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Abstract: Precise detection of the object is critical for posture recognition of pigs. The posture detection has been a great
interest for researchers, as the detection are linked with the health and welfare of the livestock. Thus, the images obtained
from different angles and distance making the posture detection a challenging task. In this paper, we propose an effective
posture detection with the combination of (YOLO) and holistically-nested edge detection (HED) to address the issues. The
proposed model analysis whether the image along with the Holistically edge detection and machine learning approach could
be utilities to identify the posture detection of the pig such as sitting, lying and standing postures. Two approaches that
included YOLO with RGB images and Yolov3 with Holistically-Nested Edge Detection (HED) images were included to
compare the results. Data from single farm at different time were used for training and validation of the proposed models.
The experiment result confirms that the YOLO with HED images was able to detect the posture of the pigs with high
accuracy of Mean average precision with 93%.

Index Terms: Image Classification, Animal Behavior, YOLO, Posture Detection, Holistically Edge Detection

l. INTRODUCTION

Research related to the posture detection of livestock contributes to the assessment of animal behavior. Monitoring the livestock also
benefits in time consumption, production management and health of the animal. Implementation of machine learning technique has
offered considerable benefits in monitoring the animal behaviour [1-3]. Many researches focus on the automatic detection of animal
behaviour image processing, for example Gronskyte et al [4] used image processing group patterning behaviour, while Chen et al [5]
analyses the aggressive behaviour using depth sensor and Stavrakakis et al [6] identifies the locomotory behaviour of livestock.
Recent studies focus on the behavioural pattern such as lying and standing postures. Nasirahmadi et al [7] involves on behavioural
pattern research on pigs which detects both lying and standing posture of the pigs. Olsen et al [8] and Sivamani et al [9] explains the
relationship of posture patterns with the health and locomotive changes. Lee et al [10] used Kinect sensor to monitor the standing
pigs by removing the noise using spatiotemporal interporal method. Other methods used to detect the posture were ellipse fitting over
animal [11], pixel movement [12] and Kinect sensors [13]. The Kinect cameras are even used to detect the weight of the pigs [14-16]
and also detect the standing posture of the pig [17]. However, machine learning technique plays major part in the automation object
detection [18] and there are many researches that includes the deep learning [19-20]. Similarly, there are relevant attempt on machine
learning technique to obtain accurate detection [21-24]. Dynamic filter selection in convolution network assist the invariance at
different farm situation [25-26].

Due to the image noises and resolution of the images, the challenges were faced using the machine learning technique. Especially
when there are many pigs in an image from different distances and muddy environment. In the fast-growing machine learning field,
there are many algorithms that can be resolve the issues. Some of the object detection algorithm used in posture detection are
convolution algorithms. Yang et al [27]and Nasirahmadi et al [28] uses the Faster RCNN to detect the pig posture in locomotion and
ResNet101 to detect the posture of the pig respectively. Therefore, the principle approach to object detection has always been the
CNN algorithms. Although, the result produces high accuracy result, they will inevitably fail to detect under low resolution or noisy
situation. In order to solve the issue, we propose the HED masking with the YOLO algorithm for object detection. HED identifies
fine and coarse structure of the pig posture, we can use the HED image to train and detection the images accurately.

In this study, we mainly focus on the two type of technique for detecting the posture detection: (1) Due to the complexity of the
different breed of pigs in the farm and the unexpected image noises, we focus on the structure of the pigs through the HED images
(2) To accommodate large amount of dataset and process the images faster, YOLO algorithm is implemented. As it is impossible to
monitor the posture of each pig in the large farm manually, we use the state-of-art machine learning, with edge detection technique
to monitor and identify the early problem through posture detection. Therefore, we investigate an automatic posture detection with
machine learning technique joint with the edge detection.

Contribution of our studies are,

- use the HED to enhance the edge of the pig posture.

- utilize the YOLO algorithm to train the HED images.

- detecting the posture of pig such as sitting, lying and standing with trained model.

- lastly, we present a comparative study to check the accuracy of the proposed model.
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I1. MATERIALS AND METHODS

Data Collection

The dataset used in this study was obtained from the commercial farm in South Korea. The data was obtained from 9 pens which was
divided as cubicle with 2 pigs in each pen. The images used in the paper were recorded by top-side view camera to mainly capture
the dog-sitting posture of the pig. Example of images used for development are used for development of the detection model are
illustrated in figure 1.

Figure 1 : Example figures used in this study for posture detection
Overview of the model

Most of the available methods face difficulties when different breed of pigs is mixed in the training dataset due to the image noise,
colour, patterns and shape of the pig. We have considered the issue along with touching or multiple pig scenario. Experiments and
the deep learning training were conducted on Ubuntu 18.10 LTS, NVIDIA Titan V GPU (12GB Graphic Memory), Xeon Silver 4110
X 2EA, 128GB Memory.

In order to identify the posture such as standing, lying and sitting postures, the images were obtained from farm with all variety of
images from different timeline. Total images used for training are 5200 images and 1300 images for validation, which consist of
various conditions. From the dataset, 500 images are used for test images different from the training and validation dataset. All the
images are converted to HED images with the image size of 1280 x 720. After conversion, all the images are annotated using the
annotation tool named Labellmg [29]. The posture such as sitting, lying and standing and incomplete posture such as other pigs are
annotated and saved as XML file for each image.

In this study, we used YOLO model on RGB and HED images, aiming to find the best posture detection technique even with the
different colour, breed and less clarity. For this, the images were converted to HED image before training with the YOLO algorithm.
With HED images, the outline of the object is more vivid for training the images, which increase the accuracy of the object detection.

Holistically-edge Detection

The Holistically-edge Detection is performed with VGG (Visual Geometry Group) network [30]. All the multi-level features are
extracted with the VGG’s feature extraction capability. The HED is designed similar to the VGG16, which has conv1-2, conv2-2,
conv3-3, conv4-3, and convs-3, with output layersas 5 x 5, 14 x 14, 40 x 40, 92 x 92 and 196 x 196, respectively. HED deconvolutes
the feature map, resize the image to original image size and the features are fused using convolution network. The main features that
helps to get accurate results are perfect location identification and high semantic information from high level network. In only
difference between the HED and VGG is remove of fully connected layer in HED network. It helps to minimize the complexity,
while providing training to al size of images. While implementing different training method, it improves the cost function which
simultaneously train the fusion and output layer. Instead of normal loss function, the edge position loss function is amplified. Thus,
optimizing the weights and parameters in the convolution network, with side cost and fusion cost. With these functionality, HED
network can be proved to be a good performing network for edge detection, which can be considered as the good target feature
information for target detection in this paper. The figure 2 gives a brief illustration of the image in RGB and HED converted, which
will be used on this study.
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YOLO3:

YOLO3 [31] has been faster and accurate in detecting every small objects and perfect way to generalize the models. Compared with
the previous versions, YOLO is way faster, which can be considered as 1000 times faster than R-CNN and few 100 times faster than
Fast R-CNN. Tiny YOLO is also equally faster than the previous version but still lacking in the detection ability. Problem with the
small object detection was solved by adding the mutlti-level prediction. With two up sampling features such as 26*16, 52*52 and
three detection, the efficiency is increased. In other words, with 52 feature maps, the small targets are easily identified as shown in
Figure 3. One more feature that benefits the YOLO was change from softmax loss into logistic loss.
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Figure 3: Architecture of the Yolo for object detection.

I11. EXPERIMENTAL RESULTS
Monitoring the pig’s behavior has always been challenging, mainly in large barns, and labor effective for visual monitoring. The
automatic monitoring of the pigs as individual or group has directed to the development of image processing for various benefits.
With different condition in farm and environment, the behavior of the pig can change and these precise changes cannot be monitored
manually. Therefore, in this study, we perform the machine learning and edge detection technique to identify the induvial pig’s
behavior with posture detection. Most widely used accuracy calculation average precision and mean average precision were used to
calculate the accuracy.
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Figure 5: Example of detectdbimages of Yolov3 model with RGBTmage

Figure 5 illustrates examples of detected postures by RGB images with Yolov3 and HED images with Yolov3 models in the different
farming conditions in the learning rate of 0.003. As seen from the figure, some of the developed algorithms have the ability to detect
different sitting, lying and standing postures under all tested commercial farming conditions. In some cases, there were multiple
postures in an image, so the possibility of detecting various postures in an image is also shown in Figure 4. Although the RGB images
are gives high accuracy in the posture detection. It may fail to detection the object with different pig colour or blurred images as
shown in Figure 5. Most of the pigs were not detected, except the clear objects.

High values for the AP and mAP show the acceptable performance of the YOLO with edge detection approaches for scoring of
standing, lying and sitting postures among livestock compared to the other models. In order to get the best result, the learning rate of
0.003 is used for detection models. It can be observed from Table 1 that one of the major misdetections was with respect to standing
and sitting postures. This is due to the similarity of posture between the two postures. Therefore, outline of the object is very important
to differentiate the posture vividly. HED images provides a vivid outline of the object which is trained to obtain more accurate result.

Nasirahmadi et al. [32] showed that image processing and a linear SVM model was able to score different lying postures (sternal and
lateral) in commercial farming conditions. However, the performance of the scoring technique was highly dependent on the output
of the image processing method, which led to some wrong scoring in the pigs lying postures. Table 2 shows the comparison of the
AP and mAP of the proposed model and the existing methods. HED optimized YOLO model produce 93% accuracy rate compared
to the YOLO model with original image. It proves that the HED optimized YOLO detection provides more accuracy compared to
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other methods by understanding the fine details of the edges in the images. Although the R-FCN shows same rate of accuracy with
the proposed model, we have improved the accuracy with the images of unclear background.

Table 1: Confusion Matrix of the proposed HED YOLO detection method

Predicted Class
Sitting Standing Lying
Actual Class Sitting 1456 416 647
Standing 552 1789 434
Lying 645 414 1987

Table 2: Comparison of posture detection methods

Method AP mAP
Sitting Standing Lying

Yolo (RGB image) 0.87 0.94 0.93 0.90

Yolo (HED image) 0.92 0.93 0.94 0.93

Faster R-CNN [28] 0.86 0.89 0.84 0.86

R-FCN [28] 0.93 0.95 0.92 0.93

SSD [28] 0.76 0.79 0.74 0.76

Using different deep learning approaches, HED with YOLO has proved to have high precision even under the unclear situation. The

proposed model can be most effective and valuable model to detect the lying, sitting and standing images, to analysis eh behaviour
changes in the livestock. Since the model was created with the data from a single farm, the adaptation is required to identify the
posture detection on a wide range.

IV. CONCLUSION

In this study, we mainly focus on the posture detection of pigs on various circumstance using HED and YOLO technique. From birth
to slaughter, monitoring the pig’s behaviour is essential to observe the early symptoms of any health issues. However, this can only
be realized by state-of-art machine learning technique, which can process the images from different situation. In this study, data from
different pen at different period were used to record video data and converted into an image database. The techniques proposed in
this study were based on using image data from the surveillance system by using YOLOv3 with both RGB images and HED images.
Training and validation images dataset used in the study were 80% and 20% respectively., with a total of around 6000 standing, lying,
sitting and standing postures. The trained model was then evaluated using 500 new images. Results of the testing phase showed a
high level of mAP and good processing speed for the different postures in the HED optimized YOLO model. The model achieved
satisfying result in monitoring the various sitting, lying and standing postures of pigs in image data. Compared to the result with
original YOLO model, the HED optimized YOLO model has a high prediction accuracy. The model can be adapted to various similar
detection issues, which has proved its flexibility and robustness.
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