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Abstract: In the thermal infrared temperature measurement scenario of pigs, the temperature at the 

root of the ear is closest to the body temperature. Due to the weak light in the pig house scene, the 

inconspicuous characteristics of the pig's ear area, and the mutual blockage caused by the pig's 

posture changing at any time, it is difficult to accurately locate the pig's ear root. Therefore, in order to 

reduce the impact of low light conditions on the positioning of the pig's ear root, the Retinex algorithm 

based on bilateral filtering is used to preprocess the input image; an improved rotating target detection 

method of YOLOv8_OBB is proposed, and the Shuffle Attention mechanism is introduced in the neck, 

which effectively integrates spatial and channel attention mechanisms to enhance the feature extraction 

capability of the model; the original feature extraction method is replaced by the Shuffle Attention 

mechanism, which effectively integrates spatial and channel attention mechanisms to enhance the 

feature extraction capability of the model. Feature extraction capability; the original backbone 

network is replaced with MobileNetV3 network structure to reduce the number of parameters and 

computation of the model. The improved YOLOv8_OBB algorithm improves the accuracy by 7.3%, 

recall by 7.6%, and average accuracy by 7.1% compared with the baseline algorithm, and is more 

robust under low light conditions and target occlusion, which provides the basis for intelligent 

temperature measurement in pigs. Effective positioning out of the ear root is of practical significance 

for modernised intelligent temperature measurement in pigs. 
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1. Introduction 

In the process of pig breeding, the health of pigs often determines the development and economic 

benefits of pig farming. The morbidity of pigs is often accompanied by changes in body temperature, 

so real-time temperature monitoring of pigs can help screen out unhealthy pigs in pens and detect and 

deal with abnormalities in a timely manner, which is of great significance for the enhancement of 

breeding and production efficiency, the refined management of farms, and the control of the quality of 

pig breeding [1-3]. 

Traditional artificial temperature monitoring mode, need to rely on a large number of labour costs 

and difficult to achieve long-term continuous temperature monitoring, at present, most of the pig farms, 

intelligent, automated feeding has been basically popularized with the help of infrared imaging 

technology combined with computer vision, can avoid the shortcomings of the traditional temperature 

measurement methods, can be achieved without contact, low-cost real-time monitoring of pig 

temperature, to achieve the wisdom of the pig's breeding; due to weak light, poor contrast, poor 

contrast, and poor quality control of pig breeding, it is of great significance to the improvement of 

breeding and production efficiency. Due to the weak light and poor contrast in the pig house, the pig 

ear root feature information cannot be effectively captured, resulting in low detection accuracy, so there 

are certain difficulties in the detection of pig ear root targets under low light conditions. 

Computer vision-based breeding detection methods are characterised by non-contact and 

continuous automatic monitoring. At present, they are mainly divided into two categories, traditional 

target detection algorithms and target detection algorithms based on deep learning, traditional detection 

algorithms are mainly through manual feature extraction, poor robustness in the case of complex scenes 

and high computational complexity, target detection algorithms based on deep learning is to use deep 

learning technology to automatically extract the hidden feature information of the input image, and to 
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classify and predict the samples with higher accuracy, at present, target detection algorithms based on 

Deep learning detection algorithms are mainly divided into two kinds of the first is based on one-stage 

target detection algorithms[4], the target task is considered as the regression task of the whole image, the 

target recognition accuracy is low but relatively fast, common algorithms are YOLO (you only look 

once) series, SSD (single shot multibox detector) algorithm; the second is based on two-stage target 

detection algorithms[5], the second is based on two-stage target detection algorithms[6]. ) algorithm; the 

second is based on two-stage (two-stage) target detection algorithm is in the first stage to generate the 

region proposal, in the second stage of the region of interest of the content of the classification and 

regression, the recognition of the target accuracy is relatively high but the detection speed is relatively 

slow R-CNN (region-convolutional neural network, regional convolutional neural network) [7]. 

convolutional neural network)[8], SPP-Net (spatial pyramid pooling network),Fast-RCNN[9], 

Faster-RCNN [10] and so on. The use of infrared imaging in combination with the commonly used target 

detection networks Faster-RCNN, SSD, and YOLO generally anchors the target by a horizontal 

detection frame, but it is not applicable to pig ear root target detection. Since the pig's activities are 

random, the horizontal detection frame will cause the target range to be inaccurate (containing a large 

amount of background area), and the pig's ear posture will change morphologically with the head 

rotation when the pig is ingesting, tilting the head, and bowing the head, etc., which will reduce the 

detection accuracy and make it impossible to accurately obtain the exact position of the ear root of the 

pig. To address the above problems, scholars at home and abroad have done relevant research, Yang et 

al [11] added an angle prediction branch on the basis of Faster RCNN to form a rotating region 

convolutional neural network model, but the model exists in the detection speed is slow, the angle 

regression is inaccurate and so on; Xu et al [12] used a new rotating frame representation to establish a 

rotating target detection (gliding-vertex) model, but this model is not suitable for the detection of 

rotating targets. vertex) model, but this model has problems such as inaccurate detection frame 

prediction and slow detection speed; Yang et al [13] used a stepwise regression method (R3Det) from 

coarse-grained to fine-grained to detect the target quickly and accurately, but this method has problems 

such as slow training speed; Zhou et al [14] used a polar coordinate system to establish an anchorless 

frame by using a polar coordinate system in the model. rotation-equivariant detector (P-RSDet) by 

using a polar coordinate system in the model, but the detection accuracy is not high. As a result, it is 

difficult for the existing rotating target detection methods to simultaneously take into account the 

detection accuracy, training speed and detection speed[15]. 

In order to address the above problems, taking the pig as the research object, Retinex algorithm is 

introduced to enhance the image with low light; the pig head posture in visible light image is detected 

by the improved YOLOv8_OBB model, and the use of rotary target detection method with angular 

information can overcome the limitations of the detection method of the horizontal detection frame 

localisation target detection method, improve the accuracy and detection speed of the tracking and 

localisation of the ear, in order to meet the demand for temperature monitoring in modern pig farming. 

2. Materials and Methods 

2.1. Dataset Creation 

The experimental data were collected in a pig barn of Henan Cattle Industry Co. In order to solve 

the problem of the lack of stability and adaptability of the light detector due to the images collected by 

a single device, the visible light data were collected using a 100-million-pixel mobile phone camera 

and a 200W pixel industrial camera of JERUSALEM as the collection devices, of which the resolutions 

were 1920*1080 and 640*480, respectively. 100 segments of the visible light video of multiple pigs 

were collected in total under the complex background. A dataset of 2700 pig head images was finally 

formed. 

RoLabelme annotation tool was used to annotate the target frame of the collected dataset. The green 

target box is pig head area (pig_head), the blue box is pig ear (pig_ear), the red box is pig ear root 

(ear_root), and the pig annotation is shown in Figure 1 below. 
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（b）Multiple pigs labelled（a）Single pig labelling

 

Figure 1: Dataset collection and annotation 

After completing the dataset annotation, in order to improve the model generalization and 

robustness, the original annotated dataset was subjected to data enhancement operations such as 

cropping, scaling, adding Gaussian noise, masking, etc., and finally formed 14250 sheets of dataset. As 

shown in Table 1 the enhanced dataset was divided into three parts according to the ratio of 7:2:1;9975 

sheets for the training set, 2850 sheets for the validation set and 1425 sheets for the test set, and the 

number of pig heads was categorized. 

Table 1: Dataset Partitioning 

Type 
Training set 

/piece 

Validation set 

/piece 
Test set /piece 

single pig 4928 1423 712 

Two pigs 2365 711 356 

many pigs 2682 716 357 

2.2. Retinex algorithm image enhancement based on bilateral filtering 

Retinex is an image enhancement method that adjusts the colour and brightness of an image by 

simulating the human visual system[16].If the original image is ( , )S x y The luminance image is ( , )L x y

The reflected image is ( , )R x y .Due to the similarity between the human visual model and the 

logarithmic domain model, the single-scale Retinex algorithm formula can be obtained as shown in 

equation (1) 

 i ( , ) log ( , ) log ( , ) ( , )i iR x y S x y G x y S x y  
                      (1) 

In equation(1), i is the ith colour channel, i=1 for single-channel images, * denotes the convolution 

operation; is the standard Gaussian surround function, which is calculated as shown in equation(2). 

2 2

2
( , ) exp

2

x y
G x y 



 
   

                               (2) 

In equation (2),  the needs of ( , ) 1G x y dxdy    is the scale parameter. The kernel function of 

bilateral filtering is the combined result of the spatial domain kernel and the pixel range domain 

kernel[17], which can preserve the edge effect better. The definition of bilateral filter is shown in 

equation (3). 

1( ) ( ) ( , ) [ ( ), ( )]h x k f c x s f f x d dx 

       

   
                    (3) 

Normalisation parameters for equation (3) are as in equation (4) 

1( ) ( , ) [ ( ), ( )]k x k c x s f f x d dx 

      

   
                     (4) 

In equations (3)and(4),denotes the distance between the proximity point and the centre point x

The bilateral filtering is extended to a Gaussian kernel[18],specifically equation.(5) [ ( ), ( )]s f f x

denotes the brightness similarity between the proximity point and the centre point as shown x in 

equation (6) ( )f x and ( )h x denote the luminance values of the input and output images at the centre 

point, respectively. 
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In equation (5), ( , )d x denotes the Euclidean distance between 2 points;In equation (6),

[ ( ), ( )]f f x  The difference between the 2 luminance values indicated. 

The implementation of Retinex algorithm based on bilateral filtering is firstly to take the logarithm 

of the image in the piggery by single scale Retinex algorithm before inputting the image to the network, 

and then do the local contrast enhancement to improve the contrast of the image, and for the better 

control of the image brightness effect[19], at the same time, the brightness estimation method based on 

the brightness estimation method based on bilateral filtering is used to estimate the brightness for the 

image of the piggery after the taking of the logarithm. The workflow of Retinex algorithm based on 

bilateral filtering is shown in Fig 2. 

Input image S Constrast enhancement + Output image

Brightness estimates based on 

bilateral filtering

log

 

Figure 2: Retinex piggery image enhancement algorithm based on bilateral filtering 

Using Retinex image enhancement algorithm based on bilateral filtering, the images under low light 

conditions are enhanced and the results are shown in Fig. 3 (a is before image enhancement and b is 

after image enhancement). 

（a）

（b）

 

Figure 3: Low light enhancement 
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2.3. Comparison of target detection algorithm parameters 

In computer vision, there are various target detection algorithms, the more common of which is the 

one-stage SSD algorithm, which detects targets by employing multiple predefined anchoring frames on 

feature maps at different scales, and is less effective in detecting pig ear root targets. The two-stage 

algorithm Faster R-CNN divides the image into multiple candidate regions, extracts each region and 

uses a classifier to identify the target, but the classification regression of these regions requires two 

independent steps, so it is slow in the actual detection of pig ear root.YOLOv8 in the YOLO (You Only 

Look Once) series of algorithms is a fast YOLOv8 in the YOLO (You Only Look Once) series of 

algorithms is a fast single-stage target detection method, especially in image recognition with high 

accuracy while ensuring a small number of model parameters, based on the scaling coefficient, the 

model is divided into five different scales of the model N/S/M/L/X, the comprehensive model volume 

and detection efficiency comparison can be seen in this paper, the selection of the S model.As can be 

seen in Table 2 below the Faster R-CNN and SSD algorithm structure model is large in size and the 

accuracy is not high enough. the original model of YOLOv5s can realize lightweight, but the accuracy 

still needs to be improved, and the comprehensive comparison of YOLOv8s model is more in line with 

the model selection of this experiment. 

Table 2: Comparison of parameters of each algorithm 

network structure P/% R/% AP50/% AP50,95/% 
model 

volume(MB) 
parameters 

Faster R-CNN 37.0 52.4 43.8 19.0 108.17 137.09 

SSD 91.1 13.6 31.4 11.3 90.61 26.29 

YOLOv5s 78.1 51.2 59.7 33.0 13.68 7.05 

YOLOv8s 80.1 54.5 62.8 44.9 21.45 11.2 

2.4. Introduction of lightweight network architecture MobileNetV3 

Without affecting the accuracy of the premise, the speed and volume of the two main aspects of the 

network to improve the lightweight, lightweight network can largely reduce the size of the model, 

reduce the number of redundant parameters, so as to obtain a more streamlined model.MobileNetV3 in 

the mobile image classification, target detection, semantic segmentation and other fields have achieved 

excellent performance[20].MobileNetV3 combines neural architecture search (NAS) and manually 

designed network structure. The Platform-Aware NAS is used for global search to get the overall 

framework, and then the complementary strategy of local fine-tuning through NetAdapt search is used 

to effectively match the model with the best effect, based on which hswish is used instead of the swish 

function, thus reducing the amount of model operations and thus improving the detection performance. 

The formula is shown in (7) below. 

6( 3)
[ ]

6

ReLU x
h swish x x


 

                           (7) 
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Figure 4: MobileNetV3 network architecture 
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Figure 5: Bneck network structure 

The MobileNetv3 network structure is shown in Fig. 4. As shown in Fig. 5, the bneck network 
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structure is a basic module in MobileNetv3, whose main function is to implement the channel separable 

convolution, SE channel attention mechanism and residual connection. 

2.5. Introducing the Shuffle Attention Module 

The SA (Shuffle Attention) module operation steps are divided into four segments: feature grouping, 

channel attention, spatial attention, and feature aggregation. The input feature map is first divided into 

multiple sub-features according to the channel dimension, then channel statistics are generated by 

global average pooling, group normalization is used to generate spatial channel statistics, and finally all 

the sub-features are aggregated, and then communication between different sub-features is achieved by 

the channel shuffle operation. As the process of accurately locating the ear root of the pig firstly needs 

to identify the head of the pig, then divide the ear of the pig based on the identified head region, and 

finally accurately locate the ear root of the pig. Where the pig head pixels average 331pixel*280pixel 

pig ear pixels average 84pixel*63pixel pig ear root area 28pixel*16pixel (usually using the standard 

provided by the COCO dataset, objects smaller than 32*32 pixels are defined as small targets) scale 

difference is large, (the network for the relatively small scale difference of the can be accurately 

recognised, the recognition ability of relatively large or relatively small scales decreases for scales that 

are relatively well recognised, leading to a decrease in the average detection accuracy of the 

network).The SA attention mechanism module uses a mixing unit to combine the channel attention 

module and the spatial attention module, thus enhancing the information of the pig ear root features, 

suppressing the noise in the source image, and using channel random mixing to achieve the transfer of 

information between the different sub-features. Information transfer, increasing the robustness of the 

model and effectively reducing the risk of overfitting. The Shuffle Attention mechanism is introduced 

into the neck part of the YOLOv8_OBB model to improve the detection performance of the model 

when dealing with multi-scale information in multiple poses of the pig, and save computational 

resources, and the structure of the introduced Shuffle Attention is shown in Fig. 6. 
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Figure 6: Shuffle Attention Attention Mechanism Module 

2.6. Introduction of the BiFPN module 

Due to the differences in target size in the pig head, ear, and ear root detection tasks with multiple 

different scales weighted bi-directional feature pyramid network (BiFPN) is a novel network structure 

for computer vision such as target detection and semantic segmentation, and its core idea is composed 

of two aspects: efficient bidirectional cross-scale connectivity and weighted feature map fusion. In 

convolutional networks, different features correspond to different network layers. Shallow networks 

can learn high-resolution features and pixel-level features, while deep networks can learn semantic 

features. However, in a real-world scenario of detecting a small target such as the ear root area of a pig, 

small-scale feature maps cannot provide enough resolution information. To compensate for this loss, 

larger scale feature maps need to be combined to enhance the complementarity between feature layers. 

The combination of shallow pixel-level features and deep semantic features can be used to locate the 

ear root area of pigs more accurately in scenes with strong lighting. 

The BiFPN structure is shown in Fig. 7, the blue arrows represent the top-down path of the table, 

which is used to convey the semantic information of the upper layer features. The red arrows represent 

bottom-up paths for conveying the positional information of the underlying features. The purple part 

represents a new edge added between an input node and an output node in the same layer. Features 

from different scales are fused through the dual top-down and bottom-up paths to reduce the loss of 

feature information due to too many layers of downsampling in the model. BiFPN can effectively 

handle the information interaction between features from different scales and the fusion between 

different feature maps when constructing the network, thus improving the performance and efficiency 
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of the model. 
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Figure 7: BiFPN structure 

2.7. Improved YOLOv8 network 

The original network needs to use a large model to ensure the accuracy of model detection when 

detecting pig ear roots, which is not easy to be deployed on small AI devices. Therefore, an improved 

YOLOV8_OBB network is proposed, which introduces a lightweight MobileNetV3 network structure 

for reducing the model parameters, which in turn improves the prediction speed, and adds a Shuffle 

Attention mechanism. The channel attention module and spatial attention module are combined through 

the shuffle unit to achieve pig ear root detection accuracy. Figure 8 below shows the improved 

YOLOv8 network. 
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Figure 8: Improved YOLOv8_OBB network structure 

3. Results and analyses 

3.1. Experimental data and environment 

In order to objectively evaluate the performance of the improved YOLOv8_OBB model, the 

graphics card was configured as an NVIDIA GeForce RTX 2080 Ti GPU with 16G RAM, the operating 
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system was Ubuntu 18.04, and the algorithm was implemented based on Python language. The Faster 

R-CNN, SSD, YOLOv5s, original YOLOv8 and improved YOLOv8_OBB models were tested using 

the self-constructed pig dataset, respectively. 

3.2. Evaluation indicators 

The evaluation criteria adopted in this experiment for ear root detection in pigs include precision 

(P),recall(R),average precision(AP50)when the IOU threshold is gradually increased between 0.5 and 

0.95, and calculated parameters. 

P

p P

T
P

T F



                                       (8) 

P

p N

T
R

T F


                                       (9) 

1

50 0 ( )AP P R dR 
                                (10) 

1

1
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i

N

p
i

AP A
N 

 
                                  (11) 

In Eqs. (8)~(11): P denotes detection accuracy; R denotes recall; 50AP denotes average accuracy; 

mAP denotes average precision. 

3.3. Ablation experiment 

In order to assess the degree of optimization of each part of the improvement on the overall 

algorithm performance, this paper designs ablation experiments to verify the effectiveness of each part 

of the improvement, and the experimental results are shown in Table 3. Performing image enhancement 

adding Shuffle Attention attention mechanism and multi-scale BiFPN structure both improve the 

detection performance. Performing image enhancement before the pig images are collected and 

inputted into the detection network reduces the influence of low light on the detection accuracy, and 

improves the mAP index of the model by 0.8 percentage points; by adding the Shuffle Attention 

attention mechanism module, fusing the attention weights in both channel and spatial dimensions, 

increasing the sensory field of the network, and strengthening the model's ability to pay attention to the 

key information in the feature map, which is It is conducive to the expression of feature map 

information, so that the network can learn more effective information, so that the mAP index of the 

network model rises by 3.8 percentage points;finally, by incorporating the BiFPN module, it effectively 

handles the feature information of different scales of the pig's head, ear, and ear root parts, as well as 

the effective fusion of the different feature maps, so that it can locate more accurately in the pig's ear 

root, and the model improves the mAP by 2.3 percentage points on the original basis. 2.3 percentage 

points. From the above, it can be seen that all the three improvement methods have improved the mAP 

of the model, and the mAP of the model after combining the three improvement methods is 97.0%, 

which is 7.4 percentage points higher than that of the original YOLOv8. It proves that the improved 

method has good effect on the weak light and the existence of multi-scale detection targets. 

Table 3: Results of ablation experiments 

groups image enhancement Shuffle Attention BiFPN mAP/% 

1 × × × 89.6 

2 √ × × 90.2 

3 × √ × 93.4 

4 × × √ 90.6 

5 √ √ × 94.7 

6 √ × √ 91.1 

7 × √ √ 95.5 

8 √ √ √ 97.0 

Shuffle Attention, replacement attention mechanism mAP, mean accuracy; ×, indicates that this 

improvement method was not chosen; √, indicates that this improvement method was chosen. 
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3.4. Comparison between different algorithms 

Using the pig ear root test set taken by ourselves in this paper, the algorithm of this paper is 

compared with Faster R-CNN, SSD, YOLOv8s original network model, and the results are obtained in 

Table 4, from which it can be seen that, Faster R-CNN is a two-stage network, the detection accuracy is 

high compared to that of a one-stage network but the real-time performance is poorer; the detection 

accuracy of a one-stage SSD network is lower, the But the detection speed is high compared to 

two-stage Faster R-CNN. The algorithm in this paper improves the detection speed, detection accuracy 

and recall, compared with the two-stage target detection network Faster R-CNN, the average accuracy 

is improved by 2.7%, the detection speed is improved by 17FPS; compared with the one-stage SSD 

detection network the average accuracy is improved by 13.9%, based on the dataset of this paper the 

improved algorithm achieves experimental results are better than Faster R-CNN, SSD and the original 

YOLOv8 algorithm. 

Table 4: Comparison of target detection results of different algorithms 

algorithm P/% R/% mAP/% FPS 

Faster R-CNN 89.9 89.8 92.1 14 

SSD 84.6 79.6 82.9 27 

YOLOv8s 89.1 84.2 89.7 30 

The algorithms in this paper 92.2 90.2 93.4 30 

P, Precision; R, Recall; mAP, Mean average precision; FPS, Frames per second 

（a)Original image (b)YOLOv8_OBB before image enhancement (c)YOLOv8_OBB after image enhancement

 

Figure 9: Target detection results before and after image preprocessing 

In order to verify whether the pre-processing of low-light pig images can improve the detection 

efficiency, this paper takes the presence of poorly lit images for image enhancement, and the images 

before and after enhancement are detected separately. Fig. 9 shows the detection results before and after 

image preprocessing, and from Fig. 9(b) and Fig. 9(c), it can be seen that the average confidence level 

of the left and right ears of the pig and the root part of the ear is improved by about 0.1%. 

Pig image

YOLOv8s
The algorithms in 

this paper

SSDFaster R-CNN

 

Figure 10: Different algorithms for occlusion case cleaning target detection results 

In order to validate the improved YOLOv8 algorithm with the introduction of the attention 

mechanism and multi-scale BiFPN for the improvement of multi-scale detection accuracy of pig head, 

pig ear and ear root area, Faster R-CNN, SSD, YOLOv8 and the improved algorithm were compared in 

the dataset with the presence of occlusion, and the results of the detection are shown in Fig. 10above, in 

the case of the target without occlusion, the SSD algorithm has the lowest detection accuracy relative to 

the other three algorithms. Among them, YOLOv8s and the improved YOLOv8_OBB algorithm have 
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higher detection accuracies than Faster R-CNN and SSD for both the head and the root of the ear of the 

pig, in the case of occlusion, Faster R-CNN and SSD can only detect the relatively large scale ear, and 

for the small scale root of the ear the YOLOv8 algorithm can detect, but the accuracy is not enough. 

The improved algorithm can not only detect the target but also further improve the accuracy of 

occlusion detection, which better solves the situation of missed detection. Thus, it is proved that the 

algorithm in this paper can improve the detection accuracy and robustness of multi-scale pig head, ear 

and ear root parts. 

4. Conclusion  

This paper completes the ear root of pigs for localisation, firstly, by collecting pig data in a Henan 

livestock company to construct a more comprehensive ear root part data set, meanwhile, the collected 

data set is divided into training set, validation set and test set; adopting Retinex algorithm to process 

part of the low-light pig images in order to improve the recognition ability of the detection of the ear 

root part; and then, through the improvement of the YOLOv8- OBB rotating target frame detection, 

introducing the Shuffle Attention mechanism to enhance the saliency of pig ear parts and improve the 

detection accuracy of ear root targets, and fusing BiFPN module to solve the target recognition in the 

multi-scale cases of pig head, pig ear, and ear root parts in order to improve the detection accuracy. The 

experimental results show that compared with the YOLOv8 algorithm, the improved YOLOv8-OBB 

network model has better adaptability in low-light conditions and multi-scale target detection, with an 

average accuracy of 96.7% for pig ear root site localisation and an average detection speed of 30 FPS, 

which meets the requirements of pig ear root site localisation, and provides a good foundation for 

subsequent intelligent infrared ear root site temperature measurement. 
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