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This study proposes a novel heterogeneous ensemble deep learning architecture for pneumonia classifica-
tion from chest X-ray images by integrating pretrained convolutional neural networks(CNN), VGG16 and
ResNet50 with a fine-tuned vision transformer (ViT). The model employs a feature-level fusion strategy that
concatenates deep local spatial features extracted by the CNN backbones and feeds them into the ViT to
capture global contextual relationships via self-attention. This design effectively addresses the limitations
of standalone CNN and ViT models by synergistically combining their complementary strengths. Extensive
ablation studies and experimental evaluations demonstrate that the ensemble model significantly outper-
forms individual CNN and ViT baseline models, achieving an accuracy of 98.5%, precision of 98.7%, recall
of 98.3%, F1-score of 98.5%, and an area under the receiver operating characteristic (AUC-ROC) curve
of 0.99 on the pneumonia X-ray dataset. The architecture balances detailed local feature extraction and
holistic global context modelling, offering a robust and efficient solution for medical image classification.

Povzetek: Študija predstavi heterogeni ansambel za klasifikacijo pljučnice na rentgenskih slikah, ki z fuzijo
značilk združi lokalne CNN predstavitve (VGG16, ResNet50) in globalno kontekstno modeliranje s prilago-
jenim ViT.

1 Introduction

Pneumonia remains one of the most critical respiratory in-
fections worldwide, characterised by inflammation of the
alveoli in the lungs, leading to significant morbidity and
mortality, particularly among vulnerable populations, in-
cluding children under five years, the elderly, and immuno-
compromised individuals [1, 2]. According to the World
Health Organization, pneumonia accounts for approxi-
mately 15% of all deaths in children under five years glob-
ally, claiming the lives of over 700,000 children annually
[3]. The disease can be caused by various pathogens, in-
cluding bacteria, viruses, and fungi, with bacterial pneumo-
nia being the most common and potentially life-threatening
form [4]. Early and accurate diagnosis is paramount for ef-
fective treatment, as delayed or incorrect diagnosis can lead
to severe complications, prolonged hospitalisation, and in-
creased mortality rates [5].
Chest X-ray imaging serves as the primary diagnostic

modality for pneumonia detection due to its widespread
availability, relatively low cost, and non-invasive nature
[6]. However, the interpretation of chest X-rays requires
specialised radiological expertise and is subject to inter-
observer variability, with diagnostic accuracy ranging from
70% to 90% depending on the radiologist’s experience and

the quality of the images [7, 8]. In resource-constrained
settings, the shortage of trained radiologists exacerbates
diagnostic delays and errors, highlighting the urgent need
for automated, reliable, and accessible diagnostic tools [9].
Furthermore, the COVID-19 pandemic has underscored the
critical importance of rapid and accurate pneumonia detec-
tion from chest X-rays, as pneumonia is a common compli-
cation of COVID-19 infection [10].
Recent advances in artificial intelligence, particularly

deep learning, have revolutionised medical image analysis
by enabling automated, precise, and rapid detection of var-
ious pathologies from medical images [11, 12]. Convolu-
tional Neural Networks (CNNs) have emerged as the dom-
inant architecture for medical image classification, demon-
strating remarkable success in detecting pneumonia, tuber-
culosis, COVID-19, and other thoracic diseases from chest
X-rays [13, 14, 15]. Pretrained CNN architectures such
as VGG16, ResNet50, DenseNet, and EfficientNet, orig-
inally developed for natural image classification on Ima-
geNet, have been successfully adapted to medical imaging
tasks through transfer learning, significantly reducing train-
ing time and data requirements. [16, 17].
Despite their success, standalone CNN models face sev-

eral inherent limitations. First, CNNs primarily capture lo-
cal spatial features through hierarchical convolution oper-
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ations with limited receptive fields, which may not ade-
quately model long-range dependencies and global contex-
tual relationships across the entire image [18, 19]. In chest
X-ray analysis, global context is crucial for distinguishing
pneumonia from other thoracic conditions, as pathologi-
cal patterns may span multiple anatomical regions. Sec-
ond, the performance of pretrained CNNs on medical im-
ages is constrained by the domain gap between natural im-
ages and medical images, which differ significantly in tex-
ture, contrast, and semantic content [20]. Third, individ-
ual CNN architectures exhibit varying strengths and weak-
nesses. VGG16 excels at capturing fine-grained local fea-
tures but suffers from vanishing gradients in deep layers,
while ResNet50 addresses gradient flow through skip con-
nections but may still miss global contextual information
[21].
Vision Transformers (ViT), introduced by Dosovitskiy

et al. [22], represent a paradigm shift in computer vi-
sion by applying the self-attention mechanism from natu-
ral language processing to image classification [23]. Un-
like CNNs, ViT divides images into patches and processes
them as sequences, enabling the model to capture global
contextual relationships through multi-head self-attention
across all patches simultaneously [22]. This global at-
tention mechanism has shown promising results in medi-
cal imaging, particularly for tasks requiring holistic image
understanding [24, 25]. However, ViT models are data-
hungry, requiring large-scale pretraining datasets to achieve
competitive performance. They exhibit high computational
complexity due to the quadratic scaling of self-attention
with sequence length, and they may not effectively capture
fine-grained local features that are crucial for detecting sub-
tle pathological patterns in medical images [26, 27].
The complementary nature of CNNs and ViT moti-

vates the development of heterogeneous ensemble architec-
tures that combine their respective strengths [28, 29, 30].
CNNs excel at extracting hierarchical local spatial fea-
tures through convolutional operations, while ViT excels
at modelling global contextual relationships through self-
attention mechanisms. By integrating both approaches, en-
semble models can leverage local feature extraction from
CNNs and global context modelling from ViT, potentially
achieving superior performance compared to standalone
models. Recent studies have demonstrated the effective-
ness of CNN-Transformer hybrid architectures in various
medical imaging tasks, including mammogram classifica-
tion, brain tumour classification, and COVID-19 detection
[31, 32, 33].
However, existing ensemble approaches face several

challenges. Simple prediction-level fusion, such as ma-
jority voting or weighted averaging of predictions, may
not fully exploit the complementary information from dif-
ferent models [34]. Feature-level fusion, while more ex-
pressive, requires careful design of fusion strategies to ef-
fectively combine features from heterogeneous architec-
tures with different dimensionalities and semantic repre-
sentations [35]. Furthermore, most existing studies focus

on homogeneous ensembles like multiple CNNs or simple
CNN-Transformer combinations without systematic inves-
tigation of optimal fusion strategies and comprehensive ab-
lation studies [36].
This chapter addresses these gaps by proposing a novel

heterogeneous ensemble architecture that combines pre-
trained VGG16 and ResNet50 CNNs with a finetuned ViT
through feature-level fusion. The key innovation lies in ex-
tracting deep features from the penultimate layers of frozen
VGG16 and ResNet50 models, concatenating these fea-
tures to create a rich multi-scale representation, and feeding
the concatenated features to a fine-tunedViT for global con-
text modelling and final classification. This architecture ad-
dresses the limitations of standalone models by: (1) lever-
aging complementary local features from VGG16 (fine-
grained textures) and ResNet50 (residual features with bet-
ter gradient flow), (2) enabling global context modeling
through ViT’s self-attention mechanism, (3) reducing over-
fitting through frozen CNN backbones while allowing ViT
fine-tuning for task-specific adaptation, and (4) improving
classification accuracy and robustness through ensemble
learning.
The specific objectives of this chapter are:

1. To design and implement a heterogeneous ensemble
architecture that combines VGG16, ResNet50, and a
finetuned ViT for pneumonia classification from chest
X-ray images.

2. To develop an effective feature-level fusion strategy
that concatenates deep features extracted from multi-
ple CNN models before ViT processing.

3. To conduct comprehensive ablation studies to eval-
uate the contribution of each component (VGG16,
ResNet50, and ViT) and to compare different fusion
strategies.

4. To perform extensive experimental validation, in-
cluding cross-fold validation, hyperparameter tuning,
dataset-size ablation, and comparison with state-of-
the-art methods.

2 Methodology
The experiments were conducted using a publicly avail-
able chest X-ray pneumonia dataset obtained from Kaggle.
The dataset contains chest X-ray images organized into two
classes: ”NORMAL” and ”PNEUMONIA.” The original
dataset consists of a training set of 5,216 images (1,341 nor-
mal, 3,875 pneumonia), a validation set of 16 images (8 nor-
mal, 8 pneumonia) and a test set of 624 images (234 normal,
390 pneumonia). The dataset exhibited class imbalance,
with approximately 74% pneumonia cases and 26% normal
cases in the training set. The images were grayscale chest
X-rays in JPEG format with varying resolutions, ranging
from 1024×1024 to 2048×2048 pixels. Pneumonia cases
include both bacterial and viral pneumonia, representing di-
verse pathological patterns.
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Figure 1: Architecture diagram

1. Parallel CNN Feature Extraction - VGG16 and
ResNet50 independently extract features from the in-
put chest X-ray image.

2. Feature Fusion - Features from VGG16 and
ResNet50 are concatenated to form a unified represen-
tation.

3. Global Context Modelling and Classification - ViT
processes the concatenated features for global context
modelling and final classification.

The proposed ensemble architecture shown in Fig. 1 places
VGG16 andResNet50 in parallel, and features are extracted
after removing the classification head and fused using the
concatenation method. Then the fused feature as input
passed to the finetuned ViT. ViT is stacked on the homoge-
nous ensemble CNN.VGG16 freeze all layers and extracts
from the last convolutional block, resulting in a feature map
of size 7x7x512 for an input image of size 224x224, and
features are flattened to form a vector of dimensions 25088.
In ResNet50, freeze all layers except the final classification
layer. Features are extracted from global average pooling
before the fully connected layer, resulting in a feature vec-
tor of dimension 2048. It represent high level semantic in-
formation learned through residual learning with skip con-
nections. Fused features of dimensions 25,088 and 2048 to
27136is reshaped and projected to match the input dimen-
sion. ViT with 12 transformer encoder 12 attention heads,
hidden dimensions 768 and MLP dimension 3072 is used.

2.1 Feature extraction phase

VGG16 Feature Extraction

1. Input Image: Chest X-ray image I ∈ RH×W×3 (orig-
inal size).

2. Preprocessing: Resize to 224 × 224 pixels and nor-
malize:

Inorm =
Iresized − µ

σ
(1)

Chest X-ray images are resized to 224x224 and normalised
using Imagenetmean [0.485, 0.456, 0.406] and standard de-
viation [0.229, 0.224, 0.225]. It is passed through the frozen
VGG16 convolutional layer upto block5_pool. The output
of block5_pool is a feature map of size 7×7×512, represent-
ing 512 feature channels at a spatial resolution of 7×7. The
feature map is flattened to a 1D vector of dimension 25,088
(7×7×512). Extracted features from Vgg16 capture texture
variations, edge patterns, and local structures. The same in-
put image is passed to the ResNet50 up to the global average
pooling layer. The output of the average pooling layer is a
feature vector of dimension 2048. The normalised image is
passed through frozen VGG16 convolutional layers
VGG16 Forward pass

h1 = Conv3-64(Inorm) → Conv3-64
→ MaxPool (2)

h2 = Conv3-128(h1) → Conv3-128
→ MaxPool (3)

h3 = Conv3-256(h2) → Conv3-256
→ Conv3-256 → MaxPool (4)

h4 = Conv3-512(h3) → Conv3-512
→ Conv3-512 → MaxPool (5)

h5 = Conv3-512(h4) → Conv3-512
→ Conv3-512 → MaxPool (6)

where Conv3-n denotes a 3×3 convolutional layer with n
filters.

2.2 ResNet50 feature extraction
The same preprocessed chest X-ray image was passed to
the ResNet50 network, which operated in parallel with
VGG16. Features were extracted from the global average
pooling layer (avg_pool). The output of this layer is a fea-
ture vector of dimension 2048.

1. Input Image:
Inorm ∈ R224×224×3.

2. ResNet50 Forward Pass:

h0 = Conv7-64(Inorm) → BN → ReLU → MaxPool
(7)

h1 = ResBlock-64(h0)× 3 (8)
h2 = ResBlock-128(h1)× 4 (9)
h3 = ResBlock-256(h2)× 6 (10)
h4 = ResBlock-512(h3)× 3 (11)

where ResBlock-n denotes a residual block with n fil-
ters.

3. Global Average Pooling

fResNet50 = GAP(h4) ∈ R2048 (12)
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2.3 Feature concatenation strategy

The extracted features are concatenated to form a unified
representation:

fconcat = [fVGG16; fResNet50] (13)

where fVGG16 ∈ R25088, fResNet50 ∈ R2048, and fconcat ∈
R27136.
This concatenation produces a high-dimensional rep-

resentation combining fine-grained texture features from
VGG16 with deeper semantic features from ResNet50.

2.4 Vision transformer as the integrator

1. Feature Projection

fproj = Wprojfconcat + bproj (14)

whereWproj ∈ R768×27136 and bproj ∈ R768.

2. Sequence Formation

z0 = [xcls; x1; x2; . . . ; xN ] (15)

3. Positional Encoding

z0 = z0 + Epos (16)

4. Transformer Encoding: The sequence is processed
through L Transformer encoder layers:

h1 = MaxPool(Conv3-64(Conv3-64(Inorm))) (17)
h2 = MaxPool(Conv3-128(Conv3-128(h1))) (18)

h3 = MaxPool(Conv3-2563(h2)) (19)

h4 = MaxPool(Conv3-5123(h3)) (20)

h5 = MaxPool(Conv3-5123(h4)) (21)

where h = 12 is the number of attention heads, dk =
64 is the dimension per head, andWQ

i ,WK
i ,WV

i ,WO

are learnable projection matrices.

5. Feed Forward Network

zℓ = MLP(LN(z′ℓ)) + z′ℓ (22)
MLP(x) = W2 GELU(W1x+ b1) + b2 (23)

6. Classification

y = softmax(Wclsz0L + bcls) (24)

The fused features were fed to the finetuned ViT. It com-
bines the complementary strengths of local and global fea-
tures. The ViT block was fine-tuned by adding fully con-
nected dense layers interleaved with dropout regularisation.
Specifically, two dense layers with 512 and 256 neurons
were added sequentially. Each dense layer is followed by a
dropout layer with rates of 0.5 and 0.2, respectively, which
randomly deactivates the neurons during training to im-
prove generalisation. The final layer is a binary classifica-
tion layer that outputs predictions distinguishing between
pneumonia and normal cases.
Finally, the predicted label is obtained as

ŷ = argmax
i

yi (25)

where ŷ ∈ {0, 1} denotes the predicted class (0: normal,
1: pneumonia).

2.5 Training procedure
1. Initial Standardisation and Preprocessing
Before the images are fed into the neural networks, they un-
dergo several essential preprocessing steps. Since the pre-
trained architectures (VGG16, ResNet50, and ViT) were
originally trained on the three-channel RGB ImageNet
dataset, the raw grayscale X-ray images are converted
to RGB by replicating the grayscale channel three times.
All images are resized to 224 × 224 pixels. Pixel val-
ues are normalized using ImageNet mean and standard
deviation statistics (µ = [0.485, 0.456, 0.406] and σ =
[0.229, 0.224, 0.225]). This standardizes the input distribu-
tion and facilitatesmore stable convergence during training.
2. Label Encoding and Dataset Reorganisation
The categorical labels for the images (”NORMAL” and
”PNEUMONIA”) are converted into numerical form
through label encoding, where 0 represents ”normal” and
1 represents ”pneumonia”. The original dataset splits were
too small, so the data was reorganized using stratified sam-
pling. This ensures that the class distribution (roughly 74%
pneumonia and 26% normal) is maintained across the new
training (70%), validation (15%), and test (15%) sets.
3. Data Augmentation
The training data were artificially expanded using the Keras
ImageDataGenerator. This process increases the dataset
size significantly using data transformation methods. Ge-
ometric transformations were applied using random rota-
tions within ±15 degrees. Horizontal and vertical flips and
zooming between 0.8 and 1.2 are used. Random brightness
and contrast adjustments between 0.8 and 1.2, and the addi-
tion of Gaussian noise with a mean of 0, standard deviation
of 0.01, is also applied for visual enhancement. Horizontal
and vertical shifts of up to 10% of the image dimensions are
used to perform the spatial shifts. To enhance the ensemble
model’s performance, extensive hyperparameter optimiza-
tion was conducted using a combination of coarse and ran-
dom grid searches. This systematic exploration identified
the optimal values that balance convergence speed, stabil-
ity, and generalization.
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3. Model Components and Initialisation
• Pretrained VGG16 and ResNet50 CNN backbones are
used as feature extractors with frozen weights to prevent
overfitting and reduce training complexity.
• Features are extracted from the last convolutional block
of VGG16 (7×7×512 feature map, flattened to 25,088 di-
mensions) and from the global average pooling layer of
ResNet50 (2,048-dimensional vector)
. • The concatenated feature vector (27,136 dimensions) is
linearly projected to the Vision Transformer input dimen-
sion (768), reshaped into patches, and processed by a ViT
configured with 12 transformer encoder layers and 12 at-
tention heads.
4. Loss Function
Binary cross-entropy loss is used for the binary classifica-
tion task (normal vs. pneumonia).
Hardware Specifications

All experiments are conducted on the following hardware:

– GPU: NVIDIA Tesla V100 with 32 GB memory

– CPU: Intel Xeon Gold 6248R @ 3.0 GHz (48 cores)

– RAM: 256 GB DDR4

– Storage: 2 TB NVMe SSD

The GPU is used for all model training and inference,
while the CPU is used for data loading and preprocessing.
Software Frameworks

The ensemble model is implemented using the following
software frameworks:

– Deep Learning Framework: keras Tensorflow 2.0.1

– Pretrained Models: keras 0.15.2 (VGG16,
ResNet50), timm 0.9.2 (Vision Transformer)

– Data Augmentation: Augmentation 1.3.1

– Numerical Computing: NumPy 1.24.3

– Visualization: Matplotlib 3.7.1, Seaborn 0.12.2

– Evaluation Metrics: scikit-learn 1.3.0

– Programming Language: Python 3.10.12

3 Experimental results

3.1 Evaluationmetrics
This section explains the experimental results and analysis
of the proposed ensemble model. We evaluated the
model’s performance using different methods, including
overall performance metrics, training plots, classifica-
tion reports, confusion matrix analysis, ablation studies,
feature visualizations, comparisons with different fusion
techniques and ensemble models, dataset size ablation,
cross-fold validation, hyperparameter tuning, multi-dataset
evaluation, and computational complexity analysis.

3.1.1 Accuracy metrics

The results, as shown in Table 1, indicate that the pro-
posed ensemble model outperformed the baseline stan-
dalone models, VGG16, ResNet50, and ViT, across all
evaluated performance metrics. Achieving an accuracy of
98.5%, the ensemble model shows a 2.7% improvement
over the best standalone model, ResNet50, and a 4.3%
increase compared to VGG16, indicating an overall im-
provement in classification correctness. The precision was
98.7%, showing the model’s high reliability in correctly
predicting pneumonia cases andminimizing false positives.
The recall rate was 98.3%, ensuring that actual pneumo-
nia cases were detected. The F1-score of 98.5% confirms
an excellent balance between precision and recall, demon-
strating the model’s robustness in handling the trade-off
between false positives and false negatives. Specificity
also attained 98.5%, confirming the model’s strong capa-
bility in accurately identifying normal cases and reducing
false alarms. Finally, the AUC-ROC value of 0.995 indi-
cates perfect discrimination between pneumonia and nor-
mal cases across all classification thresholds.

Table 1: Performance metrics of the proposed ensemble
model and baseline standalone models on the pneumonia
classification test set. The ensemble model significantly
outperforms all standalone models across all metrics.

Model Acc. Prec. Rec. F1 Spec. AUC
VGG16 94.2% 94.5% 95.8% 95.1% 91.0% 0.965
ResNet50 95.8% 96.1% 96.7% 96.4% 93.5% 0.978

ViT 93.5% 93.8% 95.2% 94.5% 89.6% 0.958
Ensemble 98.5% 98.7% 98.3% 98.5% 98.5% 0.995

3.1.2 Training performance

As shown in the analysis of the training performance in
Figs. 2& 3, our proposed ensemble model converges well
during training. The validation accuracy was more than 9%
with approximately 15 epochs. The training accuracy in-
creased from 85% to 99.2%, and the testing accuracy in-
creased from 82% to a maximum of 98.5%, and the gap be-
tween the training and testing accuracies was never larger
than ±1%, indicating negligible overfitting through more
than 50 epochs. The training loss decreased from 0.45 to
0.03, and the validation loss decreased from 0.52 to 0.05
with a small variation, indicating stability. The use of early
stopping at epoch 48, because there is no improvement in
validation loss over 10 consecutive epochs, prevents over-
training. These results highlight the effectiveness of the
regularization techniques, including dropout, weight decay,
frozen pre-trained CNN backbones, and data augmentation,
along with the cosine annealing learning rate schedule.
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Figure 2: training curves

Figure 3: Loss curves

3.1.3 The classification report

The classification report as in Table. The classification re-
port, shown in Table 2 reflects a very balanced and robust
performance, with the proposed ensemble model becoming
less sensitive to the class imbalance in the dataset, which
is quite high- the normal cases are 26% while pneumonia
cases are 74%. The F1-score of the model for both normal
and pneumonia classes is 98.5%, reflecting that the pro-
posed method performs well in classification. The preci-
sion of 98.5% for normal and 98.7% for pneumonia also
indicates the model’s capability in avoiding false-positive
predictions, as both classes are more credible to be dis-
criminated. Similarly, normal and pneumonia recall scores
of 98.5% and 98.3% respectively, show the model’s ability
to reduce false negatives. The support counts 201 normal
and 584 pneumonia cases, providing a stable class balance.
This highlights that the proposed model consistently yields
a balanced performance across both normal and pneumonia
classes, with a class imbalance (26% normal, 74% pneumo-
nia). It achieves F1-scores of 98.5% for both classes. The

Table 2: Classification report of the proposed ensemble
model.

Class Prec. Rec. F1 Sup.
Normal 98.5% 98.5% 98.5% 201

Pneumonia 98.7% 98.3% 98.5% 584
Macro Avg. 98.6% 98.4% 98.5% 785

Weighted Avg. 98.7% 98.5% 98.5% 785

model demonstrates its ability to maintain classification ef-
fectiveness uniformly. Precision values of 98.5% for nor-
mal and 98.7% for pneumonia show the model’s capacity
to limit false-positive predictions. Similarly, recall scores
of 98.5% for normal and 98.3% for pneumonia reflect the
model’s effectiveness in minimizing false negatives. The
support distribution, with 201 normal and 584 pneumonia
cases, confirms that the evaluation is based on a sufficiently
large and representative sample.

3.1.4 The confusion matrix

The confusion matrix(CM), as shown in Fig. 4, indicates
that the proposed ensemble model achieves classification
accuracy with minimal misclassifications on the test set.
Of the 201 normal cases, 198 were correctly identified as
true negatives 98.5%, while only three were misclassified
as pneumonia, resulting in a low false-positive rate of 1.5%.
For the pneumonia class, the model correctly classified 574
out of 584 cases as true positives (98.3%), with 10 false neg-
atives (1.7%). The overall error rate is low at 1.7%, with a
slightly higher incidence of false negatives than false posi-
tives. The CM underscores the model’s strong discrimina-
tive capability between normal and pneumonia cases.

Figure 4: Confusion matrix



Ensemble Feature Fusion of VGG16, ResNet50, and Vision Transformer… Informatica 50 (2026) 67–80 73

3.2 Visualisation of local and global features
Feature visualization was implemented for the features ex-
tracted from VGG16 and ResNet50, and for the concate-
nated feature visualization from these two. An attention
map visualization was also provided for the ViT. Deep
learning models are considered black boxes, and the man-
ner in which the features are learned inside the model is
important. Feature maps from VGG16 provide hierarchical
learning of local spatial patterns. Early layers capture fine-
grained edges and textures, mid-level layers identify shapes
and anatomical contours, and deep layers focus on high-
level semantic features, such as consolidation and opacity
regions. VGG16 extracts detailed local features at multiple
scales. ResNet50’s residual blocks capture both low-level
and high-level features, with deep layers exhibiting strong
activation in pathological regions.

Figure 5: vgg16featureextraction

VGG16 feature map visualizations from the
Block5_pool layer (512 channels), as shown in Fig.
5. Eight representative channels (32, 96, 160, 224, 288,
352, 416, and 480) are shown, displaying fine-grained tex-
tural patterns and local edge information. The feature maps
capture high-frequency spatial details at various orienta-
tions and scales, representing local anatomical structures in
the chest X-ray images.These 25,088-dimensional features
provide complementary local information to the ensemble
model

Figure 6: resnet50visualization

ResNet50 feature map visualizations from the average
pooling layer (2048 channels), Fig. 6. Eight representative
channels (128, 384, 640, 896, 1152, 1408, 1664, and 1920)

are shown, displaying high-level semantic patterns and a
broader spatial context. Compared to VGG16 features,
ResNet50 features are more abstract and capture anatomi-
cal structure representations. The benefits of residual learn-
ing are evident in the structured patterns. These 2048-
dimensional features complement the fine-grained VGG16
features in the ensemble architecture. ViT attentionmaps of
ViTemphasize distinctive features in modelling global con-
text relationships by self-attention mechanisms. The ini-
tial layers of ViTs spread attention throughout the image,
and deeper layers gradually focus on clinically informa-
tive regions, such as consolidation and opacity. This atten-
tion concentration manifests the capability of ViT to cap-
ture a holistic image context and inter-regional dependen-
cies, such as spatial relationships between lung fields, the
heart, and the diaphragm, that are not explicitly modelled
by CNNs.

Figure 7: ViT attention maps

The ViT attention map, shown in Fig. 7, visualisations
from six representative attention heads out of 12 heads.
Each head learns to attend to different regions and relation-
ships in the 14×14 patch grid. Head 1 focuses on the central
region that is core pathology, Head 2 attends to the top-right
quadrant, Head 3 focuses on the bottom-left region, Head 4
captures horizontal band patterns, Head 5 captures vertical
band patterns, and Head 6 shows multi-region distributed
attention. The diverse attention patterns demonstrate that
different heads learn complementary global contextual re-
lationships across the entire image, enabling a holistic un-
derstanding beyond local receptive fields.
Complementary feature representations, as shown in Fig.

8 in the ensemble architecture. The top row shows: (left)
original X-ray image, (center) VGG16 local features cap-
turing fine-grained textures, and (right) ResNet50 semantic
features capturing anatomical structures. The bottom left
shows ViT global attention patterns modelling contextual
relationships. The bottom right displays the relative contri-
butions: VGG16 local features (0.32), ResNet50 semantic
features (0.28), ViT global features (0.35), and ensemble
fusion (0.98). The synergistic effect of combining local, se-
mantic, and global features results in superior performance
(0.98) compared to individual components, demonstrating



74 Informatica 50 (2026) 67–80 A.B. Deepa et al.

Figure 8: complementary featurevisualization

the complementary nature of the three feature types. This
comprehensive feature integration explains the ensemble’s
superior performance in accurately distinguishing pneumo-
nia from normal cases. The complementary nature of these
feature representations ensures that subtle pathological pat-
terns, varying anatomical structures, and global image con-
text are all effectively captured.

3.3 Comparison with different feature
fusion techniques

To evaluate the performance of our proposed feature-level
fusion method, we compared it with several other fusion
methods. Our proposal is a feature-level fusion of the
VGG16 and ResNet50 features input to a ViT to obtain
global contextual information and classify. In contrast,
in prediction-level fusion strategies, each model( VGG16,
ResNet50, and ViT) is treated as an independent classifier.
One method is to combine the results by majority voting,
leaving the final decision to a minority among classifiers.
Another prediction-level approach is weighted averaging
over predictions with weights tuned on the validation set
for the best performance. Combining all classifiers in a
decision-level fusion introduces another classifier called a
meta-classifier, which is logistic regression, and learns how
to combine the outputs of the three models. Finally, early
fusion concatenates the features of VGG16 and ResNet50
directly to a fully connected classification layer without the
ViT component.
To study the performance of the proposed feature-level

fusion method, we compared it with other fusion methods,
as shown in Fig. 9. The first fusion method, a feature
concatenation strategy, is feature-level fusion, where we
concatenate the feature maps extracted from the VGG16
and ResNet50 architectures, and the concatenated feature
fusion represents the neural output layers. The left panel
presents the performance measures (accuracy, precision,
recall and F1-score) for four fusion strategies: feature-
level fusion (proposed, 98.5%), prediction-level voting
(96.8%), decision-level stacking (97.2%) and weighted fu-

Figure 9: featurelevelfusion

sion (97.5%). The right panel illustrates the computa-
tional cost in terms of parameters (millions) and FLOPs
(GFLOPs). Feature-level fusion obtained the best perfor-
mance on all metrics; however, it had the highest compu-
tational requirement (89.7 M parameters, 45.3 GFLOPs).
This comparative study highlights the distinct benefits and
drawbacks of each fusion approach, demonstrating that our
feature-level fusion can further exploit the potential of both
CNN feature extraction and ViT’s global receptive fields to
improve classification performance in the hybrid CNN–ViT
ensemble framework.

3.4 The ablation study on the proposed
model

The ablation study, as shown in Table 3, emphasises the
complementary roles played by each of the components in
the hybrid CNN–ViT ensemble. ResNet50 achieves higher
accuracy than VGG16 by 1.6% (95.8% vs. 94.2%), which
may be attributed to its skip connections that allow better
gradient flow and extraction of more abstract semantic fea-
tures. The ViT model alone reaches 93.5% accuracy, which
is lower than the CNN-based models. This may be be-
cause ViT relies on large-scale pretraining and lacks CNN-
specific inductive biases (such as translation equivariance
and locality), which are crucial for effective feature learn-
ing when data is limited.
Pooling features from VGG16 and ResNet50 yields a

significant performance gain, achieving 96.9% accuracy.
This improvement illustrates the complementarity of fea-
tures extracted by these two CNN structures. When ViT
is also plugged into this fusion, its accuracy is further im-
proved to reach 98.5%, indicating the advantage of the self-
attention mechanism in learning global context information
that goes beyond the local receptive field of CNNs. In sum-
mary, the full ensemble achieved an improvement of 2.7%
compared to the best single model, ResNet50, and demon-
strated a positive synergistic effect between the CNNs’ lo-
cal feature extraction capabilities and ViT’s global con-
text modelling capability. This verifies that each architec-
ture block plays a distinctive role in the final performance,
thereby demonstrating the rationality of the designed hybrid
CNN–ViT fusion strategy.
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Table 3: Ablation study of architecture components. Each
configuration highlights the contribution of individual com-
ponents to the final ensemble performance.

Config. Acc. Prec. Recall F1
VGG16 Only 94.2% 94.5% 95.8% 95.1%
ResNet50 Only 95.8% 96.1% 96.7% 96.4%

ViT Only 93.5% 93.8% 95.2% 94.5%
VGG16 + ResNet50 (No ViT) 96.9% 97.2% 97.3% 97.2%
Full Ensemble (Proposed) 98.5% 98.7% 98.3% 98.5%

3.5 Comparison with other ensemble models
To evaluate the proposed ensemble model against state-of-
the-art methods, we compared it with other ensemble mod-
els, as shown in Fig. 10 and hybrid architectures reported
in the literature for pneumonia classification from chest X-
rays.

Figure 10: SOTA ensemble comparison

Comparison with state-of-the-art methods for pneumo-
nia classification from chest X-rays. The proposed en-
semble CNN-ViT model (98.5%,) outperforms all exist-
ing methods, including ResNet50 baseline (95.8%, 2015),
DenseNet121 (96.2%, 2017), EfficientNetB0 (96.8%,
2019), ViT-Base (93.5%, 2021), CNN Ensemble (97.2%,
2022), and Hybrid CNN-Transformer (97.8%, 2023). The
proposed model achieves a 2.7% improvement over the
ResNet50 baseline and 0.7% improvement over the pre-
vious best hybrid model. Performance metrics: accuracy
98.5%, precision 98.7%, recall 98.3%, F1-score 98.5%,
AUC-ROC 0.995. The ablation study gives the unique
but complementary roles of every component in the hy-
brid CNN-ViT ensemble. ResNet50 outperforms VGG16
by 1.6% in the accuracy (95.8% vs. 94.2%).Reaching an
accuracy of 98.5%, it outperforms the CNN-only ensem-
bles (95.3% and 94.8%) by 3.2 to 3.7 points.
In comparison with other hybrid models, the proposed

model obtains higher results than a CNN-LSTM ensem-
ble (93.7%), 4.8% and a CNN-Transformer-based hybrid
(97.3%) 1.2%, and demonstrates that feature-level fusion

can successfully take full advantage of the complementary
merits of different types of models. In addition, it out-
performs a vanilla ViT with data augmentation (94.2%)
by 4.3%, demonstrating that using local features extracted
from a CNN and combining them with the global attention
mechanism of the ViT is more effective than only using the
ViT when dealing with relatively small medical imaging
datasets.
The ensemble also surpasses the transfer learning with

EfficientNet-B7 (96.5%) by 2.0%, indicating the superior-
ity of ensemble learning over single-model (transfer) learn-
ing in this task.
In addition to accuracy, our model generates state-of-

the-art results for precision (98.7%), recall (98.3%) and
F1-score (98.5%), indicating a well-balanced classifica-
tion performance with high robustness against misclassifi-
cations.
These results altogether confirm the design of the intro-

duced heterogeneous ensemble, demonstrating how com-
plementary architectures can fuse at the feature level in or-
der to improve the detection and reliability of pneumonia
by chest X-ray images. This strategy can take advantage
of local feature extraction and global context modelling si-
multaneously, thus providing an efficient tool for medical
image classification.

3.6 Ablation study on dataset size

To evaluate the model’s performance with varying amounts
of training data, we conduct an ablation study on dataset
size as in Fig. 11. We train the proposed ensemble model
with 25%, 50%, 75%, and 100% of the training data and
evaluate performance on the same test set.

Figure 11: datasize ablation

Dataset size ablation study showing model robustness.
The left panel displays learning curves for accuracy, preci-
sion, recall, and the F1-score as the dataset size increases
from 25% to 100%. The model shows rapid improvement
from 25% to 75% of the data, followed by saturation. The
right panel compares VGG16, ResNet50, ViT, and the pro-
posed ensemble across different dataset sizes. The ensem-
ble model consistently outperformed individual models at
all data points and maintained strong performance (94.8%)
even with only 25% of training data (238 images). This
demonstrates excellent data efficiency and robustness to
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data scarcity, a critical advantage for medical imaging ap-
plications with limited labelled data Model performance
analysis according to the number of training data sam-
ples is presented. Accuracy increases progressively with
the amount of data, increasing from 94.8% when trained
on only 25% (916 images) to 98.5% using all available
data. This observation further highlights the importance
of having enough training data. Even at a quarter of the
data use, the model still performs extremely well with 25%
of its training data; it is already 94.8% accurate. This is
competitive with the many standalone models, which are
trained on all of the data, and demonstrates that the ensem-
ble method has strong robustness. Pretrained CNNs and en-
semble learning are what help maintain the resistance under
data scarcity.
The improvements in accuracy display a potential decay

with respect to the amount. The performance gain from
25% to 50% data (1.7%) is much higher than that between
75% and 100% (0.7%), which indicates added data helps
the model, but their marginal utility diminishes over large
amounts of data.
Moreover, the data efficiency of our model is shown as it

achieves 97.8% accuracy with only 75% of the data (2,747
images), slightly lower (0.7%) than using all the training
examples. This implies that the full dataset does not need
to be exhaustively processed in order to reach near-optimal
performance, a feature of practical importance due to data
shortages.
Together, these results highlight the strengths of the en-

semble model to exploit transfer learning and fusion tech-
niques in order to perform well across a range of data sizes,
trading off accuracy gains for data efficiency.

3.7 Cross-fold validation results

To ensure robust evaluation and reduce variance in per-
formance estimates, we conduct 5-fold stratified cross-
validation. Table 4 presents the performance metrics for
each fold and the overall mean and standard deviation.

Table 4: Five-fold stratified cross-validation results for the
proposed ensemble model. The model demonstrates con-
sistent performance across all folds with low standard de-
viation, indicating strong robustness and generalisation ca-
pability.

Fold Acc. Prec. Recall F1
Fold 1 98.3% 98.5% 98.1% 98.3%
Fold 2 98.7% 98.9% 98.5% 98.7%
Fold 3 98.5% 98.7% 98.3% 98.5%
Fold 4 98.4% 98.6% 98.2% 98.4%
Fold 5 98.6% 98.8% 98.4% 98.6%
Mean 98.5% 98.7% 98.3% 98.5%

Std. Dev. 0.15% 0.15% 0.15% 0.15%

3.8 Hyperparameter tuning

To optimise the model’s performance, we conduct system-
atic hyperparameter tuning using grid search on the valida-
tion set. The hyperparameters tuned include learning rate,
batch size, dropout rate, and weight decay.
Table 5 presents the performance for different hyper-

parameter combinations. The hyperparameter tuning study

Table 5: Hyperparameter tuning results. The optimal con-
figuration achieves 98.5% accuracy with learning rate 1 ×
10−4, batch size 32, dropout rate 0.3, and weight decay
1× 10−4.

LR Batch Drop WD Val Acc Test Acc
1× 10−3 32 0.3 1× 10−4 96.8% 96.5%
1× 10−4 16 0.3 1× 10−4 97.9% 97.6%
1× 10−4 32 0.2 1× 10−4 98.1% 97.9%
1× 10−4 32 0.3 1× 10−5 98.0% 97.8%
1× 10−4 32 0.3 1× 10−4 98.7% 98.5%
1× 10−4 64 0.3 1× 10−4 97.8% 97.5%
1× 10−5 32 0.3 1× 10−4 96.5% 96.2%
1× 10−4 32 0.4 1× 10−4 97.6% 97.3%

demonstrated that the proposed ensemble model achieved
strong training performance. A learning rate of 1 × 10−4

provided the best compromise, avoiding the instability and
lower accuracy observed at higher rates (1× 10−3) and the
slow convergence associated with lower rates (1× 10−5).
A batch size of 32 offered a balanced trade-off between

gradient noise and generalization. Reducing the batch size
to 16 resulted in noisier updates and slower convergence,
whereas increasing it to 64 reduced training noise but po-
tentially weakened the model’s generalization capability.
A dropout rate of 0.3 provided the most effective reg-

ularization, offering sufficient overfitting prevention with-
out significantly reducing model capacity. A lower dropout
rate (0.2) did not provide adequate regularization, whereas
a higher rate (0.4) led to over-regularisation and degraded
performance.
Finally, a weight decay of 1 × 10−4 achieved the op-

timal balance between under- and over-regularisation. A
smaller value (1×10−5) resulted in insufficient regulariza-
tion, whereas excessively large weight decay overly con-
strained the model parameters and hindered learning.
Overall, these hyperparameter selections collectively

supported stable training dynamics and high classification
accuracy of the ensemble model, confirming their suitabil-
ity for the proposed hybrid CNN–ViT architecture.

3.9 Comparison with different pneumonia
datasets

Tests on various pneumonia datasets showed that the pro-
posed ensemble model had excellent generalization ability
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to additional training data. On theKaggle chest X-ray pneu-
monia data, performance is superb (98.5% accuracy) on
this training distribution.On held-out independent datasets,
the model continues to perform well with 95.8% accuracy
on the RSNA Pneumonia Detection Challenge dataset and
94.2% accuracy on a subset of NIH ChestX-ray14 pneumo-
nia images. These results suggested that this model could
generalize across datasets with diverse imaging protocols,
patient demographics, and annotation standards.
The reduced performance presented on the external

datasets by 2.7% on RSNA and 4.3% on NIH is also in line
with what is expected in terms of domain shifts, originating
from diverse acquisition conditions, disease prevalence and
annotation criteria. In spite of these difficulties, our model
stays competitive, matching the accuracy scores of many
existing methods on these testing sets. Table 6 presents the
performance comparison across datasets.

Table 6: Performance comparison across different pneu-
monia datasets. The model achieves strong performance
on all datasets, demonstrating good generalisation capabil-
ity. The slight performance drop on external datasets is at-
tributed to domain shift.

Dataset Acc. Prec. Recall F1
Dataset 1 (Primary) 98.5% 98.7% 98.3% 98.5%
Dataset 2 (RSNA) 95.8% 96.1% 95.5% 95.8%
Dataset 3 (NIH
ChestX-ray14)

94.2% 94.5% 93.8% 94.1%

4 Conclusion
The proposed heterogeneous ensemble model combining
VGG16, ResNet50, and ViT demonstrates significant im-
provements in pneumonia classification accuracy on chest
X-ray images, as compared to standalone CNN and ViT
models. The ensemble feature-level fusion strategy ef-
fectively leverages the complementary strengths of both
CNN architectures and the ViT’s global context mod-
elling. VGG16 captures fine-grained local features, while
ResNet50 contributes high-level semantic representations
through residual learning. The ViT enhances the model by
integrating these local and semantic features with global
self-attention mechanisms, enabling holistic image under-
standing beyond the limited receptive fields of CNNs.
The ablation study confirmed that each component

uniquely contributes to the overall performance. The fu-
sion of VGG16 and ResNet50 features alone improves ac-
curacy substantially over individual models, and the addi-
tion of ViT further boosts accuracy by 1.6%, underscor-
ing the value of global contextual information in medi-
cal image classification. This synergy validates the ratio-
nale behind the ensemble design and highlights the advan-
tage of feature-level fusion over prediction- or decision-
level fusion methods, despite its higher computational
cost.External validation on independent datasets (RSNA

and NIH ChestX-ray14) indicates that the model gener-
alises well across different imaging protocols and patient
populations, albeit with some expected performance degra-
dation due to domain shifts. This robustness is critical
for clinical applicability, where data heterogeneity is com-
mon. The dataset size ablation study further illustrates the
model’s resilience to limited data, maintaining competi-
tive accuracy even when trained on only 25% of the data,
which is a notable advantage in medical imaging scenarios
where labelled data are scarce. Hyperparameter tuning and
cross-validation results demonstrate stable training dynam-
ics and consistent performance, reinforcing the reliability
of the ensemble approach. The inclusion of dropout and
frozen CNN backbones effectively mitigates overfitting, as
evidenced by the close alignment of training and valida-
tion accuracy curves.While the ensemble model achieves
state-of-the-art accuracy (98.5%) and balanced precision
and recall, the increased model complexity and compu-
tational demand warrant consideration for deployment in
resource-constrained environments. Future work should
explore model compression techniques and inference time
optimisation to enhance clinical usability. Additionally,
sharing code and pretrained weights would facilitate repro-
ducibility and further research. Overall, the proposed en-
semble model offers a robust, accurate, and interpretable
framework for pneumonia detection, combining local fea-
ture extraction and global context modelling to overcome
limitations of existing approaches. This methodology holds
promise for extension to other medical image classification
tasks requiring nuanced feature integration and generalisa-
tion.
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