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Fig. 2 Comparison of effects before and after data
augmentation
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Fig. 3 Structure of the YOLO v5s model
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Fig. 4 Structure of the YOLO v5s—CDF model
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Fig. 8 Visualization prediction results of YOLO v5s model and YOLO v5s—CDF model
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Fig. 9 Visualization prediction results of four models
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Research on River Channel Aerial Image Detection Algorithm Based on Deep Learning
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Abstract:

Objective Utilizing advanced methods to rapidly and accurately identify issues such as river and lake disorder and water quality represents a key
approach to improving the efficiency of river and lake management and the river chief system. This approach aims to effectively address prob-
lems related to limited observation range, low efficiency, and delayed response to river-related issues that occur with traditional manual patrols
employing unmanned aerial vehicle (UAV) patrols integrated with image recognition technology. However, current challenges persist, including
complex river surface environments, irregular shapes, and diverse forms of floating debris in rivers of varying sizes, widespread distribution of al-
gal blooms, and concealed or easily obstructed locations of illegal sand mining activities. These factors make it difficult for traditional image rec-
ognition algorithms to accurately detect such issues. Therefore, this study proposes a river patrol image recognition algorithm based on an im-
proved YOLO v5s, referred to as the YOLO v5s—CDF algorithm.

Methods The YOLO v5s—CDF algorithm introduced several key improvements to enhance the detection performance of the original YOLO v5s
model. First, the FocalNext module replaced the C3 module in the backbone network, incorporating depth-wise separable convolutions and di-
lated convolutions to improve feature extraction capabilities for small objects. The depth-wise separable convolution applied different convolu-
tional kernels to each input channel, extracting important features from multiple channels, while the dilated convolutions increased the receptive
field without adding parameters or computational cost, capturing broader contextual information. Second, the Context Aggregation attention
mechanism was added between the neck and head structures to adjust the weights of input data, enabling the model to focus on key image infor-
mation. This attention mechanism combined channel attention and spatial attention to refine the feature representation, enhancing the model’s
ability to capture critical details. Lastly, the Decoupled Head replaced the original coupled detection head, separating feature extraction and task
prediction to accelerate network convergence and further enhance small object detection. The dataset used in this study consisted of aerial images
captured by DJI Air 2s drones, covering various rivers in Hebei Province, China. The images were annotated using the Labelimg tool and divided
into training and validation sets in an 8 : 2 ratio. Data augmentation techniques, such as flipping, color transformation, and affine transformation,
were applied to the training set to improve the model’s robustness and generalization ability. The study evaluated the model’s performance using
metrics such as precision, recall, F1-score, Average Precision (AP), and mean Average Precision (mAP). The number of parameters and floating-
point operations per second (FLOPs) were utilized to represent the model’s complexity.

Results and Discussions The experimental results demonstrated that the YOLO v5s—CDF model achieved a mean Average Precision (mAP) of
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86.7%, surpassing the original YOLO v5s model by 4.1%. The improved model exhibited significant enhancements in both precision and recall.
The precision increased from 85.9% in the original YOLO v5s model to 87.0% in the YOLO v5s—CDF model, while the recall improved from
76.4% to 80.8%, indicating a substantial reduction in missed detections. When compared to other models, such as YOLO v7-tiny and YOLO X-s,
the YOLO v5s—CDF model outperformed them with mAP improvements of 20.4 percentage points and 8.3 percentage points, respectively.
Among all target categories, the detection performance for river garbage showed the most significant improvement, with the average precision in-
creasing by 6.1 percentage points, rising from 74.8% to 80.9%, and the precision also increasing by 2.3 percentage points, from 88% to 90.3%. In
addition, the recall demonstrated an improvement of 7.3 percentage points, increasing from 64.0% to 71.3%, highlighting the YOLO v5s—CDF
model's remarkable enhancement in detecting small targets. For targets related to suspected illegal sand mining activities, the average precision in-
creased from 90.2% to 92.2%; however, the precision experienced a decline from 88.7% to 86.7%, while the recall improved from 87.2% to
89.8%. Regarding green algae targets, the average precision rose from 82.8% to 86.9%, accompanied by an increase in precision from 81.0% to
84.0% and an improvement in recall from 77.9% to 81.3%. These improvements demonstrated the YOLO v5s—CDF model’s effectiveness in de-
tecting several river issues across different object categories. The visual analysis of detection results further confirmed the superior performance
of the YOLO v5s—CDF model. When compared to the original YOLO v5s model, the improved model exhibited enhanced robustness and general-
ization capabilities in detecting river issues under complex environments, such as varied illumination conditions, water surface fluctuations, and
reflections. The YOLO v5s—CDF model successfully identified and localized a higher number of objects, particularly small and irregularly shaped
floating garbage, which were often missed by the original model. The visual results aligned with the quantitative improvements observed in preci-
sion and recall. Ablation studies revealed the individual contributions of each introduced module, with the FocalNext module improving mAP by
1.8 percentage points, the Decoupled Head by 2.4 percentage points, and the combination of both modules by 3.7 percentage points. The addition
of the Context Aggregation attention mechanism on top of the improvements from the FocalNext module and the Decoupled Head further im-
proved the mAP by 4.1 percentage points compared to the original YOLO v5s model, while only slightly increasing the model’s parameters and
computational complexity. However, the model’s performance in detecting submerged objects and illegal sand mining activities occurring at night
required further improvement. Future research will focus on enhancing the model’s applicability and accuracy under various environmental condi-
tions, such as incorporating river topography changes as detection targets using 3D drone imagery and improving the collection of submerged ob-
ject data.

Conclusions The YOLO v5s—CDF algorithm presents a viable technical approach to addressing challenges in river and lake supervision by inte-
grating drone-based remote sensing technology with advanced image recognition methods. The enhanced model, which incorporates the Focal-
Next module, Context Aggregation attention mechanism, and Decoupled Head, demonstrates superior accuracy and robustness in detecting river
debris, algal blooms, and potential illegal sand mining activities. It highlights the broad application potential of UAV remote sensing and target de-
tection technologies in ecological environment management. In addition, integrating the YOLO v5s—CDF algorithm with complementary tech-
nologies, such as water quality sensors, hydrological models, and geographic information systems (GIS), can provide a comprehensive frame-
work for river health evaluation and management.

Key words: YOLO v5s; Small object detection; River garbage; FocalNext module; Attention mechanism
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