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Abstract

This paper presents an automatic classification system for pulmonary diseases in chest
X-rays based on geometric normalization. The proposed method consists of three main
modules. Module 1: A landmark detector: A ResNet-18 convolutional neural network
with coordinate attention mechanism is trained to predict 15 landmarks defining the lung
contour, achieving a mean error of 3.61 pixels (median 3.07 pixels) through an ensemble
of four models with test-time augmentation. Module 2: Geometric normalizer: a set of
landmarks surrounding the lung region is used to geometrically normalize each image.
This normalization involves: Generalized Procrustes Analysis used once to obtain a stan-
dard lung shape, Delaunay triangulation to build a deformation mesh, and a piecewise
affine transformation (warping) to map the original lung region to a standardized region.
This process eliminates variations in position, scale, and orientation in the original set.
Module 3: Classifier: normalized images are classified into three categories (COVID-19,
Viral Pneumonia, and Normal) using a ResNet-18 classifier with transfer learning and
a contrast adjustment (using the SAHS (Statistical Asymmetrical Histogram Stretching)
method). The classifier was evaluated through five-fold cross-validation on the COVID-19
Radiography Database, demonstrating high stability with 98.60 ± 0.26% accuracy, and
98.00% F1-Macro, confirming the robustness of the approach. Although the classifier
trained with original images reached a higher accuracy than using normalized images,
Gradient-weighted Class Activation Mapping (Grad-CAM) analysis and the cropping
experiment suggest that this advantage is partly driven by acquisition artifacts rather than
lung pathology. In contrast, geometrically normalized images outperform their non-aligned
artifact-masked/cropped counterparts: 98.60% vs. 96.24% on the COVID-19 Radiography
Database and 94.67% vs. 94.17% on a balanced adult–pediatric mixed dataset including
pediatric cases from the Kermany dataset, suggesting that anatomical alignment can yield
a more reliable and artifact-resistant representation for pulmonary disease recognition.

Keywords: lungs; pulmonary diseases; COVID-19; pneumonia; diagnosis of pulmonary
diseases; chest X-ray image analysis; automatic image analysis; lung region segmentation;
landmark detection in medical images; piecewise affine warping

1. Introduction
Chest X-rays constitute a first-line diagnostic tool for pneumonia due to their wide

availability, low cost, and rapid acquisition [1]. However, manual interpretation requires
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specialized experience and is subject to inter-observer variability, motivating the develop-
ment of automatic classification methods.

Deep learning-based methods have demonstrated great potential for automatic pneu-
monia detection [2–4]. However, their performance can be affected by variations in image
acquisition, including differences in patient position, scale, and orientation, as well as
artifacts from each radiographic equipment. This phenomenon, known as domain shift [5],
can compromise the generalization capability of models.

1.1. Related Work

Various works have addressed variability in medical images through normalization
and alignment techniques. Ayala-Raggi et al. [6] demonstrated in their study presented
at the Asian Conference on Pattern Recognition (ACPR) 2023 that chest X-ray normal-
ization, combined with discriminant feature selection, significantly improves automatic
COVID-19 recognition by eliminating non-pathological variations. Picazo-Castillo et al. [7]
showed that the way visual information is presented to the classifier has a significant
impact on performance, highlighting the importance of adequate preprocessing. Other
approaches have explored the use of geometric transformations in medical images and
include end-to-end learnable transformations such as Spatial Transformer Networks [8],
though methods based on anatomical landmarks offer a more interpretable alternative with
lower data requirements.

1.2. Proposal of the Present Work

We propose a geometric normalization method that goes beyond traditional rigid
transformations (rotation, translation, scaling) by incorporating local deformations based
on lung anatomy. The method uses three components: (1) convolutional neural networks
to predict 15 landmarks defining the bilateral lung contour, (2) Generalized Procrustes
Analysis [9] on manually annotated landmarks to determine a standard lung shape, and
(3) Delaunay triangulation [10] with piecewise affine warping [11] to deform each image
to the standard shape. The normalized images are classified using a ResNet-18 [12] with
transfer learning.

This approach minimizes non-pathological variability, allowing the classifier to fo-
cus on intrinsic pathological characteristics. To the best of our knowledge, this method
for COVID-19 classification is among the first to apply piecewise affine warping based
on anatomical landmarks automatically detected, combining classical image processing
techniques with modern deep learning in a fully automatic and interpretable pipeline.

2. Materials and Methods
2.1. System Overview

The proposed system receives a chest X-ray and produces a classification output
(Normal, COVID-19, or Viral Pneumonia) through three stages: (1) landmark prediction,
(2) geometric normalization, and (3) classification. This modular architecture allows each
component to be trained and evaluated independently. Figure 1 illustrates the complete
processing flow at evaluation.

2.2. Dataset

The public COVID-19 Radiography Database [4,13] was used, containing 15,153 pos-
teroanterior radiographs organized into three categories: COVID-19 (3616 images), Normal
(10,192 images), and Viral Pneumonia (1345 images). Original images (299 × 299 pixels)
were resized to 224 × 224 pixels, the standard format for ImageNet-pretrained models.
For supervised training of the landmark prediction model, 15 landmarks were manually
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annotated by a single individual on the lung contour of 957 images. The annotation process
required approximately three minutes per image (about 48 h of cumulative annotation
effort). Landmarks define control points on the bilateral lung silhouette, organized in a
central vertical axis (5 points) and five symmetric left/right pairs (10 points). The dataset
was split in a stratified manner into training (75%), validation (15%), and test (10%).

Figure 1. Evaluation pipeline: input radiograph (299 × 299) → preprocessing (224 × 224, CLAHE
(Contrast Limited Adaptive Histogram Equalization) ) → landmark prediction (15 coordinate pairs,
3.61 px error) → piecewise affine warping → classification (COVID-19, Normal, Viral Pneumonia).

2.3. Landmark Prediction Model Architecture

The landmark prediction model is based on a ResNet-18 [12] architecture, referred to
as Neural Network 1 (NN 1) , pretrained on ImageNet [14]. The architecture comprises
three components (Figure 2):

Figure 2. Landmark prediction model architecture (NN 1). The input image passes through the
ResNet-18 backbone (7 × 7 × 512 feature map), then through the Coordinate Attention module,
and finally through the regression head producing 30 coordinate values.

• Backbone: ResNet-18 convolutional layers process the input image (224 × 224 × 3)
producing a 7 × 7 × 512 feature map.

• Coordinate Attention Module: Inserted between the backbone and regression head,
this mechanism [15] captures positional dependencies along both spatial dimensions,
which are crucial for precise localization tasks.

• Regression Head: Three fully connected layers (512 → 512 → 768 → 30) with Group
Normalization [16] and staggered dropout. The output is 30 normalized values
in [0, 1], corresponding to the (x, y) coordinates of the 15 landmarks.

2.4. Landmark Model Training

Wing Loss [17] was used as the loss function, specifically designed for landmark
localization due to its adaptive behavior: logarithmic for small errors (fine refinement) and
linear for large errors (stability):

Lwing(e) =

ω ln
(

1 + |e|
ϵ

)
, |e| < ω

|e| − C, |e| ≥ ω
(1)

with parameters ω = 10 pixels, ϵ = 2 pixels, and C = ω − ω ln(1 + ω/ϵ).
Training was organized in two phases. In the first phase (15 epochs), only the regres-

sion head was trained with a learning rate 1 × 10−3, keeping the backbone and Coordinate
Attention frozen. In the second phase (100 epochs maximum), all layers were trained with
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differentiated rates: 2 × 10−5 for backbone and Coordinate Attention, and 2 × 10−4 for
the head.

To improve precision and reduce variance, an ensemble of four models trained with
different random seeds (123, 321, 111, 666) was implemented. During inference, Test-Time
Augmentation (TTA) was applied through horizontal flipping with symmetric landmark
correction, averaging predictions from original and reflected images.

2.5. Generalized Procrustes Analysis

To determine a standard lung shape for normalization, Generalized Procrustes Analy-
sis (GPA) [9] was applied to the 957 manually annotated landmark configurations.

GPA is an iterative algorithm that eliminates translation, scale, and rotation variations
through three operations per configuration: (1) centering to origin, (2) scaling to unit norm,
and (3) optimal rotation calculated by Singular Value Decomposition (SVD). The process
repeats until convergence (tolerance τ = 10−8), producing a standard shape that represents
the average lung morphology of the dataset (Figure 3).

Figure 3. GPA process: (a–c) original Procrustes alignment stages (original unaligned shapes,
centered/scaled configurations, and rotation-aligned configurations, respectively). (d) Final standard
shape with 15 labeled landmarks (L1–L15).
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2.6. Delaunay Triangulation and Warping

On the 15 landmarks of the standard shape, a Delaunay triangulation [10] was calcu-
lated, resulting in a mesh of 16 triangles covering the lung region (Figure 4). This mesh
defines the correspondence between points of the original image and the standard shape.

For each pair of corresponding triangles (original image ↔ standard shape), a unique
affine transformation [11] was calculated that maps the image within each triangle to its
corresponding region in the standard shape. The transformation preserves continuity at
triangle edges and uses bilinear interpolation.

Figure 4. Delaunay triangulation on the standard shape. The 15 landmarks (red points) form a mesh
of 16 triangles. The central axis (L1, L9–L11, L2) divides the lung silhouette, while symmetric pairs
define the bilateral contour.

A key parameter, margin_scale = 1.05, controls a slight radial expansion from the
landmark centroid, ensuring relevant peripheral anatomical context is included. The re-
sulting normalized images have the lung region occupying approximately 47% of the total
area (Figure 5). The complete dataset of 15,153 normalized images was generated using
the ensemble model (NN 1) for landmark inference, constituting the input for training the
classifier (Neural Network 2, NN 2).

2.7. Classification

For multiclass classification, a ResNet-18 architecture pretrained on ImageNet was
used, replacing its final layer with a fully connected layer with 3 outputs (COVID-19,
Normal, Viral Pneumonia). Normalized images were processed with SAHS (Statistical
Asymmetrical Histogram Stretching) [18], a contrast enhancement method specifically
designed for radiographs.

The dataset presents significant class imbalance (67% Normal, 24% COVID-19,
9% Viral Pneumonia). To mitigate bias, weights inversely proportional to each class
frequency were used in the Cross-Entropy loss function. Training employed data augmen-
tation (horizontal flip, ±10◦ rotations, slight affine transformations), AdamW optimizer [19]
with initial rate 1 × 10−4, and early stopping based on validation set F1-Macro.
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Figure 5. Geometric normalization examples. (Top): original radiographs showing variations in size,
position, and orientation. (Bottom): same images after warping to the standard shape.

2.8. Evaluation Metrics

Performance was evaluated using: Landmark error (average Euclidean distance in
pixels between predicted and annotated landmarks), Accuracy, F1-Macro (arithmetic mean
of per-class F1-Score), and Precision/Recall per category.

3. Results
3.1. Landmark Localization Precision

The ensemble of four models with TTA achieved a mean error of 3.61 pixels on
224 × 224 images, representing a 10.6% improvement over the best individual model
(4.04 pixels) (Table 1). This error equals 1.6% of the image side size, sufficient precision for
geometric normalization without introducing significant distortions.

Table 1. Landmark detection precision. Error is measured in pixels on 224 × 224 images.

Configuration Mean Error Median Error Improvement

Best individual model 4.04 px — —
Ensemble (4 models) + TTA 3.61 px 3.07 px 10.6%

Per-landmark analysis revealed a systematic pattern (Figure 6): higher precision
at central axis points (2.44–2.94 pixels) due to clear definition of the vertebral midline,
and lower precision at upper corners (5.35–5.43 pixels) where lung boundaries are less sharp.
By category, error was consistent across pathologies—Normal (3.22 px), COVID-19 (3.93 px),
Viral Pneumonia (4.11 px)—demonstrating model robustness and lack of systematic bias.

3.2. Effect of Normalization on Classification

The classifier trained on normalized images achieved the following results on the
five-fold cross-validation on the combined training and validation sets of 13,258 images:
Accuracy: 98.60% ± 0.26%; F1-Macro: 98.00% ± 0.36%. The low standard deviations (all
below 0.4 percentage points (pp)) confirm robustness and minimal dependence on specific
training examples. Table 2 presents performance by category.
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Figure 6. Prediction error by landmark. (a) Mean error for each point L1–L15; dashed line indicates
global mean (3.61 px). (b) Heat map on standard shape showing error distribution (2.5–5.0 px scale).

Table 2. Classification average results by category (5-fold cross-validation).

Category Precision Recall F1-Score Samples

COVID-19 98.08% ± 0.32 98.23% ± 0.59 98.15% ± 0.36 3164
Viral Pneumonia 96.61% ± 2.13 97.19% ± 1.19 96.87% ± 0.79 1176

Normal 99.06% ± 0.08 98.91% ± 0.34 98.98% ± 0.20 8918
Bold values indicate the best-performing class across all three metrics.

A controlled comparison between three preprocessing configurations (Table 3) shows
that the warped configuration achieves performance comparable to original images
(−0.66 pp), while simple border cropping produces inferior results compared with warped
images (−2.36 pp), demonstrating that geometric normalization effectively compensates
for peripheral information loss.

Table 3. Five-fold cross-validation results for overall classifier performance. Note that the high
accuracy in the first line should be interpreted with caution because peripheral artifacts may reveal
class-related information. Therefore, that result cannot be considered valid.

Configuration Accuracy (%) F1-Macro (%)

Original + SAHS 99.26 ± 0.18 98.90 ± 0.24
Warped + SAHS 98.60 ± 0.26 98.00 ± 0.36
Cropped + SAHS 96.24 ± 0.29 95.36 ± 0.32

The confusion matrix associated with the best-performing results corresponds to the
dataset with the largest number of samples (13,258 out-of-fold predictions from the five-fold
cross-validation) (Figure 7) and reveals that the main confusions occur between Normal
and COVID-19 (112 cases) and between Normal and Viral Pneumonia (69 cases). Confusion
between COVID-19 and Viral Pneumonia is minimal (only 5 of 13,258 cases, 0.04%), which
is clinically relevant since these conditions require different treatments.

Receiver Operating Characteristic (ROC)curves (Figure 8) confirm excellent discrimi-
nation for all three classes, with Area Under the Curve (AUC)values exceeding 0.99.

Additional experiments were conducted using a second dataset to evaluate the impact
of normalization on classification performance. Retraining and testing procedures were
carried out to validate the relevance and effectiveness of image normalization. The specific
characteristics of this second dataset made it possible to strengthen the evaluation of the
benefits associated with normalization techniques by incorporating more diverse samples,
including adult and pediatric patients.

https://doi.org/10.3390/covid6070121
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Figure 7. Confusion matrix of the Warped + SAHS classifier obtained from the aggregated out-of-fold
predictions of the five-fold cross-validation (13,258 samples; Accuracy: 98.60%, F1-Macro: 98.00%).
Confusion between COVID-19 and Viral Pneumonia is minimal (5 cases).

Figure 8. ROC curves (one-vs-rest): (a) COVID-19 vs. rest (AUC = 0.995), (b) Normal vs. rest
(AUC = 0.993), (c) Viral Pneumonia vs. rest (AUC = 0.994). Insets zoom into the low false positive
rate region.

The second dataset consists of 9000 images selected to incorporate characteristics from
different age ranges, aiming to increase the generalization capability of the neural network
employed. A subset of the Kermany dataset [20], specifically focused on pediatric cases,
was used for this purpose. Thus, the new training dataset, using data normalization, is
balanced with the following distribution: 3000 instances of COVID-19, 3000 instances of
pneumonia, of which 1500 correspond to pediatric cases, and finally 3000 normal cases,
with 1500 adult samples and an equal number of pediatric samples.

Thus, the class distribution was organized as follows: the COVID-19 class was com-
posed exclusively of adult cases due to the insufficient number of pediatric radiographs
available; the pneumonia class consisted of 50% adult cases and 50% pediatric cases from
the Kermany dataset; similarly, the normal class included 50% adult cases and 50% pedi-
atric cases.

Similarly, to incorporate relevant information despite not having a specific label dis-
tinction within the pneumonia category in the target dataset, the labeling scheme from the
Kermany dataset was leveraged, as it differentiates between viral and bacterial pneumonia
cases. Therefore, the pediatric subset was divided such that, among the 1500 pediatric
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instances included, 750 corresponded to viral pneumonia cases and 750 to bacterial pneu-
monia cases.

Figure 9 shows the learning curves corresponding to the training process performed
(70% dataset) using the balanced dataset, which incorporates information from both adult
and pediatric populations.

Tables 4 and 5 present the respective averaged classification metrics for the balanced
dataset after retraining the ResNet18 model. These values correspond to the average metrics
across the five repeated stratified train/validation/test splits, whereas Figures 10 and 11 show
the confusion matrices obtained from the first repeated split as representative examples.

Figure 9. Model learning curves, including the evolution of the loss function and accuracy during the
training and validation phases.

Table 6 presents the experiments conducted using the previously described balanced
dataset. It can be observed that the best performance is achieved when using chest X-ray
images without cropping or alignment. This behavior may be attributed to the presence
of well-defined artifacts along the image borders, which differ across classes and facilitate
their discrimination. When cropping or alignment procedures are applied, these artifacts,
which can be consistently identified for each class, are removed. As a result, the detection
rate decreases; however, confidence increases that the model is making its decisions based
on patterns associated with pulmonary pathologies rather than on spurious features or
imaging artifacts.

https://doi.org/10.3390/covid6070121
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Table 4. Classification average results of the retrained model on the validation set (20% of the data).

Category Precision Recall F1-Score Samples

COVID-19 99.67% ± 0.15 99.50% ± 0.35 99.58% ± 0.23 600
Pneumonia 94.52% ± 0.75 92.00% ± 0.69 93.24% ± 0.51 600

Normal 92.18% ± 1.16 94.33% ± 0.98 93.24% ± 0.75 600
Bold indicates the highest value (Precision, Recall, or F1-Score) within each row.

Figure 10. Confusion matrix of the first repeated split of the Warped + SAHS balanced validation
dataset (Accuracy: 95.44%, F1-Macro: 95.40%).

Table 5. Classification average results of the retrained model on the test set (10% of the data).

Category Precision Recall F1-Score Samples

COVID-19 99.34% ± 0.52 99.50% ± 0.5 99.42% ± 0.36 300
Pneumonia 93.15% ± 0.89 90.67% ± 1.36 91.89% ± 0.82 300

Normal 91.50% ± 1.09 93.33% ± 0.95 92.41% ± 0.72 300
Bold indicates the highest value (Precision, Recall, or F1-Score) within each row.

The confusion matrices corresponding to the balanced dataset for the validation and
test subsets are presented in Figures 10 and 11, respectively. As shown in Figure 10, which
corresponds to the validation confusion matrix, the main area for improvement lies in the
misclassification of healthy patients (normal) as pneumonia or COVID-19 cases. To a lesser
extent, pneumonia cases are confused with COVID-19 or classified as healthy patients.

Conversely, Figure 11, which corresponds to the test subset, reveals that the predomi-
nant source of misclassification stems from healthy patients being predicted as pneumonia
cases, whereas, to a lesser degree, pneumonia cases are misclassified as healthy patients.

Because COVID-19 cases were exclusively adult, while the pneumonia and normal
classes included both adult and pediatric images, this balanced dataset may still contain
residual age- and source-related biases. Therefore, these results should be interpreted as an
additional robustness experiment rather than as definitive external validation.

https://doi.org/10.3390/covid6070121
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Figure 11. Confusion matrix of the first repeated split of the Warped + SAHS balanced test dataset
(Accuracy: 94.67%, F1-Macro: 94.65%).

Table 6. Five repeated stratified train/validation/test split results for overall classifier performance.
Note that the accuracy in the first line is very high due to the presence of artifacts in the image that
reveal the class. Therefore, that result cannot be considered valid.

Configuration Accuracy F1-Macro

Original + SAHS 97.55% ± 1.02 97.11% ± 0.97
Warped + SAHS (proposed Balanced dataset) 94.67% ± 0.95 94.66% ± 0.65

Cropped (12%) + SAHS 94.17% ± 0.79 93.88% ± 0.76

3.3. Model Interpretability Through Attention Visualization

Gradient-weighted Class Activation Mapping (Grad-CAM)visualization (Figure 12)
confirms that attention in original images often concentrates on artifacts, while attention
in warped images remains within lung regions, supporting the hypothesis that geometric
normalization constrains the model to learn clinically relevant features.

3.4. Failure Case Analysis

The best results obtained from the conducted experiments demonstrate that the anal-
ysis of the 186 misclassified cases (1.40% error rate) from the five-fold cross-validation
revealed characteristic patterns (Figure 13, Table 7). Manual review confirmed that 24/186
(12.9%) of the misclassified cases presented ambiguous visual features where inter-expert
disagreement would be expected.

Two key observations emerge: (1) confusion between COVID-19 and Viral Pneumonia
is minimal (5 cases, 0.04% of all samples), which is clinically significant as these conditions
require different treatment protocols, and (2) Viral Pneumonia exhibits the highest error
rate (2.81%), attributable to class imbalance and greater presentation heterogeneity. False
positives are rare; only 97 Normal cases (1.09%) were misclassified as pathological.

https://doi.org/10.3390/covid6070121
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Figure 12. Grad-CAM visualization comparing original (left) and warped (right) images for COVID-
19, Normal, and Viral Pneumonia cases. Warmer colors (red/yellow) indicate regions of higher
model attention, while cooler colors (blue) indicate lower attention. Warped images show attention
concentrated within lung regions rather than on peripheral artifacts.

Table 7. Distribution of misclassification patterns in the five-fold cross-validation (186 total errors
from 13,258 cases).

Error Type Count % of Class Likely Cause

COVID-19 → Normal 54 1.71% Subtle opacities, early/late stage
Normal → COVID-19 58 0.65% Prominent vessels, soft tissue overlap

Viral Pneumonia → Normal 30 2.55% Minimal infiltrates, atypical presentation
Normal → Viral Pneumonia 39 0.44% Peribronchial markings, pediatric pattern

Viral Pneumonia → COVID-19 3 0.26% Diffuse opacities shared between pneumonias
COVID-19 → Viral Pneumonia 2 0.06% Diffuse opacities shared between pneumonias

Bold row highlights the rarest confusion type, discussed in the text below.
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Figure 13. Representative failure cases showing characteristic misclassification patterns. (Top): COVID-
19 cases with subtle opacities misclassified as Normal, and a Normal case with prominent vascular
markings misclassified as COVID-19. (Bottom): Normal cases misclassified as pathological due to
artifacts or prominent anatomical structures.

3.5. Comparison with Literature

Table 8 compares the proposed system with related works. The system achieves com-
petitive performance using a larger dataset (15,153 images), classifying 3 classes, and em-
ploying a lighter architecture (ResNet-18), with the added advantage of interpretability
through explicit landmark visualization and transformation auditability.

Table 8. Comparison with related works in COVID-19 classification.

Work Classes Dataset Architecture Accuracy

Proposed system 3 15,153 ResNet-18 + Warping 98.60%

Chowdhury et al. [4] 4 423 VGG19 96.58%
Rahman et al. [13] 3 3616 VGG16 93.94%
Ozturk et al. [21] 2 1127 DarkCovidNet 98.08%
Narin et al. [22] 2 341 ResNet-50 98.00%

Bold row highlights the proposed system, for comparison with related works.

4. Discussion
4.1. Interpretation of Landmark Detection Results

The ensemble achieved a mean error of 3.61 pixels (1.14% of image diagonal). As-
suming a typical posteroanterior chest radiograph field of view of 32 cm, this translates to
approximately 5 mm in physical space; this precision is comparable to automated lung field
detection systems reported in the literature (5–10 pixels) and superior to many intensity-
based segmentation approaches. The systematic error pattern reflects the underlying
anatomy: central axis landmarks (L9–L11) achieve highest precision (2.44–2.94 pixels) due
to the clear reference provided by the vertebral column, which appears as a consistent high-
intensity vertical structure in chest radiographs, while upper corner landmarks (L12, L13)

https://doi.org/10.3390/covid6070121
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exhibit the largest errors (5.35–5.43 pixels) where lung boundaries are inherently diffuse
due to superposition with mediastinal structures. A possible explanation for the higher
errors observed at landmarks L12 and L13 is the greater variability of the local anatomical
neighborhood around these points. In the available training images, the anatomical struc-
tures surrounding these landmarks may differ substantially between pediatric and adult
radiographs, especially because bone size, thoracic proportions, and upper-lung boundary
appearance can change considerably across these two groups. In contrast, landmarks
located near more stable anatomical regions, such as L10, tend to exhibit a more consistent
local structure across pediatric and adult cases, which may explain their lower localiza-
tion error. Future work could address this variability by using age-stratified training sets,
landmark-specific loss weights, or multi-scale feature extraction modules that emphasize
anatomical cues in highly variable boundary regions.

The consistency across disease categories (Normal: 3.22 px, COVID-19: 3.93 px, Viral
Pneumonia: 4.11 px) confirms robustness without systematic bias, with the modest increase
in pathological cases attributable to boundary distortion from infiltrates and consolidations.

4.2. Effect of Geometric Normalization on Classification Performance

The 0.66 pp difference between Original and Warped configurations, while numerically
small, is conceptually relevant. Original images may contain discriminative information
outside the lung region, for example, institutional labels and acquisition artifacts that
correlate with disease severity. This hypothesis is supported by Zech et al. [5], who
demonstrated that pneumonia detection models could predict the originating hospital with
99.95% accuracy, exploiting spurious correlations.

The cropped configuration (96.24%) confirms that peripheral borders contribute dis-
criminative power to the original model. The warped configuration (98.60%) outperforms
cropping by 2.36 pp, demonstrating that geometric normalization compensates for infor-
mation loss through spatial standardization. Thus, the 98.60% accuracy of the warped
model provides a more conservative and clinically relevant estimate based exclusively on
lung features.

Conceptually, geometric normalization acts as a spatial filter with selective preserva-
tion properties: it retains local texture (ground-glass opacities, consolidations, interstitial
infiltrates) and intensity patterns within the lung while eliminating absolute spatial po-
sition, global scale, orientation, and extra-pulmonary information (markers, labels). This
selective filtering encourages the classifier to learn representations more closely related to
pulmonary pathology and reduces the risk of relying on extra-pulmonary artifacts.

4.3. Comparison with Alternative Normalization Approaches

Spatial Transformer Networks (STNs) [8] represent a prominent end-to-end alterna-
tive for geometric normalization. However, STNs present critical limitations for medical
imaging: they apply a single global affine transformation that is inadequate for deformable
organs exhibiting non-rigid variability, require substantial training data as they lack anatom-
ical priors, and produce non-auditable transformations that hinder clinical validation.
In contrast, our piecewise affine warping applies 16 local transformations guided by ex-
plicit anatomical landmarks, enabling non-uniform deformations that capture regional
lung shape variability. The modular approach sacrifices joint optimization but gains in-
terpretability (landmarks are visually verifiable), lower data requirements (957 manually
annotated examples), and reusability (the landmark detector can serve other tasks).

4.4. Clinical Implications

The complete inference pipeline executes in under 1 s on a GPU (AMD Radeon RX 6600,
8 GB VRAM; Advanced Micro Devices, Inc., Santa Clara, CA, USA), ∼3 s on a CPU (AMD
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Ryzen 5 5600G; Advanced Micro Devices, Inc., Santa Clara, CA, USA), compatible with real-
time applications including second opinions for general radiologists and mass screening
in high-throughput settings. A critical advantage is multi-level interpretability: unlike
black-box classifiers, the system decomposes the classification process into auditable stages:
landmark localization (verifiable by radiologists), geometric transformation (inspectable
through side-by-side visualization), and classification (complemented with Grad-CAM
attention maps). This transparency could allow clinicians to identify potential failures,
for instance if landmarks fall outside lung boundaries or if the warped image exhibits
severe distortions, and reject unreliable predictions, addressing a fundamental barrier to
clinical adoption of deep learning systems.

It is important to emphasize that the proposed system is intended exclusively as a
machine learning research prototype algorithm, not as a standalone diagnostic system. Its pre-
dictions should be interpreted by qualified healthcare professionals in conjunction with clinical
findings, radiological assessments, laboratory tests, and institutional diagnostic protocols.

4.5. Limitations and Future Directions

This study has several limitations:

• An important limitation of the present study is the absence of a true external validation
on independent multi-institutional datasets. Although the balanced adult–pediatric
mixed dataset provides an additional robustness experiment, it should not be inter-
preted as definitive external validation. Future work should evaluate the proposed
pipeline on independent datasets such as MIMIC-CXR, CheXpert, PadChest, or other
multi-center radiographic collections to assess generalization across acquisition proto-
cols, patient populations, and imaging devices.

• Only ResNet-18 was evaluated as a classifier; alternative architectures (DenseNet-
121, EfficientNet-B0, Vision Transformers) may benefit differently from geomet-
ric normalization.

• The landmark annotation of 957 images, while substantially less than pixel-level
segmentation, represents a non-trivial burden that could be reduced through semi-
supervised or few-shot learning strategies.

Future work could redefine them to align with standardized radiology terminology
(Fleischner Society,American College of Radiology (ACR)). For pathologies where geo-
metric variability is diagnostically informative (e.g., hyperinflation in chronic obstructive
pulmonary disease (COPD), pneumothorax), a hybrid approach extracting geometric fea-
tures alongside normalized texture may be needed.

Future directions include: (1) extension to additional pathologies (tuberculosis, pul-
monary edema, nodules), (2) comparison with end-to-end STN-based methods to quantify
the interpretability–performance trade-off, and (3) exploitation of the fixed anatomical
layout of normalized images for lesion localization: because the alignment procedure maps
each anatomical landmark to a consistent spatial position, it may be possible to generate
standardized lesion maps that indicate not only the presence of a pathology but also its
precise anatomical location, potentially improving the interpretability and clinical utility of
the system.

5. Conclusions
This work presented a pulmonary disease classification system based on anatomical

landmark detection and geometric normalization of the lung region. The results support
the following conclusions:
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• Geometric alignment provides a controlled representation of chest X-rays by reducing
variations in position, scale, orientation, and extra-pulmonary artifacts.

• Original images achieved slightly higher raw accuracy; however, Grad-CAM analysis
showed attention on artifacts, indicating that part of this advantage may come from
non-pathological cues.

• Although original images achieved the highest raw accuracy, this result is likely in-
fluenced by peripheral acquisition artifacts. When compared against artifact-masked
unaligned images, the geometrically normalized representation achieved higher per-
formance: (98.60% vs. 96.24%) for the COVID-19 Radiography Database and (94.67%
vs. 94.17%) for the balanced adult–pediatric mixed dataset including pediatric cases
from the Kermany dataset, supporting the benefit of anatomical alignment under
a more controlled evaluation setting. These results suggest that geometrically nor-
malized images can improve classification performance under an artifact-controlled
evaluation setting.

• The classifier achieved stable, high performance under five-fold cross-validation
(98.60 ± 0.26% accuracy, 98.00% F1-Macro).

• Geometric alignment ensures that anatomical regions are consistently mapped to fixed
spatial positions across all images. As a result, the discriminative features relevant to
each pathology always appear at the same location in the normalized image, reducing
the representational burden on the classifier. Although convolutional neural networks
can tolerate variations in translation, scale, and rotation through their inductive
biases, such variability makes it harder to reliably abstract the most discriminative
features. By eliminating this variability, geometric normalization allows the classifier
to focus its capacity on pathology-specific patterns rather than on compensating for
positional differences.

The main contributions of this work are:

• A robust automatic landmark detector for lung contour localization, achieving a mean
error of 3.61 pixels through an ensemble with test-time augmentation.

• A complete geometric normalization framework combining Generalized Procrustes
Analysis, Delaunay triangulation, and piecewise affine warping.

• An automated method for generating an image of the lung region, standardized
in shape, pose and size, which could be useful in future work to obtain a precise
anatomical mapping of lung lesions.

• An interpretable pipeline in which landmark prediction, image warping, classification,
and Grad-CAM visualization can be inspected independently.

These results provide methodological evidence on the importance of controlling
extrinsic variability in medical images to develop classifiers that learn pathology-relevant
patterns rather than spurious correlations—a critical property for future clinical validation
and potential decision-support deployment across institutions.
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