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Abstract To address the issue of low recognition accuracy for eight types of behaviors including standing, walking, drinking, lying, eating, mounting, fighting
and limping in complex multi-cow farm environments, a multi-target cow behavior recognition method based on an improved YOLOv11n algorithm was proposed. The
detection capability for small targets in images was enhanced by incorporating a DASI module into the backbone network and a MDCR module into the neck network ,
based on YOLOv11. The improved YOLOv11 algorithm increased the mean average precision from the original 89.5% to 93% , with particularly notable improve-
ments of 8.7% and 6.3% in the average precision for recognizing drinking and walking behaviors, respectively. These results fully demonstrate that the proposed

method enhances the model’s ability to recognize cow behaviors.
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The dairy farming industry has very broad prospects. With
advancements in science and technology and the growing consumer
demand for high-quality dairy products, the precise and efficient
recognition of daily cow behaviors is of great significance. Cow
behavior can genuinely reflect their living conditions and serves
as an important basis for assessing their health status. Specifical-
ly, mounting behavior in dairy cows can effectively reflect their
estrus status, contributing to improved reproductive efficiency
and offspring quality''’. Abnormal behavioral patterns such as
limping often indicate potential disease risks and require height-
ened attention”’ .

The concept of image recognition can be traced back to the
1950s, when research primarily focused on pattern recognition and
simple image processing techniques. In 1986, Rumelhart, Hinton
and Williams"™ published the backpropagation algorithm, providing
an effective method for training neural networks. The development
of animal posture and behavior recognition has undergone a transi-
tion from traditional methods to the application of modern technolo-
gies. The emergence of digital image processing techniques has
brought new possibilities for animal posture and behavior recogni-
tion. Through the analysis of animal images, features such as animal
postural characteristics and movement trajectories can be extracted,
enabling the automatic identification and analysis of animal behav-
ior. Du" proposed a method for recognizing daily behaviors of dairy
cows, which utilizes the YOLOvS5s object detection algorithm to
identify routine cow behaviors and includes a designed algorithm for

calculating the duration of individual cow behaviors.

Received: August 13, 2025 Accepted: October 17, 2025

Supported by The Three Vertical Basic Cultivation Project of Heilongjiang Bayi
Agricultural University (ZRCPY202314).

Jizhen WU (2000 - ), male, P. R. China, master, devoted to research about
livestock information.

# Corresponding author.

Image recognition; YOLOvl1n; Cow behavior recognition; Deep learning

Dataset Construction

From September to October 2023, outdoor data were collect-
ed at an open grassland pasture in Chen Barag Banner, Hulun-
beier City, Inner Mongolia Autonomous Region, along the S201
highway. Videos of cattle herd activities were recorded using a
handheld iQOO Z8X smartphone with a 50-megapixel camera, at a
resolution of 1 440 x 1 080 pixels, mounted on a fixed stand. The
video format was MP4. Indoor data included videos from local
herders’ breeding areas in Hailar District, Hulunbuir City, and
open-source datasets. Through video surveillance in the breeding
areas, data were continuously recorded for 3 d from 5 different an-
gles, with 5 min of footage captured every hour, covering both
daytime and nighttime. The video format was MP4. These 52 vide-
o clips were converted into frame images and saved in JPG format.
Images without cows in the scene were manually deleted, and the
SSIM ( Structural Similarity Index Measure) algorithm™ was em-
ployed to remove redundant images. Data with SSIM similarity pa-
rameters exceeding 0. 85 were eliminated. From these images and
open-source datasets, a total of 3 000 images were selected to con-
struct a daily behavior dataset for cow herds, featuring eight types
of daily behaviors: standing, walking, drinking, lying, eating,
mounting, fighting, and limping. The dairy cow behavior dataset
was divided into training, test, and validation sets at an 8 : 1 : 1
ratio, resulting in a training set comprising 2 400 cow behavior im-
ages, a test set comprising 300 images, and validation set compri-
sing 300 images. Fig. 1 illustrates the different behaviors of dairy

COwSs.

Method and Algorithm Design
Improved YOLOv11n network model
To address object detection tasks involving small targets and

complex backgrounds, a multi-dilation channel optimization
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module was applied to the neck network, and a dimension-aware
selective fusion module was integrated into the backbone network.
These enhancements strengthen the network’s feature representa-
tion capability, enabling it to extract features at different scales
and levels of abstraction while effectively integrating shallow and

deep features. It demonstrates strong adaptability for multi-scale

object detection, with improved accuracy in localizing and classif-
ying small targets. The model also offers advantages such as a sim-
ple and efficient architecture, reduced parameters, and lower
computational complexity, which collectively enhance detection

speed and optimize feature fusion performance, thereby enabling

more effective extraction of complementary feature information.
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Fig. 1 Examples of dairy cow behavior
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Fig. 2 Improved network structure of YOLOv11

Based on the YOLOv11 network architecture, the model was
improved, and the enhanced structure, shown in Fig. 2, can be
divided into three parts; Backbone, Neck, and Head. The Back-
bone adopted the C3k2 block to replace the C2f block and incorpo-
rated the DASI module. The Neck performed feature fusion and
enhancement and incorporated the MDCR module. The Head in-
cluded the Silu activation function, adaptive anchor boxes, and
multi-scale training.

Dimension-aware selective integration (DASI) module

The DASI ( dimension-aware selective integration) module is
a key component of the HCF-Net network'®" | designed to address
the fusion of high-dimensional and low-dimensional features in in-
frared small target detection. It selects multi-dimensional informa-
tion from various perspectives based on inter-channel correlations
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and feature intensity within the network, and integrates them to en-
hance the visibility of small targets (Fig.3).
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Fig. 3 DASI architecture diagram

The DASI module adaptively selects either high-dimensional
or low-dimensional features, effectively preserving detailed infor-
mation such as the contours and textures of small targets, thereby
enhancing their recognizability. Additionally, it adaptively fuses
high-dimensional and low-dimensional features based on the size
and intrinsic characteristics of small targets. This adaptive selec-
tion mechanism enables the module to be applied to various tasks
across different environments.

Multi-dilation channel refinement (MDCR) module

The MDCR module employs multi-layer depthwise separable
convolutions to capture spatial feature information with varying re-
ceptive field sizes, enabling the model to better distinguish infrared

small targets'”’

. Meanwhile, the input features are split along the
channel dimension into several independent heads, each corre-
sponding to a specific feature type. These heads then generate dis-
tinct feature representations through independent depthwise separa-
ble dilated convolutions.

The input feature F, € R
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yielding (a})’7 € R™""* for each head. These channels are then
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across groups, producing the output ¥, e R"*"*“(Fig. 4).
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Fig. 4 MDCR architecture diagram

Experiment and Results Analysis
Experimental environment

The experimental platform was Windows 11, with an NVIDIA
GeForce RTX 4060 Laptop GPU, a 12th Gen Intel(R) Core(TM)
i7-12650H processor, and 32 G of RAM. The virtual environment
was set up using Anaconda 3. The IDE environment employed Py-
Charm Community. The open-source framework utilized PyTorch.
The programming language was Python 3. 10. The training was per-
formed with an initial learning rate of 0. 01 and a batch size of 4 for
a total of 200 training epochs. The input image size was configured
to 640 x 640 pixels, and a stochastic gradient descent (SGD) opti-
mizer was selected.
Data ablation experiment

From the experimental results, it could be observed that
YOLOvl1n + DASI + MDCR achieved an overall improvement of
3.5 percentage points in mean average precision (mAP) compared
with YOLOvl1n. Among individual behaviors, the performance for
lying was slightly lower than that of YOLOv11n and other improved
models, while all other behaviors achieved the highest perform-
ance. Specifically, the performance was improved by 2. 8 percent-
age points for standing behavior, and by 2.0 percentage points for
eating behavior, and the improvements for drinking and walking
were most significant, reaching 8.7 and 6.3 percentage points, re-
spectively. In terms of drinking, contour information predominates
in trough targets, while texture information is relatively scarce.
Additionally, due to camera angle issues, the trough is often ob-
structed by the cow’s head, leading to lower recognition accuracy
of the trough. As for walking behavior, its similarity to limping is
high. The improved model provides greater distinction between
these two behaviors, resulting in more noticeable recognition
effect. This demonstrates that the addition of the DASI and MDCR
modules enhances the detailed recognition of cows drinking, par-
ticularly in capturing the subtle features of a cow’s head at the wa-
ter trough (Table 1).

Fig. 5 Comparison of detection effect
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Table 1 Results of the ablation comparison experiment

Mean average

Average precision (AP)

Model precision (mAP) Standing Lying Eating Drinking Fighting Mounting Limping Walking
YOLOvl1n 0.895 0.773 0.876 0.908 0.780 0.961 0.990 0.967 0.907
YOLOvI1n-RCM 0.905 0.781 0.909 0.912 0.740 0.977 0.994 0.978 0.946
YOLOvl1n-CBM 0.909 0.795 0.927 0.918 0.751 0.980 0.995 0.970 0.932
YOLOvI11n-DASI 0.916 0.751 0.913 0.928 0. 806 0.985 0.994 0.981 0.967
YOLOvI1n-DASI-MDCR 0.930 0.801 0.907 0.928 0.867 0.988 0.995 0.987 0.970

Analysis of model training results

To evaluate the performance optimization and improvement
effects of the model, the basic YOLOv11n model and the improved
YOLOv11n-DASI-MDCR model were selected for dual comparative
experiments under different scenarios in this study. Both indoor
and outdoor conditions were included in the comparison, while
high-density gatherings of cow herds under real pasture working
conditions and varying lighting intensity conditions were used as
the primary simulation environments. From the quantitative com-
parison results in Fig. 5, it is evident that in multi-target scenarios
characterized by overlapping objects and uneven lighting, the im-
proved model better preserves feature information while simultane-
ously increasing the confidence levels for recognizing key cow be-
haviors. Notably, it demonstrates enhanced performance in locali-
zation accuracy under low-light conditions ( such as dawn and

dusk) and in dense cow areas.

Conclusions

To address the challenges of multi-target cow behavior recog-
nition under complex environmental conditions, an intelligent de-
tection method based on an improved YOLOvIIn model was pro-
posed. By integrating a DASI module into the backbone network
and an MDCR module into the neck network, this method signifi-
cantly enhances the model’s adaptability to small targets and com-
plex backgrounds. Notably, it achieves substantial breakthroughs
in recognizing key cow behaviors such as drinking and walking.
The DASI module effectively addresses feature information loss and
background clutter in small target detection through adaptive fea-
ture selection and fusion, while the MDCR module enhances small
target localization capability by capturing spatial features of differ-
ent receptive fields through multiple depthwise separable convolu-
tional layers. Experimental results indicate that the improved
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YOLOv11n-DASI-MDCR model increased the accuracy rate from
the original 85.4% to 90. 7% , and the mean average precision
(mAP) rose from the original 89.5% to 93%. The recognition
accuracy for drinking and walking behaviors was improved by
8.7% and 6.3% , respectively, effectively addressing issues relat-
ed to occlusion caused by camera angles and interference from sim-
ilar behaviors. Furthermore, the model demonstrated strong ro-
bustness in various scenarios, including indoor and outdoor envi-

ronments, varying lighting conditions, and dense cattle gatherings.
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