantial reduction in dataset creation time, particularly in demanding underwater scenarios.
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L MOTIVATION AND TECHNICAL BACKGROUND

Object detection and instance segmentation are related computer vision tasks focused on identifying and localizing objects
within images. Object detection involves recognizing and labeling objects while providing bounding boxes around them.
Instance segmentation takes this a step further by not only classifying objects but also precisely detecting the boundaries of
each instance at the pixel level.

The first successful object detector was Viola-Jones [1], which classified a sliding window over the entire image. The rise
of deep learning lead to approaches relying on Convolutional Neural Networks (CNN) [2], which resulted in large
processing times. Even though further approaches, such as Faster R-CNN [3], concentrated on the inference speed, they
were soon outperformed by You Only Look Once (YOLO) [4]. Only models with added functionalities, like Mask R-CNN
[5], capable of instance segmentation, managed to stay competitive. Notably, YOLO has integrated support for instance
segmentation as well since September 2023.

Labeling images for instance segmentation training is time-consuming and error-prone, since pixel-level annotations are
required for each instance. This is particularly challenging in underwater environments where poor visibility and
unfamiliar visual structures add up to the general problems of subjective interpretation, visual ambiguities or occlusions.
Thus, automating this labeling process is crucial.

The Segment Anything Model (SAM) [6], introduced in April 2023, is a notable pre-trained model with zero-shot inference
capabilities, allowing segmentation of objects without explicit training. SAM's performance improves with additional
information such as bounding boxes. Since this additional information is available when creating instance segmentation
datasets from object detection ones, SAM seems to be the perfect choice to automate the segmentation mask creation.

Our proposal is to use SAM to enrich an object detection dataset with segmentation masks in order to be useable to train
an instance segmentation model. In this way, the human intervention in limited to bounding box labeling, which is much
faster, and the remaining data is automatically created from the images and the bounding boxes. Also, existing object
detection datasets can be automatically transformed into instance segmentation ones with no human intervention. More
specifically, we will focus on the special case of fish detection and segmentation, which poses additional difficulties due to
the particulariries of underwater environments, using YOLOV8.

II. EXPERIMENTAL RESULTS

Our proposal has been tested using the Luderick-Seagrass dataset [7], which comprises annotated footage of fish in two
estuary systems in South East Queensland, Australia. The dataset contains 9429 fish annotations distributed in 4280
images. The annotations include both the bounding box and the segmentation mask. The former have been used to feed
SAM in order to automatically build the new segmentation masks. These new segmentation masks have been used to train
YOLOVS for instance segmentation during 30 epochs. The original, hand-labeled, segmentation mask has been solely used
to evaluate the quality of the SAM generated ones.
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Fig 1. Segmentation masks. (a) Hand-labeled, (b) SAM, (c) YOLO trained with hand-labeled masks and (d) YOLO trained with SAM-generated masks.

Figure 1 exemplifies hand-labeled segmentation masks (Figure 1-a) and SAM-generated masks (Figure 1-b), being nearly
identical with SAM actually capturing the fish contours more accurately. Instance segmentation with YOLOv8's trained
with hand-labeled data (Figure 1-c) versus trained with SAM-generated masks (Figure 1-d) shows minimal differences,
making it difficult to tell which one is better.
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Fig 2. Quality metrics. (a) Evolution of mAP during training. (b) Recall-Precision curve. (c) Confidence-Precision curve. (d) Confidence-F1-Score curve.

Figure 2 displays instance segmentation quality metrics. In Figure 2-a, validation mAP@0.5 and mAP@0.5:0.95 trends
across training epochs are compared using hand-labeled masks (ground truth or GT) and SAM-generated ones. While GT
performs slightly better at mAP@0.5, SAM based training excels in capturing fine details (mAP@0.5:0.95). In Figure 2-b,
the Recall-Precision curve after 30 epochs indicates a small decrease in mAP@0.5 with SAM with respect to GT. Figures
2-c and 2-d depict Precision and F1-Score evolution with respect to the confidence score threshold, showing the use of
hand-labeled and SAM-based masks yield similar results, though SAM exhibits slightly worse overall metrics.

Overall, the proposed approach enables fully automated segmentation mask creation, demonstrating comparable quality in
YOLOVS training with hand-labeled images. While quantitative results show a slight dip when using automated masks,
visual inspection suggests comparable, even superior, performance. Discrepancies between visual inspection and
quantitative data may stem from biases in the evaluation ground truth, which was hand-labeled. In essence, SAM
facilitates automated mask creation, enhancing YOLOVS8 training without compromising quality.
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