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Introduction 

Public and governmental concern regarding sow welfare in conventional farrowing systems 

in pig production has intensified in recent years. Conventional farrowing crates severely 

restrict sow movement and limit the expression of species-specific maternal behaviors, 

thereby increasing pressure to adopt alternative housing systems that better accommodate 

natural behavior. Free-farrowing systems provide sows with greater freedom of movement. 

However, this increased activity can elevate the risk of piglet crushing and complicate 

management.  

Maternal behavior around farrowing plays a critical role in piglet survival and overall litter 

performance, linking sow activity directly to reproductive success. Behaviors such as nest 

building and postural changes are key indicators of maternal ability and ease of farrowing 

(Wischner et al. 2009). Considerable variation exists among sows in both maternal ability 

and overall activity within free-farrowing systems. Genetic selection for favorable maternal 

behaviors is a promising strategy to reduce risks and improve performance in free-farrowing 

systems. However, effective genetic selection requires objective, continuous, and scalable 

behavioral phenotypes, while conventional observations are labor-intensive, subjective, and 

limited in temporal resolution. Computer Vision (CV) offers strong potential for continuous 

monitoring of sows and generation of objective behavioral phenotypes. However, few studies 

have applied CV models to generate such phenotypes, and even fewer have investigated the 

biological relevance of CV-derived traits. This study presents a proof of concept for 

continuous, automated monitoring of sow postural behaviors using CV in free-farrowing pens 

and investigates its relationship with reproductive performance, with potential applications in 

genetic selection programs. 

 

Materials & Methods 

Data. Continuous video recordings were collected from 62 sows housed in free-farrowing 

pens at a Topigs Norsvin nucleus herd in Canada. Video data were captured using 40 cameras 

in RGB during daylight hours and automatically switching to infrared under low-light 

conditions. For each sow, farrowing date, parity and total number of piglets born (TNB) were 

recorded by a farm technician. Sows were categorized into high or low TNB groups based on 

the median TNB: high TNB sows had ≥16 piglets born, whereas low TNB sows had <16 

piglets. 

 

Computer vision model. A total of 19,342 frames extracted from 615 short video clips were 

manually annotated using DarwinV7. Frames were selected to balance posture and installed 

camera. Approximately 85% of the extracted frames were in RGB and the remaining 15% in 

infrared. In each frame, the sow was segmented and labelled according to her corresponding 

posture, which was categorized into six classes: lateral lying, sternal lying, semi-lateral lying, 

standing, sitting, and kneeling. A YOLOv8 segmentation model was trained for 50 epochs to 

identify and classify sow posture in individual frames. The annotated dataset was split into 
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training (80%), validation (10%), and test (10%) sets, with all frames from a given video clip 

assigned exclusively to a single split. This approach minimized information leakage, as 

consecutive frames within a clip are highly correlated and could otherwise inflate 

performance estimates. Model performance metrics, including recall, precision, and mean 

Average Precision at 50 Intersection over Union (mAP), were obtained directly from the 

Ultralytics repository. The trained model was applied to the recorded videos at one frame per 

second, covering the period from two days before to two days after parturition, yielding 

3,600 posture observations per hour per sow. 

 

Inference cleaning and aggregation. Given the high temporal resolution, even small 

classification errors can substantially affect downstream phenotypes, particularly the number 

of posture transitions. For example, a classification with 99% accuracy could introduce 

approximately 72 spurious posture transitions per hour, while the percentage of time in each 

posture would remain largely unaffected. To mitigate this, the inference data were cleaned 

before aggregation to reduce the impact of spurious transitions. The first cleaning step 

addressed very short posture events (≤5 frames) that were likely misclassified during 

transitions. If a short posture event differed from both the preceding and following frames 

(e.g. a brief kneeling posture between sternal lying and sitting), it was replaced with the 

preceding posture to maintain continuity. The second step targeted short, unlikely posture 

interruptions in which the same posture occurred before and after a brief change of the 

posture (≤10 frames), such as standing → lateral lying → standing. In these cases, the brief 

middle posture was replaced with the surrounding posture to smooth the sequence. The last 

step addressed short but biologically plausible interruptions (e.g. sternal lying → lateral lying 

→ sternal lying). These brief alternations of ≤10 frames were considered artifacts if they 

occurred within 30 frames of a similar pattern and were replaced with the preceding posture 

to maintain continuity.  

After cleaning, the inference data were aggregated on an hourly basis. For each hour, the 

proportion of time spent in each posture was calculated as the number of frames in that 

posture divided by the total number of detections. In addition, the number of posture 

transitions was counted for each hour. To validate the effectiveness of the inference cleaning 

procedure, 24-hour video segments from two days surrounding parturition were annotated for 

five sows that were not included in the annotation dataset, representing real-life scenarios. 

For each frame, only the sow’s posture was annotated, while segmentation was omitted due 

to labor constraints.  

 

Statistical analysis. All analyses were performed in R (version 4.2). For each sow, 

behavioral phenotypes were summarized as daily values by averaging all hourly 

measurements prior to statistical analysis. Lateral lying, sternal lying and semi-lateral lying 

were summed to calculate the total lying percentage. Each posture, as well as total posture 

transitions, was analyzed separately as dependent variable. Fixed effects included day 

relative to farrowing, TNB group, and parity, with an interaction term between day relative 

and TNB group. 

 

Results 
Performance of the computer vision model. The YOLOv8 model achieved high 

performance across all posture classes (Table 1). Lateral lying and sitting were classified with 

the highest accuracy, while semi-lateral lying showed slightly lower recall, and standing 

showed slightly lower precision. These results are consistent with previous studies applying 

CV to sow behavior (He et al., 2025), indicating that our model performs at a state-of-the-art 

level. Notably, the model appears to approach the practical limits of classification accuracy 

for this application, as further improvements toward perfect performance (mAP = 1) are 
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minor. Consequently, future advances are therefore more likely to improve computational 

efficiency and scalability rather than further increase of classification accuracy.  

 

Table 1. Precision, recall, and mean average precision (mAP) per class of the YOLOv8 

model. 

Class Instances Precision Recall mAP 

Lateral lying 336 0.935 0.997 0.995 

Semi-lateral lying 294 0.923 0.88 0.946 

Sternal lying 365 0.875 0.909 0.919 

Standing 396 0.865 0.935 0.956 

Sitting 330 0.968 0.929 0.982 

Kneeling 369 0.891 0.929 0.925 

All 2,090 0.91 0.909 0.954 

 

Effect of inference cleaning on behavioral phenotypes. Hourly proportions of time spent in 

each posture were highly consistent across manual annotations, raw CV estimates, and 

cleaned CV estimates, with Pearson correlations exceeding 0.9 for all postures except semi-

lateral lying (r = 0.85). In contrast, raw CV estimates substantially overestimated the number 

of posture changes (7.0 ± 11.5 vs. 52.5 ± 101.9). Applying the cleaning procedure reduced 

this overestimation to 12.2 ± 21.2 transitions per hour and improved correlation from 0.72 to 

0.92. These results demonstrate that even minor classification errors can considerably inflate 

behavioral phenotypes, such as the number of posture transitions. The inference cleaning 

procedure effectively mitigated these artifacts, reducing noise and generating estimates that 

closely matched manual observations. This highlights that, while modern CV models can 

achieve excellent accuracy for static measures, additional post-processing steps are critical 

when deriving biologically meaningful behavioural traits for use in precision livestock 

farming or genetic selection programs. 

 

Postural behavior in relation to reproductive performance. Fig. 1 shows the temporal 

dynamics of sow postures and posture transitions during the five days surrounding 

parturition. Total lying remained high throughout the observation period but decreased 

significantly on the day before farrowing (p < 0.001), particularly in low TNB sows (p = 

0.001). Complementary patterns were observed for standing, sitting, and kneeling, with all 

three postures peaking on the day before farrowing. The combination of decreased lying and 

increased standing indicates elevated activity on the day before farrowing. Posture transitions 

followed a similar pattern, peaking on the day before and the day of farrowing (p < 0.001), 

particularly in low TNB sows (p < 0.05). Sows engage in nest-building behaviors, such as 

rooting, pawing, and manipulating material, during the last 24 hours before the onset of 

parturition (Algers and Uvnäs-Moberg, 2007), which is most likely explaining the observed 

increase in activity on the day before farrowing. Low TNB sows spend more time standing 

and less time lying than high TNB sows on the day before farrowing (p < 0.001), suggesting 

that litter size influences the expression of nest building behavior. Lee et al. (2023) found the 

same result and speculated that high TNB sows have lower circulating prolactin levels, 

potentially delaying the initiation of nest building behavior. Maria et al. (2023) only found 

that a larger litter size delays the peak of nest building behavior. However, it remains unclear 

if this reflected a negative physiological response of a beneficial compensatory effect. 

 

Overall, the observed pattern of increased activity immediately prior to farrowing followed 

by reduced activity thereafter aligns with typical maternal behavior around parturition. These  

results demonstrate that continuous computer vision monitoring of sow posture is both 

functionally feasible and consistent with human observations (Lipori, et al., 2025). In the 
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future, further development of this approach could generate large-scale behavioral datasets 

that advance our understanding of maternal behavior and enable the study of additional traits 

related to piglet survival and sow longevity.  

 

 
Figure 1. Daily percentage of time spent in each posture and the number of posture 

transitions relative to farrowing, shown separately for sows with high total number born 

(TNB; ≥16 piglets) and low TNB (<16 piglets). 

 

Conclusions 

This study demonstrates that computer vision can be used to continuously and accurately 

monitor sow postural behavior in free-farrowing pens. The YOLOv8 model achieved state-

of-the-art performance in posture classification, and the application of inference cleaning 

proved essential to obtain reliable behavioral phenotypes, particularly for posture transitions. 

Behavioral patterns around farrowing revealed a clear activity peak pre-parturition followed 

by a resting phase, with low TNB sows exhibiting greater pre-parturition activity, likely 

reflecting litter-size-dependent differences in nest-building behavior. Collectively, these 

results validate computer vision as a robust and scalable approach for quantifying 

biologically meaningful sow behaviors and provide a strong foundation for objective 

phenotyping in welfare assessment and genetic selection programs.  
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