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ABSTRACT 
 

Respiratory illnesses represent a major challenge in modern pig production, leading to notable 

economic losses and heightened antimicrobial usage. Reliable differentiation of lung lesions is 

essential for accurate diagnosis and effective disease control. The incorporation of fast, non-

invasive technologies could significantly improve the management of such issues. This 

research explored the feasibility of employing near-infrared (NIR) spectroscopy to classify 

porcine lung tissue. Spectral data (908–1676 nm) from 101 lungs collected from weaned pigs 

were obtained using a portable device and analyzed through multivariate statistical techniques. 

Two distinct discriminant models were designed to distinguish between normal (N), congested 

(C), and pathological (P) lungs, as well as among catarrhal bronchopneumonia (CBP), 

fibrinous pleuropneumonia (FPP), and interstitial pneumonia (IP) forms. The model optimized 

for identifying specific pathological types yielded the highest classification performance. The 

main limitations emerged with C lungs, which showed a 30% misclassification rate with N and 

P samples, and with FPP lesions, which were incorrectly recognized as CBP in 30% of cases. 

Conversely, CBP and IP samples were consistently detected with accuracy, sensitivity, and 

precision exceeding 90%. In summary, these findings provide proof of concept for using NIR 

spectroscopy to distinguish and classify porcine lungs with various lesions, supporting future 

rapid and efficient diagnostic applications. 
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Introduction 
 

Porcine respiratory disease complex (PRDC) is a key factor contributing to economic losses and increased 

antimicrobial dependency in pig production systems, severely affecting both health and welfare. The interplay of 

environmental, genetic, and management-related factors weakens pulmonary and systemic defenses, promoting 

the development of polymicrobial pneumonia [1]. Primary agents such as porcine reproductive and respiratory 

syndrome virus (PRRSV), swine influenza virus (SIV), porcine circovirus type 2 (PCV2), pseudorabies virus 

(PRV), and bacteria, including Mycoplasma hyopneumoniae and Actinobacillus pleuropneumoniae, facilitate 

secondary infections by Pasteurella multocida, Trueperella pyogenes, Mycoplasma spp., Glaesserella parasuis, 

and Streptococcus suis [2, 3]. Consequently, the nature of lung lesions depends on both the pathogens involved 

and the host’s immune competence, as well as treatment effectiveness. 

Given the multifactorial etiology of PRDC, an integrated, multidisciplinary diagnostic approach is required. 

Clinical, epidemiological, and ante-mortem data should be combined with necropsy results [4, 5]. Gross pathology 

remains valuable in determining appropriate laboratory investigations, including bacterial, viral, and molecular 

analyses [6]. Categorizing pulmonary lesions according to their morphological features helps narrow differential 
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diagnoses, although overlapping or mixed patterns are common, and single pathogens can induce diverse lesions 

[4]. Histopathology, in turn, provides detailed insights into the underlying disease processes and, in some 

instances, confirms causative relationships between specific pathogens and lesions [4]. 

Among the principal morphopathological patterns, catarrhal bronchopneumonia (CBP), fibrinous 

pleuropneumonia (FPP), and interstitial pneumonia (IP) are most frequently observed at necropsy. CBP 

commonly occurs in infections caused by M. hyopneumoniae, though similar changes may result from other 

organisms [7]. FPP typically correlates with A. pleuropneumoniae infection but may also arise from 

Actinobacillus suis or virulent P. multocida strains linked to pleuritic inflammation [4, 8]. IP, on the other hand, 

is mainly associated with viral agents such as PRRSV and PCV2 [6]. 

The rapid and precise differentiation of these lesion types is critical for selecting appropriate diagnostic tests. 

While gross and microscopic evaluations are essential for morphological diagnosis, incorporating objective, fast, 

and non-destructive analytical tools can considerably enhance diagnostic confirmation within short timeframes. 

Implementing these technologies in abattoirs and veterinary diagnostic facilities could accelerate inspection and 

analysis, decrease manual workload, and optimize disease monitoring. Such systems also have the potential to 

improve the assessment of animal health and welfare in slaughterhouses, which serve as vital checkpoints for 

evaluating respiratory disease prevalence in pig herds [9–11]. 

Over time, several lung lesion scoring methods have been developed for slaughter pigs, helping veterinarians and 

producers evaluate preventive and management strategies [12–14]. These scoring systems usually assess lesion 

extent and severity through visual and tactile inspection, particularly focusing on bronchopneumonia and chronic 

pleuritis [15]. The use of novel non-invasive methods in slaughter settings, in accordance with Regulation (EU) 

625/2017 [16], could reinforce veterinary inspection efficiency and enhance food safety, public health, and animal 

welfare surveillance at abattoirs [17, 18]. Furthermore, technologies capable of continuously and objectively 

classifying pulmonary inflammatory patterns would offer an accurate overview of respiratory health status within 

farms and provide more detailed feedback to herd veterinarians, thereby improving PRDC management [19]. 

Near-infrared (NIR) spectroscopy has become a widely recognized analytical approach, demonstrating reliability 

across various sectors such as agriculture, food science, and pharmaceuticals. The technique operates on the 

principle of detecting the interaction between NIR electromagnetic radiation and molecular structures within a 

sample. This interaction produces a distinctive spectral profile that contains detailed information about the 

composition and physical state of the examined tissue [20]. In theory, these spectral profiles can be used to rapidly 

identify unique signatures associated with different lung lesions, enabling fast and precise recognition of 

pathological alterations while reducing operational time and costs. 

NIR spectroscopy has gained substantial attention in human medicine [21], especially in detecting pathological 

changes in renal tissues and fibrotic or steatotic liver disorders [22–24]. Its adaptability has also been validated in 

veterinary diagnostics and meat quality assessment. Applications combining NIR and ultraviolet-visible (UV) 

spectroscopy, often within hyperspectral imaging systems, have effectively differentiated normal and septicemic 

poultry carcasses, distinguished various myopathies in poultry [25–28], identified “milk spot” livers [29], and 

separated healthy from diseased ovine lung samples [30]. 

Based on these advancements, the main objective of the current study was to evaluate, for the first time, the 

feasibility of using portable NIR spectroscopy as a novel method for assessing pulmonary lesions in pigs. This 

work represents a pioneering step toward demonstrating the potential of this technology within veterinary 

pathology. 

The results presented here mark an initial outcome of a continuing research initiative focused on the creation and 

implementation of objective analytical systems combining NIR spectroscopy with computer vision tools. These 

systems are designed to enhance postmortem evaluation of pig carcasses and organs, as well as assist in diagnostic 

applications. 

Materials and Methods  

Lung samples 

A total of 101 lungs were obtained from weaned pigs weighing less than 50 kg, submitted for postmortem 

investigation to the Diagnostic Section of the Istituto Zooprofilattico Sperimentale della Lombardia e dell’Emilia 

Romagna (IZSLER), Brescia, Italy. Only lungs in good preservation condition were used to prevent the inclusion 

of samples showing postmortem degradation. 
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Each lung underwent a detailed visual and palpatory assessment by experienced veterinarians to establish a gross 

morphological diagnosis. Three acute pneumonia patterns—catarrhal bronchopneumonia (CBP), fibrinous 

pleuropneumonia (FPP), and interstitial pneumonia (IP)—were identified according to the classification system 

proposed by Ruggeri et al. [6]. Briefly, CBP typically shows a cranioventral distribution, mainly affecting apical, 

middle, and cranial diaphragmatic lobes. In acute forms, the tissue appears firm, consolidated, and dark red-purple, 

with white catarrhal exudate visible within airways. 

In FPP, lesions are mainly restricted to the dorso-caudal diaphragmatic lobes. The affected parenchyma appears 

dark red to nearly black, moderately firm, and heterogeneously altered, with hemorrhage, widened interlobular 

septa, and friable necrotic foci bordered by fibrinous leukocyte layers. Fibrin coatings are often present on pleural 

surfaces. In contrast, IP is characterized by a diffuse distribution of lesions, with lungs failing to collapse, showing 

rubbery consistency and color changes ranging from pale to reddish-purple. Acute IP often presents with marked 

hyperemia and interlobular edema. 

When available, normal (N) and congested (C) tissue areas—either from the same lung or from separate, 

unaffected lungs—were also included. Congested areas were defined as regions with unchanged consistency but 

a deeper red coloration than normal tissue. Representative macroscopic images of all examined categories are 

provided in Figure 1. 

 
    

a) b) c) d) e) 

Figure 1. Lung tissue types selected during necropsy. (a) normal tissue; (b) congested tissue; (c) catarrhal 

bronchopneumonia; (d) fibrinous pleuropneumonia; (e) interstitial pneumonia. 

Near-infrared spectroscopic analysis 

NIR diffuse reflectance spectra of lung samples were recorded during necropsy at 20 °C by trained veterinarians 

using a portable, battery-operated spectrometer (MicroNIR OnSite-W, Viavi Solutions, Santa Rosa, CA, USA). 

Measurements covered the 908–1676 nm wavelength range, with an apparent resolution of 6.1 nm, an integration 

time of 10 ms, and 100 co-added scans. Instrument calibration and background corrections were performed prior 

to and periodically during analysis—specifically, after every ten tissue samples—by capturing “black” (total 

absorbance) and “white” (total reflectance) reference spectra using Spectralon® Diffuse Reflectance Standards 

(Labsphere, Inc., North Sutton, NH, USA). 

All visible N, C, and pathological (P) tissue regions were analyzed by positioning the device perpendicular (90°) 

to the lung surface, covering an area of approximately 1.5–2 cm², as depicted in Figure 2. For each site, eight 

replicate spectra were acquired to account for the intrinsic compositional variability of lung tissue. Between each 

acquisition, the device was slightly rotated to ensure sampling of different micro-areas. 

 
Figure 2. Recording of NIR spectra from porcine lung tissue using a portable handheld spectrometer. 
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NIR data processing 

Prior to statistical evaluation and model construction, all NIR spectral data underwent a detailed inspection and 

visual screening to identify and remove possible analytical anomalies or outlier samples. After filtering, the final 

dataset used for multivariate processing consisted of N = 1298 spectra, categorized into specific lung tissue groups 

as summarized in Table 1, and included 125 variables, each representing absorbance measurements across the 

examined NIR wavelengths. 

 

Table 1. Allocation of NIR spectra among lung tissue categories. 

Lung Tissue Class No. of Collected NIR Spectra 

N 419 

C 291 

CBP 451 

FPP 113 

IP 24 

The selected spectra were mean-centered and subjected to preprocessing to enhance precision and reliability in 

later analyses. Although the raw spectra contained valuable compositional data, they also displayed undesirable 

variations such as baseline drift and shifts, which could obscure subtle spectral differences essential for tissue 

classification. To address this, two standard preprocessing algorithms frequently applied in NIR data analysis 

were sequentially implemented: 

• Standard Normal Variate (SNV): applied to minimize light scattering effects and compensate for baseline 

fluctuations. 

• Fourth-Order Derivative (4Der): employed to sharpen overlapping bands and accentuate meaningful 

spectral features. 

Multivariate statistics 

Multivariate statistical analysis using Orthogonal Partial Least Squares Discriminant Analysis (OPLS-DA) was 

applied to the SNV + 4Der preprocessed data to construct predictive classification models capable of 

distinguishing between different lung tissue types. This technique established associations between the NIR 

spectral signatures and the reference diagnostic categories assigned by veterinary experts. 

Two independent OPLS-DA models were developed: 

• Model 1 (3-class): designed to differentiate among normal (N), congested (C), and pathological (P) 

tissues. 

• Model 2 (3-class): restricted to pathological spectra, aimed at distinguishing catarrhal bronchopneumonia 

(CBP), fibrinous pleuropneumonia (FPP), and interstitial pneumonia (IP). 

For both models, the dataset was divided randomly into calibration (75%) and validation (25%) subsets. 

Accordingly, Model 1 contained N = 974 calibration spectra and N = 324 validation spectra, while Model 2 

included N = 441 calibration and N = 147 validation spectra. Model training was carried out with 7-fold cross-

validation, while the validation sets provided independent testing data for external performance evaluation. 

Confusion matrices were generated for both models to compare predicted versus actual class labels, allowing the 

identification of true and false positives and negatives. These outcomes were used to compute specificity, 

sensitivity, accuracy, and precision percentages, offering a comprehensive measure of classification performance 

[31]. 

To determine the most relevant NIR wavelengths contributing to class discrimination, the Variable Importance in 

Projection (VIP) index was applied, with VIP ≥ 1 indicating significant influence [32]. All multivariate procedures 

were executed using SIMCA® v.17.0.2.34594 (Sartorius Stedim Data Analytics AB, Umeå, Sweden). 

Results and Discussion 

NIR spectral profiles of lung tissues 
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To better visualize spectral trends, mean NIR spectra were computed for each tissue group (N, C, P, CBP, FPP, 

IP). The unprocessed and preprocessed (SNV + 4Der) spectra, covering the 908–1676 nm range, are illustrated in 

Figures 3a and 3b, respectively. 

  

a) b) 

Figure 3. Comparative plots of average NIR spectra for all lung tissue classes: (a) unprocessed spectra, (b) 

spectra after SNV + 4Der correction. 

The raw spectra exhibited baseline variations, displacement artifacts, and broad unresolved features, rendering 

them unsuitable for direct interpretation (Figure 3a). Conversely, preprocessing significantly enhanced resolution 

and pattern clarity (Figure 3b). Visual examination of the corrected spectra revealed specific wavelength intervals 

displaying distinct absorbance variations between tissue types. Notably, IP tissues showed higher absorption in 

the 950–990 nm, 1070–1110 nm, and 1140–1190 nm ranges. Conversely, N and C tissues displayed stronger 

absorbance in the 1320–1360 nm and 1400–1430 nm regions. Minor peaks around 1460–1490 nm and 1520–1550 

nm were also observed, although they appeared with comparable intensity across all groups. 

Discriminant analysis 

The first classification model (Model 1) was designed to separate N, C, and P lung categories through the use of 

OPLS-DA on the calibration dataset. This model incorporated two predictive and seven orthogonal components. 

As outlined in Table 2, both the cumulative fitting capability (R2Xcum) and predictive statistics (R2Ycum and 

Q2cum) exceeded 0.5, confirming that the model adequately captured the variance necessary to distinguish the 

three tissue groups. 

 

Table 2. Overview of calibration parameters for the constructed discriminant models. 

Model Components (Predictive + Orthogonal) R²Xcum R²Ycum Q²cum 

Model 1 (N vs. C vs. P) 2 + 7 0.936 0.547 0.532 

Model 2 (CBP vs. FPP vs. IP) 2 + 7 0.904 0.647 0.615 

In the score scatter plot, representing individual spectra within a two-dimensional plane defined by the first two 

predictive axes, the majority of tissue samples formed compact and well-distributed clusters (Figure 4a). Despite 

the general separation among groups, some regions of overlap remained visible, particularly between adjacent 

tissue classes. 
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a) b) 

Figure 4. OPLS-DA score scatter plots of Model 1 distinguishing N, C, and P tissues (a), and Model 2 

differentiating CBP, FPP, and IP types (b), were produced through internal cross-validation of the calibration 

datasets. 

The second discriminant model (Model 2), built to distinguish among CBP, FPP, and IP lesions, was established 

using the same number of predictive (2) and orthogonal (7) components. The obtained parameters were R2Xcum 

= 0.904, R2Ycum = 0.647, and Q2cum = 0.615 (Table 2). While this model demonstrated slightly weaker fitting 

performance compared to Model 1, its predictive accuracy was comparatively stronger. 

The score plot of Model 2 (Figure 4b) displayed three distinct groupings corresponding to the pneumonia variants. 

The IP category appeared clearly separated from the other two along both t[1] and t[2] dimensions, despite 

representing a smaller sample set. Only a single IP spectrum overlapped partially with the CBP group. However, 

certain intersections between CBP and FPP samples were still evident (Figure 4b). 

The Variable Importance in Projection (VIP) scores identified wavelengths most influential for class assignment, 

as detailed in Table 3. For Model 1, the most relevant signals corresponded to amide/protein (1515 nm, VIP = 

1.28), water (976 nm, VIP = 1.27), and alcohol (964 nm, VIP = 1.23) bands. Additionally, bands linked to amines 

and fatty acids—notably at 1472, 1521, 1391, 1428, 1422, and 1327 nm—showed significant discriminative 

weight. 

Within Model 2, the wavelengths contributing most strongly to tissue separation were located at 1580 nm 

(alcohol/water, VIP = 2.24), 1453 nm (water, VIP = 2.16), and 1471 nm (amide/protein, VIP = 2.06). Once again, 

signals associated with aliphatic hydrocarbon chains of fatty acids were evident, confirming their role in 

differentiating among pneumonia subtypes (Table 3). 

Table 3. The ten leading Variable Importance in Projection (VIP) values showing the main NIR wavelengths for 

distinguishing N vs. C vs. P (Model 1) and CBP vs. FPP vs. IP (Model 2) lung samples, with their respective 

spectral attributions *. 

Model 1 (N vs. C vs. P) 

NIR Wavelength (nm) VIP Value Assignment 

1515 1.28 Amide/protein 

976 1.27 Water 

970 1.24 – 

964 1.23 Alkyl alcohol 

1472 1.22 Aromatic amine 

1521 1.22 Amide/protein 

1391 1.21 Aliphatic hydrocarbon 

1428 1.21 Primary amides 

1422 1.20 Aromatic hydrocarbon 
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1397 1.20 Aliphatic hydrocarbon 

Model 2 (CBP vs. FPP vs. IP) 

NIR Wavelength (nm) VIP Value Assignment 

1580 2.24 Alcohol/water 

1453 2.16 Water 

1471 2.06 Amide/protein 

1205 2.05 Water 

1463 2.03 Amide/protein 

1212 1.95 Aliphatic hydrocarbons 

1023 1.95 Aromatic amines 

1218 1.62 Aliphatic hydrocarbons 

1042 1.48 Aliphatic hydrocarbons 

1174 1.44 Alkenes 

*Assignments based on [33]. 

Independent testing of Model 1 using the validation subset demonstrated consistent and encouraging outcomes. 

The model successfully recognized 84.6% of N, 69.9% of C, and 90.5% of P tissues correctly (Table 4). However, 

in line with the overlapping trends visible in Figure 4a, misclassification occurred most frequently among C 

samples, which were sometimes labeled as either N or P. 

Table 4. . Confusion matrices showing classification of lung samples across categories for the validation sets of 

Models 1 and 2. 

Model 1 (N vs. C vs. P) 

Lung Tissue Class Actual Members N C P 

N 104 88 6 10 

C 73 13 51 9 

P 147 4 10 133 

Total 324 105 67 152 

Model 2 (CBP vs. FPP vs. IP) 

Lung Tissue Class Actual Members CBP FPP IP 

CBP 112 107 5 0 

FPP 29 9 20 0 

IP 6 0 0 6 

Total 147 116 23 6 

Performance statistics for Model 1 are depicted in Figure 5a, including accuracy, precision, specificity, and 

sensitivity percentages. Among the evaluated classes, P tissues displayed the highest overall results, with precision 

= 90.5%, accuracy = 89.8%, and sensitivity = 87.5%. High sensitivity reflected the system’s strong capacity for 

detecting true pathological cases. The C group achieved the greatest specificity, indicating the model’s 

competence in avoiding false-positive classification of N or P tissues as C, though the inverse misclassification 

remained more common. 
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a) b) 

Figure 5. Accuracy, precision, sensitivity, and specificity results from the external validation for each lung 

tissue type in Model 1 (N, C, P) (a) and Model 2 (CBP, FPP, IP) (b). 

The independent validation of Model 2 using the testing subset yielded very favorable results. An overall precision 

of 90.5% was obtained in accurately detecting and assigning the unlabeled pathological lung specimens to the 

correct categories of CBP, FPP, or IP (Table 4). On the whole, Model 2 exhibited a stronger discriminatory 

capability than Model 1. In particular, all lungs classified as IP were perfectly identified, with no misclassification 

of any CBP or FPP sample as IP, providing 100% accuracy, precision, sensitivity, and specificity for this group 

(Figure 5b). Likewise, the model achieved high values for CBP samples, reaching 90.5% accuracy, 95.6% 

precision, and 92.2% sensitivity, emphasizing its excellent discriminatory performance toward this tissue type 

(Table 4 and Figure 5b). Conversely, the FPP group exhibited a lower precision value (69.0%) (Figure 5b), 

mainly due to the misclassification of nine FPP samples as CBP and five CBP samples being incorrectly labeled 

as FPP (Table 4). 

Although this investigation represented a preliminary phase of a broader research effort and had an exploratory 

focus, the obtained outcomes are encouraging, indicating the potential of NIR spectroscopy for differentiating 

among diverse pig lung tissue categories. The findings demonstrated that NIR spectral profiling can successfully 

separate N, C, and P pig lungs and also distinguish among inflammation types—CBP, FPP, and IP—thus paving 

the way for more efficient diagnostic and management tools for porcine respiratory disorders in veterinary 

applications. 

In this research, the first discriminant model was built to distinguish N, C, and P samples from pig lungs, using 

NIR spectra acquired from these tissues (Model 1). As illustrated in Figure 4a, three distinctive clusters emerged 

for each group. The separation occurred mainly along the first predictive axis, suggesting that the model could 

effectively perform this differentiation. Nevertheless, partial overlaps were observed between tissue categories, 

pointing to the complexity of lung sample classification and the presence of shared spectral components among 

the studied groups. 

It should be emphasized that morphological categorization in this study was performed solely through 

macroscopic inspection by veterinarians. Hence, the inclusion of complementary diagnostic techniques—such as 

histopathological examination, considered the gold standard—would likely have improved the accuracy of sample 

assignment, enhancing both model calibration and validation performance. Due to the heterogeneous pulmonary 

histoarchitecture and its variable microscopic features, the occurrence of different histological patterns within 

neighboring lobules is common [34]. Therefore, during NIR scanning, it is plausible that replicate spectra were 

captured from regions containing mixed tissue traits (e.g., overlapping N, C, and P characteristics), which could 

have contributed to the observed spectral overlap. 

In general, the C lung spectra (Figure 4a) were distributed between N and P, indicating intermediate spectral 

properties. Pulmonary congestion, associated with increased vascular content, can arise from several factors, 

including passive hyperemia due to circulatory stasis or active hyperemia related to inflammatory vasodilation 

[35]. The enhanced blood content, rich in erythrocytes and macromolecules, explains the distinct separation of C 

samples from N, while their intermediate location likely mirrors the progression stages of pneumonia. 

Upon external validation of Model 1, the P class displayed the highest accuracy, precision, and sensitivity values. 

This can be attributed to acute inflammatory alterations, including hyperemia, edema, exudate accumulation, and 
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leukocyte infiltration [36], which create a distinct spectral profile for P lungs, facilitating their correct 

classification. It should be noted that correlating NIR absorption peaks to specific chemical bonds or molecules 

responsible for tissue differentiation remains challenging. The VIP analysis of Model 1 revealed a complex 

molecular signature involved in discriminating N, C, and P categories. As indicated in Table 3, variations in 

amide, protein, water, and hydrocarbon (fatty acid) regions [33] were key contributors to tissue differentiation. 

These differences likely correspond to biochemical and structural alterations linked with inflammatory processes, 

though additional targeted studies are necessary to fully clarify these associations. 

A second discriminant model was designed to classify the different inflammatory patterns in pig lungs. This model 

considered the three most prevalent pneumonia forms—CBP, FPP, and IP. When compared with Model 1, Model 

2 showed a higher predictive performance, reinforcing the assumption that pathological alterations in tissue 

architecture and composition can be effectively detected through NIR spectral features. Furthermore, these 

findings confirm that a considerable proportion of NIR spectral variability is directly linked to the distinct 

pathological properties of lung tissue, supporting its use for accurate sample differentiation. 

The score scatter plot for Model 2 displayed separate clusters representing each inflammation type, although 

partial overlap occurred between CBP and FPP samples (Figure 4b). However these two pneumonia patterns are 

typically described as separate pathological entities; mixed lesions combining features of both conditions are 

frequently encountered in routine postmortem examinations. Consequently, the inclusion of histopathological 

verification in future work is essential to further refine the model calibration and enhance accuracy. Notably, IP 

samples were clearly separated from the others, and external validation yielded 100% accuracy, precision, 

sensitivity, and specificity for this tissue type (Figures 4b and 5b). The distinct pathological mechanisms of 

interstitial pneumonia, when compared with the other two pneumonia forms, likely account for these results. 

While CBP and FPP primarily show catarrhal or fibrinous exudates and neutrophilic/macrophagic infiltration 

within alveolar spaces and distal bronchioles, IP mainly involves changes in the peribronchiolar, perivascular, and 

perilobular interstitium. In acute IP, edema and dense lymphoplasmacytic and histiocytic infiltrates expand the 

alveolar and interlobular septa, while chronic progression results in marked interstitial fibrosis [35]. 

When analyzing the NIR absorbance variations that contributed most to distinguishing the pathological groups 

(Table 3), water absorption bands appeared as the dominant factor, followed by amide/protein signals [33]. This 

may indicate that exudative and inflammatory cellular processes influence the observed spectral fingerprints for 

these lung conditions (Table 3). Nevertheless, future investigations should involve a larger sample set, especially 

for IP, to confirm these findings. Moreover, complementing NIR spectroscopy with other chemical or molecular 

analyses will be critical for a comprehensive understanding of these biological samples. 

Overall results 

The present study provides convincing proof of concept for employing NIR spectroscopy to classify pig lung 

tissue categories, opening new prospects for rapid and reliable diagnostic methodologies. The model performance 

metrics were highly satisfactory, closely matching those reported in earlier studies that applied NIR analysis to 

distinguish normal and pathological tissues. In fact, classification accuracy exceeded 90%, aligning with the 

performance levels documented in previous literature [26–28]. The few observed misclassifications appeared 

mainly linked to variability in lesion severity or a continuum between healthy and diseased tissues, echoing 

challenges frequently noted in prior research [26–28]. 

Application perspectives 

In conclusion, the use of NIR spectroscopy, particularly through portable handheld devices, shows considerable 

promise not only in veterinary laboratory diagnostics but also in slaughterhouse inspection contexts. For instance, 

systematic NIR-based assessment of lung tissues during routine abattoir evaluations could yield large-scale 

epidemiological data and improve on-farm respiratory disease management. Nonetheless, implementing portable 

NIR tools in high-throughput industrial facilities entails significant technical and logistical constraints that must 

be carefully addressed [37]. To this end, future efforts should focus on developing advanced contactless NIR 

sensors capable of remote, automated tissue assessment, in line with Regulation (EU) 2019/627, which promotes 

a visual-only, risk-based postmortem inspection framework in pig slaughterhouses [38, 39]. 

Furthermore, the introduction of customized hyperspectral imaging systems functioning in the NIR range within 

processing lines could mark a major technological step forward. Such systems, based on principles similar to those 

of portable NIR devices, can operate in real time, enabling the spatial mapping of spectral features across the 

entire organ surface. Compared to conventional RGB cameras (limited to the 400–700 nm visible spectrum), NIR 

hyperspectral imaging extends data acquisition to a broader spectral range, allowing for better artifact 
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discrimination (e.g., those caused by carcass shape or blood residues). This capability can significantly improve 

the reliability of lesion detection and quality control in industrial meat inspection environments. 

Conclusion 

The incorporation of advanced analytical instruments is becoming a key development in animal health and 

veterinary diagnostics. Although NIR spectroscopy has only recently been tested for assessing pig lung pathology, 

the findings from this investigation clearly demonstrate its feasibility for automated and objective differentiation 

of normal, congested, and diseased tissues, as well as for the recognition of specific pneumonia patterns. Owing 

to its non-destructive, rapid, and user-friendly nature, this technique is particularly suitable for integration into 

slaughter line workflows, enabling semi-quantitative evaluation of lung lesions and their severity. The NIR-based 

classification models created here could become valuable decision-support tools for veterinary pathologists and 

inspectors, aiding necropsy procedures and disease surveillance. Ultimately, such advancements may foster 

improved respiratory disease control, promoting better animal welfare and public health protection. 
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