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Abstract: Increasing concerns on animal welfare in commercial pig industry include aggression 

between pigs as it affects their health and growth. Early detection of aggressive behaviors is essential 

for optimizing their living environment. A major challenge for detection is that these behaviors are 

observed occasionally in normal conditions. Under this circumstance, a limited amount of 

aggressive behavior data will lead to class imbalance issue, making it difficult to develop an effective 

classification model for the detection of aggressive behaviors. To overcome this problem, we 

approach the aggressive behavior detection problem as a case of anomaly detection rather than 

classification and propose a model based on anomaly detection, which can better handle unbalanced 

class distribution and effectively detect the infrequent, aggressive episodes of pigs. The model 

consists of a convolutional neural network (CNN) and a variational long short-term memory 

(LSTM) autoencoder. Additionally, we adopted a training method similar to weakly supervised 

anomaly detection and included a few aggressive behavior data in the training set for prior learning. 

To effectively utilize the aggressive behavior data, we created Reconstruction Loss Inversion, a 

novel objective function, to train the autoencoder-based model to increase the reconstruction error 

of aggressive behaviors by inverting the loss function. Our anomaly detection approach 

significantly outperforms traditional classification-based methods, effectively identifying 

aggressive behaviors in a natural farming environment. This method offers a robust solution for 

detecting aggressive animal behaviors and contributes to improving their welfare.   

Keywords: Aggression detection; Unbalanced dataset; Autoencoder; Computer vision; Deep 

learning 

 

1. Introduction 

Increasing demand for pork products due to population growth has contributed to commercial 

pig market expansion [1]. Meanwhile, consumers have developed serious concerns in ethical and 

sustainable pork production measures [2]. Optimization of the farming environment is important for 

maintaining high-quality production, which leads to interest in improving animal welfare. As the 

importance of animal welfare increases, the industry aims to continuously monitor the farming 

environment and simultaneously analyze stress, injuries, and diseases in livestock [3]. Advanced 

technologies are required for monitoring health conditions and farming environments in pigs [4]. 

To ensure uniform growth, pigs are separated periodically according to growth stages. During 

this process, pigs establish a new hierarchical order through aggressive behavior to obtain resources 

in a limited living space. The aggressive behavior greatly interferes health conditions and growth of 

pigs, subsequently affecting production quality [5, 6]. As a result, continuous behavior monitoring 
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technology involving not humans but AI models has been steadily developed and adopted to replace 

traditional manual inspection in agricultural fields [7-12]. 

Initial research on aggressive behavior involved Linear Discriminant Analysis to extract and 

analyze the average movement intensity from Motion History Image (MHI) data [7]. Chen and his 

colleagues have proposed the use of Kinect depth sensors and differences in kinetic energy for the 

calculation of the distance between pigs using support vector machine (SVM) [9, 11]. Recently, they 

have proposed deep learning frameworks for classifying aggressive episodes in pigs based on 

convolutional neural network (CNN) and long short-term memory (LSTM) for classifying aggressive 

behavior, under the assumption of a balanced class distribution [12]. However, this approach is 

inappropriate for comparing data obtained from actual livestock farms, where aggressive behavior 

in pigs occurs suddenly and irregularly. Therefore, aggression data counted for only 3% of the total 

data in the research of Chen et al. (2019) [11]. Prior research has been conducted based on balanced 

data, which causes the limitation of oversampling by simply transforming the aggression data in later 

research [12]. In deep learning research, diverse data input is a key point for better model 

establishment [13]. Nevertheless, general classification models are not capable of learning a wide 

variety of datasets, especially when encountering imbalance data. Minor datasets with low event 

frequencies, such as aggressive behavior, are basically eliminated, resulting in inaccurate modeling 

[14]. 

Here, we propose a reconstruction-based anomaly detection model utilizing reconstruction error 

as the anomaly score. The model is trained to overfit a large number of normal data, identifying minor 

data as aggressive behaviors to effectively detect classes with fewer data points. This model consists 

of a CNN that extracts spatial features from frames and an LSTM autoencoder that learns temporal 

information and reconstructs the original spatial features. It also involves a new objective function, 

reconstruction loss inversion, which can effectively detect a small number of aggressive behaviors in 

training sets. The function maximizes model performance by taking the inverse of the loss function 

solely for abnormal data and applying it exclusively for learning, thereby increasing the 

reconstruction error of the attack episode. Our model analyzes imbalanced class datasets reflecting 

natural farm conditions without additional sampling methods, preserving data quality and 

minimizing labeling costs and time. 

2. Materials 

For this study, we used a publicly available video dataset containing various behaviors of pigs, 

which was originally created for group-housed livestock tracking [15]. This dataset was originated 

not in a controlled environment, but in a real-world environment, thereby covering the natural daily 

lives of commercial pigs. We split the original dataset into video clips (episodes), and then manually 

labeled the presence or absence of aggression in each episode, labeling aggression per Verdon and 

Rault (2018) [16]. 

2.1. Source of Video Data 

The video dataset used in this study for detecting the aggressive behaviors of pigs was 

introduced in 2020 for monitoring group-housed pigs by Psota et al. [15]. There are 15 videos, each 

of which is in the length of 30 minutes, recording pigs with different ages, sizes, and activity levels. 

Additionally, the dataset included a variety of living conditions, including the location of pens, the 

number of pigs in a pen, and lighting conditions. Each video has 5 frames per Sectionond and a 

resolution of 1520 x 2688. A summary of this dataset is shown in Table 1. H, M, L are the abbreviations 

of the activity level, where H means that pigs are highly active. The videos were originally made from 

June to October 2019. 
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Table 2. Summary of video data source [15]. 

 Nursery (3~10 weeks) 
Early Finisher (11~18 

weeks) 

Late Finisher (19~26 

weeks) 

Video 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Day O O O     O O O     O O O     

Night     O O       O O       O O 

# of the Pigs 16 16 15 16 16 7 15 7 8 8 16 14 12 14 13 

Activity Level H M L M L H M L M L H M L M L 

                               

H: High, M: Medium, L: Low. 

2.2. Preprocessing and Labeling. 

Preprocessing 

All the videos were divided into 3-Sectionond clips (episodes) following a prior study [12]. The 

period of 3-Sectiononds was considered adequate as the minimum duration for recognizable 

aggressive behaviors. Because that the fps is 5, an episode has 15 frames. By splitting the original 

videos into the 3s episodes, 8,991 episodes were generated. 

Label information 

According to the prior studies that have investigated the aggressive behaviors in pigs [16-18], 

there are five main types of behaviors related with aggression: Biting (biting any part of another pig’s 

body), Levering (lifting any part of body with the head), Threatening lunging at another pig), 

Retreating (running away from a pig that delivers aggression), and Avoiding (running away from a 

pig that do not deliver aggression). In this study, only the first four behaviors were considered, and 

'Avoiding' was excluded from analysis as it was often difficult to tell whether a pig is avoiding from 

another or just running alone. All the episodes were manually labeled by one of the coauthors and 

two other graduate students independently and the differences between the coders were reconciled 

through discussions. The final distribution of aggressive behaviors consists of 331 episodes for biting, 

127 episodes for levering, 132 episodes for threatening, and 73 episodes for retreating. These four 

aggressive behaviors were then collectively labeled as aggression and some sample frame captures 

of four types of aggression are shown in Figure 1. 
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Figure 1. Frame captures of four types of aggression. 

2.3. Dataset Composition 

Dataset was constructed in a typical way set up for weakly-supervised anomaly detection. The 

data was split with the ratio of 8:2 between the train set and the test set, with no overlapping episodes 

between them. Stratified random sampling was applied to each video to create a train set and a test 

set (8:2), and then all of these datasets were combined to form the final train set and the final test set. 

As a result, 7% of the train set was comprised of aggression (anomaly), as shown in Table 2. When 

training and testing the model, the pig anomaly detection was treated as a binary classification 

problem (aggression, non-aggression) in prior studies [19, 20]. Consistently, we treated it as a binary 

classification problem for which evaluations were calculated under the label setting of 0 (non-

aggression) and 1 (aggression). 

Table 2. Summary of the train set and the test set. 

 train test ratio 

Non-aggression (0) 6660 1668 0.93 

Aggression (1) 531 132 0.07 
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3. Methods 

3.1. Background 

Weakly-supervised anomaly detection 

In weakly-supervised anomaly detection [21-23], a limited number of labeled anomalies are used 

in the train set while the remaining data unlabeled are assumed to be normal. This weakly-supervised 

approach might be applicable to anomaly-informed modeling to produce improved performance. 

Our study has been designed to explore this possibility. 

Anomaly detection based on reconstruction error 

The reconstruction error-based method in anomaly detection works by combining an encoder 

that extracts a latent feature vector from the input data with a decoder that reconstructs the input 

data from the latent vector. The reconstruction error, which is the difference between the input and 

the reconstructed output obtained in this process serves as an anomaly score. That is, if the 

reconstruction error is high, then it is very likely to be detected as an anomaly, and vice versa [24, 25]. 

3.2. The Workflow of Aggression Detection 

In the proposed method based on data reconstruction (as shown in Figure 2), the process begins 

with DataEncoder, which extracts the feature vector 𝑓 from the input data. This feature vector is then 

fed into an AutoEncoder framework, composed of FeatureEncoder and FeatureDecoder, which 

reconstructs it into 𝑓, the reconstructed feature vector. This approach emphasizes the reconstruction 

of extracted features rather than the original input data. 

 

Figure 2. Workflow of AutoEncoder. 

In the application context of detecting aggressive episodes in pigs, a deep learning model 

combining CNN and variational LSTM autoencoder architectures is employed. The CNN extracts 

spatial features from all frames in an episode, akin to the spatial feature extraction by DataEncoder 

in Figure 2 and the CNN model in Figure 3 These spatial features are then processed through an 

LSTM autoencoder that reconstructs them to recover the original episode structure. Reconstruction 

errors, calculated via mean squared error between original and reconstructed spatial features, are 

crucial for identifying anomalies. Reconstruction Loss Inversion (RLI), specified by Eq (1), enhances 

the reconstruction error selectively to highlight anomalies, thereby facilitating effective detection 

through targeted backpropagation. 
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Figure 3. Workflow of aggression detection. 
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3.3. Detail of Architecture 

3.3.1. CNN 

All of 15 frames (3s clip with 5 fps) in an episode were resized to 224 x 224 x 3 before being 

passed to the CNN model. VGG19 [26] was the CNN model used to extract spatial features from the 

resized frames. The CNN model was pretrained on the ImageNet dataset [27]. The dimension of a 

spatial feature from the CNN model was 25,088(=7 x 7 x 512). By applying two fully-connected layers 

(FC Layer), the dimension of the spatial feature was reduced from 25,088 to 16 (25,088 > FC Layer > 

4096 > FC Layer > 16). In each FC Layer, linear transformation was followed by ReLU (Rectified Liner 

Unit) and Dropout (p=0.5). As a result, 15 spatial features were returned each with a 16-dimensional 

vector. The optimal feature dimension of the spatial feature was obtained through hyperparameter 

optimization, which was 16. 

3.3.2. LSTM Autoencoder 

Variational LSTM autoencoder [28, 29] was used as a recurrent autoencoder to learn temporal 

information in the conSectionutive spatial features. Instead of the multi-layer perceptron (MLP), the 

variational network was implemented to generate the latent vector, which prevents the model from 

memorizing the relationship between the latent vector and the reconstructed spatial features. 

The input of LSTM autoencoder is the reduced 15 spatial features, and the output is the 

reconstructed version of the spatial feature with the sequence length of 15. Spatial features enter the 

LSTM encoder in order, and the latent vector is returned through reparameterization [29]. This latent 

vector is reconverted to a hidden state through FC Layer, and the LSTM decoder takes the hidden 

state and reconstruct the original 15 spatial features. The depth of hidden layers of the LSTM block is 

2. The size of the hidden state and the latent vector is 256 and 64, respectively. 

3.3.3. Reconstruction Error 

The reconstruction error is calculated using the mean square error (MSE) from the 15 spatial 

features extracted from the CNN model and their reconstructed features returned by the LSTM 

autoencoder. In detail, the operation of MSE is performed on a flattened 240-dimensional feature 

vector from the 15 features. Then, the flattened 240-dimensional vector (240 = 15 frames x 16-

dimensional spatial feature) is 𝑓 in Eq (1). The average of scores is returned. In training and testing, 

if the input yields high reconstruction error, it is classified as anomaly (aggression), and if the error 

comes out low, it is classified as normal (non-aggression). 

3.4. Reconstruction Loss Inversion: RLI 

RLI is calculated by Eq (1) and returns a loss value for backpropagation. In addition to the 𝑛 

labeled normal (non-aggression) samples, 𝑚 labeled anomalies (aggression) are also included. 𝑓𝑖 is 

𝑖𝑡ℎ  flattened spatial feature vector (240-dimensional) from the CNN model and 𝑓𝑖̂  is 𝑖𝑡ℎ 

reconstructed vector from the LSTM autoencoder. (𝑓1,...,𝑓𝑛 : normal feature, 𝑓𝑛+1,...,𝑓𝑛+𝑚 : anomaly 

feature) 

𝑚𝑖𝑛
𝜃

1

𝑛
∑‖𝑓𝑖 − 𝑓𝑖̂‖2

2
+ 

𝜆

𝑚

𝑖=1

𝑛

∑ (‖𝑓𝑖 − 𝑓𝑖̂‖2

2
)

−1
𝑛+𝑚

𝑖=𝑛+1

 

 

(1) 

- 𝑓𝑖 , 𝑓𝑖̂ ∈ 𝑅𝑑 ∶ 𝑑 is the size of the flattened spatial feature vector. Here, it is 240. 

- 𝜃 ∶ the parameters of the model including CNN model and LSTM autoencoder 

- 𝜆 ∶ a scalar that controls the balance between the loss terms for non-aggressive and aggressive 

episode. 

The Sectionond term of Eq (1) is the inverted version of mean squared error. It was designed to 

increase the reconstruction error of anomaly data by training the model to minimize the inverted loss 
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term. As a result, the reconstruction error for anomaly-like data will be significantly large enough to 

discriminate between normal and abnormal data. 𝜆 is a scalar that plays a role of balancing the two 

loss terms so that the model can be trained stably (in Section 3.6. the optimal lambda value was 

obtained through hyperparameter optimization, which was 0.05.). 

In general, reconstruction-based anomaly detection methods using an autoencoder reconstruct 

the original input data (an episode in this study). However, we do not reconstruct the input data 

itself, but rather reconstruct the flattened spatial features that are extracted by the CNN model from 

the input episode. 

3.4.1. Reconstruction of Feature Vector 

We reconstructed the core information (the spatial features) of input data, not the input data 

itself. When reconstructing an entire input episode, there is a disadvantage that it can interfere with 

model training by reconstructing everything, including the unimportant parts. In the case of an 

image, the background is reconstructed unnecessarily. In the case of a video, the problem is worsened 

because a video clip (an episode) contains a series of frames. When the model reconstructs all of the 

video frames, a feeder unrelated to the aggressive behavior is reconstructed over all frames at the 

same time, resulting in the model being optimized for irrelevant components.  

3.5. Evaluation Metrics 

We used two popular and complementary performance metrics, Area Under Receiver Operating 

Characteristic Curve (AUC-ROC) and Area Under Precision-Recall Curve (AUC-PR, Eq (6)), for 

comprehensive evaluation of methods. AUC-ROC summarizes the ROC curve of true positive rate 

(TPR, Eq (2)) against false positive rate (FPR, Eq (3)), while AUC-PR summarizes the curve of 

Precision (Eq (5)) against Recall (Eq (4)). For both AUC-ROC and AUC-PR, the larger the value, the 

better the model performs. In the case of AUC-ROC, 0.5 denotes random guessing of the objects. 

AUC-ROC is widely used for its convenience in interpretation. However, it is known that AUC-PR 

is more suitable than AUC-ROC in many anomaly detection applications in which good performance 

on the positive class (i.e., detecting abnormal instances as abnormal) is required and the performance 

on the negative class (i.e., detecting normal instances as normal) is less concerned. AUC-ROC is 

affected by the performance of both anomaly and normal classes. Thus, the performance on the 

normal class can bias AUC-ROC because there are much more normal classes than abnormal classes, 

which is the class imbalance attribute of any anomaly detection dataset [21]. A deep learning model 

typically focuses on classifying the normal class correctly, as it is the major class. Conversely, AUC-

PR is less affected by the class imbalance than AUC-ROC because AUC-PR concentrates on the 

positive class. AUC-PR evaluates how many positive predictions are correct (Precision), and how 

many of the positive predictions are truly positive among the positive class (Recall). Therefore, we 

chose AUC-PR as the main criterion in the hyperparameter optimization process in our experiments. 

Both AUC-ROC and AUC-PR are calculated by increasing the threshold of the probability of 

being classified to the positive class. AUC-ROC has a direct proportional relationship in which TPR 

(Eq (2)) increases as FPR (Eq (3)) increases. The performance of the model with high TPR and low 

FPR is preferred. That is, the better the positive class is detected, the higher the AUC-ROC is, with 

only a few cases misclassified as a positive class. TPR is the same as Recall. If AUC-ROC is high, it 

can be said that Recall is generally high over most thresholds. AUC-PR shows an inverse proportional 

characteristic between Recall and Precision. The performance of the model with high Recall and high 

Precision is preferred. High AUC-PR generally means high overall Precision and high overall Recall. 

If the class imbalance is severe with a few anomaly data in the train and test sets, it is difficult to 

obtain a high AUC-PR. 

𝑇𝑃𝑅 =  
𝑇𝑃

𝑇𝑃 +  𝐹𝑁
 (2) 

𝐹𝑃𝑅 =  
𝐹𝑃

𝐹𝑃 +  𝑇𝑁
 (3) 
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𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 +  𝐹𝑁
=  𝑇𝑃𝑅 

 

(4) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 +  𝐹𝑃
 (5) 

𝐴𝑈𝐶 −  𝑃𝑅 =  ∑(𝑅𝑒𝑐𝑎𝑙𝑙𝑛

𝑛

−  𝑅𝑒𝑐𝑎𝑙𝑙𝑛−1)  ∗  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑛  =  𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 

 

(6) 

True positive episodes are those aggressive episodes that are correctly detected as aggression. 

True negatives are those non-aggressive episodes that are correctly detected as non-aggression. False 

positives are those non-aggressive episodes that are incorrectly predicted as aggression. Finally, false 

negatives are those aggressive episodes are incorrectly predicted as non-aggression. 

3.6. Hyperparameters 

Three hyperparameters were optimized to maximize the performance of our method. In 

addition, the sensitivity of each hyperparameter was confirmed in this process. The optimized 

hyperparameters are explained below. 

1. Lambda (𝜆) in the objective function of Eq (1) 

2. Dimension of a spatial feature vector extracted from a frame after passing through the CNN 

model and FC Layer 

3. Batch size that determines the number of data [13] for one iteration 

Lambda is the most important hyperparameter in RLI that adjusts the influence of the inverted 

loss term in Eq (1) Feature dimension determines the size of reconstructed feature vector and contains 

important spatial information extracted from a frame. The impact of the feature dimension on 

detection performance was assessed through experiments. Additionally, the experiments were 

conducted to examine the effect of the batch size in performance. 

All experiments were conducted under similar conditions. The learning rate was 0.005, and 

Stochastic Gradient Descent (SGD) optimizer with momentum of 0.9 and weight decay of 0.0005 was 

used. Early stopping technique was adopted so that model training stops when the validation metrics 

(AUC-ROC or AUC-PR) do not increase for 7 epochs, which is because of a long training time. The 

initial settings of feature dimension and batch size used to find the optical lambda were 128 and 4, 

respectively. As described in Section 3.3.1. all frames in an episode were resized to 224 x 224, and 

other transformations were not applied. 

4. Results and Discussion 

Experiments were performed three times for each hyperparameter value, and the average of the 

results are reported in Tables 3–5. As mentioned in Section 3.5, the criterion for determining the 

optimal value of the hyperparameters was AUC-PR. In the tables, the best scores of AUC-PR and 

AUC-ROC are bold and underlined, respectively. Experiments for hyperparameter selection were 

carried out in the order of lambda, feature dimension, and batch size. The optimal hyperparameter 

values, which were determined in the earlier stage, were applied to the next experiment. 

Table 3. Optimization for Lambda in Eq (1): l=0.03, 0.05, 0.1, 0.2, 0.4, 0.6, 0.8, 1.0, 2.0. 

Dimension 16 32 64 128 256 512 

AUC-ROC 0.9364 0.9382 0.9372 0.9367 0.9373 0.9386 

AUC-PR 0.7433 0.7296 0.7385 0.7369 0.7324 0.7352 
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Table 4. Optimization for the dimension of a spatial feature: 16, 32, 64, 128, 256, 512. 

Lambda 0.03 0.05 0.1 0.2 0.4 0.6 0.8 1.0 2.0 

AUC-ROC 0.9368 0.9367 0.9351 0.9340 0.9327 0.9326 0.9320 0.9336 0.9252 

AUC-PR 0.7301 0.7369 0.7295 0.7106 0.7120 0.6984 0.6491 0.7050 0.6564 

Table 5. Optimization for batch size: 2, 4, 6, 8, 10, 12, 14. 

Batch size 2 4 6 8 10 12 14 

AUC-ROC 0.9274 0.9364 0.9353 0.9349 0.9407 0.9367 0.9409 

AUC-PR 0.6967 0.7433 0.7343 0.7398 0.7405 0.7387 0.7463 

4.1. Lambda in the Objective Function of RLI 

First, the lambda from 0.03 to 2.0 were tested to find the optimal value. It was confirmed that the 

lower the lambda value, the higher the AUC-PR, up to when the lambda was 0.05, and the best AUC-

PR score of 0.7369 was obtained when the lambda was 0.05. It seems that the magnitude of the 

Sectionond term in the objective function (Eq 1) for loss inversion was large. When the influence of 

this term was reduced by adopting a small lambda value, model training was more stable, producing 

the best performance. Therefore, 0.05 was set as the optimal lambda value, which was then applied 

to the subsequent experiments to determine the feature dimension and the batch size. AUC-ROC also 

tended to increase as the lambda decreased overall, and it was the highest when the lambda was 0.03. 

However, the score was almost the same as when the lambda was 0.05. 

4.2. Dimension of the Spatial Feature 

Sectionond, the dimension of a spatial feature from 16 to 512 were examined to find the optimal 

size of the feature vector. The spatial feature was extracted from a frame by the CNN model and the 

two FC Layers in Figure 3. When the size of the spatial feature vector was 16, AUC-PR achieved the 

best score of 0.7433. As a result, 16 was selected as the optimal dimension. However, as the dimension 

changed, no specific increasing or decreasing trend was found for AUC-PR or AUC-ROC. It can be 

interpreted that the size of the spatial vector was not a factor that had a critical influence in extracting 

spatial information or determining the detection performance. Thus, the size of the 16-dimensional 

vector, which was obtained after the two FC layers, was determined to be the best through this 

process. 

4.3. Batch Size 

Finally, 7 values from 2 to 14 were tested to find the optimal batch size. The optimal lambda and 

feature dimension from the previous experiments were used, and the best AUC-PR was 0.7463 when 

the batch size was the largest at 14. When the batch size was the smallest at 2, the performance was 

the worst, indicating that the generalization performance was deteriorated by the model trying to 

optimize for too little data in each iteration. On the other hand, when the batch size was the largest 

at 14, it was likely that the model achieved higher generalization performance by being optimized 

for a relatively a large amount of data in each iteration. From the results of the above three tables, the 

variance of scores in AUC-PR was larger than that in AUC-ROC. For each hyperparameter, AUC-PR 

was more sensitive than AUC-ROC. AUC-PR is a summary of Recall and Precision, which only 

focuses on the detection of the positive class. When AUC-PR is high, true positive (TP) is high and 

false positive (FP) is low. AUC-PR does not consider False Positive Rate (FPR), which focuses on the 

negative class, considering true negative (TN). Therefore, AUC-PR is not biased by large negative 

class (non-aggression), and it can be said that AUC-PR explains better over the performance of 

aggression detection than AUC-ROC. 
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4.4. Distribution of Reconstruction Errors 

In Figure 4, we demonstrate the effect of RLI. Our method reconstructs the original spatial 

features extracted from input frames in an episode. By reversing the Sectionond term in Eq (1), which 

is related to aggression, the reconstruction error for aggression is increased, and vice versa. The 

distribution of the reconstruction errors is visualized by drawing a histogram over the test set. The 

left side of the vertical bar in Figure 4 is the unsupervised setting, where only normal data (non-

aggression) are available without labeled aggressive behaviors. In this setting, the model was trained 

to decrease the reconstruction error of non-aggressive episodes. No difference was found in the 

distributions of the reconstruction errors between non-aggression and aggression. In contrast, the 

right side of the vertical bar shows the result of RLI, in which a few aggressive episodes were included 

in the train set. The model was trained to increase the reconstruction errors of aggression and 

decrease that of non-aggression. The errors for non-aggression still converged to almost zero, while 

the errors of aggression were widely diverged to values much larger than zero as intended by RLI. 

This divergence grew as the epoch progressed, as shown in the Figure of epoch 5-test.  

In summary, without labeled-aggression, both non-aggression and aggression were 

reconstructed almost identically. However, when there were labeled-aggressive episodes in the train 

set, the reconstruction error for aggression increased enough to produce sufficient discernment, as 

intended 
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Figure 4. Distribution of reconstruction error. 
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4.5. Comparative Experiments  

In order to examine the effectiveness of our method, comparative experiments were performed 

with two classification models. All comparison models used the cross-entropy as a loss function for 

the classification task, and we did not undermine the capacity or composition of the models 

deliberately. Through the comparison, anomaly detection turned out to be a more appropriate 

method than classification for the condition of the real-world agriculture with unbalanced data. 

4.5.1. Models for Comparison 

ConvLSTM. ConvLSTM [30] is a model originally designed to capture spatio-temporal 

correlations for precipitation nowcasting. To address the disadvantage of fully-connected LSTM (FC-

LSTM), which contains too much redundancy for spatial data, ConvLSTM with a convolutional 

structure in both the input-to-state and state-to-state transitions was developed. 

Based on the advantages of handling spatio-temporal information [30] and its application in a 

video-based prediction task [31], we chose ConvLSTM as a comparison model of the classification 

task. After applying adaptive average pooling to the last output of ConvLSTM, one FC layer was 

used to return a scalar. By the sigmoid function, the score between 0 and 1 was returned from the 

scalar, and binary cross-entropy was calculated with this score. If it is close to 0, it is classified as 

negative (non-aggression), and if close to 1, classified as positive (aggression). 

CNN + LSTM. For CNN + LSTM [32], the original model structure of Chen et al. (2020) [12] was 

used, which extracts spatial features for each frame with VGG19, and passes them all through LSTM 

to obtain the same number of vectors as the sequence length. From this process, a 2-dimensional 

vector, which indicates aggregation [0, 1] and non-aggression [1, 0], is obtained through an FC Layer. 

Then, the cross-entropy loss is calculated and backpropagation is performed. 

4.5.2. Comparative Performance 

Table 6 shows that our method based on anomaly detection achieved the best performance in 

detecting pigs' aggressive episodes. The AUC-PR score of our method was 0.7463, which was 

substantially higher than the scores of the two classification methods. The AUC-ROC score of our 

method was also the highest. 

Table 6. Model comparison results over classification models. In the table “(over)” means that the 

experiment was conducted with a dataset with simple oversampling so that the number of aggressive 

episodes could match the number of non-aggressive episodes in Table 2. 

Task Classification 
Anomaly 

detection 

Model ConvLSTM 
ConvLSTM(ov

er) 

CNN+LST

M 

CNN+LSTM(ove

r) 
Ours 

AUC-ROC 0.9090 0.8954 0.9313 0.9227 0.9409 

AUC-PR 0.5481 0.5388 0.6965 0.6954 0.7463 

Our method was more discriminative in detecting the aggressive episodes because we used the 

anomaly detection method that is more suitable for an unbalanced dataset, as opposed to cross-

entropy based classification methods, which require a balanced dataset. After training the model to 

reconstruct various negative cases, episodes with large reconstruction errors are predicted as 

positive, or aggressive, cases. In addition, Reconstruction Loss Inversion (RLI) utilized a few 

aggressive behaviors (7%, Table 2) when training the model. In other words, a few aggressive 

episodes naturally occurred (i.e., not involving any data upsampling or downsampling) were used 

to train the model with the goal of increasing the reconstruction error of the spatial features. It 

induced the reconstruction error of aggressive episode features to be large enough so that the 

aggressive episodes were easily distinguished from non-aggressive episodes during the test. The 
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results in Table 6 provide empirical evidence that our anomaly detection approach is superior to the 

traditional classification-based approaches. 

When classification is performed using the cross-entropy loss and an unbalanced dataset, a 

model is trained to better classify the large number of non-aggression cases (negative class). This 

characteristic of classification models explains why AUC-ROC of ConvLSTM and CNN+LSTM is 

high, while AUC-PR is low. Specifically, AUC-ROC deals with TPR(Eq (2)) and FPR(Eq 3), and the 

higher the TPR and the lower the FPR, the higher the AUC-ROC. The low FPR means that the FP is 

low or the TN is high. The low FP means that relatively few cases in which non-aggression is 

incorrectly classified as aggression (positive class). The high TN means that many cases in which non-

aggression is classified correctly as non-aggression. In this case, if the FP is low, AUC-PR should be 

high at the same time because Precision increases when the FP is low, and AUC-PR calculates 

Precision at each threshold. However, classification methods have significantly lower AUC-PR. In 

particular, for the ConvLSTM model, AUC-ROC is high at 0.9090 while AUC-PR is very low at 0.5481 

(Table 6), revealing that the FP was quite large over the overall thresholds (Figure 5). Alarming non-

aggression cases as aggression would confuse the farmers and lead to distrust of the detection system. 

Furthermore, Table 6 includes the results of model testing conducted with oversampled datasets 

such that the number of positive class (aggression) is equal to that of negative class (non-aggression). 

However, no matter how oversampling was performed in the unbalanced data, the detection 

performance did not improve. Rather, the scores of the evaluation metrics decreased slightly, 

indicating that oversampling is not an effective solution when the ratio of one class is extremely small 

for this dataset. In contrast, our method produced a significantly higher AUC-PR of 0.7463 than the 

other comparative classification methods, hinting relatively low FP cases under the overall thresholds 

or few cases of incorrectly detecting non-aggression as aggregation (Figure 5). The results overall 

confirm that our method can reflect and analyze the unbalanced dataset, resulting from actual farm 

conditions, effectively. 

 

Figure 5. Distribution of TP, FP, TN, and FN by threshold from the result of Table 6. 
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4.6. Reliability of Proposed Method 

Our proposed method is more reliable than the classification methods because our model rarely 

makes a prediction of aggression as non–aggression with the lowest FP over the threshold (Figure 5). 

It means the alarm system of our model is fairly reliable than the classification methods. If an 

aggressive behavior is detected by our model, there is a high possibility that aggressive behavior has 

actually occurred. For our model, prediction based on, for example 5th to 10th thresholds (yellow 

vertical bar in Figure 5) would detect most aggressive behaviors (high TP) and reduce the 

indiscriminate false alarm (low FP). In contrast, when it comes to classification methods, a high true 

positive (TP) requires a trade-off for a relatively high false positive (FP) while a low false positive 

(FP) is obtained with a relatively low TP (green vertical bar in Figure 5). In practice, when the model 

is applied to real-world industrial sites, aggressive behavior detection is conducted by selecting one 

threshold that returns high TP and low FP among numerous thresholds. This is the same mechanism 

with the classification-based method where the threshold is only fixed at 0.5 (the probability of 

belonging to a positive class). In this respect, our anomaly detection-based method can provide a 

more practical and reliable detection system for the real-world agriculture environment than the 

classification-based methods. 

4.7. Implications and Limitations 

Our study is different from prior studies that relied on balanced datasets created through 

sampling techniques [7-12], and instead, developed a model capable of learning various non-

aggressive behaviors even with imbalanced data, thereby mitigating low false positive rates. 

Furthermore, RLI increased the discriminative power of the model by taking the inverse of the mean 

squared error function specifically for aggressive episodes (Figure 3). RLI induced the reconstruction 

error of aggressive episode features to be sufficiently large, allowing for easy distinction between 

non-aggressive and aggressive episodes during testing. The effect of RLI was demonstrated with 

significantly higher AUC-PR and AUC-ROC results compared to the two classification methods. 
This study proposes an anomaly detection method using the characteristics of deep learning. By 

allowing the model to overfit a large number of normal data and judging relatively less familiar data 

as abnormal, we made it possible to detect classes with little data well. This model determines 

whether aggressive behavior exists in a 3-Sectionond video clip. We considered aggressive behaviors 

as anomaly data, added a small number of less frequently labeled aggressive behaviors to the training 

set, and made up the rest of the training set as non-aggressive. This is very similar to weakly 

supervised anomaly detection, which only labels a small number of aggressive behaviors and 

considers the rest as normal [21, 22]. The reason for adding a small number of aggressive behaviors 

to the learning set is that a supervised learning-based anomaly detection model provides much 

higher accuracy than unsupervised or semi-supervised anomaly detection methods [23]. 
The data used in this study were not specifically designed for our experiment but were originally 

used by a prior study  [15] for tracking group-housed pigs in a real pig farm environment, which 

allowed us to train on a variety of aggressive behaviors that can occur in actual livestock 

environments. Although we used 3-Sectionond episodes for comparison with previous research [12], 

future research could utilize longer episodes to analyze a wider range of aggressive and avoidance 

behaviors. Additionally, while we fixed certain hyperparameters such as the hidden state vector and 

latent vector of the LSTM block in this study, considering the optimization of a broader range of 

hyperparameters could potentially yield slightly higher performance. 

5. Conclusions 

With the increasing importance of animal welfare related to the production of high-quality pork 

and rearing environments, this study has developed a deep learning-based model that can 

continuously detect aggressive episodes in pigs. Prior studies could only analyze aggressive 

behaviors with balanced data and were unable to detect various behaviors. However, we have 

developed an anomaly detection approach that performs well under data class imbalance. Our 
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proposed model outperforms traditional classification models, achieving higher AUC-PR and AUC-

ROC scores, indicating that most positive predictions (aggression) are accurate (high precision) and 

most true positive episodes are detected (high recall). Furthermore, the data in this study reflected 

the actual imbalance between non-aggressive and aggressive classes in pig farms. As a result, the 

proposed method is accurate and efficient in detecting aggressive behaviors in real-world 

agricultural environments. This model can be extended and applied to various livestock animals in 

the smart livestock industry, which considers animal welfare essential for producing high-quality 

livestock products. The smart livestock industry can build more productive, efficient, and sustainable 

livestock systems by combining various digital technologies, including real-time monitoring. 
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