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Abstract: This research investigation utilizes deep learning object detection algorithms to achieve accurate recognition 

of birds near airports, thereby addressing the limitations of manual bird detection at airports, including low accuracy slow 

speed, and the high cost of radar detection. The ultimate goal is to ensure the safe operation of civil aviation. The following 

are the primary enhancements: First, an ECA (Efficient Channel Attention) attention mechanism was added to the Neck 

to enhance the network's emphasis on important characteristics. This resulted in a notable improvement in accuracy while 

only changing a few parameters. Second, by adding branches with various receptive fields, the MBC3 (Muti Branch C3) 

module was created to improve the expressiveness of the model. Thirdly, the model's right width and depth parameters 

will be chosen by investigating the effects of various network widths and depths on model performance. Fourth, to solve 

the problem of feature loss in recognizing tiny bird targets, the SF-PAN (Shallow Feature - Path Aggregation Network) 

structure was proposed. The model was evaluated using metrics such as mAP@50, FPS, precision, recall, and 

computational complexity on a test set derived from the dataset. Results show that the enhanced YOLOv8 achieves a 

mAP@50 of 83.1% and a speed of 31 FPS, a 2.5% improvement in accuracy and a 7 FPS increase over the baseline 

YOLOv8, while reducing parameters and weight size by approximately 48%. Comparative experiments further validate 

the model’s superiority over existing algorithms in terms of accuracy and resource efficiency. This upgraded YOLOv8 

provides a novel, real-time solution for precise bird detection in challenging airport environments, ensuring safer civil 

aviation operations. 
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Index Terms: Airport Bird Detection, Bird Strike Prevention, Attention Mechanism, Multi-branch Convolution, Feature 

Fusion. 

 

 

1.  Introduction 

Bird Strike usually refers to a collision between an aircraft and nearby birds during takeoff, flight, or landing, resulting 

in a flight safety accident [1]. The 2009 Hudson River emergency landing in New York was one of the typical civil aviation 

bird strike accidents. Between 1990 and 2022, the Federal Aviation Administration's Wildlife Impact Database recorded a 

total of 276846 bird strike event reports, and the database also showed an increasing trend in the number of bird strike 

events year by year. According to relevant statistics, 90% of bird strike incidents occur in airports and their surrounding 

airspace, and 76% occur below 60 meters. Therefore, airports and their surrounding airspace are key to preventing bird 

strike accidents. 

Before driving away birds, the first step is accurately detecting bird targets in the airport airspace. There are two 

common methods: manual observation and radar detection. For small and medium-sized airports, the cost of radar detection 

is relatively high, and manual observation has disadvantages such as poor real-time performance and low accuracy. Deep 

learning object detection is a branch of computer vision that refers to locating and recognizing the category of an object in 

an image [2]. Two types of object detection algorithms are based on the detection stage: the two-stage and the single-stage 

methods. The two-stage method has a long training time, poor real-time performance, and poor accuracy in detecting small 

targets. The single-stage method is an end-to-end detection algorithm that maintains high detection speed without 

sacrificing accuracy. Representative algorithms include SSD (Single Shot MultiBox Detector) and YOLO (You Only Look 

Once) series [3-8]. The use of image-based bird target detection technology in small and medium-sized airports has the 

advantages of low cost, high accuracy, and fast speed. Directly applying object detection algorithms to bird detection tasks 

may result in low detection accuracy and slow speed. Therefore, it is necessary to make appropriate improvements to the 

algorithm to make it more suitable for bird detection tasks. 

The main problems in small object detection tasks are as follows: firstly, the target occupies fewer pixels, so the 

detailed information contained in the target is not rich enough, which makes it difficult for the network to extract features, 

and when the image is downsampled multiple times, it is easy to cause the loss of target information. Secondly, there is no 

attention preference in the original YOLOv8 network, and the network cannot effectively allocate computing resources, 

ultimately resulting in a decrease in network detection performance. Thirdly, feature fusion methods can improve the 

accuracy of network object detection, while YOLOv8 network has poor feature fusion capability. In the improvement of 

object detection algorithms, Xia Tao et al. embedded a gate control channel attention mechanism in the feature extraction 

network to promote the relationship between feature channels [9]. The DenseNet (Densey Connected Convolutional 

Networks) model combined with a self-attention mechanism to better extract interference signal features, thereby avoiding 

complex convolution operations thus avoiding complex convolution operations [10]. In the Path Aggregation Network 

(PANet) applied structure in the SSD algorithm, fully utilizing the relationships between various feature layers to obtain 

richer semantic information of small targets, improve the network's feature fusion ability, and ultimately enhance the 

performance of small target detection [11]. The authors increased the coverage level of the FPN structure to obtain more 

complete small target information and improve the multi-scale detection performance of the model [12]. Bird strikes are a 

major concern for aviation safety, as collisions between birds and aircraft can cause significant damage, delays, and even 

accidents. Detecting birds near airports is challenging due to their unpredictable movement and environmental factors like 

weather and lighting, which complicate traditional detection methods such as radar or visual monitoring. Bird strikes result 

in thousands of incidents annually, leading to high costs for airlines and posing safety risks to passengers and crew. These 

issues highlight the urgent need for improved bird detection systems to reduce both the financial and safety impacts on the 

aviation industry. This research aims to address this problem by developing more effective bird detection technologies for 

airports. 

This study selected the YOLOv8s model with moderate parameter quantity, high detection speed, and accuracy for 

bird detection research. Firstly, Efficient Channel Attention (ECA) [13] is introduced into Neck to make the model pay 

more attention to valuable channels, increase the weights of these channels, and suppress the weights of other channels, 

thereby improving the accuracy of object detection. Secondly, to address the issue of insufficient expressive power and 

poor small object detection performance in object detection models, a Multi Branch C3 (MBC3) module was designed, 

which integrates multiple parallel convolutional branch structures with different receptive fields to enhance the model's 

expressive power and improve small object detection performance. The goal of network lightweight was further achieved 

by adjusting the depth and width of the network. Finally, a Shallow Feature Path Aggregation Network (SF-PAN) was 

proposed to refuse the feature maps output by Backbone into the downsampling process of the Neck structure, improving 

detection performance. This algorithm can assist in detecting bird targets in the low-altitude airspace of airports, making 

up for the shortcomings of manual observation and radar detection, and ensuring the safe operation of aircraft. 

Main Contributions of the Paper: 

• Introduced Efficient Channel Attention (ECA) into YOLOv8s model's Neck to improve detection accuracy for 
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bird targets in low-altitude airport airspace. 

• Designed the Multi-Branch C3 (MBC3) module to integrate multiple convolutional branches with varying 

receptive fields, enhancing small object detection, especially for challenging targets like birds. 

• Achieved a more efficient YOLOv8s model by adjusting its depth and width, optimizing detection speed and 

accuracy for real-time airport applications. 

• Proposed a Shallow Feature Path Aggregation Network (SF-PAN) to enhance feature fusion during 

downsampling, improving detection performance for bird targets. 

• Developed a cost-effective bird detection solution for low-altitude airport airspace, enhancing aviation safety 

by reducing reliance on manual observation and radar systems. 

 

The remainder of this paper is organized as follows: Section 2 provides a comprehensive review of existing bird 

detection algorithms and deep learning-based object detection methods. Section 3 outlines the methodology, detailing the 

enhancements made to the YOLOv8 model, including the integration of Efficient Channel Attention, the Multi-Branch C3 

module, and the Shallow Feature Path Aggregation Network. Section 4 describes the experimental setup and evaluation 

criteria, followed by the presentation of bird detection experiment results conducted in low-altitude airport airspace. Section 

5 discusses the findings, comparing the performance of the proposed algorithm with existing methods. Finally, Section 6 

concludes the paper and identifies potential areas for future research. 

2.  Related Work 

Several areas, such as traffic sign identification, facial recognition, and bird recognition, use image object detection 

[14]. Currently, medium- to large-sized target datasets have shown encouraging performance for deep learning-based object 

detection systems. Because there are fewer pixels in the image due to the tiny size of the bird target, the YOLOv8s has a 

harder time extracting features from the little target, which lowers detection performance. Two-stage algorithms have huge 

model sizes, complicated training, and sluggish frames per second (FPS) yet provide good accuracy in object identification 

applications. The YOLO algorithm, a single-stage deep learning-based object identification technique, was created to 

overcome these problems. The YOLO approach has minimal accuracy gain but much faster detection. In addition, the 

YOLO algorithm requires little memory during training, few parameters, and little time to execute. While the YOLO series 

algorithms are very good at identifying huge things, they are not as good at identifying little birds in airports. The main 

causes of this are the following: creating previous boxes, defining loss functions, matching negative and positive samples, 

issues in setting prior boxes, and unequal distribution of tiny object samples in training data [15]. 

Several techniques have been used to enhance YOLOv8s's tiny bird feature extraction capabilities. As an example, 

reference [16] presented the AF-FPN, a revised feature pyramid approach. This approach enhances the feature pyramid's 

representation capabilities by integrating the adaptive attention module (AAM) and feature enhancement module (FEM) to 

reduce information loss during feature map construction. A convolutional channel attention block was added by Reference 

[17] after each feature fusion to enhance mAP@50 detection for small flaws. A convolutional block attention module 

(CBAM) was added to the YOLOv7 model by Reference [18]. With this approach, feature responses across channels are 

adjusted by dynamically learning weights and modelling the interactions across the channels. This instructs the model to 

give rich information-rich features priority, hence improving the detection accuracy of tiny objects. A dense block was 

incorporated into the YOLOv2 network by Reference [19]. This addition improved the network's ability to extract features 

from small objects, which increased the detection precision. 

According to reference [20], small object characteristics and spatial details tend to decrease over time or shrink over 

the network inference process. By combining the semantic information from higher-level feature maps with the fine-grained 

information from shallower-level feature maps, multiscale feature methods—also known as feature fusion—can help offset 

this problem by minimizing information loss and enhancing network accuracy. In order to accomplish feature fusion, 

Reference [21] presented the feature pyramid network (FPN), which consists of a top-down network, a bottom-up network, 

and lateral connections between them. By incorporating a second bottom-up network and lateral connections to form PANet, 

reference [22] built on the FPN and increased network accuracy and feature fusion efficiency even more. 

The augmented feature fusion architecture (PB-FPN) described in Reference [23] was created from BiFPN and PANet 

and significantly improved the model's capacity to recognize tiny targets. Apart than adding methods for attention and 

using feature fusion, one may improve the detection accuracy by adjusting the model's loss function. In order to calculate 

bounding box regression loss, Reference [24] added a Focal DIoU loss to YOLOv3's loss function. This improved the 

algorithm's accuracy and convergence time. 

CNNs have long dominated the field of computer vision because of their potent capacity to extract local characteristics. 

Nevertheless, vision transformers, or ViTs, have become a viable substitute in recent years. In some visual tasks, they have 

shown performance on par with or even better than CNNs. The authors of reference [25] successfully reduced the workload 

of radiologists by classifying brain cancers with a 98.7% classification accuracy using a ViT-based deep neural network. 

Using three datasets of traffic signs, Reference [25] examined the performance of seven CNNs and five ViTs; the findings 

showed that vision transformers are not competitively superior. Adaptive vision transformers (AdaViT) were described in 

Reference [26]. Their goal is to maximize the inference efficiency of vision transformers while limiting the accuracy 

reduction. AdaViT learns to decide to use rules for self-attention heads, patches, and transformer blocks independently for 
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each input. Using two branches to analyse large- and small-scale image patches, reference [27] introduced the application 

of feature fusion algorithms to cross-attention multi-scale vision transformers (CrossViT) and developed a low-weight 

token fusion block based on cross-attention. The model's accuracy compares to or surpasses that of CNNs. The 

disadvantages of many ViT techniques include longer training times, more computation and model parameters, greater 

hardware requirements, and increased GPU memory use for model training. For instance, in order to keep the GPU memory 

needed for training from going above the GPU's memory limit, it was essential to decrease the number of channels in each 

layer throughout the real-time detection transformer (RT-DETR) training process [28]. 

The network's detection accuracy is increased by the aforementioned enhancement techniques, but they also have 

certain disadvantages. For example, the object detection network's parameters and computation are increased by some 

introduced advancements. Furthermore, it's possible that they aren't making the most of the greater detail information that 

the feature extraction network's little, low features carry. Our goal in this study is to address these issues as much as we can 

in order to improve the object detection network's overall performance. 

3.  Improvement Method 

3.1.  Improving the Model Structure of YOLOv8s 

YOLOv8s consists of three parts: Backbone, Neck, and Head. The main function of Backbone is to extract image 

features; Neck uses the feature pyramid network PANet to process targets of different sizes, mainly fusing feature maps 

from multiple levels; Head is used to perform the final object detection, using feature maps extracted from the backbone 

network and Neck to predict the categories of bounding boxes and objects. The Head consists of three detection layers at 

different scales, each responsible for predicting targets of three different sizes. The detection at these three scales improves 

the accuracy of detecting small targets. The improved YOLOv8s object detection model is shown in Figure 1. 

 

 

Fig.1. Model structure of improved YOLOv8s 

This article mainly improves the Neck feature fusion part of YOLOv8s, including adding a 4-layer attention 

mechanism, using the proposed MBC3 module and SF-PAN structure. Compared with the original model, the improved 

YOLOv8s model has higher accuracy mAP@50 higher detection speed FPS, while reducing the number of parameters, 

weight size, and computational complexity of the model. 

3.2.  ECA Attention Mechanism 

The channel attention mechanism can adaptively determine the objects that need attention and assign different 

weights to different channels [14]. In 2018 the authors proposed a Squeeze and Excitation Network (SENet) [29], where 

the SE module establishes correlations between different convolutional feature channels, making resource allocation more 

reasonable with only a few additional parameters. In 2018, the authors [16] proposed an ultra-lightweight channel 

attention module ECA module, which only contains k parameters (k<=9). The author found that avoiding dimensionality 

reduction and having appropriate channel interactions are crucial in SENet, so one-dimensional convolution was used to 

achieve local cross-channel interactions. Considering that the attention mechanism can make the network pay more 

attention to certain features of the input image, assign higher weights to that feature, and assign lower weights to other 

"unimportant" features, thus more efficiently processing the extracted features and achieving the goal of improving object 
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detection performance. This study adds the efficient channel attention mechanism ECA to the Neck part of the YOLOv8s 

network so that the model can process the features extracted from the Backbone more efficiently. The structure of the 

ECA module is shown in Figure 2. 

 

 

Fig.2. Module structure of ECA 

In the ECA module, the input feature map is first subjected to global average pooling GAP, which changes the size 

from C × W × H (C represents the number of feature map channels, W represents the width of the feature map, and H 

represents the height of the feature map) to 1 × 1 × C. After converting to a one-dimensional vector, perform a one-

dimensional convolution operation on the vector with a kernel size of K=3 to establish cross channel interaction between 

local channels. Subsequently, the output one-dimensional vector is activated through the sigmoid function. Finally, 

multiply the final output one-dimensional vector with the original feature map to obtain the channel-weighted feature 

map. 

This study added an ECA module after each C2f module of Neck in YOLOv8s. Adding the ECA module improves 

the accuracy and speed of object detection in the network by adding a small number of parameters. 

 

 

Fig.3. Module structure of MBC3 

3.3.  MBC3 Module 

Among numerous neural network architectures, deeper network depth can significantly improve network detection 

performance, but there are fewer parallel branch structures in the network. Different convolutional branches have different 
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receptive fields and feature extraction capabilities, which can extract different and more complex abstract information 

about bird targets. This study considers the addition of parallel multi-convolution branches and adds the feature maps 

extracted from the multi-branch structure to obtain an output feature map with richer feature information. The proposed 

module is named the MBC3 module. This module contains four parallel convolutional branch structures with different 

receptive fields, such as 1 × 1 convolution, 3 × 3 convolution, and 1 × 1 convolution + pooling layer. By applying the 

MBC3 module, the number of background predictions made by the network as flying birds has been reduced, and the 

accuracy of the network's prediction of small flying bird targets has been increased. The structure of the MBC3 module 

is shown in Figure 3. 

In the MBC3 module, first, the input feature map F is processed through 1 1x1 convolutional layer (including 1x1 

convolution operation + batch normalization) Batch Normalization (BN) + SiLU activation function, and then divide the 

output feature map into two parts, x1 and x2. Secondly, the x1 feature map is passed through a 1x1 convolutional layer, 

and its output feature map is parallelized through (1) 1x1 convolution operation; (2) 1x1 convolution operation, and 3x3 

convolution operation; (3) 3 × 3 convolution operation; (4) 1x1 convolution operation and average pooling operation. 

Batch standardizes the output features of the four branches mentioned above, then adds them together and activates them 

using the SiLU activation function to output the feature map x1 '. Finally, concatenate the x1 'and x2 feature maps along 

the channel dimension, and use a 1x1 convolutional layer to obtain the output feature map F'. 

The calculation formulas for the MBC3 module are shown in (1) ~ (3): 

 

𝑥1, 𝑥2 = split⁡(𝑓Conv⁡
𝑘=1 (𝐹))                                                                    (1) 

 

𝑥1′ ⁡= SiLU⁡ (𝑓conv⁡
𝑘=1(𝑓Conv⁡

𝑘=1 (𝑥1)) + 𝑓conv⁡
𝑘=3 (𝑓conv⁡

𝑘=1(𝑓Conv⁡
𝑘=1 (𝑥1)))

+𝑓conv⁡
𝑘=3(𝑓Conv⁡

𝑘=1 (𝑥1)) + 𝑓AvgPool⁡ (𝑓conv⁡
𝑘=1(𝑓Conv⁡

𝑘=1 (𝑥1))))
                                         (2) 

 

𝐹′ = 𝑓Conv⁡
𝑘=1 (Cat⁡(𝑥2, 𝑥1′))                                                                       (3) 

 

In the formula, () Split represents dividing the output feature map into 2 equal parts; 𝑓conv⁡
𝑘=1 () represents a 1 × 1 

monolayer; The convolution operation with 𝑓conv⁡
𝑘=1() represents a 3x3 loop operation when k=3; SiLU() represents the 

number of SiLU cycles; Cat() represents concatenating feature maps according to channel dimensions. 

Table 1. The influence of the position of MBC3 on model performance 

method mAP@50 FPS 

case1 82.0% 28 

case2 82.2% 30 

 

3.4.  SF-PAN Structure 

After undergoing multiple convolution operations, the network may result in the final output feature map losing 

small target information. Considering the Backbone area in the shallow position of the YOLOv8s network, which includes 

more bird orders the detailed information of the target, reusing this information will improve network performance 

Raising is helpful. To compensate for the network's loss during upsampling and downsampling processes the missing 

target information further increases the information of small bird targets in the image. This article proposes the SF-PAN 

structure, which is used in YOLOv8s during the second downsampling process in Neck, the data from Backbone was 

reused Shallow features. Different from a weighted bidirectional feature pyramid network the Bidirectional Feature 

Pyramid Network (BiFPN) is, the entire structure ultimately retains the network nodes with input 1, ensuring network 

connectivity. The depth of the network remains unchanged. The SF-PAN structure is shown in Figure 4 (b). In addition 

to the cross-sampling layer links mentioned above, SF-PAN also includes a weighted features Integration aspect. While 

integrating shallow and deep features, introduced learnable weights to learn different input features. P4 layer the output 

formula is shown in (4) - (5). 

The SF-PAN structure reuses shallow information from the network, integrating shallow and deep feature maps not 

only enables information to bottom-up and top-down flow in the network but can also be more efficient and convenient 

lateral flow and cross sampling layer flow to help the network to be effective capture multi-scale features to improve 

network processing of different sizes and complexities the ability of the object. The introduction of SF-PAN structure 

increases the number of parameters by a small amount in terms of computational complexity, and the detection accuracy 

of the model has been increased. 

 

𝑃4′⁡Out⁡ =
𝜔1×𝑃4Out⁡+𝜔2×𝑃5

′⁡Out⁡

𝜔1+𝜔2+𝜀
                                                                    (4) 

 

𝑃4′′⁡Out⁡ =
𝜔3×𝑃4

′⁡Out⁡+𝜔4×𝑃5
′⁡Out⁡+𝜔5×𝑃3

′′⁡out⁡

𝜔3+𝜔4+𝜔5+𝜀
                                                         (5)
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In the formula, ω represents the learned parameter; ε represents a number that is infinitely close to 0, preventing the 

formula from being divided by 0. 

 

P5

P4

P3

 

P5

P4

P3

P4 out P4' out P4" out 

P3" out 

P5' out 

 
(a) Neck structure of YOLOv8s (b) SF-PAN structure 

Fig.4. The Neck structure of YOLOv8s and the SF-PAN structure proposed in this paper 

4.  Experiment and Results Analysis 

4.1.  Dataset Production 

The dataset of this experiment was trained, validated, and tested using partial AirBirds data published in reference 

[17]. The images in the AirBirds dataset are captured over four seasons of a year, including various bird species, different 

lighting conditions, and 13 weather conditions. Because the average annotation size of instances in this dataset is less than 

10 pixels, this experiment selected 5000 images from AirBirds with the largest proportion of pixels occupied by the largest 

bird instance to form the dataset. In this way, these 5000 images include both larger bird instances and numerous smaller 

bird instances. 

Data cleaning of 5000 datasets: (1) Manually re-label the annotation boxes with incorrect annotations (as shown in 

Figure 5 (a)), as shown in Figure 5 (b); (2) Expanding the dataset and introducing large instance bird images, the network 

went from being unable to detect large instances of birds well at the beginning (as shown in Figure 5 (c)) to being able to 

detect large instances of birds well (as shown in Figure 5 (d)). 

 

  

(a) Before manual annotation (b) After annual annotation 

  

(c) Before expanding the dataset (d) After expanding the dataset 

Fig.5. Problems in the original dataset and modifications made to the dataset 

The final dataset consists of 5354 images. Divide the dataset according to the ratio of the training set:  validation set: 

and test set=8:1:1. The distribution of real box positions in the dataset and the size distribution. 

4.2.  Experimental Environment and Hyperparameter Configuration 

The software and hardware environment configuration for this experiment is shown in Table 2. 
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Table 2. Software and hardware environment configuration 

Name Edition 

CPU Intel(R) Xeon(R) Silver 4110 CPU@2.10GHz 

GPU NVIDIA GeForce RTX 2080Ti 11GB 

Memory 128GB 

Operating System Windows 10 Professional 22H2 

Python 3.8.17 

Pytorch 1.8.1 

CUDA 10.2 

 

The experimental hyperparameter configuration is: 300 training epochs, 8 batches, 8 workers, image size 1024 × 

1024, initial learning rate 0.01, minimum learning rate 0.0001, optimizer SGD, momentum 0.937, and cosine annealing 

method is used to reduce the learning rate. 

4.3.  Evaluation Indicators 

This experiment selects accuracy P (referring to the proportion of correctly predicted positive samples in the images 

recognized by the model), recall R (referring to the proportion of correctly recognized images in the test set), and average 

precision mean mAP@50 The evaluation indicators for this experiment include the average accuracy AP of all categories 

when the IoU threshold is 0.5, detection speed FPS (referring to the maximum number of images processed by the model 

within 1 second), parameter size Params, and weight size. The calculation formula for evaluation indicators is as follows 

as shown in (6) - (9): 

 

𝑃 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                                                     (6) 

 

𝑅 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                                                     (7) 

 

𝐴𝑃 = ∫  
1

0
 𝑃(t)𝑑𝑡                                                                                 (8) 

 

𝑚𝐴𝑃 =
∑  𝑁
𝑛=1  𝐴𝑃𝑛

𝑁
                                                                                  (9) 

 

In the formula, TP represents the correct number of birds predicted by the model; FP is the model that predicts the 

background as the number of birds; FN is the number of birds predicted by the model as background; AP is the average 

accuracy, and P (t) represents the accuracy when the intersection to union ratio threshold is set to t; N represents the 

number of target categories in object detection. In this experiment, there was only one category, birds, with N=1; APn 

represents the nth category and the average accuracy of each category. 

4.4.  Improving the Visualization of Training and Detection Results of YOLOv8 Model 

The training process of the improved YOLOv8s model mAP@50 curve showing in the figure 6. In the first 50 epochs, 

as shown in Figure 6(a), the model’s mAP@50 curve exhibited significant oscillations for both training and validation 

datasets. However, after 100 epochs, as seen in Figure 6(d), the curve gradually stabilized, reflecting improved 

consistency in performance. The early-stage oscillations were effectively reduced, and from around epoch 100 onward, 

the model showed more steady progress, with a smoother rise in mAP@50 for both training and validation sets. By 

focusing on the training up to 200 epochs, Figure 6(e) illustrates continued improvement in mAP@50, with the validation 

curve trailing the training curve, but the gap narrowing as training progressed. This suggests the model was stabilizing 

and optimizing its performance without signs of underfitting or overfitting. 

As the training continued up to 300 epochs, shown in Figure 6(f), the mAP@50 of the validation set consistently 

exceeded the original YOLOv8s performance, indicating better generalization and no significant overfitting. The gap 

between the training and validation mAP@50 curves remained manageable, confirming the model was not overfitting, as 

no drastic divergence was observed. Additionally, the improved model was validated by running forward inference on 

five test images, which included birds of varying sizes, some of them flying. The improved YOLOv8s successfully 

detected all five instances of flying birds, showcasing its enhanced detection capabilities. These results, consistent with 

the mAP@50 trends observed during training, validate the improvements made to the model, confirming its ability to 

generalize effectively without significant underfitting or overfitting. 

4.5.  Ablation Experiment 

This study not only considers the impact of introducing ECA attention mechanism and MBC3 module on model 

performance, but also considers the impact of adjusting network depth and width (AWD) on model performance based 

on the above improvements, as shown in Table 3. The αw represents the width scaling factor, and αd represents the depth 
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scaling factor. The larger the αw, the more feature maps the network outputs at each layer, and the larger the αd, the deeper 

the network layers. Case4 mAP@50 is the highest. 

 

  

(a) (b) 

  

(c) (d) 

  

(e) (f) 

Fig.6. Visualization of training and detection results of improved YOLOv8s model (a) Training and Validation mAP@50 over Epochs, (b) Training 

and Validation Loss over Epochs, (c) mAP@50 over Epochs (up to 50), (d) mAP@50 over Epochs (up to 100), (e) mAP@50 over Epochs (up to 200),(f) 

mAP@50 over Epochs (up to 300) 

Table 3. The impact of different network widths and depths on model performance 

Method αw αd mAP@50 FPS 

case2 0.5 0.33 82.2% 30 

case3 0.325 0.33 81.2% 27 

case4 0.325 0.67 82.4% 31 

 

The results of the ablation experiment are shown in table 4. From Table 4, it can be seen that the four improvements 

introduced significantly improved the model's performance mAP@50 FPS reduces the parameter count, computational 

complexity, and weight size of the model. 
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Table 4. Ablation experimental results 

Method mAP@50 FPS P R Params Weight Size/MB GFLOPs 

YOLOv8s 80.5% 24 78.9% 77.5% 11.1M 22.6 28.4 

YOLOv8s + ECA 81.6% 28 80.9% 76.7% 11.1M 22.6 28.6 

YOLOv8s + ECA + MBC3 82.2% 30 83.3% 75.7% 9.8M 21.1 26.9 

YOLOv8s + ECA + MBC3 + AWD 82.4% 31 80.4% 78.4% 5.8M 12.9 17.4 

YOLOv8s + ECA + MBC3 + AWD + SF-PAN 83.1% 31 80.3% 77.3% 5.8M 12.9 17.5 

 

Compared to the original YOLOv8s model, the improved YOLOv8s mAP@50 the most significant improvement 

was achieved with a 2.5% increase, FPS increased by 7 frames per second, parameter count decreased by 5.8M from 

11.1M, weight size decreased by 9.7MB, and the GFLOPs of the improved YOLOv8s were only 61.6% of the original 

model, indicating that the improved YOLOv8s consumes less computing resources compared to the original model as 

shown in figure 7. 

 

 

Fig.7. Ablation experimental results 

4.6.  Comparative Experiment 

In this section, we present the results of the comparative experiments conducted between the improved YOLOv8s 

model and several well-established object detection models. The key evaluation metrics used are mAP@25, mAP@50, 

and mAP@75, which represent the mean average precision [30] at different Intersection over Union (IoU) thresholds, as 

well as FPS (Frames Per Second), parameter count, and weight size. 

Table 5. Comparative experimental results 

Method mAP@25 mAP@50 mAP@75 FPS Params Weight size/MB 

YOLOv8s 90.5% 80.5% 28.7% 24 11.1M 22.6 

YOLOv3 [5] 92.6% 59.5% 10.8% 15 61.5M 235.0 

YOLOv3-tiny [5] 51.8% 48.8% 17.6% 24 12.1M 24.4 

YOLOv4-tiny [6] 89.3% 49.6% 10.2% 67 5.90M 22.4 

YOLOv6s [7] 90.2% 78.7% 26.0% 24 16.3M 33.0 

SSD [32] 88.6% 55.4% 1.70% 53 3.50M 14.3 

CenterNet [33] 92.7% 68.2% 5.29% 28 32.7M 124.0 

RT-DETR [34] 86.1% 66.1% 26.9% 29 9.70M 19.8 

Faster RCNN [35] 7.76% 3.56% 0.63% 14 28.3M 108.0 

Ours 92.8% 82.9% 30.0% 31 5.80M 12.9 

 

The improved YOLOv8s model demonstrates strong performance, particularly with a mAP@50 value of 82.9%, 

outperforming all other models except YOLOv3 in mAP@25. With a mAP@25 of 92.8% and mAP@75 of 30.0%, the 

model achieves a good balance between accuracy and precision across various IoU thresholds. This performance makes 

it particularly robust for bird detection in low-altitude airport airspace. While YOLOv4-tiny achieves a higher FPS of 67, 

it compromises on accuracy, especially at higher mAP thresholds, whereas YOLOv8s achieves 31 FPS while maintaining 
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higher accuracy. The YOLOv8s model is also smaller and more efficient, with only 5.8M parameters and a weight size 

of 12.9MB, making it ideal for deployment in systems with limited computational resources, such as embedded systems 

at airports [31]. It outperforms models like YOLOv3 and YOLOv6s, which have higher parameters and larger weight 

sizes but do not match the detection accuracy and speed of YOLOv8s. 

The improved YOLOv8s model shows strong potential for real-time bird detection systems, offering a superior 

balance between accuracy and detection speed. Its efficiency in handling small, fast-moving targets, such as birds, makes 

it highly suitable for airport applications, outperforming other object detection models like Faster R-CNN and RT-DETR. 

However, there are areas for future improvement, such as enhancing robustness in diverse operational environments 

affected by lighting conditions or weather. Future research could explore domain adaptation techniques to address these 

challenges. Additionally, integrating YOLOv8s with other sensor types, such as radar or thermal cameras, could improve 

its detection capabilities, especially in low-visibility scenarios, extending its potential beyond visual detection. 

5.  Conclusions and Future Research Directions 

In order to achieve more accurate and rapid detection of airport bird targets and provide a more effective decision-

making basis for airport bird repelling, this paper proposes an airport bird detection algorithm based on YOLOv8 

mAP@50 Reaching 82.9% and FPS of 31 frames per second, it meets the requirements of real-time object detection tasks. 

Compared to other algorithms, this algorithm has the highest detection accuracy. This algorithm can perform bird 

detection on image data transmitted from video surveillance devices deployed near airports in a distributed manner. 

Subsequently, the detection results of the algorithm can be transmitted to the airport bird repelling system to achieve 

accurate perception of birds in the airspace near the airport, and then corresponding repelling operations can be carried 

out on dangerous targets to ensure the safety of aircraft operation. Due to the small size and fast movement speed of bird 

targets, the detection effect is not ideal. So, continuing to improve the accuracy of bird detection and precise tracking of 

detected bird targets is the key direction of future research. 

However, there are certain limitations to this study. The algorithm's performance may be affected by environmental 

factors such as lighting conditions, weather, and the complexity of the bird's flight path, which were not fully explored in 

this research. Additionally, the current system is limited to detecting birds in specific flight paths and may struggle with 

tracking birds in highly dynamic environments. 

Future research should focus on enhancing the algorithm’s robustness under varying environmental conditions and 

improving its ability to track birds in complex and unpredictable flight paths. Moreover, the integration of additional 

sensor types (e.g., radar, thermal imaging) could further improve detection reliability, particularly in low-visibility 

situations. Expanding the system for use in other wildlife detection contexts, such as for monitoring other types of wildlife 

near airports or in other transportation settings, could also increase its applicability and impact. 
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