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Pig instance segmentation is a critical component of smart pig farming, serving as the basis for 
advanced applications such as health monitoring and weight estimation. However, existing methods 
typically rely on large volumes of precisely labeled mask data, which are both difficult and costly 
to obtain, thereby limiting their scalability in real-world farming environments. To address this 
challenge, this paper proposes a novel approach that leverages simpler box annotations as supervisory 
information to train a pig instance segmentation network. In contrast to traditional methods, 
which depend on expensive mask annotations, our approach adopts a weakly supervised learning 
paradigm that reduces annotation cost. Specifically, we enhance the loss function of an existing 
weakly supervised instance segmentation model to better align with the requirements of pig instance 
segmentation. We conduct extensive experiments to compare the performance of the proposed 
method that only uses box annotations, with that of five fully supervised models requiring mask 
annotations and two weakly supervised baselines. Experimental results demonstrate that our method 
outperforms all existing weakly supervised approaches and three out of five fully supervised models. 
Moreover, compared with fully supervised methods, our approach exhibits only a 3% performance gap 
in mask prediction. Given that annotating a box takes merely 26 seconds, whereas annotating a mask 
requires 94 seconds, this minor accuracy trade-off is practically negligible. These findings highlight the 
value of employing box annotations for pig instance segmentation, offering a more cost-effective and 
scalable alternative without compromising performance. Our work not only advances the field of pig 
instance segmentation but also provides a viable pathway to deploy smart farming technologies in 
resource-limited settings, thereby contributing to more efficient and sustainable agricultural practices.
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Artificial Intelligence (AI) has emerged as a transformative force in diverse sectors of modern production, 
including industry, services, and agriculture. In agriculture, AI technologies have notably enhanced crop 
management1,2, facilitated plant disease detection3, and improved practices in animal husbandry. The integration 
of AI algorithms in these domains demonstrates the potential to revolutionize traditional workflows, thereby 
driving both increased productivity and sustainability. Specifically, AI applications in pig farming have attracted 
considerable attention, resulting in numerous advancements such pig instance segmentation4,5, pig face 
recognition6, pig behavior recognition7, pig tracking8, pig weight estimation9, and pig health monitoring10. By 
leveraging AI technologies, pig farming has realized significant benefits, including enhanced precision, reduced 
labor costs, and improved decision-making processes, ultimately contributing to higher yields and more efficient 
resource management.

Among the diverse applications, pig instance segmentation stands out as one of the most fundamental tasks. 
Its primary objective is to accurately identify and delineate each pig within a predicted mask, particularly when 
multiple pigs are confined within a narrow pen. This capability is critical for higher-level applications, such as pig 
behavior recognition, weight estimation, and health monitoring, as it provides unique identification for each pig. 
Consequently, pig instance segmentation has received extensive attention, leading to the development of various 
innovative approaches, including advanced model architecture for superior performance11,12 and solutions 
addressing occlusions challenges4,5,13,14. While achieving high-precision instance segmentation results and 
handling severe occlusion challenges are critical objectives, existing research has often overlooked a major issue: 
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the difficulty in obtaining high-quality labeled data. Deep learning models for instance segmentation typically 
require large, well-annotated datasets, but producing such datasets is both expensive and labor-intensive. Despite 
the progress in creating public instance segmentation datasets, specialized fields like smart pig farming still have 
limited publicly available data. Moreover, pixel-level mask annotation is notably more challenging than other 
forms of annotation, such as bounding box, edge, and scratch annotations. This is because mask annotation 
is a pixel-level task, whereas the others operate at the object level. As reported by Liu et al.15, annotating a 
single image in the widely recognized Cityscapes dataset16 required an average of more than 1.5 hours of dense 
labeling. In large-scale farming contexts, particularly for small research teams, the labor involved in pixel-level 
annotation can be overwhelming. Unlike the natural images found in many public datasets, images used for pig 
instance segmentation often contain numerous pigs, as the camera’s field of view often covers the entire pig pen. 
This results in a high density of pigs within a confined space, leading to significant occlusions. Consequently, an 
important concern arises: Can simpler, less time-consuming, and less labor-intensive types of annotations be 
used as substitutes for pixel-level annotations? As illustrated in Fig.1, mask annotation requires meticulously 
drawing a mask that precisely overlaps with each pig, whereas bounding box annotation only requires enclosing 
each pig in a rectangle. In practice, we have done a time test of annotation where one student performs mask 
annotation and bounidng box annotation on the same 50 images, respectively. The result shows that the average 
time of mask annotation is 94 seconds while the counterpart of bounding box annotation is only 26 seconds. 
Based on Fig.1 and our annotation test, it is evident that bounding box annotation is both simpler and faster 
compared to mask annotation.

In light of these observations, this paper attempts to reduce the reliance on costly mask annotations by 
adopting a weakly supervised learning paradigm. By leveraging less detailed annotations, bounding boxes 
instead of pixel-perfect masks, weakly supervised learning significantly reduces the annotation burden while 
maintaining performance comparable to conventional fully supervised methods. To this end, we develop a weakly 
supervised instance segmentation method specifically tailored for the pig farming domain, where the state-of-
the-art weakly supervised model, BoxTeacher, originally proposed by Chen et al.17, is adapted as our primary 
framework due to its end-to-end training capability and strong performance. A key technique in BoxTeacher lies 
in the design of its loss functions, which include detection loss, box-supervised loss, and mask-supervised loss. 
The original BoxTeacher was trained on public datasets such as COCO (with 80 categories) and PASCAL VOC 
2012 (with 20 categories), where its loss functions are geared toward multi-category classification. However, in 
pig instance segmentation, only a single category is involved. Therefore, to better align BoxTeacher with our 
specific task, we simplify its box-supervised and mask-supervised loss functions for binary classification. Our 
experimental results indicate that these simplified losses yield improved performance.

To the best of our knowledge, this work is the first to employ bounding box annotations as the primary 
ground truth for weakly supervised pig instance segmentation. To evaluate its effectiveness, we conduct a series 
of experiments in which the commonly used instance segmentation models, Mask R-CNN18, YOLACT19, 
SOLO20, SOLOv221 and CondInst22, are trained with mask annotations, while the proposed method and 
two related works, BoxInst23 and DiscoBox24 are trained solely with bounding box annotations. Our weakly 
supervised model achieves an Average Precision (AP) of 89.22% for bounding box prediction and 85.29% for 
mask prediction. In terms of box detection, our method outperforms fully supervised Mask R-CNN (85.41%) 
by 3.18%, YOLACT (80.61%) by 8.61%, and CondInst (86.22%) by 3%. It also surpasses the weakly supervised 
methods DiscoBox (81.41%) by 7.81% and BoxInst (85.36%) by 3.86%. Regarding mask prediction, only two 
fully supervised methods, SOLOv2 (88.51%) and CondInst (86.22%), exceed our performance. The best model, 
SOLOv2, achieves 88.51% AP, which is 3.22% higher than ours, whereas CondInst surpasses our method by only 
1.03%. Our approach still notably outperforms Mask R-CNN (82.11%), YOLACT (82.60%), SOLO (83.41%), 
BoxInst (81.54%), and DiscoBox (73.42%). Although our method does not achieve the highest mask prediction 
performance, it offers several advantages. First, it demonstrates a relatively small performance gap (at most 
3%) compared to fully supervised methods such as SOLOv2 and CondInst. Second, considering that mask 

Fig. 1.  The illustration of mask annotation and bounding box annotation.
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annotation requires 94 seconds per image, whereas bounding box annotation requires only 26 seconds, the 
substantial reduction in annotation time cost far outweighs the slight performance loss. As a result, our method 
provides a cost-effective and practically feasible solution for real-world applications in pig farming.

In summary, our contributions are threefold:

•	 Pig instane segmentation with bounding box annotations. We demonstrate that training pig instance seg-
mentation models solely with bounding box annotations is both feasible and effective, significantly reducing 
the time and labor required for mask labeling while maintaining performance comparable to fully supervised 
methods.

•	 Bridging multiple tasks in pig health monitoring system. By integrating bounding-box annotations within 
a weakly supervised framework, our approach serves as a bridge between different modules in a pig health 
monitoring system, such as tracking models (for movement data) and weight estimation models, thereby 
ensuring consistent pig IDs and seamless task integration.

•	 A effective method for scalable dataset expansion. We propose a practical strategy for rapidly expanding 
annotated datasets by generating segmentation masks from bounding boxes. Annotators only need to correct 
minor errors, substantially lowering annotation costs relative to manual pixel-level labeling.

Related works
Pig instance segmentation
Pig instance segmentation has attracted considerable attention due to its ability to provide unique identification 
for each individual pig. Numerous studies have been published in recent years. For instance, Jia et al.11 introduced 
a pixel self-attention module, incorporating both channel and spatial attention mechanisms into the YOLACT 
model19, combined with a feature pyramid module, which improved the model’s performance and transferability. 
Similarly, Hu et al.12 proposed an attention mechanism to guide instance segmentation models by integrating 
an attention module into Mask R-CNN18 and Cascade Mask R-CNN25. To address occlusion challenges in pig 
instance segmentation, Tu et al.13 developed the PigMS R-CNN model, based on Mask Scoring R-CNN26, and 
replaced the conventional Non-Maximum Suppression (NMS) with a soft NMS module, thereby enhancing 
segmentation performance in group-pig pens. Similarly, Huang et al.4 adapted a center-clustering network to 
mitigate occlusions by representing each object’s center with pixels and tracking these centers to generate mask 
predictions. Additionally, Gan et al.14 presented a two-stage amodal instance segmentation method specifically 
for piglets during crushing events. In the first stage, Mask R-CNN generates initial mask predictions; in the 
second stage, bounding boxes derived from these masks are extended via a self-adaptive bounding box extension 
technique. The feature maps of bounding boxes overlapping with the sow are encoded using von Mises-Fisher 
distributions and then refined by a Bayesian lattice classifier to produce the final amodal instance segmentation 
masks. Finally, Huang et al.5 proposed a semi-supervised Generative Adversarial Network (GAN) capable of 
producing occlusion-free prediction masks, even when the input images contain occluded pigs.

All of the aforementioned studies emphasize designing model architectures or algorithms to improve 
performance and address occlusion challenges in instance segmentation. By contrast, the primary objective of 
this paper is to reduce labeling costs without compromising model accuracy. Specifically, we advocate the use 
of simpler bounding box annotations instead of the more complex and time-consuming mask annotations for 
training the instance segmentation model.

Weakly supervise learning in agriculture
With continuous technological advancements, the scale of agricultural operations has grown, rendering 
traditional labor-intensive practices increasingly impractical. Consequently, the agricultural sector has widely 
adopted advanced AI techniques for management. Most of these methods, however, rely on fully supervised 
learning, which requires large amounts of annotated data. To alleviate the high costs of data annotation, many 
researchers have explored weakly supervised learning approaches that demand fewer annotations. For example, 
Zhao et al.27 proposed a weakly supervised semantic segmentation network based on scrawl labels, consisting 
of a pseudo-label generation module, an encoder, and a decoder. The pseudo-label generation module converts 
scrawl labels into pseudo labels, thereby reducing the reliance on extensive manual annotation. Petti et al.28 
employed weakly supervised techniques for a cotton-counting task, using multiple-instance learning to train 
their model and active learning to iteratively expand the dataset. Chen et al.29 introduced a weakly supervised 
disease segmentation method for drone imagery, integrating an auxiliary branch module and a feature-reuse 
module to segment diseased regions in crops under image-level labeling constraints. Wang et al.30 applied 
weakly supervised learning to UAV forest fire imagery, employing a self-supervised attention-based foreground-
aware pooling mechanism and a context-aware loss function to generate high-quality pseudo labels in lieu of 
manual annotations.

Clearly, weakly supervised learning has been widely adopted in agriculture, demonstrating promising 
results. Unlike the above-mentioned studies, however, this work applies weakly supervised learning to the task 
of pig instance segmentation. To the best of our knowledge, this is the first such application in pig instance 
segmentation. Our study thereby offers a valuable example of how weakly supervised learning can be effectively 
employed in this domain.

Materials and methods
Data collection
The data used in this study were collected from a pig farm at Soonchunhyang University, South Korea. Multiple 
cameras were strategically installed at different viewpoints, capturing images against various backgrounds and 
operating continuously both day and night. Fig. 2 provides sample images from these cameras, illustrating the 
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diversity and generalizability of our dataset. We employed the open-source tool CVAT (https://www.cvat.ai/) 
for image annotation. The dataset includes only one category, and the annotation format follows the COCO 
standard31. In total, our dataset comprises 13,383 images containing 130,743 pigs, which are split into training, 
validation, and test datasets in an 8:1:1 ratio. Detailed statistics of the dataset are presented in Table 1. All images 
are annotated with both bounding boxes and masks to facilitate performance comparisons with fully supervised 
models that require mask supervision. However, during the training of the weakly supervised model, only 
bounding box annotations are utilized. The mask annotations in the validation and test datasets are reserved 
solely for evaluating model performance.

Method
Our method builds upon the state-of-the-art weakly supervised approach, BoxTeacher17, with modifications to 
the loss functions to better suit our specific task. The architecture of our method is depicted in Fig.3.

It comprises two CondInst models22, denoted as f1 and f2 respectively. Although both models share the 
same structure, they differ in their parameter-update mechanisms. A key component of this approach is the box-
based mask assignment, which matches the predicted masks Mp to the ground-truth bounding boxes Bg . The 
matched masks are subsequently treated as pseudo masks Mg , serving as ground truth for training the model 
f2. Unlike prior methods that rely on a two-step training strategy, our design enables end-to-end training. 
Specifically, the parameters of model f2 are optimized via standard gradient descent, while the parameters of 
model f1 are updated using an Exponential Moving Average (EMA) mechanism, as shown in Eq.1.

	 f1 ← α · f1 + (1 − α) · f2.� (1)

Here, f1 and f2 denote the parameters of the two models, respectively. The coefficient α is an empirically 
determined value, typically set to 0.999, based on the work of He et al.32.

Pig instance segmentation
The instance segmentation model used in our method is derived from CondInst22. Compared to the earlier Mask 
R-CNN model, CondInst eliminates the need for Region of Interest (ROI) operations and instead leverages a 
fully convolutional network, resulting in faster inference and improved performance. As illustrated on the right 
side of Fig. 3, the input image is first processed by a backbone network, often ResNet-50 or its variants to extract 
feature maps. These feature maps are then passed through Feature Pyramid Networks (FPNs), producing multi-
scale outputs. Finally, K mask heads take these multi-scale features as input, generating predictions that include 
masks, bounding boxes, and confidence scores.

A key innovation of the CondInst model lies in its approach to instance representation. Unlike Mask R-CNN, 
which relies on bounding boxes to represent instances, CondInst encodes the concept of an instance into the 
parameters of its mask heads. These parameters are dynamically generated and optimized via backpropagation, 

Split Number of images Number of pigs

Training 10,701 108,045

Validation 1,341 11,763

Testing 1,341 12,222

Table 1.  The statistics of our pig dataset.

 

Fig. 2.  The examples in our collected pig dataset.
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offering greater flexibility in representing irregular shapes that bounding boxes alone cannot capture. The object 
detector within the CondInst model is based on FCOS33, whose simplicity and adaptability remove the need for 
ROI operations and facilitate the integration of FPNs. This design enables the model to fully leverage multi-scale 
feature maps, thereby improving its ability to handle diverse and complex shapes–a critical advantage for pig 
instance segmentation, where object shapes can be highly irregular.

Box-mask matching
The goal of the box-mask matching process is to provide pseudo-label information for the segmentation model 
f2. Algorithm.1 details the procedure for assigning predicted masks to ground-truth (GT) bounding boxes in 
a one-to-one fashion, using both confidence scores and Intersection over Union (IoU) as criteria. Formally, 
the algorithm takes the following inputs:(1) a set of predicted bounding boxes Bp, predicted masks Mp, and 
corresponding confidence scores Cp; (2) a set of GT bounding boxes Bg  and their total number K; (3) two 
threshold values: a confidence threshold τc and an IoU threshold τiou. The algorithm systematically filters 
and sorts the predictions, then iterates through them in descending order of confidence to identify the best-
matching GT box. First, the pseudo masks Mg  are initialized to zero, and an index array A of length K is set to 
-1, indicating that no GT box has been assigned a pseudo mask yet. Next, any predicted bounding boxes with 
confidence scores below τc are removed. The remaining boxes are then sorted in descending order of confidence, 
yielding an index list S.

Fig. 3.  The main framework of our method. The left sub-figure is the paradigm of weakly supervised instance 
segmentation, and the right one is the specific architecture of CondInst model22.
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Algorithm 1.  Matching process between ground truth bounding boxes and predicted masks.

For each prediction i in the sorted list S, two variables are initialized: ui ← −1( representing the current 
maximum IoU found for prediction i) and vi ← −1( representing the GT box index that achieves the best 
match). The algorithm then iterates over all GT boxes Bg  from 1 to K. If a GT box j has already been assigned 
to a different prediction (i.e., Aj > 0), that GT box is skipped. Otherwise, the IoU value IoUij  is computed 
according to Eq.2.

	
IoUij =

|Bp
i ∩ Bg

j |
|Bp

i ∪ Bg
j | .� (2)

If IoUij  exceeds τiou and is higher than the current best IoU ui, the algorithm updates ui ← IoUij  and vi ← j. 
After all GT boxes have been scanned, if vi > 0, indicating a suitable match, the predicted mask Mp

i  is assigned 
to GT box vi by setting Mg

vi
← Mp

i. The index array A is also updated as Avi ← i, indicating that prediction i 
is now assigned to GT box vi.

By processing predictions in descending order of confidence, the algorithm ensures that higher-confidence 
predictions are prioritized in obtaining their best available GT match. Consequently, each GT box is assigned at 
most one predicted mask, with the top IoU candidate being chosen among predictions exceeding the confidence 
threshold τc.

Loss functions
Our proposed method optimizes the model in an end-to-end manner using only box annotations, and the overall 
loss function comprises three components: the detection loss Ldet, the box-supervised loss Lbox, and the mask-
supervised loss Lmask . Notably, only model f2 is directly optimized via gradient descent, while the supervision 
for the mask-supervised loss is derived from model f1. The total loss function is expressed as follows:

	 L = Ldet + Lbox + Lmask.� (3)

The detection loss Ldet includes two parts: object classification and bounding box regression. The classification 
component employs a focal loss, given by Lfocal(p) = −α(1 − p)γ log(p), where α and γ are hyperparameters, 
and p is the predicted probability. Bounding box regression is optimized using an IoU loss, analogous to Eq.2. 
T﻿hus, the detection loss is formulated as Eq.4,

	
Ldet(p, Bp) = 1

Npos

∑
x,y

(−α(1 − px,y)γ log(px,y)) + 1
Npos

∑
x,y

�{c∗
x,y>0}

|Bp
x,y ∩ Bg

x,y|
|Bp

x,y ∪ Bg
x,y| .� (4)
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Here, px,y  denotes the predicted probability at pixel (x, y) since the model produces dense predictions for each 
pixel. The term Bx,y  corresponds to the bounding box associated with pixel (x, y), and �{c∗

x,y>0} is an indicator 
function based on the class label c∗

x,y . This indicator function ensures that the IoU loss is computed only for 
foreground objects. Npos represents the number of positive samples. In the original BoxTeacher loss functions, 
c∗

x,y  can take multiple values (e.g., 80 categories in the COCO dataset). In our task, however, there are only two 
possible classes: 1 for the pig (positive) and 0 for the background (negative). Accordingly, we simplify the loss 
functions by restricting c∗

x,y ∈ {0, 1}.
The box-supervised loss Lbox aims to address two key aspects: ensuring that the predicted mask remains 

within the corresponding ground-truth bounding box and refining pixel-level classification inside the bounding 
box (accounting for background pixels). To achieve these goals, we propose two loss terms that focus on pixel 
coordinate alignment and color disparity, respectively. Formally, let Mp ∈ (0, 1) be the predicted mask and 
Bg  be its matched bounding box. To ensure the mask is contained within Bg , we apply a projection-based loss 
involving the Dice loss LDice

34 as shown in Eq.5.

	 Lproj = LDice(maxy(Mp), maxy(Bg)) + LDice(maxx(Mp), maxx(Bg)).� (5)

Here, maxy  and maxx denote maximum operations along the y-axis and x-axis, respectively. For color 
disparity, we define a neighborhood region by a K × K  kernel (e.g., 3 × 3). Let ye ∈ (0, 1) denote the label 
of an edge e connecting two pixels: the center pixel of the kernel (i, j) and one of its neighboring pixels (l, k). If 
ye = 1, it indicates that (i, j) and (l, k) share the same ground-truth label. We compute P (ye = 1) by Eq.6, and 
set P (ye = 0) = 1 − P (ye = 1).

	 P (ye = 1) = Mp
i,j · Mp

l,k + (1 − Mp
i,j) · (1 − Mp

l,k).� (6)

This binary classification is iteratively performed on all pixels inside the bounding box, and the color disparity 
loss is defined in Eq.7, where N is the number of edges.

	
Lcolor = − 1

N

∑
e

yelogP (ye = 1) + (1 − ye)logP (ye = 0).� (7)

Combining these two terms, the overall box-supervised loss is Lbox = Lproj + Lcolor .
The mask-supervised loss is relatively straightforward. Since the predicted masks from model f1 are treated 

as pseudo masks Mg ∈ (0, 1), we directly compare them with the output masks Mp ∈ (0, 1) of model f2 using 
Dice loss. The corresponding loss function is given by Eq.8,

	
Lmask = 1

Npse

Npse∑
i=1

LDice(Mp
i , Mg

i ),� (8)

where Npse denotes the number of pseudo masks.

Experiments
Experiment setup
The dataset used in our experiments is described in the Data Collection section. Briefly, the training set comprises 
10,701 images containing 108,045 pigs, the validation dataset includes 1,341 images with 11,763 pigs, and the 
test dataset consists of 1,341 images with 12,222 pigs. To assess the effectiveness of the proposed method, we also 
evaluate five fully supervised models using mask annotations. In contrast, for the weakly supervised models, 
only bounding box annotations serve as ground truth. During testing, only the model f2 is used to generate 
predictions.

Our method is implemented in PyTorch35, and both segmentation models shown in Fig.3 build on the 
CondInst framework. Unless otherwise specified, the CondInst model employs ResNet-50 as its backbone, 
and we initialize the training parameters with pre-trained CondInst weights from the COCO dataset. Image 
augmentations applied during training include random horizontal flipping, random resizing, color jittering at 
a probability of 0.8, grayscale conversion at a probability of 0.2, and Gaussian blurring at a probability of 0.5. In 
the box-mask matching process, the confidence threshold τc and IoU threshold τiou are both set to 0.5. The focal 
loss hyperparameters α and γ are set to 0.25 and 2.0, respectively, and a 3 × 3 kernel size is used for the color 
disparity loss. The training procedure spans 36,000 iterations, with the first 1,000 iterations dedicated to learning 
rate warm-up (warm-up factor = 0.0001). The base learning rate is 0.04, with a batch size of 4. After 24,000 
iterations, the learning rate is decreased by a factor of 10 every 4,000 iterations. We use the SGD optimizer with 
a weight decay of 0.00005. All experiments are conducted on two NVIDIA TITAN RTX GPUs.

Evaluation metrics
The evaluation metrics used in this study are derived from the standard COCO-style metrics31, specifically the 
Average Precision, i.e., AP at IoU thresholds of 0.5 and 0.75. Additionally, we include the AP for large objects as 
an additional metric. AP is computed as the area under the precision-recall curve by integrating precision values 
across different levels of recall. Precision, recall, and AP are formally defined as Eq.9,
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P = T P

T P + F P
, R = T P

T P + F N
, AP =

∫ 1

0
P (R) d(R),� (9)

where TP, FP, and FN denote the number of true positives (correct classifications), false positives (incorrect 
classifications), and false negatives (missed detections), respectively.

Experimental results
Table 2 presents the performance of the proposed method on the pig instance segmentation task and provides 
a comparison with other existing methods. Fig. 4 provide several examples of visualization on instance 
segmentation. The performance comparison is divided into two categories. On the one hand, the compared 
methods include five fully supervised models trained with mask annotations, Mask R-CNN18, CondInst22, 
YOLACT19, SOLO20, and SOLOv221. On the other hand, we also compare our method with two related weakly 
supervised models, BoxInst23 and DiscoBox24.

Comparison with fully supervised models
From Table 2, it is apparent that the proposed method outperforms the Mask R-CNN model in both box 
detection and mask segmentation, achieving 89.22% AP in box detection (a 3.81% improvement) and 85.29% 
AP in mask segmentation (a 3.18% increase over Mask R-CNN). Although our method uses the CondInst 
model as its base architecture with only box annotations for training, it achieves performance comparable to 
that of CondInst trained with mask annotations. Notably, it surpasses CondInst by 3% AP in box detection, and 
while it lags by 1.03% AP in mask segmentation, it performs better at higher IoU thresholds (e.g., AP0.5 and 
AP0.75). This result can be attributed to the mutual optimization process between the two CondInst models in 
our approach. Both models are initialized with pre-trained weights from the COCO dataset, enabling effective 
leverage of prior knowledge. Model f1 generates pseudo masks of reasonable quality for training model f2. 
Subsequently, f1 updates its parameters using those of f2 via an EMA mechanism, creating a cycle of mutual 
interaction and optimization that exceeds what a single model can achieve. These findings underscore that using 
box annotations to train pig instance segmentation models is not only feasible but also substantially reduces 
labeling costs.

We also compare our method with other popular models, YOLACT, SOLO, and SOLOv2, all of which use 
mask annotations. YOLACT attains 80.61% AP in box detection and 82.60% AP in mask segmentation, both 
below our results. SOLO achieves 83.41% AP in mask segmentation, which is still lower than ours. Meanwhile, 
SOLOv2 reports 88.51% AP in mask segmentation, surpassing our overall AP of 85.29%. However, at certain 
IoU thresholds (AP0.5 and AP0.75), our method achieves higher or comparable scores (98.32% and 96.69%, 
respectively) compared to SOLOv2 (96.72% and 95.60%). Although our approach shows a slight performance 
gap in mask segmentation relative to SOLOv2 and CondInst, this difference is small when weighed against the 
considerable time saved by using box annotations instead of mask annotations. Therefore, balancing labeling 
cost and model performance suggests that box-only supervision is both feasible and practically significant for 
real-world pig farming applications.

To further assess the performance of Mask R-CNN, CondInst, BoxInst, and our model, we visualize their 
results on the validation dataset at different stages of the training process. As shown in Fig.  5, our method 
consistently attains the best box detection performance, while CondInst achieves the top results in mask 
segmentation, with our method coming in second. An unexpected observation is that the weakly supervised 
BoxInst model delivers performance comparable to Mask R-CNN. Specifically, as shown in Fig.5, BoxInst 
continuously exceeds Mask R-CNN in box detection, and toward the later stages of training, both models exhibit 
nearly identical detection performance. In mask segmentation, BoxInst initially performs better but slightly 
underperforms Mask R-CNN in later stages, likely due to overfitting in BoxInst. Analyzing their test dataset 
results confirms their overall closeness: BoxInst trails Mask R-CNN by only 0.05% AP in box detection and 
0.57% AP in mask segmentation. Notably, BoxInst outperforms Mask R-CNN in AP0.5 and AP0.75. These 

Models Label

Box detection (%) Mask segmentation (%)

AP AP0.5 AP0.75 APl AP AP0.5 AP0.75 APl

Mask R-CNN Mask 85.41 96.41 93.02 86.80 82.11 96.46 94.28 83.78

CondInst Mask 86.22 96.30 92.85 88.73 86.32 96.48 95.12 89.74

YOLACT Mask 80.61 95.92 91.83 82.73 82.60 95.84 93.42 86.11

SOLO Mask - - - - 83.41 98.11 95.92 84.92

SOLOv2 Mask - - - - 88.51 96.72 95.60 90.22

BoxInst Box 85.36 97.84 93.90 86.67 81.54 97.96 94.41 83.91

DiscoBox Box 81.41 95.20 87.23 83.12 73.42 96.21 85.90 74.81

Ours Box 89.22 98.24 95.76 90.10 85.29 98.32 96.69 86.90

Table 2.  Performance comparisons of the proposed method with other models. “Mask” and “Box” indicate 
using mask annotations and box annotations as ground truth, respectively. The numbers presented in the 
table are derived from the experimental results of the corresponding models on the test dataset. The bold fonts 
indicate the best results.
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findings further highlight the feasibility and potential of using bounding boxes as supervisory information for 
pig instance segmentation tasks.

Ablation studies
Effectiveness of modified loss functions  The original loss functions in Boxteacher are designed for multi-cat-
egories instance segmentation task, and a complicated noise-aware pseudo mask loss is employed, considering 
the multiple categories and noisy backgrounds. While in our pig instance segmentation, there is only one cate-
gory. Thus, we simplify the original loss functions to be adapted for our task. Specifically, in the detection loss 
Ldet, we restrict the class label in the indicator function to two values: 0 and 1. And for the mask-supervised 
loss Lmask , we directly use the Dice loss to compare the predicted mask and pseudo mask. The performance 
comparisons of these two kinds of loss functions are shown in Table 3.

From Table 3, it can be seen that the model employing the revised loss functions achieves improvements 
across all metrics. Notably, the mask AP increases by 2.63%. Despite being simpler than the original loss 
functions, the revised ones yield better performance. This is likely because pig instance segmentation involves 

Fig. 4.  The visualizations of instance segmentation results. The images in left column indicate ground truth 
annotation while the predicted masks and bounding boxes are shown in the right side.
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only a single class, and overly complex loss functions may confuse the model, leading to incorrect predictions. 
These experimental results underscore the importance of modifying the loss functions for this specific task.

Comparisons on different backbones  Deploying algorithms in practical applications often encounters the 
challenge of limited computational resources. In our supporting project fundings, we frequently need to run 
these algorithms on edge computing devices such as the Jetson Nano. Consequently, finding an optimal bal-
ance between performance and computational requirements is crucial. In this subsection, we investigate the 
impact of three different backbone networks on models f1 and f2. Specifically, “ResNet-R50” denotes ResNet 
with 50 convolutional layers, “ResNet-R101” refers to ResNet with 101 layers (which has more parameters than 
ResNet-R50), and “ResNet-R101 DCN” further replaces standard convolutions with deformable convolutions, 
resulting in the largest parameter count among the three. Table 4 presents performance statistics, and Fig. 6 
offers direct visual comparisons.

The experimental results show that using ResNet-R101 DCN as the backbone yields the highest performance 
for box detection, achieving an overall AP of 89.81% and the best AP0.5( 98.30%) and AP0.75( 95.81%). However, 
for mask segmentation, the ResNet-R101 backbone attains the highest AP at 85.51%, while ResNet-R101 DCN 
still leads in AP0.5( 98.36%) and AP0.75( 96.22%). Despite these slight differences, the overall performance gap 
among the three backbones is less than 1% in AP for both tasks. Fig. 6 further illustrates that their performance 
metrics are closely aligned, suggesting that the choice of backbone has a relatively minor effect on instance 
segmentation outcomes. Additionally, as depicted by the training loss curves in Fig. 7, all three models converge 
to similar loss values, with ResNet-R101 DCN showing a marginally lower loss throughout training–indicating a 
slight optimization advantage. These findings imply that increasing the depth of the backbone, as in ResNet-R101 
and ResNet-R101 DCN, provides only negligible improvements in segmentation performance while substantially 
raising computational costs. Accordingly, considering the trade-off between efficiency and accuracy, we select 

model Param.

Box detection (%) Mask segmentation (%)

AP AP0.5 AP0.75 APl AP AP0.5 AP0.75 APl

R50 68.2M 89.22 98.24 95.76 90.10 85.29 98.32 96.69 86.90

R101 102.4M 89.78 98.25 95.73 90.69 85.51 98.34 96.79 87.17

R101 DCN 102.4M 89.81 98.30 95.81 90.64 85.26 98.36 96.22 86.87

Table 4.  The performance of three different backbones on the test dataset. “R50”, “R101”, and “R101 DCN” 
refer to the ResNet-50, ResNet-101, and ResNet-R101 DCN, respectively. The bold fonts indicate the best 
results.

 

Box (%) Mask (%)

AP AP0.5 AP0.75 APl AP AP0.5 AP0.75 APl

Original Loss 87.89 96.90 93.62 89.60 82.66 97.05 94.89 85.35

Ours 89.22 98.24 95.76 90.10 85.29 98.32 96.69 86.90

∆ +1.33 +1.34 +2.14 +0.50 +2.63 +1.27 +1.8 +1.55

Table 3.  Comparisons between two kinds of loss functions. ∆ indicates the improvements.

 

Fig. 5.  The visualization of performance on validation dataset during training. For simplicity, the iteration is 
sampled by every 200 steps.
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Fig. 7.  The visualization of loss curves of three backbones during the training. For simplicity, the iteration is 
sampled by every 200 steps.

 

Fig. 6.  The visualization of performance of three different backbones on the test dataset.
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ResNet-R50 as the backbone for our proposed method. This choice strikes a balance between performance and 
computational overhead, making the algorithm more suitable for deployment on edge computing devices such 
as the Jetson Nano, where resources are often limited. Consequently, the method is particularly well-suited for 
real-world applications that demand efficient processing under constrained hardware conditions.

Discussion
Advantages of the proposed method
The proposed weakly supervised learning method, which uses box annotations as ground truth, provides three 
key advantages over fully supervised methods that rely on mask annotations. First, the time and labor required 
for box annotation are significantly lower than those for mask annotation. Mask annotation necessitates time-
consuming, pixel-level labeling, leading to a substantial workload, particularly for large-scale pig datasets. In 
contrast, box annotation only requires drawing a rectangular box for each pig, greatly reducing both complexity 
and annotation time. This simpler approach allows even non-experts to annotate data more rapidly, thus 
accelerating the data preparation process. Moreover, precise pixel-level annotation is prone to subjective bias 
and labeling errors. Box annotation, being simpler and less subjective, can mitigate these errors, especially when 
combined with a weakly supervised instance segmentation model, thereby enhancing model robustness and 
generalizability. Second, weakly supervised models using box annotations can achieve performance comparable 
to fully supervised models, and in some cases even surpass them. This finding suggests that weakly supervised 
instance segmentation models are a highly viable alternative in engineering applications for smart pig farming, 
particularly in resource-constrained scenarios. Finally, because box annotations are straightforward to generate, 
they enable the rapid creation of large-scale annotated datasets. This scalability makes it feasible to train large 
models tailored to smart pig farming, such as ViT-based models, which can further advance performance and 
application breadth.

Application prospect
The proposed method holds practical applicability in three major domains. First, it can serve as a viable 
substitute for fully supervised models commonly used in pig instance segmentation tasks. Because it relies on 
simpler and more quickly generated bounding box annotations, this approach allows researchers to rapidly 
conduct experiments and achieve accurate pig instance segmentation models without incurring the high time 
and labor costs associated with mask annotation. Second, the proposed method can effectively bridge multiple 
high-level tasks within a pig health monitoring system. In such systems, various indicators, such as distance 
traveled (derived from tracking models) and weight changes (estimated through weight prediction models), 
are often combined to assess the health status of pigs. Tracking models typically output detection boxes along 
with tracking IDs, while weight estimation models frequently require instance segmentation masks to calculate 
weight changes. By accepting detection boxes from the tracking model as input and generating the necessary 
segmentation masks, the proposed method ensures that each pig’s ID remains consistent across these two tasks. 
This unified ID assignment avoids issues where a pig’s tracking ID may otherwise become difficult to match 
with its instance segmentation ID. Finally, the proposed method can be employed as an automatic annotation 
algorithm, thereby facilitating large-scale data labeling. In particular, bounding box annotations can first be 
used to train the instance segmentation model. This trained model can then generate segmentation masks for 
extensive datasets. Annotators merely need to correct erroneous mask labels, which requires significantly less 
effort than annotating masks from scratch. Consequently, the proposed method can substantially reduce the time 
and labor involved in producing large-scale annotated datasets for subsequent model training and evaluation.

Limitations and future work
Training a pig instance segmentation model using box annotations as ground truth is an innovative approach, 
and the experimental results demonstrate promising performance. However, like any method, the proposed 
approach still faces certain limitations that may be difficult to overcome in specific scenarios. As illustrated in 
Fig. 8, the model tends to overlook targets with indistinct color or texture features, resulting in missed detections. 
This issue arises either because the model fails to generate a pseudo-mask for these targets, thus preventing 
subsequent matching and loss calculation, or because the generated pseudo mask has a low confidence score 
and is filtered out during the matching process. One potential solution to this problem is to use targeted data 
augmentation strategies that enhance image texture features, thereby enabling the model to generate pseudo-
masks with higher confidence. In addition, in highly occluded regions, the model is prone to producing 
imprecise segmentation boundaries, leading to over-segmentation. We attribute this behavior to overlapping 
box annotations and the similar coloration of different targets, which hinders the model’s ability to distinguish 
them. A possible remedy might involve employing multi-scale kernels in the box-supervised loss function to 
refine loss computation in such complex scenarios.

In future work, we will continue to address these limitations with the aim of further improving the accuracy 
of our weakly supervised instance segmentation model. Moreover, drawing inspiration from recent advances in 
multi-modal large models in computer vision, we plan to explore the potential of using natural language as a 
supervisory signal for pig instance segmentation. Natural language supervision can be more annotation-efficient 
than box-based methods, potentially providing a valuable alternative for large-scale, real-world applications.

Conclusion
This paper presents a weakly supervised method for pig instance segmentation that utilizes bounding box 
annotations rather than mask annotations, thereby reducing labeling workload. The use of bounding boxes 
significantly lowers annotation costs while still delivering robust instance segmentation performance. To tailor 
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the approach specifically for pig instance segmentation, we refined the loss function of an existing weakly 
supervised model. Experimental results confirm the effectiveness of weakly supervised learning with box labels: 
our method outperforms the commonly used fully supervised models such as Mask R-CNN, trained with mask 
annotations and achieves performance comparable to the more advanced fully supervised CondInst model. 
These findings underscore the feasibility of using bounding box annotations in instance segmentation tasks 
and highlight the promise of weakly supervised techniques in the pig farming domain. In future work, we plan 
to explore the potential of natural language supervision as an alternative approach for training pig instance 
segmentation models.

Data availability
The dataset used in this paper was collected and labeled by our team. The dataset is available upon reasonable 
request by contacting Heng Zhou via email at hengz@jbnu.ac.kr.
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