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Abstract

Pig counting is an important task in pig marketing and farm-
ing. Most of the existing methods use supervised object de-
tection for counting. However, supervised pig counting relies
heavily on expensive data labeling, especially in the dense
counting scenario. To address this issue, we propose BU-
CLIP, which adopts the Contrastive Language Image Pre-
training model (CLIP) for unsupervised pig counting. We tai-
lor the image encoder of CLIP and the loss function to make it
more suitable for pig counting. Our method replaces CLIP’s
image encoder with a bilinear model combining ConvNeXt
and ResNet50 backbones, while the pooling operation is per-
formed via a multi-head attention module. We reconstruct
the loss function by using a multi-modal full-ranking loss,
which captures the intrinsic correspondence between text and
image. The proposed model is tested on a dense pig count-
ing dataset, and extensive experiments demonstrate that our
method outperforms unsupervised state-of-the-art counting
methods and achieves almost the same results as supervised
state-of-the-art counting methods.

Introduction

With the development of agricultural informatization, the
pig farming industry is rapidly transforming to intensifica-
tion, scale, and automation (Wang et al. 2022). The stock
of pigs is the base number for the estimation of fixed assets
in the pig farming industry. It is also an important indicator
reflecting the pig survival rate and the supply-demand rela-
tionship in the market.

At present, pig counting relies heavily on manual inspec-
tion, which is time-consuming and labor-intensive (Lee et al.
2022; Xia et al. 2025). In addition, during manual counting,
the contact between the handler and the pig increases the
risk of zoonotic disease transmission. Although electronic
ear marks have been used for counting, contact between pigs
can lead to erroneous reporting (Brown-Brandl, Rohrer, and
Eigenberg 2013; Yu et al. 2025), and there is a risk of ear
marks becoming dislodged or damaged when pigs scratch
or in muddy environments. Frequently, counting the number
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of pigs in grouped barns is a key management task for large
pig farms. Pigs are often moved to different barns at differ-
ent growth stages or sizes. Farmers need to know how many
pigs are in each large barn. Recent advancements in surveil-
lance technology and computer vision allow researchers to
efficiently count, locate, and track pigs (Hao et al. 2023),
eliminating the need for labor-intensive manual methods and
ensuring a certain level of accuracy.
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Figure 1: (a) Supervised methods use box-level or point-
level labels for learning. (b) Our unsupervised pig count-
ing method uses alignment matching of linguistic knowl-
edge and image patches.

Existing pig counting methods typically rely on variations
of YOLO and CNN models, or combined. Therefore, im-
age labeling is necessary for model training. However, when
there are too many pigs, labelling them becomes a challenge.
Dense pig images may exist with occlusions and overlap-
ping, increasing time consumption and task difficulty.

To address this issue, we propose BU-CLIP, a method for
unsupervised pig counting based on CLIP (Radford et al.
2021) with bilinear image encoders, as shown in Fig. ??.
We also innovatively tailor a loss function in CrowdCLIP
(Liang et al. 2023) by calculating the maximum value of the
upper and lower triangular loss, ensuring better alignment
between the images and text prompts. Furthermore, we tailor
the text prompts to better suit the pig distribution. Extensive



experiments show that our method outperforms state-of-the-
art methods, with an RMSE of 6.95. Compared to unsuper-
vised models like CrowdCLIP (Liang et al. 2023) and CSS-
CCNN (Sam et al. 2020), our RMSE improves by 32.5% and
64.1%, respectively. Our main contributions are as follows:

e We propose a CLIP-based unsupervised pig counting
method that innovatively tailors the text prompts and the
loss function for pig counting. To our knowledge, this is
the first unsupervised model in pig counting task.

* We collect and produce a dense dataset of pigs from the
top-view angle, which is publicly available for academic
purposes.

* We conduct extensive experiments on our proposed
model, demonstrating that our model outperforms unsu-
pervised state-of-the-art models.

Related works
Counting method

Fully-supervised counting. Fully-supervised counting
methods often involve regressing density maps, which are
generated from labeled dot maps (Liang et al. 2022). Con-
volutional Neural Networks (CNNs) (Babu Sam, Surya, and
Venkatesh Babu 2017; Walach and Wolf 2016; Zhang et al.
2024; Tian et al. 2025) are used for the task of count-
ing through density maps. By optimizing basic CNN, it’s
possible to improve the counting effectiveness for multi-
scale targets (Zhang et al. 2016; Babu Sam, Surya, and
Venkatesh Babu 2017), or to develop a dense detection
model for crowd counting. Alternatively, fully-supervised
models like YOLO can also be used to delineate targets,
transforming image recognition into a regression problem
for counting tasks (Redmon et al. 2016).

Weakly-/semi-supervised counting. To reduce the work-
load of manual labeling (Liu et al. 2022a; Liang et al. 2022;
Bellocchio et al. 2019) or when precise annotation is not fea-
sible (Lin and Chan 2023; Lin et al. 2022), weakly-/semi-
supervised counting methods have been proposed. These
methods add annotation algorithms into existing models and
generate hard pseudo-labels for unlabeled images (Lin and
Chan 2023; Li et al. 2023). Alternatively, new modules are
used to supervise unlabeled regions directly by propagating
features based on representative regions (Liu et al. 2022a).
These methods simplify the annotation process, but they still
can’t completely avoid the time-&labor-consuming image
annotation.

Unsupervised counting. Unsupervised counting mod-
els include CSS-CCNN (Sam et al. 2020) and CrowdCLIP
(Liang et al. 2023). CSS-CCNN assumes that natural crowds
follow a power-law distribution, which can be used to gen-
erate error signals for backpropagation. CrowdCLIP con-
structs ranking text prompts to match the size-sorted im-
age patches and utilizes multi-modal ranking loss to guide
image encoder learning. Alternatively, DSSINet (Liu et al.
2020) based on regression-detection bi-knowledge transfer,
utilizes a pedestrian detector based on center and scale pre-
diction (CSP) as the detection model.

Pig counting method

For pig counting, common supervised counting methods in-
clude YOLO models (Huang et al. 2023; Redmon et al.
2016) and Convolutional Neural Networks (CNN) (Chen
et al. 2020; Zhang et al. 2015). Some approaches optimize
existing models, such as YOLOVS, which embeds two dif-
ferent feature block sizes of SPP networks into the net-
work (Huang et al. 2023). Alternatively, modifications can
be made to CNN using new modules (Tian et al. 2019) or
network structures to achieve accurate pig counting (Feng,
Wang, and Zhou 2023). However, annotating images is nec-
essary for all these models, which undoubtedly results in a
significant workload. Meanwhile, lower-quality datasets can
increase the difficulty of annotation as well. No unsuper-
vised method has been proposed for pig counting.

Method

In this paper, we propose BU-CLIP for the pig counting task.
An overview of our method is shown in Fig. 2. We first in-
troduce a bilinear model as the image encoder of CLIP and
add attention mechanisms.

Bilinear model.The bilinear model was initially proposed
in (Lin, RoyChowdhury, and Maji 2015) for fine-grained im-
age recognition tasks (Lin and Maji 2017; Wu and Wang
2017). Later, it was widely used in computer vision. Its
strong feature extraction capability results in good perfor-
mance in fine-grained recognition, image classification, and
other related fields. In this study, we use an image encoder
based on bilinear model to enhance the expression of image
features in the CLIP model.

Bilinear Image Encoder

Image encoder. In dense counting, fine-grained feature ex-
traction is necessary due to the large number of subjects and
small targets. The structure of the bilinear image encoder
used in our model is shown in Fig. 3. This encoder consists
of two parallel backbone networks, an attention module, and
a Multi-head Attention Pooling module. The images are re-
sized to 224 x 224 before being fed into the convolutional
network. For the features I € RY*XEXHXW fed into the bi-
linear image encoder, two sets of feature mappings I; and
I, are obtained after downsampling by two parallel back-
bone networks, ConvNeXt (Liu et al. 2022b) and ResNet50
(He et al. 2015). The two backbone networks update their
parameters independently to provide a multi-form represen-
tation of the fine-grained features.

The two feature mappings are then fused using a matrix
multiplication operation. To improve the feature represen-
tation, the fused feature mappings are fed into the Global
Attention Module (GAM) (Liu, Shao, and Hoffmann 2021)
for deep feature extraction, where GAM uses large kernel
convolution to increase the receptive field and perceive fine-
grained features in both channel and spatial dimensions. Fi-
nally, the feature vector I’ € R™*C is output by the Multi-
head Attention Pooling (MAP) module.
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Figure 2: Overview of our model. (a) During the training phase, we use image patches and text prompts to generate a similarity
map and compute the full-ranking loss to fine-tune the image encoder. (b) During the testing phase, the images are divided into

four patches, and a simple filtering strategy is used.
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Figure 3: The structure of the bilinear model in image en-
coder. This module contains ConvNeXt and ResNet50 back-
bones, Global Attention Mechanism and Multi-head Atten-
tion Pooling.

Ranking-based Contrastive Fine-tuning

This section describes how BU-CLIP can be fine-tuned to
improve the ability to extract pig semantics. In unsuper-
vised counting, images are unlabelled, which means that
fine-tuning lacks corresponding supervision. To address this
issue, we refer to CrowdCLIP to construct matching size-
sorted images and text prompts. Then the full-ranking loss
is used for fine-tuning.

The training phase is shown in Fig. ??(a). Firstly, the in-
put image is centrally cropped to create size-sorted patches.
Then, ranking text prompts are created using count-interval
text to match the size-sorted patches. During training, the
text encoder is frozen, and the image encoder is fine-tuned
using full-ranking loss.

Construction of size-sorted patches. When inputted
with an image of pigs, we crop a set of patches, denoted
as O, where m represents the predetermined number of
patches. These patches are subject to the following rules:
For any two cropped image patches (O; and O;, 0 < i <
j < M — 1), the size of patch O; is smaller than the size of
patch O;.

Notice that the patches from the same image have the
same center. During training, all patches are resized uni-

formly and fed into the image encoder to generate the im-
age ranking embeddings I’ = [I§,1I{,...,I}, ], where
I' € RM*C ag introduced in the previous section.

So we are guaranteed that the number of pigs contained
in patch O; will not exceed the number of pigs contained in
patch O;.

Construction of ranking text prompt. Clearly, the num-
ber of pigs in different patches is sorted, with larger patches
corresponding to a larger or equal number of pigs. There-
fore, we have constructed ranking text prompts to de-
scribe the sorted relationship of image patches. The text
prompt is defined as *There are [class] pigs in the photo’,
where [class] represents a set of sequential numbers T' =
[TQ,TO + K, N 7110 + (N — I)K], whereTO, K, and N de-
note the basic reference count, counting interval, and several
classes.

We input text prompts into the text encoder to obtain the
output text ranking embeddings 7" = [T, T7,...,Th_4],
where 77 € RN*C,

Image encoder optimization. Our tailored loss function
is calculated as shown in Fig. 4. Suppose we have a set of
image ranking embeddings I’ € RM*® and text ranking
embeddings T’ € RV *¢ obtained from image and text en-
coders as obtained from the previous sections.

For the image-language matching pipeline, we calculate
the similarity scores between I’ and T’ using the inner
product and obtain the similarity matrix S = [s; ;], where
S € RM*N:

sij =1 -T;" (1)

where I} € R'*C, T/ e R™“,0 <i <M —1and0 <
j < N — 1. Our goal is to make the similarity matrix S into
a specific sorting matrix (Fig. ??(a)) and inherit the ranking
relationships between the image and text prompts.

Siri < 85 )

where 7’ # 4. In order to preserve the order of the image-text
pair in the latent space, we optimize the image encoder us-



ing the full-ranking loss. Specifically, we compute the upper
ranking loss L4 top-down, based on the main diagonal of the
similarity matrix:

Ly =max (0,8, —5;;),0<id <i<M-1 (3)

At the same time, we compute the lower ranking loss Lg
bottom-up, based on the main diagonal of the similarity ma-
trix:

Lg=max(0,s:;—8i:),0<i<i<M-1 (4)

where Ly and L, represent the lower and upper ranking
losses of the similarity matrix, respectively. For the conver-
gence of our model, the final loss is the maximum of L4 and
L:

L =max (Lg, Ls) 5)

In practice, we set M = N to guarantee that .S is a square
matrix. Eq. 2 and Eq. 3 establish an inherent correspondence
between size-sorted patches and ranking text prompts, pro-
ducing the similarity matrices. During fine-tuning, we freeze
the weights of the text encoder, allowing the image embed-
ding to align with the fixed language space. Text embeddings
are confined within the learned language space, resulting in
robust generalization.
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Figure 4: Calculate the upper and lower triangular ranking
loss of the similarity map and take the maximum of them as
the final loss value.

We use a different ranking loss than CrowdCLIP. They
only compute the upper ranking loss L. This loss function
means that image patches with fewer pigs will match larger
text prompts, and not all cases will be covered. By sepa-
rately computingL; and L, and comparing their values, we
better match image patches and text prompts and improve
fine-tuning convergence.

Prediction Process Based on Filtering Strategy

This section introduces the prediction phase of our model.
For the input images, grid cropping is performed, and a fil-
tering strategy is used. The strategy has two stages for se-
lecting real pig patches and mapping them to proper count
intervals, as shown in Fig. 2(b).

For convenience, we name the original image encoder and
fine-tuned image encoder as Fy and E, respectively. Fy is
used to select high-confidence pig patches, while E is used
for the final counting.

Given an input image, we first divide it into a grid of N x
N patches. These patches and their text prompts are then fed

into Ej and the text encoder T to generate similarity scores
for coarse classification. The text prompt used for Tj is *The
object is [class]’, aiming to classify the patches into different
categories with clear distinction, such as ’pig’, "farmer’, or
"fence’.

In the second stage, we use the fine-tuned E'¢ as the im-
age encoder, and the text prompts are defined as *The photo
contains [class] pigs’, where [class] is the pre-defined rank-
ing number 7. The final count can be obtained by selecting
the most similar image-text pair based on the image embed-
ding and class embedding from £y and T’.

Experiments and Analysis
Dataset and Evaluation Metric

Dataset: In this paper, we independently construct a clear
and dense pig counting dataset. We use a camera on the farm
to take distant top-view shots, avoiding the problem of close-
up occlusion. Furthermore, we selected the shooting time of
the pigs being driven out of the pen, i.e., when the pig den-
sity is the highest and the morphology of the subjects has
changed the most. The video recording resolution is 2560 X
1440 with a frame rate of 25 FPS. We extract image infor-
mation every 5 frames, eliminate similar images, and finally
obtain 622 images. The number of pigs in the images ranges
from 1 to 70, as shown in Fig. 5. The data set is divided into
a training set and a testing set in an 8:2 ratio.

Evaluation Metric: Mean Absolute Error (MAE) and
Root Mean Square Error (RMSE) are used as evaluation
metrics to assess counting performance.
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Figure 5: Population distribution of pigs.

Experimental setup

All experiments are conducted with an NVIDIA A4000
GPU. During the fine-tuning phase, the text encoder’s pa-
rameters are frozen, and the RAdam optimizer (Liu et al.
2019) is used to optimize the image encoder with a learning
rate of le-5 and momentum of 0.9. The training lasts for 50
epochs, and both the text and image feature vector lengths
M and N were set to 6, with 512 channels. For the ranking



text prompts, we set the base reference count Ry to 3 and
the count interval K to 3. This means that the text prompt
statement is *There are [3/6/9/12/15/18] pigs in the photo’.
During the testing phase, we set the number of image seg-
mentations P to 2.

Result

Tab. 1 shows the comparison results of the performances of
our method and other state-of-the-art counting methods on
our pig counting dataset. MAE and RMSE are used for per-
formance evaluation.

Table 1: Comparison of the counting performance on our pig
counting dataset. Random denotes that we randomly select
a value between the range from 0 to the maximum number
of pigs.

Method Label MAE RMSE

Random - 21.85  26.62
CSS-CCNN (Sam et al. 2020) None 1597 19.34
CrowdCLIP (Liang et al. 2023)  None 8.19 10.30
YOLOVS Box 5.28 7.55
BU-CLIP (Ours) None 5.60 6.95

A series of YOLO algorithms have been used in pig
counting tasks with good performances, so we choose the
state-of-the-art YOLOvV8 model as the baseline for the fully-
supervised counting method. CrowdCLIP (Liang et al. 2023)
is also based on the CLIP model for unsupervised learning,
while CSS-CCNN (Sam et al. 2020) utilizes the power-law
distribution to count subjects. So we chose these two meth-
ods as our baseline for unsupervised counting. On the pig
counting dataset, our method achieves an MAE of 5.60 and
an RMSE of 6.95, improving by 32.5% and 64.1% compared
to CrowdCLIP and CSS-CCNN in RMSE, respectively. It
is noteworthy that our model even performs comparably to
the fully-supervised YOLOvVS model. Through experiments
conducted in dense pig populations, we validate the effec-
tiveness of our proposed method. This method achieves ac-
curate counting in pig farming environments and signifi-
cantly reduces the cost of manual labeling.

Ablation study

The following experiments are conducted on our dataset,
which contains a range of 1 to 70 pigs per image. Some
images have dense and large numbers of pigs, while oth-
ers have smaller numbers, making them suitable for ablation
experiments in various situations.

Validity analysis of the bilinear model. We first test the
validity of the bilinear model. The bilinear model is then re-
placed with a single model, and the results are shown in Tab.
2. It can be observed that after replacing the bilinear model
with ConvNeXt (Liu et al. 2022b), the RMSE rises to 14.49,
and after replacing the bilinear model with ResNet50 (He
et al. 2015), the RMSE rises to 8.35. Using two different
backbone networks can get a different granularity of feature
mapping for multi-scale feature fusion, which can express
the more complex pig features. This result demonstrates that

the bilinear model can produce superior outcomes when re-
placing the image encoder of CLIP.

Table 2: Effect of different backbones as image encoder on
counting performance

Image encoder MAE RMSE
ConvNeXt (Liu et al. 2022b)  9.82 14.49
ResNet50 (He et al. 2015) 5.93 8.35
Bilinear model 5.60 6.95

Validity analysis of loss functions. We further test the
impact of choosing different loss functions when fine-tuning
the image encoder. We select the ranking loss Lg, Ly, and
the sum of them, as well as the M AX loss function used
in our model. The results are shown in Tab. 3, where it can
be observed that the M AX loss function is most effective.
L can only address the ranking loss between prompts de-
scribing a big number and image patches containing a small
number of pigs, while L, is designed to cope with match-
ing errors between prompts describing a small number and
image patches containing a big number of pigs.

Table 3: Ablation experiments on the ranking loss.

Loss MAE RMSE
L, 10.23 12.12
Ly 7.13 9.20
SUM  8.89 11.67
MAX 5.60 6.95

The influence of patch number. We verify the effect of
using different numbers of image patches during the testing
phase. During the testing phase, the number of patches P
is set to 1, 2, 3, and 4. The results are shown in Tab. 4. It
can be observed that when P is set to 1 and 4, the results
are not good, while P is set to 3, the results are better, and
the RMSE is 10.99. Our explanation for this is that when P
is set to 1, the range of pigs contained in one patch is too
large for prediction using text prompts. When P=4, a single
image is cut into 16 patches, which is excessive.

Table 4: Ablation experiments on the patch number design.

Patch Number MAE RMSE
1 24.57 28.35
2 5.60 6.95
3 8.98 10.99
4 22.31 25.84
Conclusion

In this paper, we propose a novel framework, BU-CLIP, for
the unsupervised pig counting task based on CLIP. We use
a bilinear model combining ConvNeXt and ResNet50 back-
bones to replace CLIP’s image encoder. Then Global Atten-
tion Mechanism (GAM) and Multi-head Attention Pooling
(MAP) are used to perform fine-grained feature extraction



on the data to enhance the expression of image features. To
fine-tune the image encoder without labels, we constructed
size-sorted text and images, and innovatively tailored a full-
ranking loss to get better alignment of image and text. We
conduct experiments on dense pig counting datasets and
demonstrate the superiority of BU-CLIP over the state-of-
the-art unsupervised models.
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