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Abstract

As a significant source of water pollution, floating objects on water surfaces pose severe threats to
aquatic ecological security and human health. To address the limitations of existing detection
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methods, such as insufficient feature extraction in complex aquatic scenarios and weak adaptability
to small-sample conditions, this study proposes an improved deep residual network-based detec-
tion framework. Firstly, a self-collected multi-source dataset of floating objects was constructed,
where adaptive image cropping and normalization processing were applied to mitigate interfer-
ence from illumination fluctuations and scale variations. Subsequently, based on the ResNet-18 ar-
chitecture, a hierarchical optimization strategy was designed: shallow network parameters were
frozen to retain general feature representation capabilities, while deep networks were fine-tuned
to enhance domain-adaptive feature extraction, coupled with a composite classification head to im-
prove small-sample learning performance. To overcome dataset size constraints, a novel integra-
tion of multi-dimensional coordinated data augmentation strategies and class-balanced loss func-
tions was implemented, expanding data diversity through online augmentation and alleviating class
imbalance issues. Experimental results demonstrate that the proposed method achieves a detection
accuracy of 98.71% on the self-built dataset, representing an improvement of 9.68 percentage
points over the baseline model, while maintaining stable performance across varying illumination
conditions and floating object densities. The study systematically validates the effectiveness of the
full-process solution encompassing data preprocessing, network architecture optimization, and
training strategy design. The proposed transfer learning framework significantly enhances detec-
tion robustness while ensuring model lightweight design, providing a reliable technical solution for
intelligent water pollution monitoring systems.
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Figure 1. Example of positive sample
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Figure 2. Sample dataset
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Figure 3. Data enhancement examples
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Figure 4. Loss value and accuracy percentage curve
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Figure 5. Test set confusion matrix
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