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A B S T R A C T   

Automatic and real-time pose estimation is important in monitoring animal behavior, health, and welfare. In this 
paper, we utilized pose estimation for monitoring the farrowing process to prevent piglet mortality and preserve 
the health and welfare of the sow. State-of-the-art Deep Learning (DL) methods have lately been used for animal 
pose estimation. This paper aims to probe the generalization ability of five common DL networks (ResNet50, 
ResNet101, MobileNet, EfficientNet, and DLCRNet) for sow and piglet pose estimation. These architectures 
predict the body parts of several piglets and the sow directly from input video sequences. Real farrowing data 
from a commercial farm was used for training and validation of the proposed networks. The experimental results 
demonstrated that MobileNet was able to detect seven body parts of the sow with a median test error of 0.61 
pixels.   

1. Introduction 

Worldwide, pork production is expected to increase tremendously 
within the next decades [1,2] which will challenge the economic sus
tainability of pig producers and the welfare and health of the animals 
[3]. The challenge is to meet both the growing animal health demands as 
well as the growing pork demands without exploitation of the envi
ronment [4]. Further, farmers need to enhance animal health to not only 
increase revenue but also to decrease the use of medication such as 
antibiotics, and secure meat quality for the consumer. Unfortunately, 
the more intense the production the more challenging it is to preserve 
animal health and welfare. For instance, highly productive sows have 
longer farrowing durations, higher risk for puerperal disease, e.g., 
PostPartum Dysgalactia Syndrome (PPDS), and shorter longevity, and 
their litters are at higher risk of disease and mortality [5–7]. To reduce 
these diseases of sows and the mortality of piglets, farmers would need 
sufficient time for monitoring the parturition of these animals. In real 
life, because the profit margin per individual animal is low, the available 
time for farm workers to attend the parturition of individual sows and 
their litters is insufficient, which makes it more difficult to monitor and 
manage parturition correctly [1]. This is concerning for both the health 

and welfare of the animals as well as the economics of the pig producers. 
Piglets dying before weaning can result in economic losses between €12 
and €23 per litter [5]. The economic losses caused by PPDS can reach 
between €300 and €470 per affected sow [5]. Therefore, intensive pig 
production with a high number of piglet-producing sows, high litter size, 
and long parturition are of economic, welfare, and environmental 
concern. Farmers need to manage an increasingly demanding situation 
in balancing production costs and loss of revenues against financial 
returns. It is important to provide tools and support for pig farmers to 
produce pork sustainably and profitably, and to meet welfare demands 
at the same time [3]. 

Assessing the behavior of livestock is important because it is a cheap 
and non-invasive way to get information about animal health and wel
fare [1]. However, manual monitoring, documentation, and assessment 
of animal behavior are difficult and inefficient because of the large 
number of animals and time-dependent physiological changes in 
behavior around parturition [8,9]. Therefore, reliable technologies to 
assist farmers in continuous monitoring and interpretation of the health 
of individual animals are needed in future pig production [10]. Precision 
livestock farming (PLF) is used to optimize farming processes and reduce 
human workload [11]. PLF provides possibilities for the farmers to 
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monitor individual animals despite the increase in the number of ani
mals per farm [12]. According to Refs. [1,2,11], PLF will help farmers in 
continuous monitoring of their animals which will improve their health 
and welfare at any given time. As mentioned above, parturition is a 
critical event in pig production when it comes to improving the survival 
and health of the animals as well as the economics and sustainability of 
the producers. Several different PLF tools are now available that can be 
used at parturition to replace the farmer’s eyes and ears in monitoring 
individual animals [1,2,10]. Therefore, PLF is an excellent alternative to 
human observation in the monitoring of animal behavior around 
parturition. 

Automatic intelligent monitoring systems provide an efficient way to 
continuously analyze animal behavior to detect anomalies and enhance 
animal care. Animal behavior can be monitored with wearable sensors 
such as radio-frequency identification ear tags [13], Global Positioning 
System (GPS) [14] and Inertial Measurement Unit (IMU) [15]. However, 
the major drawback of using these sensors is installation and mainte
nance for each animal which bothers both human operators and ani
mals. Therefore, sensors attached to the animal can disrupt the normal 
behavior of the animal and can malfunction because they can get broken 
or contaminated due to the laying of moving of the animal inside the 
farrowing pen. Video-based monitoring systems are used as a practical 
and convenient solution to address this problem [16]. As the systems use 
single or multiple cameras to capture images, they are also cost-effective 
due to cheaper hardware. Therefore, analysis of videos based on com
puter vision is currently considered the best alternative because of a 
robust and non-contact sensor that allows for continuous monitoring 
and analyzing of animal behavior [17]. In these works [8,18], they used 
depth images for automatic posture change analysis of lactating sows. 

Pose Estimation (PE) plays a key role in intelligent systems for ani
mal behavior analysis. It predicts the position of body parts of an animal 
and extracts information for different inspection purposes such as ani
mal feeding [19], drinking [20], animal interaction [21], and tracking of 
movement [22]. PE for multiple animals can be more difficult as it needs 
to understand the number of animals, recognize and group the key 
points of each animal, and explore the position of each key point 
belonging to one animal. The multi-object PE can be classified into 
bottom-up methods and top-down methods [23]. In bottom-up methods 
(Fig. 1 (a)), first all key points of each animal’s body parts are detected. 
After that, the poses of the animals are generated by grouping all parts 
belonging to distinct animals. In Ref. [24], the possibility of using 
DeepLabCut has been investigated for the pig PE task and a bottom-up 
method has been used. In top-down methods (Fig. 1 (a)), animals are 
first detected by using animal detectors to obtain the bounding box of 
each animal. Then, single-animal pose estimators are employed for each 
bounding box to produce multi-animal poses. In Ref. [25], an advanced 
multi-person PE framework using a top-down method has been pro
posed. The calculating time in top-down methods depends on the 
number of objects. Furthermore, the speed of estimating animal poses in 
the bottom-up method is faster than in the top-down method as there is 
no need to separately detect poses for each animal. Hence, the 
Bottom-up method is used in this paper to predict key points and esti
mate pig poses. 

In recent years, Deep Learning (DL) techniques have made huge 
progress for animal PE [26], object detection [27], image classification 
[28], and face recognition [29]. For instance, Convolutional Neural 
Network (CNN) as a main DL model has been used in pig PE [8,30,31]. 
Although the proposed CNN-based models could show good 

Fig. 1. Multi-animal 2D PE frameworks. (a) In bottom-up methods, all key points need to be detected (1). These key points are then associated with each animal and 
assembled for individual pose representations (2). (b) Top-down methods have two sub-tasks: (1) animal detection and (2) PE in the region of a single animal. 
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performance in finding correlations and eventually the condition of 
animals, it is still a challenging task because of the lack of a clean 
background, light changes, and object deformation. Further, for pre
dicting multiple animal positions, overcrowded scenes are problematic 
because occlusion occurs when several animals are too close and 
combine with each other. In Ref. [24], we proposed a ResNet50 [32] 
model for the PE of individual pigs in environments where several pigs 
are present in one pen. We got the results on open source data and we 
annotated 2000 images of pigs from different locations and light con
ditions. As we found the ability of the open-source toolbox in Ref. [24], 
DeepLabCut [33], for the pig PE, we used the same toolbox here for 
developing PE methods on our collected data. 

In this paper, we propose a CNN-based PE method to predict piglets 
and body parts of piglets in a sequence of images (video) without 
markers. A total of seven key points were manually annotated in each 
image for the location of the left leg, right leg, left hoof, right hoof, 
shoulder, tail, and snout of the sow. For the piglets, we only annotated 
the shoulder. We investigated the performance of five popular deep 
networks including ResNet50, ResNet101, MobileNet, EfficientNet and 
DLCRNet for PE of sow and piglet(s). To our knowledge, this is the first 
study using PE for both sow and piglets during the farrowing process 
using DeepLabCut. 

The remainder of the paper is organized as follows. The proposed DL- 
based PE methods are described in Section 2 followed by the experi
mental setup in Section ?? and experimental results in Section 3. Finally, 
the conclusion is presented in 5. 

2. Methods and materials 

In this section, we review five well-known CNN-based algorithms 
that have been studied in this paper for PE. Furthermore, we provide 
information about the dataset and present implementation details for 
the evaluation of the proposed PE networks. 

2.1. An overview of proposed deep networks 

Deep learning for PE: PE methods are categorized into two separate 
groups: 2D and 3D [23]. The 2D spatial position of desired points is 
computed from the digital videos or images. 3D singular-object PE 
methods have the potential to obtain 3D pose annotations of an animal 
or human body. Estimating a 2D singular-object position is much easier 
because advanced lab environments need to have a 3D version of body 
key points. The 2D PE methods are classified into single-object and 
multi-object [34]. The single-object PE is applied when there is only a 
single object in the input image. Single-object PE methods can be clas
sified into regression-based and heatmap-based. Fig. 2 shows the 
framework of these two types of methods. Regression-based methods 
(Fig. 2 (a)) apply DL-based pose regressor to learn a mapping from an 
input image to body key points for generating joint coordinates [35]. 
Heatmap-based methods (Fig. 2 (b)) focused on estimating the proba
bility of the existing key points in each pixel of an input image [36]. 
Therefore, the key body points will not be directly detected from an 
input image. 

ResNet or Residual Network is a supervised, feed-forward deep 
neural network model [32]. It uses layers as learning activation func
tions which reference to the input layers, instead of using learning 
functions without any reference. In other words, it allows to establish
ment and training of neural networks consisting of a large number (even 
thousands) layers with a low percentage of training error. Due to the 
structure of ResNet, it is able to tackle the vanishing gradient problem 
[37] caused by the activation function during the training network with 
gradient-based learning methods. A block of a ResNet network including 
two convolutional layers is shown in Fig. 3, where x is entered as an 
input to a first convolution layer with the residual function f(x), and x 
simultaneously is added to the output of second convolution layer (f(x) 
+ x) to pass to next blocks. 

MobileNet is a particular family of CNNs with the capability of 
applying to mobile, internet-connected devices, and embedded systems 

Fig. 2. Single-animal 2D PE frameworks. (a) Regression-based methods generate joint coordinates by directly learning a mapping from the source image to the 
kinematic body model (through a deep neural network). (b) Heatmap-based methods detect the position of body parts of animals using the supervision of heatmaps. 
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to do computer vision tasks like object detection, face detection, and 
logo or text recognition [38]. Furthermore, it has increasingly been used 
in the field of PE, for instance, model [39] which was created based on 
the MobileNet architecture has been proposed to estimate human poses. 
MobileNet model is constructed to be utilized in mobile applications 
because of its small model size (low number of parameters) and because 
they are less complex compared to other models as fewer multiplications 
and additions are used in this kind of model. Therefore, the mentioned 
features help to have more accuracy, less needed memory, and minor 
time consumption [40]. Regarding to MobileNet structure, it is observed 
that a standard convolution layer has not been used in its skeleton, and it 
uses depthwise separable convolutions [40], which notably decreases 
the number of parameters. The computing process in depth-wise sepa
rable convolutions is performed by depth-wise and point-wise convo
lutions. First, a filter is applied to each input channel by depth-wise 
convolution. A point-wise convolution layer then combines all output 
from the depth-wise convolution by applying a 1*1 convolution. In other 
words, the depth-wise convolution uses two separated layers for both 
filtering and combining processes, and this is exactly the difference 
between MobileNet and a standard CNN (see Fig. 4). 

EfficientNet: Scaling up a convolutional network is a common way 
to get better accuracy on bench-marking datasets and to improve model 
quality. For instance, ResNet200 has achieved better accuracy than 
ResNet18 by just adding more layers [41]. The problem is that most of 
the techniques (width-wise, depth-wise, and image resolution) used for 
scaling up convolutional networks are picked randomly. As a conse
quence, the process of scaling up requires manual tuning and it is 
time-consuming. EfficientNet [42] is an impressive and easy scaling 
technique that helps to scale up any CNN model more systematically to 
address the problem mentioned above. As shown in Fig. 5, to construct 
EfficientNet, each scaling technique from width-wise to resolution 
scaling has been studied in Ref. [42] and they have noticed that 
balancing three dimensions (width, depth, and image resolution) with a 
fixed set of coefficient affected model’s performance positively. 

DLCRNet: There are some cases of DL-based architectures used in 
computer vision tasks, in which they can not show great performances. 
For instance, when these methods face digital images including objects 
of variable size and scale, or when they have to perform visual tasks at 
the pixel level. In these circumstances, deep learning-based techniques 
such as Faster-RCNN and YOLO are unsuccessful since visual features 
from small areas vanish during convolutional and pooling processes. 

One of the solutions that are recently used in animal PE to extract fea
tures in any resolutions and scales is to employ a CNN-based multi-scale 
network architecture where the information from high-resolution 
feature maps (small scale) integrates with information from low- 
resolution feature maps (large scale) by neural networks [43,44]. In 
general, multi-scale network architectures are classified into three 
groups: multi-column network [45], skip-net [46], and multi-scale input 
[47]. In the multi-column network shown in Fig. 6(a), input data are fed 
into various columns. The output data of each parallel column are then 
interconnected as the final output. In Fig. 6(b), the skip-net connects 
low-scale features with a large-scale output. Thus, features of distinct 
scales are composed and fed into an output layer. In the multi-scale 
input method illustrated in Fig. 6(c), the input images are divided into 
several scales. DLCRNet [33] is a multi-scale input architecture, and the 
input of this model is the fusion of both low- and high-resolution feature 
maps. This ability of the DLCRNet method reduces missing key points 
and helps the PE system to recognize key points of animal bodies in each 
scale level [44]. 

2.2. Dataset and implementation details 

Data was collected on a private family piggery located at Oripää 
(Finland) during 4–6.2021. The videos were recorded by three 5Mpixel 
IP cameras (HDBW5541R-ASE-0280B, Dahua, China) with 2.8 mm 
lenses (102◦ × 71◦ FOV), which were attached to water supplying pipes 
at a height of about 2 m above the floor of free farrowing pens (Fig. 7). 
The cameras were connected to a PC (16 Gb, AMD Ryzen 7) with video 
recording software (BlueIris) and farrowing was recorded and files 
stored on an external 4 TB memory disk (Seagate). 

A video of 16 farrowing was recorded. The videos were saved 
starting 2 h before the farrowing till 5 h after the end of the farrowing. 
This period is the most critical for preventing piglet mortality and pre
serving the health of the sow. The recording duration per farrowing was 
12–32 h, totaling 310 h. The video was recorded in different lighting 
conditions: from daylight with direct sunlight passing through windows 
till twilight with only red light from the infrared light in the piglet nest. 

Fig. 3. A block of a ResNet network.  

Fig. 4. (a) Standard convolutional network with Relu and batch norm. (b) 
Depth-wise separable convolution with depth-wise and pointwise layers which 
are followed by batch normalization and Relu. 
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Fig. 5. Various scaling methods and compound scaling [42].  

Fig. 6. a) multi-column network, b) skip-net, c) multi-scale input [48].  

Fig. 7. Setup of the recording camera.(a) Side view and (b) Camera view.  
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In this study, we selected 856 frames generated from the recorded videos 
to represent different time points of the farrowing process and different 
light conditions. Each image consists of a sow and a different number of 
piglets. The maximum number of piglets in an image was 18. Hence, a 
total maximum of 19 objects were in an image including sow. 

In this study, we undertook a precise manual annotation process, 
focusing on key anatomical landmarks to facilitate accurate PE for both 
sows and piglets. For the sows, which are considerably larger and 
feature more discernible body parts in the video footage, we annotated 
seven critical points: the shoulder, left leg, right leg, left hoof, right hoof, 
tail, and snout. These points were selected as they represent pivotal 
joints and extremities that are essential for constructing a comprehen
sive skeletal model of the sow’s posture, enabling us to capture a wide 
range of movements and behaviors relevant to the farrowing process. 
Given the smaller size of piglets, associated with the limitations imposed 
by the resolution of our video data, we were constrained to annotate 
only a single point—the shoulder—for each piglet. This decision was 
driven by the practical challenge of accurately distinguishing and 
marking multiple distinct points on piglets within the crowded and 
dynamically changing environment of the farrowing pen. The shoulder 
point serves as a proxy for the piglet’s position relative to the Sow, 
which, despite its simplicity, provides valuable insights into the spatial 
dynamics critical for assessing aspects of welfare and risk during early 
life stages. Fig. 8 presents an exemplar image from our dataset, illus
trating the annotated points on both a sow and her piglets. 

DeepLabCut toolbox (version 2.2.2) [33] has been used for body part 
PE. DeepLabCut consists of a markerless technique that was invented to 
extract detailed human and animal poses without using any markers in 
locations with dynamic backgrounds. We evaluated five networks 
including ResNet-50, ResNet-101, MobileNet, EfficientNet, and 
DLCRNet which are included in the DeepLabCut toolbox. We trained all 
networks with 60000 training iterations with batch size 8. It has to be 
mentioned that DeepLabCut supports automatic hyperparameter tuning 
to monitor model performance and make informed decisions about 
hyperparameter adjustments. In this study, we used the automatic 
hyperparameter tuning feature. For instance, the batch size or the 
number of frames used per training iteration suggested by the automatic 
feature was 8. 

We used a random split to divide the dataset. 80% of the dataset 
served for training and the other 20% served for testing. Further, we 
used image augmentation to generate more images in order to create a 
robust and accurate model. In Ref. [49], they provided the experimental 
results to show augmentation is a promising solution for improving DL 
models’ performance if the augmentation methods are chosen in a 

proper way and they do not affect the semantic information in the 
image. For this purpose, we augmented the training dataset with a 
random transformation including blur, image rotation, flip, crops, and 
contrast change. Post-augmentation, our dataset expanded significantly, 
providing a diverse range of images for training and effectively miti
gating the risk of overfitting. The final augmented dataset comprised 
1027 frames, ensuring comprehensive coverage of different scenarios. 
An example image with different augmentation methods is illustrated in 
Fig. 9. 

To prevent potential overfitting due to the high number of training 
iterations, we employed two common strategies: Early Stopping [50] 
technique and Adam regularization method [51] in all networks. During 
the training process, the early stopping could stop training when the 
validation loss does not improve for a predefined number of iterations to 
protect against overfitting. 

3. Results 

We computed the error and the root mean square error for evaluation 
of the performance of the five proposed networks. In addition, the score 
and location refinement maps are also computed for further analysis of 
the results. Finally, the results of body part detection are illustrated for 
five networks on three images from the test dataset. 

3.1. Root mean squared error (RMSE) 

We calculated the RMSE between the location of the detected point 
and the reference point in pixels for each frame and key point in the test 
dataset. RMSE curves for the training and testing process for each 
network have been illustrated in Fig. 10. The training RMSE begins at a 
higher value, showing a natural decline as the network models learn and 
adapt to the training data. Concurrently, the testing RMSE—initially 
higher than the training RMSE—follows a similar downward trajectory, 
yet it remains above the training RMSE for most of the training duration. 
This persistent gap underscores the intrinsic challenge of achieving 
strong generalization to unseen data. Particularly, the plots reveal that 
MobileNet not only reaches lower error rates more expediently but also 
maintains a tighter convergence between the training and testing errors, 
suggesting a superior ability to generalize compared to the other eval
uated networks. 

Additionally, the RMSE curves for ResNet-50 and ResNet-101 
incorporate early stopping at epochs 250 and 300, respectively. These 
points are denoted by green dashed lines, signifying the moments when 
the training process is halted to prevent overfitting. Post these epochs, 
the RMSE values plateau, indicating that no further learning occurs and 
reinforcing the effectiveness of early stopping in safeguarding the 
models’ ability to generalize. 

Fig. 11(a) shows the RMSE of sow’s body parts for the five proposed 
networks. The results show that all networks performed well for body 
part detection. The minimum RMSE belongs to the shoulder part of the 
sow. In DLCRNet, RMSE was 0.39, 0.95, 0.93, 0.89, 0.89, 0.48, and 0.77 
pixels for shoulder, left leg, right leg, left hoof, right hoof, tail, and snout, 
respectively. The median test errors of ResNet-50, ResNet-101, Mobi
leNet, EfficientNet, and DLCRNet were 0.93, 0.97, 0.61, 0.87, and 0.89, 
respectively. Therefore, the performance of MobileNet is better than 
other models. Moreover, We obtained the RMSE for the one annotated 
body part of the piglets (shoulder). Fig. 11(b) illustrates this result for 
the five networks in the test dataset. It shows that the minimum error 
was achieved by MobileNet. However, values of RMSE for the piglet’s 
shoulder in all networks are very similar. 

3.2. Error 

Error was used to evaluate the distance in pixels between the manual 
labels and the predicted ones for both the training and test datasets. We 
also calculated this value with a defined parameter that is called "p- 

Fig. 8. Example of an annotated image from our dataset with different colors 
corresponding to the body part of the sow and piglets. 
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Fig. 9. The proposed augmentation techniques on an example image from the dataset.  

Fig. 10. RMSE curves for the training and testing processes for each network (ResNet-50, ResNet-101, MobileNet, EfficientNet, and DLCRNet).  
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cutoff". The value of this parameter is set to 0.6, meaning that pre
dictions with a likelihood of <0.6 will be displayed as uncertain pre
dictions. So "train error with p-cutoff" means how often the training data 
did not reach the p-cutoff. Table 1 shows these error values for all net
works. The results show that ResNet101 got the minimum train error 
compared to other networks. However, the minimum test error was 
achieved by MobileNet. The minimum test and train error with p-cutoff 
were obtained from MobileNet and ResNet101, respectively. 

3.3. Qualitative results 

Fig. 12 demonstrates three test dataset examples for each proposed 
network. Dots represent the manual annotations whereas ’+’ represents 
the high-confidence predictions. In Fig. 12, the distance between the 
labeled (dots) and the predicted body parts (‘+’) is small. The same color 
code in Fig. 8 is assumed for body parts in this image. The results show 
that these models can perform PE with high accuracy (good general
ization). However, there are a few false detections. 

3.4. Score and location refinement maps 

Score and location refinement maps were calculated based on ground 
truth data of annotated key points. Score maps show the probability that 
a key point occurs at a particular location. Location refinement maps 
predict offsets to mitigate quantization errors due to downsampled score 
maps [33,52]. From the result in Figs. 13 and 14, these maps can easily 
attend to any category of image and correctly identify the selected area. 
For instance, the red areas have higher attention scores as shown in 
Fig. 14. In summary, all small piglets are detected in three images, 
especially the one that is close to the pen’s wall (top right of images). 

4. Discussion 

Our study contributes to the growing body of research on PE in an
imal welfare and behavior monitoring, leveraging state-of-the-art deep 
learning architectures within the DeepLabCut framework. Unlike 
traditional methods that may rely on object detection algorithms like 
YOLOv3 [53] and Faster R-CNN [54] for identifying animal positions, 
our approach focuses on precise PE through the identification and 
grouping of key body points. This distinction is crucial in the context of 
monitoring complex behaviors and interactions within the farrowing 
pen, where the precise positioning and movement of sows and piglets 
are of paramount importance. 

Furthermore, the significance of monitoring maternal behavior to 
enhance piglet survival and sow welfare cannot be overstated. Our 
study’s emphasis on detailed PE of sows and, to a lesser extent, piglets, 
seeks to build upon the foundation laid by prior research in the use of 2D 
[55–57] and 3D imaging systems [8,18,58] for behavior analysis. While 
previous studies have successfully utilized various sensor types and 
camera technologies for monitoring a range of behaviors [59–61], or 
monitoring posture and postural change of sows [8,18,56,58] and 
tracking of individual piglets [55] in a farrowing and lactation pen, our 
work extends these efforts by applying advanced deep-learning tech
niques to offer more nuanced insights into PE. 

The choice of technology and analytical tools plays a critical role in 
the effectiveness of PE methods. Although MATLAB has been widely 
used in earlier studies for image processing and algorithm development 
[18,56,58], our application of DeepLabCut introduces the advantages of 
a dedicated PE tool, capable of handling the complexities associated 
with animal behavior analysis. This choice reflects our commitment to 
adopting and adapting the latest technological advancements to address 
specific research needs. 

Our experimental evaluation revealed significant insights into the 
performance of various deep-learning networks for sow and piglet PE. 
The analysis, grounded in both quantitative metrics such as RMSE and 
qualitative assessment through error rates, underscores the capabilities 
of each network in the context of precision livestock farming. The RMSE 
results provide a clear indication of the precision with which each 
network could identify the body parts of sows and the shoulder point of 
piglets. Notably, MobileNet emerged as the standout performer, 
demonstrating the lowest median test error among the evaluated net
works. For further investigation, we also calculated the percentage 
improvement in the performance of each network relative to the base
line (ResNet-101, which has the highest RMSE) by using the following 
formula: 

Fig. 11. The RMSE of (a) sow’s body parts and (b) piglet’s shoulder in pixels for each network.  

Table 1 
Train and test error (with p-cutoff) of the proposed networks in pixels.   

EfficientNet MobileNet ResNet101 ResNet50 DLCRNet 

Train error 12.71 16.28 5.92 6.97 8.12 
Test error 34.98 24.12 28.71 37.21 33.48 
Train error 

with p- 
cutoff 

9.12 12.2 4.72 4.96 5.04 

Test error 
with p- 
cutoff 

19.95 16.72 18.6 19.12 21.66  
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Fig. 12. Qualitative results of the proposed networks on three examples of the test dataset. The human labels are plotted as a dot and the framework’s predictions are 
plotted as a plus symbol (‘+’). 
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Fig. 13. The comparison of the score maps of the proposed networks.  
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Fig. 14. The comparison of the location refinement maps of the proposed networks.  
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Percentage ​ Improvement =
(

RMSE_baseline − RMSE_model
RMSE_baseline

)

× 100% 

According to the obtained results, ResNet-50 demonstrated a modest 
improvement of 4.12%, while EfficientNet and DLCRNet showed im
provements of 10.31% and 8.25%, respectively. Particularly, MobileNet 
achieved a substantial performance leap, registering a 37.11% 
improvement over the baseline model, ResNet-101, which itself showed 
no improvement as it served as the reference point for our comparison. 
These findings underscore MobileNet’s ability to accurately predict 
poses with high efficiency compared to other networks again. 

However, our study also acknowledges the limitations inherent in 
the current scope of PE. The limitations encountered in our study, 
particularly concerning the detailed PE of piglets, highlight the need for 
continuous innovation in camera and imaging technologies. The po
tential integration of additional cameras focused specifically on piglets, 
as well as the exploration of higher-resolution imaging solutions, rep
resents a promising avenue for future research. Such advancements will 
enable more comprehensive monitoring of all individuals within the 
farrowing pen, further contributing to our understanding and 
enhancement of animal welfare. Furthermore, we recognize that an 
expanded set of criteria could encompass a broader spectrum of be
haviors and interactions, potentially uncovering more insights into the 
dynamics between sows and piglets. To tackle this, our future plans 
include augmenting the number of frames, taking into account addi
tional factors such as: (1) Various times of the day to account for changes 
in activity levels and lighting conditions. (2) A range of piglet behaviors 
beyond the immediate farrowing period, including feeding habits, social 
interactions, and reactions to environmental stimuli. (3) The integration 
of a wider variety of environmental contexts within the farrowing pen, 
like the closeness to heating elements and the amount of available space. 

5. Conclusion 

We predicted different body parts of the sow and piglets during 
farrowing. We investigated the performance of five deep learning-based 
networks for PE via the powerful DeepLabCut toolbox. The obtained 
results on our collected data set show that the proposed methods can 
predict the body parts of both sow and piglet(s) efficiently. The devel
oped method can be used to monitor and estimate the pose of the sow 
and her piglets during the parturition. Therefore, it can be used to 
reduce unnecessary disturbance of the animals which will most likely 
improve the welfare and health of the animals as well as the economics 
and profitability of pig farmers. In addition, this work will lead from 
routine to evidence-based parturition management which will have an 
additional positive effect on piglet survival and health of the sow. 

For future work, we will gather more input videos by using different 
sensors. For instance, by fusing lidar and infrared camera data, we may 
be able to get a more robust system that can monitor during different 
light conditions, especially at nighttime. Further, based on the PE in
formation, we plan to classify the behavior of the sow into sitting, lying, 
standing, and walking. We will also define sudden changes in the 
posture of the sow, e.g., rolling. Tracking the piglets in space and time 
will allow for recognition, e.g., isolation of single piglets and synchro
nization of piglet behavior within the litter. 
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