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(Effective Image Augmentation Methods to Enhance the Detection Performance
of Overlapping Paralichthys olivaceus Obiects)
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Abstract

Accurate detection of Paralichthys olivaceus in aquaculture environments has become increasingly
important. However, due to the complex backgrounds and high fish density in aquaculture tanks,
existing data augmentation methods are often insufficient to achieve robust detection performance. This
study proposes a novel data augmentation technique optimized for aquaculture settings. The proposed
method expands the dataset by extracting clearly separated flounder images, removing their
backgrounds, and inserting them into empty spaces of the original images with appropriate scaling and
orientation. Furthermore, when multiple instances are inserted, their HSV values are unified to maintain
color consistency. This approach prevents unnatural overlaps and generates realistic composite images
that reflect the complexity of aquaculture environments. Experimental results show that a dataset
expanded with 404 augmented images achieves an mAP@50 of 0.9304 using a YOLOv8n model,
outperforming datasets generated with conventional augmentation methods. Additionally, combining the
proposed technique with other augmentation methods demonstrates the potential for further performance
improvement. This study presents an effective data augmentation strategy for enhancing object
detection accuracy in aquaculture and offers the potential for broader application to various species and

environments.
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1. YOLO 7|9k A §4] 7]
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Algorithm 1 ©lo]¥] $74 &dagF

: Step 1: A £

. original_images < load original images

. 1solated_objects < select non-overlapping objects

using ToU < 0.01

: Step 2: WA A|A

. clean_objects < remove background from isolated_o
biects (using remove.bg)

: Step 3: &3+ &4

. for image € original_images do

mask < load corresponding mask image

binary_mask < binarize(mask)

occupied < update with existing bounding boxes

integral_img < compute_integral_image
(occupied)

12:  Step 4: A7] A

13:  avg_size < compute average bbox size in image

14 scale_candidates < [1.0, 0.9, 0.8]

15:  Step 5: ¥ A (A9A)

16:  flip object horizontally and/or vertically at random

17 Step 6: HSV =4

18  ref_hsv < get HSV of first object

19: for object € clean_objects do

GIA W

20: object < adjust_to_reference(object, ref_hsv)

21 candidates < find_empty_regions(integral
img, object size)

22 if candidates # @ then

23: insert object at random(candidate)

24: update label and mask

20 end if

26.  end for

27 end for
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% 7}l Multiply_Contrast 7]
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7% F1 Score | mAP@50 | mAP@D-%H
original 0.8811 0.9208 0.6062
flip 0.8794 09197 0.6106
grayscale 0.8700 0.9010 0.599%
blur 0.8894 09191 0.6108
noise 0.8506 0.8%51 0.5847
crop 0.8747 09148 0.6145
rotate 0.8931 09225 0.6153
scale 0.8709 09107 0.5962
contrast 0.8708 09153 0.6082
brightness 0.8732 09114 0.5958
hue 0.8718 09174 0.6037
elastic 0.8753 09116 0.5962
perspective 0.8777 0.9203 0.6082
multiply_contrast 0.8855 09192 0.6160
At 0.8921 0.9304 0.6138
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