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DC-YOLO: A Behavior Detection Model for Hu Sheep 
Addressing Occlusion and Illumination Variations
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Abstract: [Objective]　In the livestock industry, animal behavior serves as a critical indicator for evaluating physiological 

health and providing environmental early warning. To address the challenges of severe multi-object occlusion, complex il‐

lumination, and class imbalance in intensive farming, a detail-contextual attention-YOLO (DC-YOLO) model was devel‐

oped for the 24/7 automatic detection of daily behaviors in housed Hu sheep, thereby facilitating precision management.  

[Methods]　For severe multi-object occlusion, an adaptive detail-contextual attention (DCAttention) mechanism was intro‐

duced to construct the DCAC3K2 module, and bounding box similarity soft-NMS (BS-NMS) was adopted to prevent in‐

correct removal of occluded bounding boxes. For complex illumination, a Light-Encoder was pre-trained on illumination 

conditions and its parameters were transferred to DC-YOLO. For class imbalance, a comprehensive classification-quality 

focal loss was designed to adaptively increase loss weights for occluded and minority-class samples. The dataset, collected 

through 24/7 surveillance at Hu sheep farms, comprised 505 annotated images depicting 5 daily behaviors: drinking, eat‐

ing, lying, licking, and standing. [Results and Discussions]　DC-YOLO achieved mAP@50 of 91.4%, improving by 7.8 

percentage points over YOLOv12. Moreover, DC-YOLO had 2.29 M parameters, an 8.74% reduction compared to YO‐

LOv12. On CPU, the inference time of DC-YOLO was reduced to 115.5 ms and the frame rate increased to 8.50 f/s, corre‐

sponding to improvements of 33.2% and 48.9%, respectively. [Conclusions]　Experimental results demonstrate that DC-

YOLO effectively mitigates detection challenges caused by severe occlusion, complex illumination, and class imbalance 

while maintaining high inference efficiency. Consequently, it provides effective technical support for tracking and analyz‐

ing behaviors in intensive Hu sheep farming.
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0 Introduction 

With the transformation and upgrading of live‐

stock production methods, intensive farming models 

have shown rapid growth trends in many countries and 

regions [1]. In intensive farming environments, both the 

animal stocking density per unit area and the overall 

population size significantly increase, which improves 

space utilization and production efficiency but also 

raises the risk of disease transmission[2, 3], and at the 

same time, poses new challenges for the refined man‐

agement of animals. Individual animal behavior can re‐

flect their health status, and environmental adaptabili‐

ty [4]. However, in large group size farming conditions, 

traditional manual observation struggles to achieve ac‐

curate individual identification and continuous moni‐

Received date: 2026-01-16
Foundation items: National Key Research and Development Program of China (2022YFD1301104)
First author: LI Xiaxi, E-mail: xiaxili@msn.com
*Corresponding author: CHANG Hongrui, E-mail: henrychr@cau.edu.cn
copyright©2026 by the authors (登录www.smartag.net.cn免费获取电子版全文)



Vol. 8, No. 4智慧农业（中英文） Smart Agriculture

toring [5]. Therefore, developing automated and intelli‐
gent systems for individual animal behavior detection 
is crucial for improving farm management efficiency 
and ensuring animal welfare.

Animal behavior detection methods are catego‐
rized into contact-based and non-contact-based ap‐
proaches. Contact-based methods collect motion data 
using wearable sensors and offer relatively high detec‐
tion accuracy[6]. Wearable devices based on inertial 
measurement units (IMUs) represent the mainstream 
solution for contact-based recognition. Researchers at‐
tach tri-axial accelerometers and gyroscopes to ani‐
mals' necks or legs to capture movement features for 
behavior classification, which is mainly used in cattle 
industry. However, contact-based methods face chal‐
lenges such as high equipment maintenance costs [7] 
and the potential to induce animal stress responses [8], 
limiting their widespread application in commercial 
farming settings. Non-contact methods mainly include 
video-based and audio-based sensing technologies. 
The former enables remote monitoring via video sur‐
veillance, while the latter identifies specific behaviors 
by analyzing animal vocalizations. Non-contact meth‐
ods avoid direct disturbance to animals and are thus 
suitable for large group size farming conditions [9]. Ear‐
ly video-based non-contact approaches relied on tradi‐
tional image processing techniques for manual feature 
extraction, followed by classification using various 
machine learning algorithms. These machine learning 
methods heavily depend on feature engineering, which 
is labor-intensive and requires substantial expert 
knowledge. Moreover, they exhibit poor algorithmic 
robustness under complex conditions such as varying 
illumination, background interference, and object oc‐
clusion [10, 11]. In large group size farming environments, 
frequent animal clustering causes severe occlusion, re‐
ducing the localization and segmentation accuracy of 
traditional machine learning methods, leading to 
bounding box confusion and missed detections, there‐
by decreasing classification accuracy.

Deep learning technology, through multi-layer 
neural networks that automatically extract data fea‐
tures, has introduced a new paradigm for individual an‐
imal behavior detection in complex scenarios. Based 
on task types, deep learning methods are primarily di‐
vided into three categories: 1) end-to-end object detec‐
tion methods, such as You Only Look Once (YOLO)[12] 
series and Single Shot MultiBox Detector (SSD) [13], 

which simultaneously perform object localization and 
classification within a single-stage network, offering 
high inference speed and strong real-time perfor‐
mance; these have been widely applied in behavior de‐
tection of cattle, pigs, and sheep[14]; 2) two-stage detec‐
tion methods, such as Faster R-CNN (Region-based 
Convolutional Neural Network) [15] and Cascade R-
CNN [16], which are variants of the R-CNN and first 
generate region proposals and then conduct refined 
classification, achieving higher detection accuracy at 
the cost of lower computational speed; 3) instance 
segmentation methods, such as Mask R-CNN[17] and 
You Only Look At CoefficienTs (YOLACT)[18], which 
further segment precise contours of each individual 
beyond object detection, effectively handling overlap‐
ping objects, though requiring substantial computa‐
tional resources and thus limited in real-time applica‐
tions. Additionally, pose estimation methods based on 
keypoint detection[19] identify fine-grained behaviors 
by locating key body parts (e. g., head, limbs, tail), 
providing richer semantic information for posture 
analysis such as standing and lying, but suffer from 
high annotation costs and poor stability under severe 
occlusion[20].

Regarding sheep behavior detection, recent re‐
search has focused on optimizing deep learning mod‐
els and their practical deployment across diverse farm‐
ing contexts. Improved methods based on the YOLO 
architecture have become the dominant technical ap‐
proach, enhancing recognition performance through at‐
tention mechanisms and feature fusion strategies. For 
instance, the FESS-YOLOv8n model integrates the ef‐
ficient multi-scale attention mechanism (EMA) and 
channel synergistic attention module (SCSA) attention 
modules for recognizing basic behaviors in indoor 
housing environments [21]. PD-YOLO employs the con‐
volutional block attention module (CBAM) mecha‐
nism and demonstrates practical edge deployment ca‐
pability on resource-constrained devices [22]. To address 
challenges in grazing environments, an improved YO‐
LOv5 model integrating the bi-directional feature pyra‐
mid network (BiFPN) was developed to maintain per‐
formance under variable lighting and weather condi‐
tions [23]. In terms of abnormal behavior monitoring, a 
detection-classification cascade architecture has been 
reported for identifying disruptive behaviors such as 
aggression and biting in ranch settings [24]. Further‐
more, acoustic monitoring is emerging as a promising 
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non-contact technique, with spectrogram feature fu‐
sion methods offering a complementary solution for 
scenarios where visual occlusion limits camera-based 
detection [25].

However, these studies are primarily developed 
for scenarios with relatively dispersed animal distribu‐
tions, such as grazing pastures or low-occupancy in‐
door pens. In intensive farming systems, animals ex‐
hibit frequent clustering behavior during feeding and 
resting periods, resulting in severe mutual occlusion 
that substantially increases recognition difficulty. 
Moreover, existing work predominantly addresses 
common behaviors (standing, lying, feeding), with lim‐
ited attention to minority-class behaviors (such as lick‐
ing and drinking) that are crucial for health monitoring 
despite their low occurrence frequency. The combina‐
tion of frequent occlusion patterns and class imbalance 
challenges in intensive farming environments necessi‐
tates specialized algorithmic approaches beyond those 
developed for conventional settings.

Hu sheep, an important Chinese meat sheep 
breed, are known for their docile temperament and 
good tolerance to confined housing and large group 
rearing environments [26]. However, existing research 
on Hu sheep behavior detection is considerably limit‐
ed. As the intensification of Hu sheep farming increas‐
es, larger group sizes in farms leads to severe occlu‐
sion, and dynamic changes in lighting conditions fur‐
ther increase the difficulty of extracting visual fea‐
tures. Meanwhile, imbalanced data distribution across 
different behavioral classes reduces model accuracy in 
recognizing minority class behaviors. In addition, cam‐
era with fixed positions, which is widely used in sheep 
farms, constrain the model's ability to accurately rec‐
ognize behaviors of distant or occluded individuals.

To address challenges such as occlusion, imbal‐
anced data distribution, and illumination variations in 
object detection of Hu sheep in intensive farming envi‐
ronments, the DCAttention YOLO (DC-YOLO) and 
SheepDatabase (SheepDB) is proposed to achieve ac‐
curate detection of Hu sheep and precise recognition 
of their behavioral categories.

The characteristics of SheepDB present three pri‐
mary technical challenges for Hu sheep behavior de‐
tection tasks: 1) Imbalanced data distribution of behav‐
ioral categories leads to reduced model performance in 
identifying minority class behaviors such as drinking; 
2) In intensive breeding scenarios, occlusion between 

individuals tends to blur object boundaries, causing 
confusion or missed detections due to the overlap; 
3) Significant differences across three lighting condi‐
tions challenge the stability of feature extraction: Day‐
time natural lighting produces clear image features, 
but shadow interference may weaken local details; 
Nighttime pseudo-color images suffer from color dis‐
tortion and texture loss, limiting feature expression; 
Abnormal lighting conditions exacerbate image quali‐
ty instability through localized overexposure or under‐
exposure. These complex characteristics demonstrate 
that traditional object detection algorithms struggle to 
achieve expected performance in complex livestock 
production environments, necessitating the design of 
Hu sheep behavior detection solutions addressing criti‐
cal issues such as category imbalance, dense occlu‐
sion, and varying lighting conditions

The main contributions of this study are summa‐
rized as follows.

1) To construct DCAC3K2 by introducing an 
adaptive detail-contextual attention mechanism to en‐
hance DC-YOLO's ability to focus on subtle visual fea‐
tures of occluded objects and to improve its utilization 
of contextual information for non-occluded objects.

2) To propose comprehensive classification-quali‐
ty focal loss (CQFL), which comprehensively consid‐
ers minority class samples and classification scores 
during loss calculation. It assigns higher weights to ob‐
jects with lower classification scores and lower 
weights to those with higher scores, thereby compen‐
sating for the effects of imbalanced data distribution 
and missing visual information from occlusion.

3) To propose bounding box similarity soft-NMS 
(BS-NMS), which implements a score decay for sub-
optimal boxes through a box similarity-based mecha‐
nism, while applying only a slight decay to occluded 
object boxes to ensure their retention.

4) To propose a pre-training strategy based on 
SheepDB: partitioning the dataset into three subsets by 
illumination type to train a "Light-Encoder" (the shal‐
low structure of DC-YOLO). These parameters are 
used to initialize the detection model, enabling it to dif‐
ferentiate between lighting conditions (e. g., day and 
night) early in training.

1 Materials and methods 
1.1　Dataset　

The data for this study was collected from a 
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sheep farm in Tianjin, China. The experimental sub‐
jects were 8–10-month-old non-pregnant hybrid ewes 
of Hu sheep selected for observation. Dahua 1230C-
A cameras (focal length: 2.8 mm, resolution: 1 920×
1 080, 25 f/s) were mounted on ceiling supports within 
the sheep sheds, providing a top-down perspective to 
record the daily behaviors of Hu sheep. Rather than 
employing strictly fixed camera angles, the installation 
approach prioritized ensuring that the primary pen ar‐
eas remained clearly visible in the field of view, with 
camera angles adjusted appropriately according to the 
on-site roof structure and mounting conditions. This 
flexible installation strategy reflects practical deploy‐
ment scenarios in real-world farming environments.

Nipple drinkers and feeding troughs were placed 
on one side of each pen, ensuring that all object behav‐
iors (standing, lying, licking, eating, and drinking) oc‐
curred within the camera's field of view. Data collec‐
tion spanned from July 10 to August 25, 2023, and 
from December 26, 2023, to January 31, 2024, with 
continuous 24-hour video recording. The cameras au‐
tomatically switched between daylight and infrared 
modes, capturing footage under various lighting condi‐
tions, including day-night transitions. To enhance data 
diversity and capture complex scenarios such as occlu‐
sion, a shed with a large group size (about 20-30 ewes 
per pen) was selected as a data source. Fig. 1a shows 
the planar layout of the cameras, while Fig. 1b illus‐
trates their installation location.

The dataset constructed in this study focused on 
five typical daily behaviors of farm-raised Hu sheep: 
standing, licking, lying, eating, and drinking (defined 
in Table 1 and illustrated in Fig. 2). To build a repre‐
sentative dataset, 55 video clips (30 daytime, 25 night‐
time), each 30 minutes long, were manually selected 
from the raw footage to cover diverse behavioral pat‐
terns and lighting conditions. A total of 505 images 
were obtained by extracting one frame every 10 min‐
utes from these clips.

The X-AnyLabeling tool was used to annotate the 

bounding boxes for all Hu sheep in each image and la‐
bel their corresponding behavioral categories. All an‐
notations underwent manual verification to ensure ac‐
curacy. The resulting dataset, named SheepDB, was di‐
vided into training, validation and test sets in a 7:1:2 
ratio. Furthermore, to facilitate the pre-training strate‐
gy and an object analysis of model robustness, the da‐
taset was classified into three subsets based on distinct 

Table 1  Definitions of 5 typical Hu sheep behaviors

Behavior 
ID

0

1

2

3

4

Typical 
behavior

Drinking

Eating

Lying

Licking

Standing

Description

Standing with limbs outstretched and drinking 
water while looking down at the pipe

Standing with limbs extended and head low‐
ered to eat in front of the feeding trough

Body resting on the ground， with limbs bent or 
tucked

Standing with limbs outstretched and licking 
the salt brick

Standing on all limbs with the body supported， 
and not actively engaged in eating， drinking， 
or licking

a. Drinking b. Eating c. Lying d. Licking e. Standing

Fig. 2  Examples of the 5 annotated Hu sheep behaviors

a. Schematic layout （plan view） of cameras

b. On-site camera installation

Fig. 1  Camera deployment and installation
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lighting conditions: natural daylight, nighttime infra‐
red, and challenging/transitional illumination.

1.2　Dataset features and analysis　

After annotation and quality screening, the datas‐
et contains 505 images with 8 285 labeled instances of 
Hu sheep behavior. Analysis revealed a notable behav‐
ioral category imbalance: standing behavior (36.3%, 
3 009 instances) and lying (38.0%, 3 151 instances) 
dominate, while eating behavior accounts for 22.0% 
(1 822 instances). Licking behavior (2.2%, 181 in‐
stances) and drinking behavior (1.5%, 122 instances) 
were relatively scarce, as shown in Fig. 3.

To address the diversity of lighting conditions, 
the datasets were categorized into three types based on 
illumination characteristics, as shown in Fig. 4. The 
first category comprised daytime natural lighting imag‐
es characterized by uniform illumination, rich colors, 
and excellent visual contrast. The second category in‐
cluded nighttime infrared images acquired through in‐
frared imaging technology, which were enhanced with 
pseudocolor processing to improve nighttime scene 
visibility. The third category covered abnormal light‐
ing images, covering challenging (or abnormal) light‐
ing conditions, which included light spot interference 
caused by artificial illumination at night, image blurri‐
ness during early morning and evening due to insuffi‐
cient lighting, and color distortion resulting from sun‐
light penetrating colored light-filtering materials. 
These categories encompassed complex scenarios such 
as day-night alternation, variations in illumination in‐
tensity, and special optical interference, ensuring the 
model's robustness under diverse lighting conditions.

In this study, all images from the SheepDB train‐

ing set were categorized into the aforementioned three 
illumination classes to construct an image classifica‐
tion dataset for training the Light-Encoder. This classi‐
fication dataset was split into training and validation 
subsets at an 8∶2 ratio. This strategy ensures no data 
leakage into the downstream behavior detection task 
and enables the model to first learn discriminative rep‐
resentations of varying illumination conditions.

1.3　Method　

1.3.1　Object detection algorithm （YOLO）　
As a seminal end-to-end object detection frame‐

work, YOLO revolutionized object localization 
through 2 processes: multi-box prediction and post-fil‐
tering. This approach achieves two critical functions: 
object localization and category classification, while 
maintaining high efficiency and real-time performance 
that has made it widely adopted in research. YO‐
LOv8[27] model introduced an innovation by incorporat‐
ing distribution focal loss (DFL) [28] into its detection 
head. This transformed bounding box regression from 
absolute coordinates to discrete probability distribu‐
tions. Subsequent versions like YOLOv11 [29] enhanced 
this architecture by replacing the C2f structure with 
C3k2, significantly boosting feature extraction capabil‐
ities. YOLOv12[30] builds upon these core innovations, 
incorporating an Area Attention Mechanism to adapt 
to diverse detection scenarios and removing the spatial 
pyramid pooling-fast (SPPF) + cross stage partial with 
spatial attention (C2PSA) module, achieving a substan‐
tial reduction in model parameters at the cost of only a 
marginal drop in accuracy.

However, YOLO's heavy dependence on post-pro‐
cessing makes it prone to incorrect elimination of true 
positives in severe occlusion scenarios. In addition, 
the diversity of illumination conditions in the dataset, 
the limited dataset size and the imbalanced distribu‐
tion of behavior categories all increase the difficulty of 
the task.

Therefore, YOLOv12 was adopted as the baseline 
and the default parameter configuration of the YO‐
LOv12n model was employed. On this basis, the fol‐
lowing improvements were incorporated to achieve be‐
havioral detection of Hu sheep.
1.3.2　Adaptive detail-contextual attention 

（DCAttention）
Inspired by biological vision mechanisms and the 

regional attention partitioning strategy in YOLOv12, 

Fig. 3  Distribution of behavior categories in SheepDB
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humans can quickly locate unobstructed objects in im‐

ages through holistic perception when searching for 

specific objects. However, when required to identify 

all objects[31] (especially small or occluded ones), hu‐

man tend to adopt a line-by-line scanning strategy. 

When encountering regions of interest (ROI) with 

missing information but suspected objects, visual at‐

tention focuses on these areas for detailed analysis, 

using subtle visual features to confirm object pres‐

ence and classify them. Mimicking this process, 

adaptive detail-contextual attention (DCAttention) 

was proposed.

DCAttention employs each pixel as a query to 
achieve dual perception: 1) detail perception through 
neighborhood sampling, and 2) context perception 
through global sampling. This mechanism dynamical‐
ly calculates attention weights for object pixels by cou‐
pling local details with global context. When the ob‐

ject is unobstructed, context features receive higher 

weights; when occluded, the neighborhood's weight 

becomes dominant. This dual-perception coupling 

forms an adaptive attention mechanism, enabling fea‐

ture map pixels to autonomously adjust whether to re‐

ly more on neighboring pixel details or context infor‐

mation for object detection. Fig. 5 illustrates the com‐

putation process of DCAttention.

For a given image, DCAttention took the pixel 

(i, j) as the center and used each pixel within the cen‐

tral neighborhood k×k window region |ρ (i, j)|=k2 as the 

source of detail-perception Key and Value components 

(in this study, k=3, i.e., a 9-pixel neighborhood). A k×k 
convolution was applied with a stride of k to extract 
global contextual information as the source of context-
perception key and value components (thereby trans‐

forming the original feature map into one of size 
H
k

×

a. Daytime natural lighting with sparse distribution

c. Nighttime infrared mode showing pseudo-color imaging

e. Insufficient illumination during dusk/dawn

b. Daytime natural lighting with dense occlusion

d. Artificial lighting creating obvious light spots

f. Color distortion caused by light passing through blue insulation panels

Note： Red boxes indicate annotated sheep with behavior labels.

Fig. 4  Representative examples of SheepDB under different illumination conditions and object densities
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W
k

, where each resulting pixel served as a Key and Val‐

ue source), and the feature map after this operation 
was denoted as σ ( X ). To enhance spatial position 

awareness and emphasize detailed information extrac‐
tion, two learnable positional encodings were intro‐
duced: positional features were embedded into the 
learnable query (LQ), and the learnable positional key 
(LPK) was incorporated into the detail-perception 
branch. Finally, a scaled cosine attention mechanism 
was adopted to compute adaptive weights. This design 
enabled the model, upon completion of training, to dy‐
namically adjust the coupling weights between detail 
perception and context perception according to the oc‐
clusion state of the object, the completeness of visual 
features.

In the computation of the entire DCAttention, the 
attention scores for the detail-perception and context-
perception branches are calculated as in Equation (1) 
and Equation (2):

S
ρ ( )i，j

 = (Q( )i，j
+ LQ ) K T

ρ ( )i，j
（1）

Sσ ( )X  = (Q( )i，j
+ LQ ) K T

σ ( )X （2）

Where, K T
ρ ( )i,j

 and K T
σ ( )X  represent the Keys com‐

puted on ρ (i, j) and σ ( X ), respectively; S
ρ ( )i, j

 and Sσ ( )X  

represent the attention scores computed on ρ (i, j) 
and σ ( X ), respectively; Q( )i, j

 is the query at pixel (i, j).

Then, positional biases were incorporated into the 
two branches respectively. For the detail-perception 

branch, a learnable positional bias B(i, j) was adopted, 

while the global context-perception branch introduced 

log-spaced continuous position bias (log-CPB) to char‐

acterize the relative coordinate relationships in global 

features. The positional biases are directly concatenat‐

ed in a one-to-one correspondence with the queries of 

both branches, as in Equation (3):

B( i，j ) = Concat (B( )i，j ~ρ ( )i，j
，log - CPB (Δ( )i，j ~σ ( )X ) ) （3）

After adding positional bias to the two branches, 

the attention scores of the coupled two branches were 

combined, and the attention weights were calculated 

through the softmax function. By splitting the coupled 

attention weights (A), the detail-perception weights 

and context-perception weights can be obtained. This 

achieves dynamic adjustment of the contribution 

weights between detail perception and context percep‐

tion based on the completeness of the object visual fea‐

tures. The calculation is as Equation (4) and Equa‐

tion (5):

A( )i，j
= softmax ( τlogN × Concat (S

ρ ( )i，j
， Sσ ( )X )+ B( )i，j

)（4）

A
ρ ( )i，j

，Aσ ( )X = Split ( A( )i，j
) （5）

Where, A( )i, j
 is the attention weights at pixel (i, j); 

A
ρ ( )i, j

 and Aσ ( )X  represent the attention weights comput‐

ed on ρ (i, j) and σ ( X ), respectively; The other vari‐

ables are the same as those in the above formula.

Multiplied the segmented attention weights with 

the corresponding branch's value and coupled the com‐

Fig. 5  DCAttention computation process
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putation results. Finally, mapped the coupled features 
through a fully connected layer to obtain the pixel val‐
ue at position (i, j) in the new feature map. The calcu‐
lation is as Equation (6) and Equation (7):

DCAttention (i，j) = ( A
ρ ( )i，j

+ (Q( )i，j
+ LQ ) × LPK +

                            Bias) Vρ ( )i，j
+ Aσ ( )X  Vσ ( )X （6）

Fout(i，j) = f (DCAttention (i， j) ) （7）

Where, DCAttention (i, j) is the computation re‐

sult of DCAttention at pixel (i, j); f ( X ) represents a 

fully connected layer computation; V
ρ ( )i,j

 and Vσ ( )X  rep‐

resent the attention weights computed on ρ (i, j) 
and σ ( X ), respectively; The other variables are the 

same as those in the above formula.
1.3.3　DCAC3K2　

Inspired by the structural design concepts of 
C3K2 in YOLOv11 and A2C2f in YOLOv12, DCAt‐

tention was integrated into the C3K2 architecture to 
form DCAC3K2. DCAC3K2 can focus on extracting 
large-scale contextual information near the object cen‐
ter when the object is unobstructed, while paying more 
attention to detailed features in small regions around 
the object center when the object is obstructed. As 
shown in Fig. 6, to optimize computational efficiency 
and control parameter size, DCAC3K2 divides input 
information into two parts by channel. One part under‐
goes three consecutive DCAttention computations, 
while the other part is merged across channels. The 
output channel was then adjusted using a 1×1 convolu‐
tion kernel to maintain the input dimensions. In the 
DC-YOLO design, DCAC3K2 was applied to both 
shallow and deep layers of the backbone network to 
enhance the model's adaptive feature extraction capa‐
bility: emphasizing low-dimensional detail extraction 
in shallow layers while focusing on high-dimensional 
abstract feature extraction in deep layers.

Where, C, H, and W represent the channel, 
length, and width of the feature map, respectively.
1.3.4　Comprehensive classification-quality fo⁃

cal loss （CQFL）　
Inspired by Focal Loss, CQFL was proposed. 

This loss function guided the model to focus on minor‐
ity class behaviors like drinking and licking, as well as 
occluded objects during training, while reducing atten‐
tion weights for well-sampled, information-sufficient 
objects. This approach aimed to enhance learning effi‐
ciency for minority class behaviors and information-
deficient samples, ultimately improving the overall 
recognition accuracy of DC-YOLO.

Each behavior category score predicted for a sin‐
gle bounding box was treated as a binary classification 
task, and the binary cross-entropy loss (BCEL) was 
used to calculate the loss value of a single box, as 

shown in Equation (8):
BCEL ( p，y ) =

- 1
Nc

∑
c = 1

Nc

[ ]yc log ( pc ) +  (1 - yc ) log (1 - pc ) （8）

Where, Nc represents the number of behavior cat‐
egories; pc and yc represent the model's predicted prob‐

ability value and label value for the object box with be‐
havior category c, respectively.

Calculate the loss between all predicted bounding 
boxes and the ground truth bounding boxes to form 
the total classification loss, as shown in the Equa‐
tion (9):

CLSL ( p，y ) = - 1
N

 ∑
i = 1

N

BCELoss ( pi，yi ) （9）

Where, N represents the number of bounding box‐
es; yi and pi represent the ground truth label and pre‐

dicted probability list of the i-th bounding box, respec‐

Fig. 6  DCAC3K2 structure
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tively.
To address the issue of insufficient samples of 

drinking and licking behavior, a class weighting mech‐
anism was introduced. Based on the statistical distribu‐
tion of sample quantities {n1, n2, ..., nc} in the training 
set, the calculation method for the category weight Wi 
of behavior category i is as Equation (10):

Wi =  1 - ni

∑
i =  1

c

ni

 ， i ∈ (1， 2， ...， c ) （10）

As shown in Equation (10), the fewer the number 
of samples in a category, the larger the weight coeffi‐
cient assigned to it. A square root function was em‐
ployed for smoothing to ensure that categories with a 
larger number of samples can also obtain reasonable 
weights, thereby avoiding excessive suppression.

Moreover, considering that occluded objects dur‐
ing training tend to have lower scores in classification, 
a weighting term was introduced into the loss function 
to assign higher loss weights to bounding boxes with 
lower classification confidence[28]. Finally, by integrat‐
ing the class weight term (Wi ) and the information de‐

ficiency weight term (| yic -  pic | ), CQFL was formulat‐

ed. CQFL is calculated as Equation (11):

CQFL ( p，y ) = - 1
N

 
1
Nc

∑
i = 1

N ∑
c = 1

Nc

W α
c × || yic - pic

β
×[ ]yic log ( pic ) + (1 - yic ) log (1 - pic )（11）

Where, α and β represent the weighting coeffi‐
cients for the minority classes weighting term and the 
predicted probability weighting term, respectively. 
This indicates that difficult samples in model predic‐
tions are assigned greater weights.
1.3.5　Bounding box similarity soft-NMS （BS-

NMS）　
In YOLO, the NMS algorithm was used during 

validation to filter the large number of bounding boxes 
generated by the model, retaining appropriate ones to 
improve accuracy [32]. To ensure that severely occluded 
Hu sheep of the same class are retained during post-
processing, BS-NMS was proposed. BS-NMS comput‐
ed a comprehensive metric based on both Intersection 
over Union (IoU) and aspect ratio similarity between 
each candidate box and the current highest-scoring 
box (i.e., the leading box), and applied weighted confi‐
dence decay accordingly. After score decay, subopti‐
mal boxes fell below the post-processing confidence 
threshold (typically 0.25) and were suppressed, while 

occluded object boxes maintained confidence above 
this threshold, thereby achieving effective suppression 
of redundant detections while preserving occluded in‐
stances.

When calculating the decay function, the aspect 
ratio similarity (pi) with all candidate boxes of the 

same category is computed as Equation (12):

pi =
|

|

|
||
|
|
|
1 - |

|

|
||
|
 log ( hi

wi ) -log ( hm

wm ) |||||| |||||||| （12）

Where, pi is the aspect ratio similarity with all 

candidate boxes of the same category; (hi, wi) and (hm, 
wm) represent the height and width of the current candi‐
date box (bi) and the leading box (bm), respectively. To 
enhance the algorithm's sensitivity to minor propor‐
tional differences, a logarithmic form of aspect ratio 
similarity is adopted. Equation (12) indicates that the 
higher the similarity of aspect ratios between two 
bounding boxes, the higher the calculated similarity p.

Based on the calculated similarity between two 
bounding boxes, the formula for assigning a score de‐
cay weight to candidate boxes and computing new 
scores is as Equation (13) and Equation (14):

Weighti = f (bm， bi ) =  e
-  

pi
2

σ （13）

NewScorei =  Weighti × Scorei （14）

Where, Weighti and Scorei represent the score de‐

cay weight, bounding box score and new score of the 
ith candidate boxes, respectively; The variables are the 
same as those in the above formula.

Fig. 7 shows the pseudocode of BS-NMS post-
processing algorithm proposed in this study. Based on 
the NMS algorithm, the score of each candidate box 
was updated using weights, rather than directly setting 
the candidate box score to zero. D was the set of detec‐
tion boxes obtained from the model's predictions, 
which was initialized as an empty set and populated in 
each iteration with a group of bounding boxes to be re‐
tained along with their behavior categories.
1.3.6　Light-Encoder　

The dataset introduced in Section 1.2 encom‐
passed image samples from Hu sheep farms under vari‐
ous day-night lighting conditions. To mitigate the im‐
pact of lighting variations on model performance, en‐
abling the model to learn illumination characteristics 
during the initial training phase enhanced its general‐
ization capability for round-the-clock monitoring. A 
lighting classification model was designed as a pre-
training task using an encoder-decoder architecture 
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(Fig. 8): The encoder extracted lighting and color fea‐

tures from images through a DC-YOLO shallow fea‐

ture fusion module, while the decoder mapped features 

to lighting categories via a YOLO classification head.

During the DC-YOLO training process, the Light-

Encoder transferred its pre-trained weights to the shal‐

low layers of DC-YOLO, enabling DC-YOLO to es‐

tablish an implicit representation of illumination condi‐

tions within the shallow network.

1.3.7　Overall architecture　
Based on the aforementioned difficulty analysis 

and targeted improvement strategies, the architectural 

and modular advantages of YOLOv12 were integrated 

in this study to construct DC-YOLO (Fig. 9).

DCAC3K2 was introduced in the feature extrac‐

tion stage, while the Light-Encoder structure was de‐

ployed in the shallow layers of the model. Fig. 9 

shows DC-YOLO architecture diagram, where the 

modules responsible for feature extraction and output 
to the feature fusion layer in the backbone network 
are replaced with DCAC3K2. By removing SPPF and 
C2PSA combination, the parameter count was signifi‐
cantly reduced, while C3K2 was adopted in the Neck 
section for feature fusion. The use of CQFL enabled 
DC-YOLO to focus more on difficult samples during 
training. During training, the weight parameters of the 
corresponding layer were initialized by loading pre-
trained Light-Encoder weights. For intensive Hu 
sheep farms, BS-NMS algorithm was applied in the 
validation stage to effectively retain intra-class oc‐
cluded objects.

1.4　Experimental environment and evalua⁃
tion metrics　

1.4.1　Experiment environment 　
To verify the effectiveness of this research meth‐

od, ablation experiments were conducted on the DC-
YOLO architecture, and comparative experiments 
were performed between DC-YOLO and mainstream 
object detection models. Table 2 details the experimen‐
tal environment configuration.

After image preprocessing, input images of DC-
YOLO were resized to 640×640, batch size was set to 
32, initial learning rate maintained at 0.01, momentum 
parameter kept at 0.937, weight decay coefficient ad‐
justed to 0.000 5, patience was 10, dropout was 0.1. 
Training was performed on GPU devices using the 
SGD optimizer with 150 epochs.
1.4.2　Evaluation metrics　

The model performance on datasets was evaluat‐

Fig. 7  Pseudocode for BS-NMS

Fig. 8  Architecture of the light encoder and its classification head
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ed using three metrics: Precision (P), Recall (R), mean 

Average Precision (mAP) under the curve with a 0.5 

threshold (mAP@50), and mAP@50: 95 denoted the 

average of mAP computed across multiple IoU thresh‐

olds ranging from 0.5 to 0.95 with a step size of 0.05. 

Model size and validation speed were assessed 

through parameters, giga floating-point operations 

(GFLOPs), and frame per second (FPS).

For the IoU between predicted bounding boxes re‐

tained after NMS algorithm and ground truth boxes, it 

can be determined whether a predicted box is a true 

positive (TP). Based on this, Precision and Recall are 

calculated as Equation (15) and Equation (16):

P =  
1
nc ∑

i =  1

nc

Pi  =  
1
nc ∑

i =  1

nc TPi

TPi +  FPi

（15）

R =  
1
nc ∑

i =  1

nc

Recalli  =  
1
nc ∑

i =  1

nc TPi

TPi +  FNi

（16）

Where, nc represents the number of behavior cate‐

gories with i representing the i-th category. TP, FP, and 

FN represent the counts of true positives, false posi‐

tives, and false negatives, respectively.
Average precision (AP) for each category compre‐

hensively considers the precision and recall within that 
behavioral category, defined as the area under the P-R 
curve. The mAP is obtained by calculating the mean of 
the AP across all behavioral categories. AP and mAP 
are computed as Equation (17) and Equation (18):

AP i =  ∫
0

1

Pi(Ri) × dRi （17）

mAP =  
1
nc

 ∑
i =  1

nc

AP i （18）

FLOPs (Floating Point Operations) serve as a 
metric for quantifying the computational complexity 
of a model, representing the number of floating-point 
operations required during inference. Higher FLOPs 
correspond to increased computational cost and re‐
duced inference speed. Typically, FLOPs are calculat‐
ed based on the forward propagation process of the 
model and characterize the operations at each layer. 
FLOPs is obtained by summing the FLOPs of each lay‐
er, which can be estimated using Equation (19) and 
Equation (20):

FLOPs =  ∑
i

n

FLOPs i = ∑
i

n

(2 × K 2
i × C in i

× Couti
×

Hi × Wi ) （19）

GFLOPs =
1

109
× FLOPs （20）

Where, n represents the total number of layers in 
the model; C in i

 represents the number of input chan‐

nels; Couti
 represents the number of output channels; 

Hi and Wi represent the height and width of the feature 
map; Ki represents the size of the convolutional kernel. 
GFLOPs represent 1 billion FLOPs.

Parameters represent the enumeration of weights 
within the model. The parameter count directly deter‐
mines the spatial complexity of the model, signifying 
the storage footprint it imposes. The total number of 
parameters can be calculated using Equation (21):

Parameters =  ∑
i

n

[ ]( )K 2
i × C in i

+ 1 × Couti
（21）

The variables are the same as those in the FLOPs 
formula. The total number of parameters represents 
the memory cost of the model.

FPS represent the average number of frames pro‐
cessed per second. Since only CPU-based computing 
devices are typically available in real-world produc‐
tion environments, all reported FPS values are comput‐
ed using a CPU unless otherwise specified, ensuring 

Fig. 9  DC-YOLO structure

Table 2  Experimental environment

Configuration Item

CPU

GPU

OS

Programming language

Deep learning framework

Version of CUDA

System RAM

Value

Intel（R） Xeon（R） Platinum 8352 V CPU 
@ 2.10 GHz

NVIDIA GeForce RTX 4090

Ubuntu 20.04

Python 3.8

PyTorch 2.0.0

CUDA 11.8

120 GB
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that the reported inference speed closely reflects practi‐

cal deployment conditions. In this study, FPS is com‐

puted as Equation (22):

FPS =  
1

tpre +  tinfer +  tpost

（22）

Where, tpre, tinfer, and tpost represent the preprocess‐

ing, inference, and post-processing times respectively 

during validation. The sum of these three times consti‐

tutes the total processing time for a single image.

2 Results and analysis 

During model training, the Light-Encoder was 

trained first on the illumination classification dataset, 

with its pre-trained weights preserved. The top-1 ac‐
curacy of the classification network reached 98.5%. 

DC-YOLO was then initialized using these pre-

trained weights.

2.1　Ablation experiments and analysis　

DCAC3K2, CQFL, BS-NMS, and SPPF+C2PSA, 

along with their combinations, were incorporated in‐

to the baseline model (YOLOv12) for ablation exper‐

iments. The results of the ablation experiments on 

the test set are presented in Table 3. Notably, when 
both DCAC3K2 and A2C2f are present, A2C2f re‐

places only the C3K2 module within the DC-YOLO 
architecture.

In terms of model architecture, loss function, and 
post-processing methodology, the YOLOv12 frame‐
work was adopted as the basis and the three proposed 
components were incrementally integrated. Finally, a 
comparative study was conducted between the region-
attention-based A2C2f module and the convolution-
based C3K2 module in the feature fusion stage, culmi‐
nating in the final DC-YOLO model architecture. 
DCAC3K2's superior handling of information-defi‐
cient objects resulted in reduced confidence scores for 
well-informed objects compared to YOLOv12, leading 
to a 2.6 percentage points decrease in overall P while 
boosting R and mAP by 9.2 and 3.1percentage points, 
respectively, with a 13.4% reduction in parameter 
count. CQFL focused on challenging samples im‐
proved precision and mAP by 4.3 and 1.9 percentage 
points, respectively, though at the cost of a 4 percent‐
age points R drop. Incorporating BS-NMS for post-
processing during validation enhanced precision, re‐
call, and mAP by 2.1, 4.3, and 4 percentage points re‐
spectively. Although this increased post-processing 
time by 1.23 ms, the additional post-processing over‐
head was negligible relative to the inference time.

Furthermore, the synergistic effects of these meth‐
ods relative to the baseline model (YOLOv12) were 
experimentally validated in this study. The combina‐
tion of DCAC3K2 and CQFL improved precision, re‐
call, and mAP by 4.9, 7.7, and 4.4 percentage points, 
respectively. Subsequently, replacing the post-process‐
ing algorithm with BS-NMS further enhanced preci‐
sion, recall, and mAP by 9.4, 8.3, and 6.5 percentage 
points. When Model 6 replaced A2C2f in the feature 
fusion section of Model 5 with C3K2, mAP decreased 
from 90.1% to 88.9%, while the parameters increased 
by approximately 5.5% compared with Model 4. The 
integrated DC-YOLO, which combined DCAC3K2, 
CQFL, and BS-NMS with C3K2 in feature fusion, 
achieved an 11-percentage-point improvement in 
mAP@50: 95 and 7.8 percentage points mAP boost 
over the baseline model. Finally, DC-YOLO had 2.29 
M parameters, an 8.74% reduction compared to YO‐
LOv12. On CPU, the inference time of DC-YOLO 
was reduced to 115.5 ms and the frame rate increased 
to 8.50 f/s, corresponding to improvements of 33.2% 
and 48.9%, respectively. The compiled data in Table 3 
and the detailed analysis clearly demonstrate the im‐

Table 3  Results of ablation experiments of DC-YOLO

Model

YOLOv12

1

2

3

4

5

6

DC-YOLO

DCAC3K2

×

√
×

×

√
√
√
√

CQFL

×

×

√
×

√
√
√
√

BS-NMS

×

×

×

√
×

√
×

√

A2C2f

√
√
√
√
√
√
×

×

P/%

81.6

79.0

85.9

83.7

86.5

91.0

85.9

91.0

R/%

78.5

87.7

74.5

82.8

86.2

86.8

86.1

86.6

mAP@50/%

83.6

86.7

85.5

87.6

88.0

90.1

88.9

91.4

mAP@50：95/%

64.9

66.0

66.9

68.6

71.5

73.8

73.5

75.9

Parameters/M

2.51

2.17

2.51

2.51

2.17

2.17

2.29

2.29

tinfer/ms

172.8

130.3

165.3

168.2

143.2

133.5

163.7

115.5

tpost/ms

0.37

0.31

0.39

1.60

0.37

1.74

1.71

1.69

Note： √ means the selected module is included; × means the selected module is not included.
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pact of each introduced module on algorithmic effec‐
tiveness.

To investigate the effect of initializing DC-YOLO 
with pre-trained weights from the Light-Encoder, an 
ablation experiment was designed on the pre-training 
weights. Since the shallow structures of YOLOv11, 
YOLOv12, and Light-Encoder were identical to that 
of DC-YOLO, 3 different pre-trained weights and ran‐
domly initialized weights were used to initialize the 
corresponding layers of three models. YOLOv11n and 
YOLOv12n referred to the official Nano version pre-
trained weights released by Ultralytics, which had the 
same parameter configuration in the corresponding lay‐
ers as DC-YOLO during training. Since the ablation 

experiment only transferred the weights of the corre‐
sponding layers from the pre-trained models to DC-
YOLO, all experimental settings had the same number 
of parameters. The results in test set are presented in 
Table 4. Among them, YOLOv11n and YOLOv12n 
employ only shallow-layer weight initialization for 
their respective models to control variables, ensuring 
that all three pre-trained weight sets initialize only the 
front-layer modules of the model. Moreover, three test 
sets were constructed separately using the data under 
the three lighting conditions in the test set, and each 
test set was evaluated using its corresponding model; 
the mAP values of the model under different lighting 
categories were reported.

Results demonstrated that initialization methods 
resulted in similar mAP values. Pre-trained initializa‐
tion outperformed random initialization for DC-YO‐
LO. Specifically, targeted Light-Encoder initialization 
optimized the feature extraction module of the back‐
bone, though the performance improvement remained 
limited. In the context of this study, the architectural 
improvements in DC-YOLO proved more effective 
than the pre-training strategy. Moreover, the YO‐
LOv11, YOLOv12, and DC-YOLO models achieved 
improvements of 4.5, 2.8, and 3.4 percentage points, 
respectively, under abnormal lighting conditions when 
using the Light-Encoder initialization method com‐
pared to random initialization; under nighttime condi‐
tions, the corresponding improvements were 1.3, 2.8, 
and 1.4 percentage points, respectively. These results 
demonstrated the effectiveness of the Light-Encoder in 
addressing diverse illumination challenges.

2.2　Comparative experiments　

To evaluate the effectiveness of DC-YOLO, the 
following baseline models were selected for compari‐

son based on computational efficiency and practical 
applicability: YOLOv8[27], YOLOv9[33], YOLOv10[34], 
YOLOv11 [29], YOLOv12 [30], YOLOv13 [35], RT-DE‐
TR[36], DAB-DETR[37] and DINO[38]. All YOLO models 
were configured in their smallest parameterized ver‐
sions (n: Nano). In validation tests, the auxiliary deci‐
sion branches were removed from YOLOv9 and YO‐
LOv10 to calculate their parameter counts. Table 5 
presents the comprehensive performance metrics of 
these models compared with DC-YOLO under identi‐
cal datasets and experimental configurations.

Experimental results demonstrated that DC-YO‐
LO achieved 91.0% P, 86.6% R, and 91.4% mAP. 
Within YOLO series, YOLOv8 and YOLOv11 exhibit‐
ed higher precision, while YOLOv12 showed relative‐
ly lower accuracy. This discrepancy may stem from 
YOLOv12's region attention mechanism being unsuit‐
able for dense livestock farming detection tasks. Nota‐
bly, RT-DETR, DAB-DETR and DINO, despite their 
large parameter size, achieved the lowest mAP. Mod‐
els that discarded post-processing methods require 
more parameters to match YOLOv8's detection accura‐

Table 4  Results of ablation experiments based on Light-Encoder and pretrained model of DC-YOLO

Model

YOLOv11

YOLOv12

DC-YOLO
（ours）

Pre-training method

YOLOv11n

Random initial weights

Light-Encoder

YOLOv12n

Random initial weights

Light-Encoder

YOLOv11n

YOLOv12n

Random initial weights

Light-Encoder

mAP/%

daytime natural

93.0

91.9

92.8

92.5

91.8

92.4

94.1

94.0

93.1

93.9

nighttime

82.9

82.1

83.4

80.8

80.1

82.9

84.3

84.4

83.7

85.1

abnormal lighting

84.5

83.9

88.4

78.7

77.3

80.1

87.4

86.9

85.9

89.3

All

87.3

86.8

88.9

84.6

83.6

85.7

90.6

90.5

89.9

91.4

P/%

88.1

83.4

84.9

79.5

81.6

77.4

90.0

83.7

83.4

91.0

R/%

83.9

81.8

77.6

82.7

78.5

85.9

86.1

85.1

87.6

86.6
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cy. DC-YOLO outperformed all competing models 

with 8.50 f/s, while maintaining a small parameter size 

(8.74% reduction compared to YOLOv12), achieving 

a 48.9% f/s improvement. Overall, DC-YOLO deliv‐

ered superior accuracy and efficiency.

2.3　Performance of DC-YOLO　

To validate the performance of DC-YOLO in 

practical farm scenarios, the performance of DC-YO‐

LO in Hu sheep behavior detection and its adaptability 

under different illumination conditions were evaluated 

in this study.

2.3.1　DC-YOLO's performance in behavior de⁃
tection　

Table 6 compares the detection accuracy of YO‐

LOv12 and DC-YOLO in identifying typical behav‐

iors of Hu sheep on the test set of SheepDB. Here, 

ALL refers to the average results across all behaviors. 

DC-YOLO outperforms YOLOv12 across all metrics, 

with the most significant improvement in licking be‐

havior. However, its mAP remains at 76.5%, as shown 

in Table 6 and Fig. 10a confusion matrix, which indi‐

cates that licking is frequently misclassified as stand‐

ing. For recognizing behaviors such as drinking, feed‐

ing, lying down, and standing, DC-YOLO demon‐

strates robust performance.

Compared to YOLOv12, DC-YOLO showed im‐

provements of 9.4 percentage points in precision, 8.1 

percentage points in recall, and 7.8 percentage points 

in mAP.

Moreover, since the number of drinking and lick‐

ing behavior samples in SheepDB was relatively 

small, the improvement in DC-YOLO's prediction ac‐

curacy for these two behaviors also validated its effec‐

tiveness in addressing data distribution imbalance is‐

sues. As shown in Fig. 10, when comparing the confu‐

sion matrices of DC-YOLO and YOLOv12, DC-YO‐
LO demonstrated superior prediction accuracy for 
drinking and licking tasks.

In Fig. 10, when the predicted bounding box of 
the model fails to match the annotated bounding box, 
then the Ground Truth for this predicted box is "back‐
ground". This type of error mostly originates from un‐
annotated targets in other sheep pens on both sides of 
the image.
2.3.2　DC-YOLO's performance under different 

illumination conditions　
To evaluate the performance of DC-YOLO in 

24/7 Hu sheep behavior detection tasks under varying 
illumination conditions, images from intensive farm‐
ing scenarios with different lighting conditions were 
selected, and the performance was assessed by observ‐
ing the corresponding detection results. Fig. 11 to 
Fig.15 present the Hu sheep behavior detection results 
on images from the test set under varying lighting con‐
ditions. These figures show DC-YOLO with BS-NMS 
post-processing, with default NMS, and with YO‐
LOv12 and default NMS across multiple scenarios, re‐
spectively. The red arrows highlight differences 
among the three methods. Challenging regions (e. g., 
occluded objects or low-information areas) were en‐
larged to highlight the model's detection details of typi‐
cal Hu sheep behaviors.

Table 5  Comparison of performance among different models on SheepDB

Model

YOLOv8

YOLOv9

YOLOv10

YOLOv11

YOLOv12

YOLOv13

DINO

DAB-DETR

RT-DETR

DC-YOLO

P /%

81.4

83.5

79.4

83.4

81.6

77.9

62.7

43.2

63.1

91.0

R /%

81.6

78.0

76.4

81.8

78.5

83.8

67.6

51.7

73.6

86.6

mAP /%

85.8

84.3

82.2

86.8

83.6

83.9

68.7

50.4

71.4

91.4

Parameters/M

2.69

2.43

2.27

2.59

2.51

2.45

47.00

43.00

42.77

2.29

Computational/GFLOPs

6.8

6.4

6.5

6.4

6.9

6.1

279.0

195.0

130.5

6.2

FPS/（f/s）

8.56

7.03

7.51

7.58

5.71

4.29

2.58

2.52

1.21

8.50

Table 6  Comparison of performance of YOLOv12 in 

different categories

Behavior

Drinking

Eating

Lying

Licking

Standing

All

DC-YOLO

P /%

90.8

96.1

93.8

80.5

93.8

91.0

R /%

98.7

96.0

86.3

63.6

86.9

86.6

mAP /%

95.9

97.8

92.8

76.5

94.4

91.4

YOLOv12

P /%

76.8

95.4

91.1

54.3

91.2

81.6

R/%

76.2

95.0

85.7

51.5

84.2

78.5

mAP /%

80.7

97.2

92.8

54.0

93.1

83.6
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The visualization detection results from Fig. 11 to 

Fig. 15 indicate that YOLOv12 tends to miss detec‐

tions in occluded regions or dark corners where infor‐

mation is incomplete. When DC-YOLO used the de‐

fault NMS algorithm, multiple bounding boxes of sim‐

ilar behaviors were retained for closely related behav‐

ior categories, resulting in overlapping boxes, while 

partially occluded objects may be incorrectly re‐

a. DC-YOLO b. YOLOv12

Fig. 10  Normalized confusion matrix

a. DC-YOLO （BS-NMS） b. DC-YOLO （default NMS） c. YOLOv12 （default NMS）

Fig. 11  Comparison of detection results of different models under normal daylight conditions

a. DC-YOLO （BS-NMS） b. DC-YOLO （default NMS） c. YOLOv12 （default NMS）

Fig. 12  Comparison of detection results of different models in a dim evening scenario
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moved. In contrast, DC-YOLO with BS-NMS algo‐

rithm correctly eliminated suboptimal boxes and effec‐

tively resolved the overlapping box issue by retaining 

only those with higher behavioral confidence scores.

Furthermore, comparing YOLOv12 and DC-YO‐

LO, YOLOv12's misjudgment of behavior stems from 

bounding box detection. Due to the barrier's obstruc‐

tion, YOLOv12 often failed to detect the elongated 

neck of the Hu sheep during bounding box determina‐

tion, whereas DC-YOLO's detection box can fully cov‐

er the animal's body.

The visualization results in real-world scenarios 

clearly demonstrated the superiority of DC-YOLO and 

the effectiveness of BS-NMS in dense environments. 

Furthermore, validation under various lighting condi‐

tions confirmed DC-YOLO's reliability, making it suit‐

able for all-day identification of Hu sheep behavior in 

intensive farms.

3 Discussion 

To better evaluate the performance of DC-YOLO 

in detecting behaviors of Hu sheep, the impact of data‐

set construction and post-processing algorithms on 

model performance was discussed, and future work 

a. DC-YOLO （BS-NMS） b. DC-YOLO （default NMS） c. YOLOv12 （default NMS）

Fig. 13  Comparison of detection results of different models under daytime illumination with light filtered by blue insulation panels

a. DC-YOLO （BS-NMS） b. DC-YOLO （default NMS） c. YOLOv12 （default NMS）

Fig. 14  Comparison of detection results of different models under nighttime conditions with artificial light spot interference

a. DC-YOLO （BS-NMS） b. DC-YOLO （default NMS） c. YOLOv12 （default NMS）

Fig. 15  Comparison of detection results of different models under nighttime infrared illumination
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was explored by integrating the detection results of 
DC-YOLO with tracking tasks.

3.1　Limitations in dataset and model　

In intensive farming environments, the construc‐
tion of datasets required for training animal behavior 
detection models still faces the following challenges. 
First, the high variability in farm scenarios—such as 
diverse camera positions and the fluctuating spatial 
distribution of Hu sheep—makes it difficult to train 
models with robust generalization capabilities. Sec‐
ond, dataset quality is often compromised by incon‐
sistent collection methods, ambiguous annotation ob‐
jectives, and a lack of clear, standardized behavioral 
definitions.

Strategies to enhance data utilization efficiency in 
datasets with limited samples were explored in this 
study by optimizing datasets, models, and training 
methodologies. To address information gaps caused by 
occlusion and lighting variations in dense scenes, tar‐
geted annotations were implemented during dataset 
construction. When selecting image samples, diverse 
lighting conditions and detection challenges were com‐
prehensively evaluated, and images with significant 
occlusion and complex lighting scenarios were includ‐
ed to better simulate real-world conditions. Further‐
more, DC-YOLO assigns higher weights to occluded 
regions during training, improving data efficiency. Ul‐
timately, this research achieves high-performance be‐
havioral detection models trained on small-sample da‐
tasets.

Regarding occlusion-induced object information 
loss, the issues of missed detection and erroneous dele‐
tions stem not only from the model but also from post-
processing algorithms. This study achieves the remov‐
al of suboptimal boxes and retains occluded objects 
through improved post-processing algorithms. Simulta‐
neously, it resolves the overlapping box problem 
where a single object is classified into multiple catego‐
ries or multiple boxes are retained. Fig. 11 to Fig. 15 
demonstrate how DC-YOLO, when combined with 
BS-NMS algorithm, effectively eliminates erroneous 
category boxes in overlapping regions.

However, post-processing algorithms in YOLO 
series must traverse at least 8 400 object boxes, mak‐
ing this stage a non-negligible computational step. Ex‐
perimental results in Table 3 show that the proposed 
BS-NMS algorithm requires 1.6 ms on the CPU, while 

the default NMS algorithm needs only 0.3 ms. Al‐
though this introduces an additional 1.3 ms of process‐
ing time, this increase constitutes only a small fraction 
of the overall inference pipeline. This demonstrates 
that modifying the post-processing algorithm can sub‐
stantially improve behavior detection performance in 
dense scenes without significantly impacting the total 
prediction speed. Therefore, introducing specialized 
post-processing methods and diversified IoU calcula‐
tions for box overlap evaluation in model post-process‐
ing approaches based on real-world scenarios repre‐
sents a highly efficient research direction for enhanc‐
ing model accuracy in dense scenes, offering a favor‐
able trade-off between accuracy and speed.

Furthermore, regarding model performance, even 
when achieving high accuracy on the validation set, 
the training and validation sets were randomly parti‐
tioned from a single annotated data source and there‐
fore share the same distribution. High validation accu‐
racy consequently reflects the goodness of fit within 
this distribution rather than generalization to unseen 
farm environments, and the limited dataset size makes 
it difficult to rule out bias inherited from the data 
source itself.

To position DC-YOLO within existing sheep be‐
havior detection research, the technical differentiators 
were noted: while recent studies achieve high accura‐
cies through attention mechanisms [21, 22] or multi-weath‐
er adaptability [23], DC-YOLO specifically prioritizes 
occlusion handling through specialized architectural 
and post-processing designs (DCAttention, BS-NMS). 
Practical deployment gaps were further addressed 
through the inclusion of minority-class behaviors (lick‐
ing, drinking) and illumination-aware pre-training. Al‐
though PD-YOLO [22] reported higher mAP (96.9%), 
the emphasis on occlusion-prevalent scenarios and mi‐
nority-class behavior detection represents complemen‐
tary technical contributions to the field.

While DC-YOLO demonstrates strong perfor‐
mance on the SheepDB dataset, it is important to ac‐
knowledge the limitations regarding the model's appli‐
cability and generalization capability. The current vali‐
dation is confined to a specific farm environment in 
Tianjin, China, where data was collected under particu‐
lar infrastructure conditions, including fixed camera 
positions mounted on ceiling supports and a specific 
pen layout with nipple drinkers and feeding troughs 
positioned on one side. Although the dataset encom‐
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passes diverse lighting conditions and various degrees 
of occlusion typical of intensive farming, all samples 
were acquired from a single facility with consistent 
physical characteristics such as blue-green partition 
panels and a uniform flooring type.

The generalizability of DC-YOLO to farms with 
different scales, structural configurations, camera 
viewing angles, and environmental characteristics re‐
mains to be systematically validated. For instance, 
farms with different ground materials, pen designs, or 
camera mounting heights may present visual features 
that differ from those in the current training data. 
While the proposed technical components—including 
DCAttention for handling occlusion, CQFL for ad‐
dressing class imbalance, and the Light-Encoder for il‐
lumination adaptation—were designed based on gener‐
al principles that should theoretically transfer across 
different scenarios, their effectiveness in diverse farm 
environments requires empirical verification.

To sum up, these limitations may have three main 
solutions. First, the dataset scale will be substantially 
expanded by collecting data from multiple farms with 
varying infrastructure configurations, camera specifi‐
cations, and environmental conditions. This expanded 
dataset will include farms of different sizes, diverse 
camera mounting angles and heights, and varied visual 
backgrounds to ensure comprehensive coverage of re‐
al-world deployment scenarios. Second, systematic 
cross-farm validation experiments will be conducted 
to rigorously assess the model's generalization capabil‐
ity, including evaluating performance degradation 
when models trained on one farm are directly applied 
to another, and investigating domain adaptation tech‐
niques to facilitate cross-farm deployment. Third, stan‐
dardized protocols for camera installation and data col‐
lection will be developed, balancing detection perfor‐
mance with deployment flexibility and providing prac‐
tical guidance for real-world applications. These ef‐
forts will comprehensively validate and enhance DC-
YOLO's robustness and adaptability across diverse in‐
tensive farming environments.

3.2　Tracking extensions and future direc⁃
tions　

The technical components of DC-YOLO, de‐
signed to address occlusion, illumination variation, 
and class imbalance, are based on general computer vi‐
sion principles and are theoretically applicable to other 

intensive livestock farming scenarios, such as pig and 
cattle behavior detection. Cross-species application 
would primarily require retraining on datasets specific 
to the target species' behavioral patterns and morpho‐
logical characteristics. Additionally, as a downstream 
task, multi-object tracking will hold significant impor‐
tance for the refined supervision of animals in farms. 
This serves as an exploration and discussion of subse‐
quent tasks.

To evaluate model generalization and investigate 
tracking performance, a 60-second daily video clip of 
Hu sheep from the same farm was additionally select‐
ed. The clip, which was captured by another camera at 
25 frames per second (totaling 1 500 frames), was en‐
tirely independent of the dataset used for model con‐
struction. The trained DC-YOLO model was applied 
to this test video to assess its generalization ability and 
processing speed on video streams. Then, ByteTrack[39] 
and BoT-SORT [40] were employed to match the inter-
frame detection results of DC-YOLO for tracking Hu 
sheep objects. Fig. 16 illustrates the performance of 
Hu sheep behavior detection and tracking. The visual‐
izations of ByteTrack and BoT-SORT on video stream 
frame sequences are shown separately. However, a 
limitation was identified in tracking performance: 
when an object reappears after being lost due to se‐
vere occlusion, neither algorithm successfully per‐
forms re-identification, instead incorrectly assigning it 
a new ID.

It should be acknowledged that the current study 
primarily focuses on robust frame-level detection un‐
der challenging conditions such as occlusion, illumina‐
tion variation, and class imbalance. The systematic 
evaluation of video-level performance metrics, includ‐
ing temporal stability, inter-frame ID consistency, and 
trajectory continuity under extreme occlusion, was not 
conducted in this work. Such comprehensive valida‐
tion requires specialized mechanisms for ID recovery 
and re-identification in dense scenarios, which extend 
beyond the scope of frame-based detection. Therefore, 
achieving stable tracking with consistent ID assign‐
ment for each individual in high-density scenes, partic‐
ularly addressing the re-identification challenge when 
objects reappear after occlusion, will be a key focus of 
future research.

DC-YOLO demonstrates excellent performance 
in behavior recognition of Hu sheep, achieving satis‐
factory results even on an independent held-out video 
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from the same farm, indicating that the model has 
not overfitted the training samples, although its ro‐

bustness to cross-farm distribution shifts remains to 
be verified.

Frame
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1 200

1 500

ByteTrack BoT-SORT

Fig. 16  Visualization of behavior detection and tracking results for Hu sheep
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4 Conclusion 

The application of computer vision for the pre‐
cise identification of typical behaviors in intensively 
farmed Hu sheep is significant for studying behavioral 
changes and improving management practices in inten‐
sive livestock husbandry. DC-YOLO, a behavior detec‐
tion method is introduced for Hu sheep that builds up‐
on and integrates key features from YOLOv11 and 
YOLOv12.

Designed to enhance the utilization of dataset in‐
formation, particularly for minority classes, the model 
effectively leverages image details and contextual in‐
formation to improve detection performance for oc‐
cluded objects. A dataset of typical behaviors for Hu 
sheep in intensive farming was constructed, with five 
key behaviors (drinking, lying, eating, licking, and 
standing) annotated under various occlusion and light‐
ing conditions.

Training and validation on this dataset demon‐
strated that DC-YOLO achieved 91.0% P, 86.6% R, 
and 91.4% mAP. Compared to YOLOv12, DC-YOLO 
showed improvements of 9.4 percentage points in P, 
8.1 percentage points in R, and 7.8 percentage points 
in mAP, while simultaneously reducing the parame‐
ter size by 8.7%. Moreover, DC-YOLO had 2.29 M 
parameters, an 8.74% reduction compared to YO‐
LOv12. On CPU, the inference time of DC-YOLO 
was reduced to 115.5 ms and the frame rate increased 
to 8.50 f/s, corresponding to improvements of 33.2% 
and 48.9%, respectively.

In post-processing, the integrated BS-NMS algo‐
rithm reduces bounding box overlap, which is crucial 
when detecting partially occluded objects. DC-YOLO 
demonstrates robust performance across various light‐
ing conditions, including low-light environments. A 
key strength of DC-YOLO is its ability to identify in‐
formation-deficient object boxes, providing a solid de‐
tection foundation for subsequent tracking tasks. This 
approach enables researchers to discern individual be‐
haviors within group patterns, thereby advancing ani‐
mal behavior studies in intensive farming and helping 
to optimize husbandry practices.
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DC-YOLO：应对遮挡和光照变化的湖羊行为检测

李夏溪， 冀荣华， 常宏瑞*， 张所向

（中国农业大学信息与电气工程学院，北京 100083，中国）

摘 要： ［目的/意义］畜牧业中，动物行为是评估动物生理健康以及提供环境预警的重要指标。针对集约化养殖

中行为检测面临的多目标严重遮挡、光照条件多变、类别分布不均等挑战，本研究旨在开发一种能够实现舍饲湖

羊 24小时日常行为自动监测的高效算法DCAttention-YOLO （DC-YOLO），以支撑羊群的精准化管理。［方法］针

对多目标严重遮挡，引入自适应细节-上下文注意力（DCAttention，Adaptive Detail-Contextual Attention）机制构建

DCAC3K2模块，并采用边界框相似度 Soft-NMS （Bounding Box Similarity Soft-NMS，BS‑NMS）防止错误去除遮挡

目标的边界框。针对光照条件多变，预训练光照编码器并将其参数迁移至DC-YOLO。针对类别分布不均，设计

综合分类质量焦点损失（CQFL），对遮挡及少数类样本自适应增大损失权重。本研究数据集通过湖羊养殖场全天

候监控采集，包含 505张标注图像，涵盖饮水、采食、躺卧、舔舐和站立 5种行为。［结果和讨论］ DC-YOLO的

重叠度阈值为 0.5 时的平均精度均值 mAP@50达到 91.4%，相比 YOLOv12提高了 7.8个百分点。此外，DC-YOLO
的参数量为 2.29 M，相较YOLOv12减少了 8.74%。在CPU环境下，DC-YOLO的推理时间缩短至 115.5 ms，帧率提

升至 8.50帧/s，分别提升了 33.2%和 48.9%。［结论］DC-YOLO在保持低参数量与高推理速度的同时，有效缓解了

舍饲环境下多目标遮挡、光照条件多变及行为类别分布不均带来的检测难题，能够为集约化湖羊养殖的行为跟踪

与分析提供有效的技术支撑。
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