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Abattoir-based data are widely regarded as suitable tools to estimate farm animals’ 
health and welfare during the entire lifecycles. However, the systematic detection 
and recording of lesions at postmortem inspection are expensive, time consuming, 
somewhat biased by inter- and/or intra-observers’ variability. Artificial intelligence 
could solve the above issues, and it could be particularly well-suited for solving 
repetitive tasks, by automating workflows and improving their efficiency. This 
study aims to assess whether a CNN, previously trained to score pneumonia in 
slaughtered pigs, is likewise capable of solving this task in a different animal species 
(i.e., in lambs). A total of 229 lamb lungs were photographed at postmortem 
inspection under different field conditions. Picture were evaluated by 5 independent 
veterinarians with different professional background, who scored each lung as 
healthy or diseased. The same pictures were scored by the CNN, which highlighted 
the lung profile, the bent over lobe (if any), and the lesion (if any). Finally, all 
veterinarians critically rated CNN’s assessments. Overall, the CNN was able to solve 
that task, showing a substantial agreement (Cohen’s kappa coefficient between 
0.65–0.71) and high level of sensitivity (0.87–0.88), specificity (0.88–0.91), and 
accuracy (0.87–0.88) when compared to skilled investigators. Shifting CNN to 
different animal species could facilitate and fasten the adoption of such tools, 
which could benefit veterinarians and auxiliary staff, mainly where sheep farming 
is more widespread and economically relevant.
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1 Introduction

Chronic bronchopneumonia (synonyms “atypical” or “chronic non-progressive” 
pneumonia) frequently occurs in lambs up to 12-month-old, it is often subclinical and caused 
by multiple infectious agents (e.g., Mycoplasma ovipneumoniae and Mannheimia haemolytica), 
which physiologically reside within the upper respiratory tract. Therefore, its clinical onset 
and outcome are strongly influenced by a wide range of predisposing factors, including 
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environmental conditions (e.g., sudden weather changes) and lambs’ 
immune status (1–3). Costs associated with chronic 
bronchopneumonia can be relevant and mainly result from impaired 
weight gain, veterinary fees and slaughterhouse waste (4). According 
to Goodwin-Ray et  al. (5), the combined economic losses due to 
pneumonia and pleurisy averaged NZ$53.2 million in New Zealand 
in 2003–2004 (i.e., NZ$ 1.36–3.31/lamb).

Chronic bronchopneumonia is considered among the most 
common pathological findings in slaughtered lambs, even though few 
data are currently available about its prevalence in European countries. 
Pleuritis and pneumonia have been reported in 2.8% of slaughtered 
lambs in Sweden (6), while much higher prevalences have been 
recorded elsewhere; for instance, on average 28% of lambs showed 
pneumonic lesions at slaughter in New Zealand (7). At postmortem 
inspection, lesions affect the cranial lung lobes, and they appear as well 
demarcated foci of consolidation, red-to-brown in color, with 
occasional pleuritis (1, 8).

Abattoir-based data are widely recognized as suitable tools to 
estimate farmed animal health and welfare during the entire lifecycles, 
and they are often recorded in pigs (9). On the other hand, the 
systematic detection and recording of lesions at postmortem 
inspection is expensive, time consuming, somewhat biased by inter- 
and/or intra-observers’ variability (10, 11).

Artificial intelligence (AI) is currently regarded as a powerful 
technology in medical sciences. Specifically, convolutional neural 
networks (CNNs) can analyze complex images to make reliable 
predictions in digital pathology and diagnostic imaging. AI-based 
tools are particularly well-suited for solving repetitive tasks, by 
automating workflows and improving their efficiency. As far as 
slaughtered animals are concerned, computer vision systems have 
been developed for meat safety assurance, to detect lesions and carcass 
contamination in poultry, pigs and cattle (11). To our knowledge, few 
CNNs have been already developed to score pneumonia (12, 13) and 
pleurisy in slaughtered pigs (14), while no CNN has been trained to 
detect and score pneumonia in small ruminants.

The ad hoc training of CNNs is a demanding commitment, which 
requires a lot of time and human resources to build an adequate and 
well-balanced dataset. This is even more challenging in veterinary 
medicine, as distinctive morphological features and slaughtering 
techniques might prevent the application of the same CNN in different 
animal species. The present study aims to assess whether a CNN, 
previously trained to score pneumonia in slaughtered pigs, is likewise 
capable of solving this task in lambs.

2 Materials and methods

2.1 Deep learning-based method

A previously trained CNN was employed herein, based on a deep 
learning model using an auto-encoder architecture inspired by U-Net 
(12). Briefly, U-Net consists of two main parts: (a) the encoder 
compresses the input image into a smaller, more meaningful 
representation; (b) the decoder takes the compressed data and 
expands it back into a full-size image, highlighting the areas of interest. 
The encoder was based on the ResNet34 model (i.e., Residual Network 
with 34 layers, designed for image classification) and pre-trained using 
established classification datasets. The decoder used skip connections 

to retain more detailed information and learn faster with less data 
(12, 15).

The CNN was trained with 7,154 pictures of porcine lungs (so 
called “training set”). Images were taken along the slaughter chain and 
then evaluated by veterinarians, who annotated three classes using an 
open-source image segmentation tool (labelme, available at https://
github.com/wkentaro/labelme): lung (i.e., the entire silhouette of the 
lung surface); lesion (i.e., pneumonic foci); lobe (i.e., the cranial lobe 
when it was bent over, thus partially overlapping with the middle and/
or the diaphragmatic lobes). The severity of pneumonia was expressed 
as a percentage of the entire lung surface:
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where #{lung}, #{lesion} and #{lobe} represent the number of 
pixels of each respective class.

The CNN’s performance was assessed in terms of specificity (i.e., 
the ability to correctly identify healthy lungs), sensitivity (i.e., the 
ability to correctly identify diseased lungs), and Intersection over 
Union (IoU), when compared with veterinarians. The IoU is a metric 
used to measure the accuracy of object detection or image segmentation:
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* Common area between the CNN’s prediction and veterinarians’ 
annotation (i.e., the ground truth region); **Total area covered by 
both the CNN’s prediction and the ground truth region.

When tested on 410 porcine lung pictures (so called “test set”), 
CNN’s specificity was 99.38%, sensitivity ranged between 81.25% (lesion 
size <2% of the entire lung surface) and 100% (lesion size >2% of the 
entire lung surface), average IoU was around 80% for lesion class (12).

The CNN was not upgraded or fine-tuned to evaluate chronic 
bronchopneumonia in slaughtered lambs.

2.2 Photo collection

A total of 229 lamb lungs were photographed at postmortem 
inspection (see Figure  1 for details), between September and 
December 2024. Pictures were taken by two veterinarians, in different 
abattoirs located in the Central and Northern Italy, under different 
field conditions (e.g., lighting and background).

2.3 Image assessment

All pictures were numbered and evaluated by 5 independent 
veterinarians (namely, A, B, C, D and E), who scored each lung as 
follows: 0 (healthy), 1 (diseased, i.e., showing chronic bronchopneumonia, 
regardless of its severity). Veterinarians involved herein have different 
experience and professional background: A and B have been working for 
decades in the field of farm animals’ pathology; C is a PhD student 
studying farm animals’ respiratory disease; D has been working as a 
swine practitioner for 5 years; E recently graduated in Veterinary 
Medicine. Notably, veterinarian A contributed to the CNN training (12).
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The same pictures were assessed by the CNN, which 
highlighted the lung profile, the bent over lobe (if any), and the lesion 
(if any).

Moreover, all veterinarians critically evaluated the CNN’s 
performance (see Figure 2 for details), rating each CNN’s prediction 
as follows:
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the CNN was not able to 
0 completely wrong .properly identify the lung

 

 
− =  

 

the CNN was not able to detect a very evident 
1 insufficient .lesion or misinterpreted a healthy lung

 

< 
− =  

 

the CNN detected 50%of the area 
2 sufficient .of bronchopneumonia

 

 
− =  

 

the CNN detected 50–75%of the area 
3 good .of bronchopneumonia

 

 
− =  

 

the CNN correctly identified the 
4 excellent .healthy lung and / or the lesion

As a matter of fact, the investigators assessed whether 
and to what extent the CNN’s prediction overlapped with 
their hypothetical annotation, with their grades replacing the 
IoU metric.

2.4 Statistical analysis

The CNN’s performance was evaluated in terms of sensitivity 
[i.e., (true positive)/(true positive + false negative)], specificity [i.e., 
(true negative)/(true negative + false positive)], accuracy [i.e., (true 
positive + true negative)/(total number of cases)] and agreement 
(Cohen’s kappa coefficient), when compared with each veterinarian. 
The agreement among veterinarians was also assessed (Cohen’s 
kappa coefficient). In addition, data provided by the CNN (i.e., 
specificity, sensitivity and accuracy), on one side, and veterinarians, 
on the other, were analyzed through the Principal Component  
Analysis.

3 Results

Photo assessments provided by veterinarians are summarized in 
Table 1, while their mutual agreement (Cohen’s kappa coefficient) is 
reported in Table 2. In addition, explanatory images of healthy and 
diseased lungs are shown in Figure 1. Overall, the data highlight a 
sharp divergence between veterinarians A, B, and C on one side, and 
veterinarians D and E on the other. More specifically, veterinarians A, 
B, and C classified nearly identical numbers of healthy and diseased 
lungs, with almost perfect agreement among them (Cohen’s kappa 
coefficient >0.80) (16). Veterinarians D and E classified a higher 
number of lungs as diseased and showed fair to moderate agreement 
with each other and compared to the other investigators (Cohen’s 
kappa coefficient ranging between 0.38 and 0.60) (16).

The CNN classified 168 healthy lungs and 61 diseased lungs. 
Considering the severity of lesions, computed by the CNN as a 
percentage of the entire lung surface, it ranged between 0.04 and 
33.7% (median value = 5.18%; 25th percentile 1.18%, 75th percentile 
14.02%). The CNN interpreted 11 images differently from the 

FIGURE 1

Lungs. (a) Porcine right lung with pneumonia affecting the middle lobe; (b) Healthy right lung of a lamb; (c) Large lesion (bronchopneumonia) affecting 
the cranial lobe of the lamb’s right lung. The images of lamb lungs share key features with those of porcine lungs, which were previously used to train 
the CNN (12), providing an optimal view of the lateral surface. However, the background differs significantly, and it could act as a challenging factor. In 
addition, the appearance of the pig lung (i.e., texture, color) is rather different from that of lambs, owing to morphological features and artifacts due to 
the slaughtering process.
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unanimous judgment of the veterinarians. More in detail, the CNN 
identified lesions in 9 lungs, which were interpreted as healthy by all 
the veterinarians. Conversely, the CNN identified healthy two lungs, 
which were assessed as diseased by all the veterinarians. Most of such 
discrepancies resulted from the presence of slaughtering artifacts and/
or from shadowed areas on the lung.

Considering CNN’s performance when compared to each 
veterinarian, data are summarized in Table  2 (Cohen’s kappa 
coefficient) and Table 3 (sensitivity, specificity, and accuracy). The 
CNN showed substantial agreement with veterinarians A, B, and C, 
while agreement was fair with D and E. The CNN’s sensitivity did 
not vary across veterinarians, whereas its specificity and accuracy 
were higher when compared to veterinarians A, B, and C than to 
D and E.

Principal Component Analysis plot (Figure  3) showed that 
veterinarians A, B, and C cluster together, thus indicating higher 
consistency in their assessments.

Finally, the grades assigned by veterinarians to the CNN are 
presented graphically in Figure 4 (maximum possible score = 916). 
Veterinarians A, B, and C gave the highest ratings to the CNN, with 
overall scores of 858, 840, and 839, respectively. Veterinarians D and 
E rated the CNN’s performance less favorably, with overall scores of 
671 and 600, respectively.

4 Discussion

Artificial intelligence is shaping most human activities, including 
biomedical sciences. In this respect, deep learning models are 
emerging as suitable tools, which could support clinicians, pathologists 
and official veterinarians in the framework of their diagnostic 
approach (e.g., at postmortem inspection). In this case, AI-based tools 
could be particularly helpful for performing repetitive tasks, where 
thousands of animals are slaughtered at high processing line speeds 
(11, 17).

During the last few decades, several AI-based methods have been 
developed to identify and score lesions in slaughtered animals, useful 
to approve meat for human consumption and/or as welfare and health 
indicators (11). Training CNNs for these purposes is often a long and 
challenging process, it needs the collection of large and well-balanced 

FIGURE 2

Screenshot of the CNN’s prediction. (A) Original picture (input); (B) the CNN outlined the lung silhouette (purple line) and a lesion (red line); (C) the 
lung and the lesion are colored in purple and red, respectively.

TABLE 1 Assessments provided by veterinarians and the CNN on pictures.

A B C D E CNN

Healthy lungs 184 184 185 134 125 168

Bronchopneumonia 45 45 44 95 104 61

Based on the veterinarians’ evaluations, a dichotomous scenario emerges, with investigators 
A, B, and C providing very similar results. Within this framework, the CNN occupies an 
intermediate position, although its predictions appear more closely aligned with those of 
veterinarians A, B, and C.

TABLE 2 Agreement between veterinarians and CNN, computed as pairs.

A B C D E CNN

A 0.91 0.84 0.43 0.38 0.68

B 0.81 0.43 0.39 0.71

C 0.48 0.40 0.65

D 0.60 0.41

E 0.33

Data show an almost perfect agreement between veterinarians A, B, and C (Cohen’s kappa 
coefficient ranging between 0.81 and 0.91), while it is fair-to-moderate compared to 
veterinarians D and E. A substantial agreement of the CNN vs veterinarians A, B, and C is 
observed (Cohen’s kappa coefficient ranging between 0.65 and 0.71), while it is fair-to-
moderate vs veterinarians D and E (16).

TABLE 3 CNN’s sensitivity, specificity and accuracy, when compared with 
each single veterinarian.

A B C D E

Specificity 0.88 0.91 0.88 0.50 0.45

Sensitivity 0.87 0.88 0.87 0.88 0.87

Accuracy 0.87 0.88 0.87 0.72 0.68

All parameters were expressed as ratio, their value ranging between 0 and 1. Even in this 
table, a dichotomous scenario is evident. Overall, CNN’s values are very high vs veterinarians 
A, B, and C, while sensitivity and accuracy values are much lower vs veterinarians D and E.
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datasets (e.g., thousands of pictures collected under various field 
conditions), demanding significant efforts to annotate images and to 
manage inter-raters’ variability (18). This is even more difficult as each 
animal species has its own anatomic features. For instance, porcine 
lungs show a more pronounced texture of interlobular connective 
tissue, when compared to small ruminant lungs (19). Likewise, 

slaughtering techniques vary significantly (e.g., pigs usually pass 
through the scalding tank), thus leading to more or less evident 
artifacts, which can further complicate the detection of lesions and 
their interpretation. The age of slaughtered animals is an additional 
critical factor, as it affects the appearance of lesions at postmortem 
inspection; bronchopneumonia is strongly hyperemic during the 

FIGURE 3

Principal Component Analysis Veterinarians A, B, and C share similar features and cluster together, whereas veterinarians D and E are far from this 
cluster and from each other.

FIGURE 4

Grades provided by veterinarians. Grade 0 was never assigned, as the CNN was always able to reliably recognize the lung silhouette. Even from this 
graphic a dichotomous scenario emerges. Veterinarians A, B, and C assigned the highest score (i.e., grade 4) to 85.5–88.2% of CNN predictions, while 
investigators C and D more frequently considered insufficient the CNN performance (i.e., grade 1).
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acute stage of the disease, while it becomes grayish and shrinks over 
time (20).

This study aimed to assess the possibility of shifting CNN to 
different animal species (namely, from pig to lamb), as cross-species 
transfers could facilitate and fasten the adoption of such tools. 
Overall, we  consider that the CNN employed herein showed 
satisfactory performance, even though lower when compared to 
those achieved in slaughtered pigs (12). Worthy of note, the CNN 
showed a substantial agreement (Cohen’s kappa coefficient between 
0.65–0.71) and reached higher levels of sensitivity, specificity, and 
accuracy when compared to investigators with greater experience in 
farm animals’ respiratory diseases (A, B, and C), regardless they 
contributed to its training. Veterinarians D and E overestimated the 
prevalence of bronchopneumonia, mostly due to the misinterpretation 
of slaughter artifacts. The same artifacts were responsible of most 
discrepancies between the CNN, on one side, and all veterinarians, 
on the other. In our opinion, this implies two relevant considerations. 
First, it further supports the reliability of this CNN, which ranks 
among the most “skilled” veterinarians. In addition, it highlights 
inter-raters’ variability as a serious concern, which can be mitigated 
(never eliminated) through continuous training and joint sessions. 
This concern is even more relevant when evaluations only rely on 
visual inspection of lungs (21). Considering this, the use of AI-based 
tools could provide an additional advantage, ensuring fully 
standardized assessments.

In conclusion, this study suggests that shifting a CNN from one 
animal species to another could be  a feasible and advantageous 
approach, reducing time, efforts and costs for new applications. 
Additional training with a targeted dataset (i.e., pictures of lamb 
lungs) would allow to enhance CNN’s performance further. The 
development of such AI-based technologies could benefit veterinarians 
and auxiliary staff, especially in regions where sheep farming is more 
relevant and widespread.

Data availability statement

The original contributions presented in the study are included in 
the article/supplementary material, further inquiries can be directed 
to the corresponding author/s.

Ethics statement

Ethical review and approval were waived for this study. 
Investigations were carried out on lambs regularly slaughtered 
according to the EU legislation. Slaughtering procedures were 
performed strictly respecting the European legislation about the 

protection of animals at the time of killing (European Community 
Council Regulation No. 1099/2009).

Author contributions

AnR: Investigation, Writing – original draft, Writing – review & 
editing. AC: Investigation, Writing – review & editing. DS: Investigation, 
Writing – review & editing. SB: Investigation, Writing – review & editing. 
AP: Investigation, Writing – review & editing. AlR: Conceptualization, 
Investigation, Methodology, Writing – review & editing. AC: Software, 
Supervision, Writing – review & editing. NB: Conceptualization, Data 
curation, Methodology, Writing – review & editing. FV: Writing – review 
& editing. AC: Supervision, Writing  – review & editing. GM: 
Conceptualization, Data curation, Funding acquisition, Investigation, 
Methodology, Writing – original draft, Writing – review & editing.

Funding

The author(s) declare that financial support was received for the 
research and/or publication of this article. This work has been funded 
by the European Union-NextGenerationEU -under the Italian 
Ministry of University and Research (MUR) National Innovation 
Ecosystem grant ECS00000041-VITALITY-CUP C43C22000380007.

Conflict of interest

AC was employed by Farm4trade s.r.l.
The remaining authors declare that the research was conducted in 

the absence of any commercial or financial relationships that could be 
construed as a potential conflict of interest.

Generative AI statement

The author(s) declare that no Gen AI was used in the creation of 
this manuscript.

Publisher’s note

All claims expressed in this article are solely those of the authors 
and do not necessarily represent those of their affiliated organizations, 
or those of the publisher, the editors and the reviewers. Any product 
that may be evaluated in this article, or claim that may be made by its 
manufacturer, is not guaranteed or endorsed by the publisher.

References
 1. Lopez A, Martinson SA. Respiraotry system, mediastinum and pleurae In: JF 

Zachary, editor. Pathologic basis of veterinary disease. St. Louis, Missouri, United States 
of America: Elsevier (2017). 537–40.

 2. Maksimović Z, Rifatbegović M, Loria GR, Nicholas RAJ. Mycoplasma 
ovipneumoniae: a Most variable pathogen. Pathogens. (2022) 11:1477. doi: 
10.3390/pathogens11121477

 3. Di Provvido A, Averaimo D, Zilli K, Marruchella G, Scacchia M. Mycoplasma 
pneumonia in small ruminants: a ten-year long retrospective survey. Small Rumin Res. 
(2017) 153:103–6. doi: 10.1016/j.smallrumres.2017.06.004

 4. Fernández S, Galapero J, Rey J, Pérez CJ, Ramos A, Rosales R, et al. Investigations 
into the seasonal presence of Mycoplasma species in fattening lambs. Vet J. (2016) 
212:80–2. doi: 10.1016/j.tvjl.2016.04.006

https://doi.org/10.3389/fvets.2025.1591032
https://www.frontiersin.org/journals/veterinary-science
https://www.frontiersin.org
https://doi.org/10.3390/pathogens11121477
https://doi.org/10.1016/j.smallrumres.2017.06.004
https://doi.org/10.1016/j.tvjl.2016.04.006


Romano et al. 10.3389/fvets.2025.1591032

Frontiers in Veterinary Science 07 frontiersin.org

 5. Goodwin-Ray KA, Stevenson MA, Heuer C, Cogger N. Economic effect of 
pneumonia and pleurisy in lambs in New Zealand. N Z Vet J. (2008) 56:107–14. doi: 
10.1080/00480169.2008.36818

 6. Lindström L, Tauni FA, Vargmar K. Bronchopneumonia in Swedish lambs: a study 
of pathological changes and bacteriological agents. Acta Vet Scand. (2018) 60:54. doi: 
10.1186/s13028-018-0409-1

 7. McRae KM, Baird HJ, Dodds KG, Bixley MJ, Clarke SM. Incidence and heritability 
of ovine pneumonia, and the relationship with production traits in New Zealand sheep. 
Small Rumin Res. (2016) 145:136–41. doi: 10.1016/j.smallrumres.2016.11.003

 8. Pavone S, Crotti S, D'Avino N, Gobbi P, Scoccia E, Pesca C, et al. The role of 
Mycoplasma ovipneumoniae and Mycoplasma arginini in the respiratory mycoplasmosis 
of sheep and goats in Italy: correlation of molecular data with histopathological features. 
Res Vet Sci. (2023) 163:104983. doi: 10.1016/j.rvsc.2023.104983

 9. Scollo A, Gottardo F, Contiero B, Mazzoni C, Leneveu P, Edwards SA. 
Benchmarking of pluck lesions at slaughter as a health monitoring tool for pigs 
slaughtered at 170kg (heavy pigs). Prev Vet Med. (2017) 144:20–8. doi: 10.1016/j. 
prevetmed.2017.05.007

 10. Garcia-Morante B, Segalés J, Fraile L, Pérez de Rozas A, Maiti H, Coll T, et al. 
Assessment of Mycoplasma hyopneumoniae- induced pneumonia using different lung 
lesion scoring systems: a comparative review. J Comp Pathol. (2016) 154:125–34. doi: 
10.1016/j.jcpa.2015.11.003

 11. Sandberg M, Ghidini S, Alban L, Capobianco Dondona A, Blagojevic B, Bouwknegt M, 
et al. Applications of computer vision systems for meat safety assurance in abattoirs: a 
systematic review. Food Control. (2023) 150:109768. doi: 10.1016/j.foodcont.2023.109768

 12. Bonicelli L, Trachtman AR, Rosamilia A, Liuzzo G, Hattab J, Mira Alcaraz E, et al. 
Training convolutional neural networks to score pneumonia in slaughtered pigs. 
Animals. (2021) 11:3290. doi: 10.3390/ani11113290

 13. Valeris-Chacin R, Garcia-Morante B, Sibila M, Canturri A, Ballarà Rodriguez I, 
Bernal Orozco I, et al. Scoring of swine lung images: a comparison between a computer 
vision system and human evaluators. Vet Res. (2025) 56:9. doi: 10.1186/s13567- 
024-01432-5

 14. Trachtman AR, Bergamini L, Palazzi A, Porrello A, Capobianco Dondona A, Del 
Negro E, et al. Scoring pleurisy in slaughtered pigs using convolutional neural networks. 
Vet Res. (2020) 51:51. doi: 10.1186/s13567-020-00775-z

 15. He K, Zhang X, Ren S, Sun J. Deep residual learning for image recognition In: 2016 
IEEE conference on computer vision and pattern recognition (CVPR 2016). Las Vegas, 
Nevada: (2016). 770–8.

 16. Landis JR, Koch GG. The measurement of observer agreement for categorical data. 
Biometrics. (1977) 33:159–74. doi: 10.2307/2529310

 17. Appleby RB, Basran PS. Artificial intelligence in veterinary 
medicine. J Am  Vet Med Assoc. (2022) 260:819–24. doi: 10.2460/javma.22.03. 
0093

 18. Shwartzman O, Gazit H, Shelef I, Riklin-Raviv T. The worrisome impact 
of an inter-rater Bias on neural network training. arXiv. (2020). doi: 10.48550/ 
arXiv.1906.11872

 19. Barone R. Anatomia Comparata dei Mammiferi Domestici; Edagricole: Bologna, 
Italy, (2014). pp. 629–656.

 20. Caswell JL, Williams KJ. Respiratory system In: M Grant Maxie, editor. Jubb, 
Kennedy and Palmer’s pathology of domestic animals. London, United  Kingdom: 
Elsevier (2015). 484–564.

 21. Ghidini S, De Luca S, Rinaldi E, Zanardi E, Ianieri A, Guadagno F, et al. Comparing 
visual-only and visual-palpation post-mortem lung scoring Systems in Slaughtering 
Pigs. Animals. (2023) 13:2419. doi: 10.3390/ani13152419

https://doi.org/10.3389/fvets.2025.1591032
https://www.frontiersin.org/journals/veterinary-science
https://www.frontiersin.org
https://doi.org/10.1080/00480169.2008.36818
https://doi.org/10.1186/s13028-018-0409-1
https://doi.org/10.1016/j.smallrumres.2016.11.003
https://doi.org/10.1016/j.rvsc.2023.104983
https://doi.org/10.1016/j.prevetmed.2017.05.007
https://doi.org/10.1016/j.prevetmed.2017.05.007
https://doi.org/10.1016/j.jcpa.2015.11.003
https://doi.org/10.1016/j.foodcont.2023.109768
https://doi.org/10.3390/ani11113290
https://doi.org/10.1186/s13567-024-01432-5
https://doi.org/10.1186/s13567-024-01432-5
https://doi.org/10.1186/s13567-020-00775-z
https://doi.org/10.2307/2529310
https://doi.org/10.2460/javma.22.03.0093
https://doi.org/10.2460/javma.22.03.0093
https://doi.org/10.48550/arXiv.1906.11872
https://doi.org/10.48550/arXiv.1906.11872
https://doi.org/10.3390/ani13152419

	Cross-species AI: shifting a convolutional neural network from pigs to lambs to detect pneumonia at slaughter
	1 Introduction
	2 Materials and methods
	2.1 Deep learning-based method
	2.2 Photo collection
	2.3 Image assessment
	2.4 Statistical analysis

	3 Results
	4 Discussion

	References

