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Lithuania; dalia.calneryte@ktu.lt
* Correspondence: mahammad.ismayilov@ktu.lt

Abstract

Magnetic resonance imaging (MRI) remains one of the most important tests for diagnosing
and monitoring various diseases. In recent years, machine learning methods have been
widely applied to automate MRI analysis. It supports decision-making by predicting
disease and highlighting relevant regions. However, the proper use of feature extraction
methods can improve the performance of the model. This paper proposes a WaveletFusion
architecture that combines a two-dimensional Haar wavelet decomposition with a convolu-
tional neural network (CNN) for classification. The approach was demonstrated on the
Brain Tumor MRI dataset and further examined on the Br35H :: Brain Tumor Detection
2020 (Br35H). The model decomposes each MRI slice into approximation and directional
detail subbands and fuses multi-scale wavelet features within the convolutional pipeline.
To evaluate the effect of decomposition depth, WaveletFusion variants from one to eight
levels were compared with a Baseline CNN model under the same training protocol. The
results showed that performance improved progressively with increasing decomposition
depth up to level 7, whereas the 8-level configuration consistently declined, indicating that
excessive decomposition introduces information loss and over-compression in the deepest
approximation pathway. The best-performing configuration, which outperformed both
the Baseline CNN and the WaveletFusion variations in five independent runs, was the
7-level WaveletFusion model, achieving a test accuracy of 0.94 ± 0.01 and test macro-F1
of 0.93 ± 0.02. A similar tendency was observed on the Br35H dataset, where the 7-level
model achieved a 0.97 ± 0.01 test accuracy and 0.97 ± 0.01 test macro-F1, while the 8-level
configuration remained weaker on both datasets. These results show that multi-scale
wavelet fusion can improve Brain Tumor MRI classification while maintaining a compact
model size and a fair comparison setting, and that the decomposition depth must be
selected carefully.

Keywords: convolutional neural network (CNN); Haar wavelet decomposition; image
classification; multi-level wavelet fusion; explainable artificial intelligence (XAI)

1. Introduction
In medical image analysis, deep learning has become the leading approach due to the

ability of neural network models to learn automatically hierarchical visualizations from
image data, improving classification and segmentation performance [1–3]. In neurology,
the integration of convolutional neural networks has demonstrated capability in identifying
complex textural patterns within magnetic resonance imaging scans [4,5]. However, several
surveys have emphasized that deep learning models have unique challenges in magnetic
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resonance imaging (MRI), especially in brain tumor classification, such as limited annotated
datasets, inter-scanner variability, and high intra-class variability among tumor types [3,6].

Brain tumor classification using MRI has been extensively explored with different
CNN architectures trained either from scratch or through the machine learning technique
called transfer learning [7]. Early studies demonstrated that conventional CNNs could
achieve high classification accuracy for brain tumor types when applied to curated MRI
datasets [8,9]. Following research included deeper deep learning models such as ResNet,
DenseNet, and VGG-based models to increase feature representation capacity while mitigat-
ing vanishing gradient issues [10,11]. Additionally, transfer learning has become popular in
medical image analysis due to limited datasets, which can pose challenges for the models.
To adapt to MRI classification, transfer learning enables models pretrained on large natural
image datasets with enhanced convergence stability and performance [12,13]. Despite
the promising accuracy results, scientists have raised concerns about the dataset splitting
strategies and potential data leakage [14]. The strict methodological reporting frameworks,
including CLAIM and STARD-AI, also mention the importance of transparent data splitting
and validation strategies to ensure trustworthy clinical AI development [15,16]. CNNs are
a powerful tool for brain tumor classification because they can automatically learn discrimi-
native features directly from MRI images, capturing complex spatial patterns such as tumor
shape, texture, and intensity variations. This reduces reliance on handcrafted features and
enables end-to-end learning with strong performance. However, they primarily operate in
the spatial domain and may overlook subtle frequency-based or multi-scale information
that is clinically important. In addition, CNNs are prone to overfitting, especially when
trained on limited or imbalanced medical datasets, which can reduce generalization to new
patients, scanners, or clinical settings [17].

Besides conventional CNN architectures, integration of classical signal processing
methods with deep learning models has gained increasing attention nowadays [18]. For
example, the discrete wavelet transform provides multi-resolution analysis by decomposing
images into subbands representing different frequency components, enabling separation of
coarse structural information from fine-grained textural details [19]. Several studies have
applied wavelet-based preprocessing before CNN classification to reduce dimensionality
while preserving diagnostically relevant features [20,21]. As an example, Haar wavelet
decomposition has also been integrated due to its lower computational cost and suitability
in such classification tasks [21]. The integration of discrete wavelet transforms with neural
networks was applied to detect hepatocellular carcinoma from abdominal ultrasound
images. This approach used a coarse-to-fine lesion detection strategy with wavelet-based
pattern-augmented lesion images to enhance morphological feature discrimination [22].
The wavelet transformations were used to denoise, compress, and extract features of MRI
in brain tumor classification task to extract texture and edge features efficiently [23].

To combine the strengths of frequency-domain, hybrid wavelet-CNN models have
been proposed [24]. Wavelet coefficients are used as additional input channels to several
CNN architectures, enabling the network to learn from both raw pixel intensities and
frequency components simultaneously [25] as well as to better capture multi-scale texture
and structural features [26]. Moreover, other studies integrate wavelet pooling layers
into CNN architectures, while preserving spectral information and reducing loss during
downsampling [27,28], demonstrating that it can retain high-frequency tumor boundary
information more effectively [29]. Furthermore, multi-level wavelet decompositions have
been introduced to directly model hierarchical frequency representations within deep neu-
ral networks, thereby increasing robustness to noise [30]. 2D-wavelet decomposition results
together with texture features were used as engineered features in parallel to auto-learned
features extracted using ResNet50. The fusion of these features resulted in capturing both
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local and global characteristics and ensuring the use of features that can be missed by
automatic feature extraction methods [31]. A multi-stage wavelet-attention deep learn-
ing framework for brain MRI tumor classification built on a ResNet-50 transfer-learning
backbone adapted for MRI images addressed class imbalance and demonstrated improved
generalization [32]. Besides brain MRI classification, prior studies have demonstrated
that incorporating wavelet-domain information into CNN pipelines can enrich multi-scale
feature learning by combining spatial intensity patterns with localized frequency cues,
which has been associated with improved classification performance in related biomedical
image-analysis settings [33,34]. By integrating wavelet transforms, CNNs explicitly capture
multi-scale frequency information such as edges, textures, and tumor boundaries, which
helps them better represent subtle structural variations and typically leading to improved
discrimination and robustness. However, hybrid models are more complex, requiring addi-
tional preprocessing, careful hyper-parameter tuning, and higher computational cost [26].

Explainable artificial intelligence techniques, such as Grad-CAM and class visualiza-
tion, have become a critical component of clinical imaging research to increase trust in
medicine and enhance transparency. These techniques have also been widely applied to
brain tumor classification to highlight regions that contribute to model predictions [35].
Nevertheless, recent studies emphasize that explainability must extend beyond visual
heatmaps to include clinical feasibility and robustness [36,37]. Furthermore, the latest
research has also investigated computational efficiency and lightweight architectures to
ease deployment in clinical environments. For instance, the lightweight CNN backbones
integrated with efficient wavelet-based compression were developed to reduce compu-
tational complexity while maintaining classification performance at the same time [38].
To represent a power within compact architectures, parametric wavelet transforms and
attention-based fusion mechanisms have further enhanced adaptability [39].

An integration of wavelet decomposition results to CNN as input to different layers is
proposed. Wavelet transformation captures both global context and local structural details
by decomposing an image into approximation and directional detail components. It also
provides a spatial representation that highlights edges and textural variations.

2. Materials and Methods
The processing pipeline of the proposed Wavelet-CNN model for Brain Tumor MRI

classification is summarized (Figure 1). Each pre-processed axial brain MRI slice of size
256 × 256 × 1 is decomposed using a two-dimensional Haar wavelet transform. At each
level of decomposition, the latest approximation component is split into a new approx-
imation subband and three detail subbands, which are vertical, horizontal, and diago-
nal higher-frequency information, respectively. Then, the approximation component is
recursively decomposed to obtain a multi-level representation. At the same time, the
corresponding triplets of detail subbands from each level are routed to a convolutional
neural network module.

Each CNN branch processes the vertical, horizontal, and diagonal subbands from a
specific scale, learns level-specific texture, and outputs a compact feature representation.
Then, a deeper convolutional neural network (CNN) block combines high-frequency details
cues with increasingly coarse contextual information from lower-resolution levels by fusing
the features obtained across all scales. Finally, the fused representation is converted into a
one-dimensional feature vector using global average pooling and passed to a feed-forward
neural network classifier composed of fully connected layers. The final output layer
produces the predicted class label, distinguishing among the image classes, and then
the proposed architecture is evaluated through validation and independent test results,
where classification accuracy and cross-entropy loss are used to track the training of the
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model. Final performance metrics are then reported on the independent test set using loss,
accuracy, and macro-F1 with additional per-class precision, recall, and F1-score, supported
by confusion matrix and classification analysis.

Figure 1. Schematic of the multi-scale Haar decomposition and CNN fusion model.

2.1. Dataset Description

The Brain Tumor MRI dataset is a publicly available collection of 7023 images from
three clinical sources with 512 × 512 grayscale brain MRI slices, gathered from several
sources and grouped into four diagnostic classes: meningioma, glioma, pituitary, and
non-tumor. The examples of each class are shown in Figure 2 [40]. The dataset is split into
training and test sets, resulting in 5712 images for training and 1311 for testing, where
the training set contains 1595 no-tumor, 1339 meningioma, 1321 glioma, and 1457 pitu-
itary images, while the test set includes 405 no-tumor, 306 meningioma, 300 glioma, and
300 pituitary images in these classes, correspondingly [41].

 
Figure 2. Brain Tumor MRI dataset.

This dataset was chosen for the following three reasons. Firstly, it is well known for
using benchmarks for multi-class brain tumor classification, allowing a proper comparison
with recent convolutional neural network models and transformer-based methods that
report results on the same data [42]. Secondly, the variability in scanner settings, acquisi-
tion protocols, and patient populations in this dataset makes the classification task more
challenging, as it is a collection of three independent clinical sources, thereby improving
the robustness of the trained models [43]. Lastly, the inclusion of a specific no-tumor class
reflects a realistic diagnostic scenario in which the models should recognize normal tissue
and other brain tumor type classes.

To further evaluate the robustness of the proposed architecture, a publicly available
dataset, Br35H :: Brain Tumor Detection 2020 dataset, was also used for supplementary
evaluation. The images in this dataset contain 3060 brain MRI images (Figure 3), which
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were organized into 3 folders: yes, no, and pred. This additional dataset provides further
evidence regarding the generalization ability of the proposed architecture across different
publicly available MRI collections [44].

Figure 3. Br35H dataset.

2.2. Two-Dimensional Multi-Level Haar Wavelet Decomposition

To obtain a multi-scale representation of each axial brain MRI slice, the proposed archi-
tecture used the two-dimensional Haar wavelet transform. This is because Haar wavelets
separate low-frequency detail from texture information with low computational cost. In
this research, the input images are resized to 256 × 256 to enable twofold decomposition
up to eight levels, since each level downsamples the spatial resolution by a factor of two.
Despite the fact that the reduction in the input resolution removes some fine-pixel details,
such resolution still preserves the overall shape of the tumor and lesion boundaries. Fur-
thermore, the proposed architecture partially compensates for this reduction by separating
the image into approximation and directional detail subbands and also enables the network
to preserve significant edge and texture information across different scales. Therefore, resiz-
ing these images represents a trade-off between computational efficiency and information
preservation, while maintaining sufficient textural content for reliable tumor classification.

In addition, the choice of 256 × 256 was made not only for computational convenience,
but also to keep enough anatomical information for the classification task used in this study.
At the same time, using the original 512 × 512 images or other larger resolutions would
considerably increase memory usage, training time, and feature-map size throughout the
network, and may increase the risk of overfitting if the model capacity and regularization
are not adjusted accordingly. Therefore, 256 × 256 was selected in this study as a practical
compromise between preserving diagnostically useful MRI information and keeping the
model trainable, stable, and comparable across all experiments.

In image processing, the 2D Haar decomposition creates four subbands, where one
is the approximation component (LL), and the remaining three subbands are detail com-
ponents (LH, HL, and HH). In our proposed implementation, this operation is obtained
as a fixed 2 × 2 strided convolution with same padding using Haar kernels that generate
the four subbands directly. These outcomes match the standard 2D Haar DWT (discrete
wavelet transform) interpretation, where low–low (LL) subband represents the approxima-
tion information and (LH, HL, HH) represent the directional detail responses.

To obtain a multi-level representation, the transform is applied recursively to the
approximation subband.

(LL (l), LH(l), HL(l), HH(l)) = DWT2(LL(l−1)) (1)

where l denotes the decomposition level and LL(0) is the input image; DWT2 means a
one-level 2D discrete wavelet transform.

After l levels, the LL subband provides a progressively coarser approximation, while
the detail subbands capture high-frequency information at the corresponding scale. In the
proposed architecture, 2D Haar DWT is applied recursively to the LL subband to obtain
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multi-level representations, and the resulting detail subbands from each level are retained
for multi-scale analysis in the subsequent network stages.

At the same time, each 2D Haar decomposition reduces the spatial resolution of the
LL approximation subband by a factor of two in each dimension, so it is important to
select the number of decomposition levels carefully. Therefore, for an input image of size
256 × 256, the LL representation undergoes a sequential reduction across 8 levels, reaching
a 1 × 1 resolution at level 8. At this deepest level, the approximation branch no longer
preserves explicit spatial localization of the tumor, because the full image is compressed into
a single coefficient. For this reason, the 8-level decomposition was intentionally included
as an upper-bound experimental condition to examine how far recursive decomposition
can be extended before information loss outweighs the benefit of multi-scale sparsity. In
contrast, the 7-level decomposition still retains a 2 × 2 LL approximation map, which is
extremely coarse but still preserves minimal spatial organization of the image. Conse-
quently, the 7-level decomposition can be interpreted as the deepest decomposition level
that still preserves a spatially distributed approximation representation, whereas the 8-level
decomposition crosses this limit by reducing the deepest LL approximation branch to a
1 × 1 representation, while the model still retains and fuses directional detail information
from the current and earlier decomposition levels.

2.3. Proposed WaveletFusion Architecture

The proposed WaveletFusion model was built by combining multi-resolution Haar
wavelet decomposition with a CNN backbone for classification (Figure 4). The key dif-
ference between the Baseline CNN is the wavelet decomposition levels included in the
feature fusion pathway. After preprocessing, the input image is decomposed using a two-
dimensional Haar wavelet transform into an approximation component and three detail
components. At each decomposition stage, the three detail subbands are concatenated
and passed through a convolutional feature extractor consisting of two 3 × 3 convolu-
tional layers with batch normalization and ReLU activation. In parallel, the approximation
subband is also processed by a small convolutional block before fusion. Afterward, the
resulting approximation and detail subbands are fused and propagated through the CNN
backbone through repeated convolutional blocks and downsampling, making higher-level
representations. A fully connected layer, global average pooling, and softmax output are
included in the classification head for the prediction of Brain MRI classes.

More precisely, the proposed WaveletFusion model processes the input MRI slice in a
step-by-step manner. Firstly, the grayscale MRI slice of size 256 × 256 × 1 is pre-processed
using the same pipeline as the Baseline CNN, including augmentation, rescaling, per-image
standardization, and Gaussian noise injection during training. Afterward, the pre-processed
image is passed through a one-level 2D Haar wavelet transform, which decomposes it into
one LL subband and three directional detail subbands (LH, HL, and HH). Furthermore,
these three detail subbands are then concatenated and processed by a small convolutional
block, while the approximation subband is processed in parallel by another convolutional
block. The extracted features are fused with the backbone representation from the previous
stage, and the approximation subband is recursively decomposed, and the same procedure
is repeated across the selected decomposition levels, allowing the model to learn multi-scale
representations from fine to coarse resolutions. In the end, after the last fusion stage, the
resulting deep representation is passed through global average pooling, a dense layer, and
a softmax classifier to produce the final prediction.

By jointly operating the recursive decomposition pathway and the CNN feature fusion
backbone, the proposed architecture does not rely only on spatial domain learning from
the original MRI slice. It integrates approximation and directional detail information across
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multiple scales, allowing the model to combine coarse structural context with fine-grained
edge and texture cues during classification.

Figure 4. The architecture of the proposed WaveletFusion model.

In this research, to ensure a fair comparison, the Baseline CNN model was trained
under the same preprocessing and optimization setup. The lightweight convolutional
network takes a grayscale MRI slice of size 256 × 256 × 1 as input and applies the same
augmentation pipeline, rescaling, per-image standardization, and Gaussian noise injection
during training. The feature extractor consists of four convolutional stages with filter sizes
16, 32, 64, and 128, where each stage uses two 3 × 3 Conv2D layers followed by batch
normalization and ReLU activation, and spatial dropout is applied within stages to reduce
overfitting. A 2 × 2 max-pooling is used after the first three stages to downsample the
feature maps (Figure 5).

Figure 5. The architecture of the Baseline CNN.
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After the final convolutional stage, a global average pooling layer is used to obtain a
compact feature vector, followed by a fully connected layer with 128 units and dropout
regularization, and a final softmax layer produces predictions for the four classes. The only
difference between the two architectures is that the Baseline CNN does not include the
multi-level Haar decomposition and fusion pathway.

2.4. Model Evaluation

Both WaveletFusion and Baseline CNN models share a similar reporting and CNN
architecture, with the only difference being that the Baseline CNN learns spatial features
directly from the input MRI slice using convolutional and pooling layers. In contrast, the
WaveletFusion 8-level model first applies an 8-level two-dimensional decomposition and
fuses multi-scale details and approximation features before classification. After training,
benchmark results are provided to compare parameter count, accuracy, loss, and training
time, allowing review and evaluation of the outcomes.

In multi-class classification, accuracy is the proportion of correctly predicted cases
from the total number of predictions.

Accuracy =
1

nsamples

nsamples−1

∑
i=0

1(ŷi = yi) (2)

where yi represents the true label of the ith sample in the dataset, ŷi are the predicted labels
produced by the model, and nsamples is the total number of samples in the dataset. The
function 1(ŷi = yi) returns 1 if the prediction matches the actual label and 0 otherwise.

Categorical cross-entropy loss for a multi-class classification problem is used as a loss
function to measure how well a model predicts the correct class.

Loss = −∑C
i=1 yi ∗ log(ŷi) (3)

where yi is the true label from the one-hot encoded target vector, ŷi is the predicted
probability for the class i and C is the number of classes.

To evaluate how well a model performs on a classification of Brain Tumor MRI classes,
precision, recall, and F1-score are provided to measure how many samples predicted as
a given class are actually correct, how many samples of that actual class are successfully
detected, and provide a single balanced measure when the two differ.

Precision =
TP

TP + FP
, Recall =

TP
TP + FN

, F1 =
2 × Precision × Recall

Precision + Recall
(4)

where TP (true positives) is the number of samples of the target class correctly predicted
as that class, FP (false positives) are incorrectly predicted positive cases, and FN (false
negatives) are incorrectly predicted negative cases.

Additionally, for predictive performance, training efficiency is characterized using
the average epoch time and training FPS (frames per second), computed as the number of
training images divided by the average epoch duration.

3. Results
The proposed WaveletFusion architecture illustrates classification performance by

comparing an eight-level decomposition against the Baseline CNN model, where all con-
figurations were trained on the same Brain Tumor MRI dataset and Br35H datasets, using
the same preprocessing augmentation, optimization settings, and evaluation procedure to
ensure a fair comparison. Both architectures were trained and evaluated in five indepen-
dent trials.
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3.1. Experimental Setup and Evaluation Protocol

All MRI images loaded into the models were resized to 256 × 256, rescaled to [0, 1], and
standardized per image. For the WaveletFusion models, a two-dimensional Haar wavelet
transform was applied up to eight decomposition levels. At each level, only horizontal,
vertical, and diagonal components are concatenated and processed by a small convolution
block consisting of two convolution layers. Additionally, the approximation component
was applied to the next level for further decomposition and was also processed and fused
with the detail features within the multi-level backbone.

A repeated hold-out validation was performed five times for the Brain Tumor MRI
dataset by splitting the training dataset into training and validation subsets at 80% and
20%, respectively, with different run seeds. The test dataset was given in the dataset and
was used as an independent test set to evaluate the model. Thus, the current data does not
allow for reconstructing the patient-wise grouping or splitting the images at a patient level.

For the Br35H dataset, the supervised evaluation was performed only on the labeled
yes (1500 images) and no (1500 images) classes, while the pred folder was removed be-
cause it does not provide ground-truth class labels. Since this dataset does not include a
predefined test partition, a repeated hold-out protocol was also performed five times, first
splitting the labeled yes/no images into training/validation and independent test subsets
using a stratified 80%/20% split. Afterward, the training–validation subset was further split
into training and validation subsets at 80% and 20%, respectively, again using stratification.

For both datasets, the splits were performed at an image level because patient identi-
fiers were not available. Per-class precision, recall, and F1-score are computed for test-set
predictions. The per-class tables show results from the report-seed run with the best valida-
tion accuracy, while averaged results across seeds are reported separately where indicated.

3.2. Ablation Study of Wavelet Decomposition Depth

To analyze the effect of wavelet decomposition depth on the proposed WaveletFusion
architecture, it was trained with decomposition depths ranging from 1-level to 8-level (L1
to L8) under the same experimental protocol. For each decomposition level, the model was
evaluated across five runs using identical training, validation, and test procedures (Table 1).

Table 1. Quantitative evaluation of WaveletFusion models with varying wavelet decomposi-
tion depths (L1–L8) across 5 runs (mean ± standard deviation) on the Brain Tumor MRI and
Br35H datasets.

Dataset Depth Parameters Validation
Loss

Validation
Accuracy

Validation
Macro-F1 Test Loss Test

Accuracy
Test

Macro-F1

Brain
Tumor MRI

L1 19,708 0.94 ± 0.04 0.64 ± 0.03 0.59 ± 0.05 1.04 ± 0.04 0.61 ± 0.02 0.55 ± 0.03
L2 58,816 0.79 ± 0.04 0.72 ± 0.02 0.64 ± 0.03 0.86 ± 0.06 0.70 ± 0.03 0.63 ± 0.04
L3 101,812 0.70 ± 0.02 0.78 ± 0.02 0.73 ± 0.04 0.76 ± 0.03 0.75 ± 0.01 0.70 ± 0.03
L4 143,862 0.59 ± 0.05 0.86 ± 0.03 0.84 ± 0.04 0.64 ± 0.04 0.83 ± 0.03 0.81 ± 0.04
L5 185,912 0.57 ± 0.06 0.89 ± 0.03 0.88 ± 0.03 0.62 ± 0.06 0.86 ± 0.03 0.84 ± 0.04
L6 226,888 0.49 ± 0.02 0.94 ± 0.01 0.93 ± 0.01 0.52 ± 0.03 0.92 ± 0.01 0.92 ± 0.01
L7 267,864 0.49 ± 0.02 0.94 ± 0.01 0.94 ± 0.01 0.51 ± 0.03 0.94 ± 0.02 0.93 ± 0.02
L8 308,840 0.55 ± 0.04 0.91 ± 0.02 0.91 ± 0.02 0.60 ± 0.05 0.90 ± 0.02 0.89 ± 0.03

Br35H

L1 19,450 0.48 ± 0.06 0.81 ± 0.04 0.81 ± 0.04 0.48 ± 0.03 0.81 ± 0.02 0.81 ± 0.02
L2 58,358 0.47 ± 0.07 0.84 ± 0.04 0.84 ± 0.04 0.46 ± 0.03 0.85 ± 0.01 0.85 ± 0.01
L3 101,554 0.45 ± 0.05 0.87 ± 0.03 0.86 ± 0.03 0.44 ± 0.01 0.88 ± 0.01 0.88 ± 0.01
L4 143,604 0.47 ± 0.04 0.86 ± 0.03 0.86 ± 0.03 0.47 ± 0.01 0.86 ± 0.01 0.86 ± 0.01
L5 185,654 0.47 ± 0.06 0.87 ± 0.04 0.87 ± 0.04 0.46 ± 0.04 0.88 ± 0.02 0.88 ± 0.02
L6 226,630 0.36 ± 0.08 0.95 ± 0.03 0.95 ± 0.03 0.37 ± 0.08 0.94 ± 0.04 0.94 ± 0.04
L7 267,606 0.34 ± 0.03 0.97 ± 0.02 0.97 ± 0.02 0.35 ± 0.02 0.97 ± 0.01 0.97 ± 0.01
L8 308,582 0.43 ± 0.05 0.92 ± 0.03 0.92 ± 0.03 0.43 ± 0.04 0.92 ± 0.02 0.92 ± 0.02
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For the Brain Tumor MRI dataset, the test results showed a gradual increase in accuracy
from 0.61 ± 0.02 at L1 to 0.94 ± 0.02 at L7, while macro-F1 improved from 0.55 ± 0.03 to
0.93 ± 0.02 over the same range. Similarly, the validation loss decreased substantially from
0.94 ± 0.04 at L1 to 0.49 ± 0.02 at L7, while validation accuracy and validation macro-F1
reached 0.94 ± 0.01 and 0.94 ± 0.01, respectively. These results illustrate that increasing the
number of decomposition levels, specifically between L3 and L6, improves performance,
with the best results at L7.

Furthermore, a similar trend was observed in the Br35H dataset. The test accuracy
increased from 0.81 ± 0.02 at L1 to 0.97 ± 0.01 at L7. The validation loss also decreased from
0.48 ± 0.06 at L1 to 0.34 ± 0.03 at L7, while validation accuracy reached 0.97 ± 0.02. Al-
though small fluctuations were observed at intermediate depths, the overall trend remained
steady, and the best results were again obtained at L7 depth.

However, the models’ performance across decomposition levels (Figure 6) shows that
excessive decomposition can remove spatial information. This is clearly visible where the
7-level (L7) decomposition achieved the best overall performance. However, the 8-level
decomposition resulted in a decline, with test accuracy decreasing to 0.90 ± 0.02 and test
macro-F1 to 0.89 ± 0.03. Correspondingly, for the Br35H dataset, the L8 configuration
reduced test accuracy and test macro-F1 to 0.92 ± 0.02. Therefore, the L8 was included
to evaluate the upper limit of decomposition depth and to analyze the trade-off between
representation compactness and information loss. The results indicate that L7 provides a
better balance between multi-scale sparsity and information loss, while L8 becomes less
effective in this trade-off.

Figure 6. Test accuracy and macro-F1 of WaveletFusion across different wavelet decomposition
depths for (a) Brain Tumor MRI and (b) Br35H datasets across 5 runs.

3.3. Ablation Study of Directional Detail Subbands

Since the depth-ablation results identified L7 as the best-performing configuration, it
was chosen to analyze the contribution of directional wavelet detail subbands. To examine
whether the contribution of directional wavelet detail subbands remains stable across the
strongest decomposition depths, L6 and L8 were also chosen for the same subband ablation
analysis. The same masking-based procedure was used for all three cases, in which selected
detail subbands were retained at all decomposition levels, while the remaining detail
components were suppressed. This procedure allowed the discriminative contributions
of the LH, HL, and HH detail responses to be compared under the same training and
evaluation protocol.

The comparison of test macro-F1 across wavelet detail subband configuration for
the L6, L7 and L8 are provided (Figure 7 and Table 2), where the yellow line in each
box plot represents the median, the dots indicate outlier seed results, and the blue dot
shows the configuration with the highest median Test Macro-F1. It showed that the HH-
only configuration remained the weakest setting, whereas LH and HL configurations
consistently produced stronger results in both datasets. For the Brain Tumor Brain MRI
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dataset, in the L6 setting, the LH + HL configuration achieved the best overall performance,
reaching 0.94 ± 0.01 test accuracy. The best single-subband result in the L8 setting was
obtained with the HL component, achieving 0.91 ± 0.02 test accuracy, while the full three-
subband model (LH + HL + HH) achieved 0.90 ± 0.02. However, in comparison with the
L7 setting as in the previous analysis, it produced stronger performance across all subband
configurations, especially in the LH + HL configuration, where it showed the best overall
performance reaching 0.94 ± 0.01 test accuracy and 0.93 ± 0.01 test macro-F1, indicating
that the jointly used horizontal and vertical directional details were sufficient to obtain the
strongest predictive performance.

Figure 7. Effect of wavelet detail subband configuration on test macro-F1 across 5 runs for (a) Wavelet-
Fusion 6-level on the Brain Tumor MRI dataset, (b) WaveletFusion 6-level on the Br35H dataset,
(c) WaveletFusion 7-level on the Brain Tumor MRI dataset, (d) WaveletFusion 7-level on the Br35H
dataset, (e) WaveletFusion 8-level on the Brain Tumor MRI dataset, and (f) WaveletFusion 8-level on
the Br35H dataset.

A similar tendency was also observed for the Br35H dataset, although the overall
performance level was higher across all subband configurations. In this case, the HL
component produced the strongest single-subband result at all three decomposition depths,
reaching 0.96 ± 0.02 test accuracy and 0.96 ± 0.02 test macro-F1 at L6, 0.97 ± 0.01 in both
test accuracy and test macro-F1 at L7, and 0.95 ± 0.01 in both metrics at L8.

Therefore, the results from both datasets support the stability of the relative contribu-
tion pattern of the detail subbands, where LH and HL components carry the most useful
discriminative information, while HH contributes less when used alone. The L6 model
follows the same general tendency. Therefore, the comparison between these three models
not only supports the previously illustrated depth-ablation results but also suggests a
subsequent interpretability analysis.
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Table 2. Test-set comparison of WaveletFusion subband configurations at decomposition depths L6,
L7, and L8 for Brain Tumor MRI and Br35H datasets across 5 runs (mean ± standard deviation).

Dataset Subband
Configuration

L6 Test
Accuracy

L6 Test
Macro-F1

L7 Test
Accuracy

L7 Test
Macro-F1

L8 Test
Accuracy

L8 Test
Macro-F1

Brain Tumor
MRI

LH 0.91 ± 0.02 0.90 ± 0.02 0.93 ± 0.01 0.93 ± 0.02 0.90 ± 0.02 0.89 ± 0.02
HL 0.91 ± 0.02 0.90 ± 0.02 0.93 ± 0.02 0.93 ± 0.02 0.91 ± 0.02 0.90 ± 0.02
HH 0.82 ± 0.03 0.79 ± 0.04 0.82 ± 0.08 0.80 ± 0.09 0.77 ± 0.07 0.71 ± 0.10

LH + HL 0.94 ± 0.01 0.94 ± 0.01 0.94 ± 0.01 0.93 ± 0.01 0.88 ± 0.03 0.86 ± 0.03
LH + HH 0.92 ± 0.02 0.92 ± 0.02 0.92 ± 0.02 0.92 ± 0.02 0.87 ± 0.03 0.86 ± 0.03
HL + HH 0.91 ± 0.04 0.91 ± 0.04 0.93 ± 0.01 0.92 ± 0.01 0.88 ± 0.04 0.87 ± 0.04

LH + HL + HH 0.92 ± 0.01 0.92 ± 0.01 0.93 ± 0.01 0.92 ± 0.01 0.90 ± 0.02 0.90 ± 0.02

Br35H

LH 0.95 ± 0.01 0.95 ± 0.01 0.96 ± 0.02 0.96 ± 0.02 0.93 ± 0.02 0.93 ± 0.02
HL 0.96 ± 0.02 0.96 ± 0.02 0.97 ± 0.01 0.97 ± 0.01 0.95 ± 0.01 0.95 ± 0.01
HH 0.93 ± 0.02 0.93 ± 0.02 0.94 ± 0.02 0.94 ± 0.02 0.89 ± 0.04 0.89 ± 0.04

LH + HL 0.95 ± 0.02 0.95 ± 0.02 0.96 ± 0.00 0.96 ± 0.00 0.94 ± 0.02 0.93 ± 0.02
LH + HH 0.95 ± 0.02 0.95 ± 0.02 0.96 ± 0.02 0.96 ± 0.02 0.94 ± 0.03 0.94 ± 0.03
HL + HH 0.94 ± 0.02 0.94 ± 0.02 0.97 ± 0.01 0.97 ± 0.01 0.94 ± 0.02 0.94 ± 0.02

LH + HL + HH 0.94 ± 0.03 0.94 ± 0.03 0.95 ± 0.03 0.95 ± 0.03 0.93 ± 0.03 0.93 ± 0.03

3.4. Ablation Study of Level-Group Contributions

To further analyze which parts of the multi-level wavelet representation contribute
most, an additional ablation was carried out for the WaveletFusion 6-level, WaveletFusion
7-level, and WaveletFusion 8-level models. These three models were selected because
they achieved the strongest results in the previous analysis, whereas lower decomposition
levels showed clearly weaker overall classification performance. For the WaveletFusion
6-level model, the retained groups were defined as early-scale (L1–L2), intermediate-scale
(L3–L4), coarse-scale (L5–L6), and full-scale (L1–L6). For the WaveletFusion 7-level model,
the retained groups were defined as early-scale (L1–L2), intermediate-scale (L3–L5), coarse-
scale (L6–L7), and full-scale (L1–L7). And lastly, for the WaveletFusion 8-level model, the
retained groups were defined as early-scale (L1–L2), intermediate-scale (L3–L5), coarse-
scale (L6–L8), and full-scale (L1–L8).

The results for the WaveletFusion 8-level model (Figure 8) showed that the early-scale
fusion configuration achieved the strongest overall performance with a test accuracy of
0.89 ± 0.02 and a test macro-F1 of 0.88 ± 0.02. The full-scale fusion setting was slightly
weaker, with 0.88 ± 0.02 test accuracy and 0.87 ± 0.03 test macro-F1. In comparison, the
intermediate-scale fusion configuration showed a clear decrease to 0.84 ± 0.05 test accuracy
and 0.82 ± 0.06 test macro-F1, whereas the coarse-scale fusion configuration produced
the weakest results, with only 0.73 ± 0.01 test accuracy and 0.69 ± 0.01 test macro-F1.
These findings indicate that the strongest discriminative contribution comes from the
early, fine-resolution levels, whereas the deepest coarse levels are insufficient when used
in isolation.

Similarly, an even stronger tendency was observed for the WaveletFusion 7-level
model, where the best test-set result was obtained by intermediate-scale fusion, which
reached a test accuracy of 0.93 ± 0.01 and a test macro-F1 of 0.93 ± 0.01. The early-
scale fusion and full-scale fusion settings followed very closely. In contrast, the coarse-
scale fusion configuration again produced substantially lower performance, which again
confirms that the coarse low-resolution information alone is not sufficient, while early and
intermediate scales contain the most useful discriminative cues. For the WaveletFusion
6-level model, the intermediate-scale fusion configuration also produced the best result,
reaching 0.91 ± 0.01 test accuracy and 0.91 ± 0.01 test macro-F1, while the coarse-scale
fusion configuration remained weaker than the early-scale and full-scale settings.
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Figure 8. Test macro-F1 and accuracy for level-group ablations across 5 runs for (a) test macro-F1 on
the Brain Tumor MRI dataset, (b) test accuracy on the Brain Tumor MRI dataset, (c) test macro-F1 on
the Br35H dataset, and (d) test accuracy on the Br35H dataset, comparing the WaveletFusion 6-level,
WaveletFusion 7-level, and WaveletFusion 8-level models.

For the Br35H dataset, the WaveletFusion 6-level and WaveletFusion 7-level models
showed the strongest results in the intermediate-scale and full-scale settings, while the
coarse-scale configuration again remained weaker than the early and full settings. For the
WaveletFusion 8-level model, the intermediate-scale and full-scale settings also remained
stronger than the coarse-scale configuration, confirming that the most useful discriminative
information is concentrated in the early-to-intermediate decomposition levels, whereas the
deepest coarse levels alone are not sufficient for the strongest predictive performance.

3.5. Explainable Analysis of the WaveletFusion 8-Level Model

To understand how the WaveletFusion 8-level model forms its predictions, a layer-
wise Grad-CAM analysis was carried out on representative test-set examples from the
four classes and computed with respect to the predicted class logit for five successive
convolutional blocks in the fusion backbone, namely B1 (Block 1) to B5 (Block 5). To
explain successful predictions, one correctly classified image was selected for each class,
and representative incorrectly classified images were also examined to identify the reasons.
The correctly classified glioma and meningioma cases (Figure 9) show a clear progression
from broad low-level responses to more selective late-layer attention.

Across all classes, blocks 1 and 2 show that they mainly respond to general skull-
based boundaries, while blocks 3 to 5 become more discriminative. The deeper overlays in
glioma and meningioma classes progressively contract toward the lesion-bearing regions,
showing that the later fusion blocks are responsible for refining tumor localization. On
the contrary, for the no-tumor case, the later blocks do not converge to a single mass-like
hotspot. Instead, the responses remain comparatively weak and distributed across normal
intracranial structures, consistent with the absence of a focal lesion. In contrast, the later
responses in the pituitary class emphasize a compact central or inferior region, indicating
that the model can isolate characteristic pituitary evidence despite the broader anatomical
responses seen in the earlier blocks.
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Figure 9. Correctly classified representative examples of the WaveletFusion 8-level model.

Representative error cases from all four classes (Figure 10), where Grad-CAM is tar-
geted to the predicted class. These overlays illustrate why the model selected the incorrect
label, especially in glioma and meningioma examples; the deeper blocks increasingly em-
phasize regions or surrounding anatomical patterns that resemble the competing class
rather than isolating the full lesion area. In the no-tumor and pituitary cases, the deeper
responses form compact hotspots over localized structures and strong intensity transitions,
which may be interpreted by the model as tumor-like evidence.

 

Figure 10. Incorrectly classified representative examples of the WaveletFusion 8-level model with
Grad-CAM targeted to the predicted class.
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The same representative error cases are shown in (Figure 11), but here Grad-CAM
is targeted to the true class, and the corresponding true-class probability is reported for
each example. Compared with Figure 10, the true-class responses are more fragmented
or less spatially dominant in the deeper blocks, which means that the model still retains
some evidence for the true class, but this evidence is insufficient to dominate the final
decision. The lower true-class probability further supports this interpretation, showing
that although the correct class is not entirely ignored, its contribution is outweighed by
stronger activation patterns associated with the incorrect prediction.

 

Figure 11. Incorrectly classified representative examples, but with Grad-CAM targeted to the
true class.

Overall, the Grad-CAM analysis confirms that the WaveletFusion 8-level model does
not use all backbone blocks in the same way. Blocks 1 and 2 mainly respond to global
structure and edge information, whereas blocks 4 and 5 are more directly linked to the final
class decision. When these later blocks converge on misleading but discriminative regions,
the model favors the wrong label even though some residual evidence for the true class
remains present.

3.6. Comparative Performance Analysis of the Baseline CNN and WaveletFusion Models

Overall, integrating wavelet decompositions improved test accuracy compared to the
Baseline CNN, and kept strong classification performance on the Brain Tumor MRI and
Br35H datasets with slightly smaller parameter count (Table 3). However, the decomposi-
tion ablation further showed that the WaveletFusion 7-level configuration (267,864 param-
eters for Brain Tumor MRI and 267,606 parameters for Br35H) achieved the best overall
performance, indicating that a larger model size did not cause the observed performance
improvements. In terms of efficiency, the Baseline CNN model trains faster (average epoch
time 6.78 s) than the WaveletFusion 7-level model (average epoch time 14.86 s), as expected
due to the additional multi-level wavelet processing on the Brain Tumor MRI dataset. Simi-
larly, the Baseline CNN also achieved lower inference latency (3.64 ms/img) and higher
inference throughput (275.1 img/s) than the WaveletFusion 7-level and the WaveletFusion
8-level models. For the Br35H dataset, the same trend was observed, where the Baseline
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CNN again trained faster (average epoch time 3.32 s) than the WaveletFusion 8-level and
WaveletFusion 7-level models, and also achieved lower inference latency (2.27 ms/img)
and higher inference throughput (439.94 img/s). Although the WaveletFusion 7-level and
WaveletFusion 8-level models showed lower FLOPs than the Baseline CNN (1690.28 M),
indicating that FLOP-based complexity does not fully capture the execution overhead
introduced by the wavelet decomposition.

Table 3. Computational characteristics of the Baseline CNN and WaveletFusion models.

Dataset Model Parameters FLOPs (M) Average
Epoch Time

Train FPS
(img/s)

Inference
Latency

(ms/img)

Inference
Through-

put (img/s)

Training
Time (s)

Brain
Tumor MRI

Baseline CNN 311,700 1690.28 6.78 674.5 3.64 275.1 169.5
WaveletFusion 8-level 308,840 819.13 16.23 281.7 4.97 201.4 405.9
WaveletFusion 7-level 267,864 819.05 14.86 307.6 4.70 212.7 371.7

Br35H
Baseline CNN 311,442 1690.28 3.32 577.52 2.27 439.94 46.64

WaveletFusion 8-level 308,582 819.13 5.24 366.41 4.45 224.73 132.19
WaveletFusion 7-level 267,606 819.05 5.63 341.19 4.73 211.31 140.94

The performance metric results of all the models are provided (Table 4). They showed
that both WaveletFusion models outperform the Baseline CNN on the test set. The Wavelet-
Fusion 8-level model achieved a higher average test accuracy (0.89 ± 0.02) than the
Baseline CNN (0.82 ± 0.02) across 5, while the test loss decreased from 0.68 ± 0.02 to
0.60 ± 0.03. Moreover, the WaveletFusion 8-level model improves the test macro-F1 results
from 0.80 ± 0.03 to 0.89 ± 0.02. However, the WaveletFusion 7-level model showed the
strongest results, reaching a test accuracy of 0.94 ± 0.01, while also achieving the lowest
test loss (0.49 ± 0.02).

Table 4. Overall performance of the Baseline CNN and WaveletFusion models across 5 runs
(mean ± standard deviation).

Dataset Model Test Loss Test
Accuracy

Test
Macro-F1

Validation
Loss

Validation
Accuracy

Validation
Macro-F1

Brain
Tumor MRI

Baseline CNN 0.68 ± 0.02 0.82 ± 0.02 0.80 ± 0.03 0.62 ± 0.03 0.85 ± 0.02 0.84 ± 0.03
WaveletFusion 8-level 0.60 ± 0.03 0.89 ± 0.02 0.89 ± 0.02 0.55 ± 0.03 0.92 ± 0.02 0.91 ± 0.02
WaveletFusion 7-level 0.49 ± 0.02 0.94 ± 0.01 0.93 ± 0.02 0.49 ± 0.02 0.94 ± 0.01 0.94 ± 0.01

Br35H
Baseline CNN 0.54 ± 0.03 0.82 ± 0.03 0.81 ± 0.03 0.54 ± 0.04 0.81 ± 0.03 0.81 ± 0.03

WaveletFusion 7-level 0.35 ± 0.02 0.97 ± 0.01 0.97 ± 0.01 0.35 ± 0.04 0.97 ± 0.02 0.97 ± 0.02
WaveletFusion 8-level 0.41 ± 0.01 0.94 ± 0.01 0.94 ± 0.01 0.40 ± 0.03 0.94 ± 0.02 0.94 ± 0.02

A similar trend was observed in the Br35H dataset, where the Baseline CNN achieved
test accuracy of 0.82 ± 0.03 and test macro-F1 of 0.81 ± 0.03. In contrast, the WaveletFusion
8-level model improved these results to 0.94 ± 0.01 for both test accuracy and test macro-F1.
However, the WaveletFusion 7-level model again achieved the best overall performance,
with a test accuracy of 0.97 ± 0.01 and the lowest test loss (0.35 ± 0.02).

Validation results follow the same trend, where WaveletFusion 8-level model valida-
tion loss decreases from 0.62 ± 0.03 to 0.55 ± 0.03, and validation accuracy increases from
0.85 ± 0.02 to 0.92 ± 0.02. The WaveletFusion 7-level model further improved these results,
achieving the lowest validation loss (0.49 ± 0.02) together with the highest validation
accuracy (0.94 ± 0.01) and validation macro-F1 (0.94 ± 0.01).

At the same time, the broader comparison analysis (Table 5) shows that the proposed
WaveletFusion 7-level model also remained competitive with several previously published
methods. It outperformed the results of Decision Tree, k-NN, ResNet50, and Custom CNN,
but remained below stronger models such as Xception Base, DenseNet169 Base, and Fusion
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+ CA + Chirplet Transform. For the Br35H dataset, the WaveletFusion 7-level model also
showed competitive overall performance, outperforming ResNet50, DenseNet121, the
proposed CNN, and InceptionV3, while remaining slightly below stronger Pre-BN CNN,
Post-BN CNN, and Post-BN Res CNN models.

Table 5. Overall comparison of the proposed models with representative published methods on the
Brain Tumor MRI and Br35H datasets.

Dataset Model Reported Accuracy Reported F1-Score

Brain Tumor MRI

Baseline CNN 0.84 0.83
WaveletFusion 8-level 0.91 0.91
WaveletFusion 7-level 0.95 0.95

Decision Tree [45] 0.83 0.83 *
k-NN [45] 0.91 0.92 *

ResNet50 [45] 0.91 0.92 *
CNN Model [45] 0.90 0.95 *

Xception Base [46] 0.96 0.95
DenseNet169 Base [46] 0.98 0.98
Fusion + CA + Chirplet

Transform [46] 0.99 0.99

Br35H

Baseline CNN 0.85 0.84
WaveletFusion 8-level 0.95 0.95
WaveletFusion 7-level 0.98 0.98

ResNet50 [47] 0.94 0.94
ResNet101 [47] 0.96 0.96

DenseNet121 [47] 0.93 0.93
Proposed CNN [48] 0.94 0.94

InceptionV3 [48] 0.77 0.69
Pre-BN CNN [49] 0.94 0.98
Post-BN CNN [49] 0.99 0.99

Post-BN Res CNN [49] 0.99 0.99
* weighted F1-score reported.

The per-class metric analysis (Table 6) shows that the WaveletFusion models provide
more consistent improvements across all classes. For example, both WaveletFusion con-
figurations in the pituitary class maintained very high recall, indicating that the main
features were preserved in both decomposition settings. However, in comparison with
other classes, the meningioma class results remain lower than for the other classes, which
can be considered the most challenging class. While the Baseline CNN shows weaker class
balance, the WaveletFusion 7-level model provided the strongest overall performance and
substantially reduced the gap in the meningioma class. Moreover, WaveletFusion models
still achieved more balanced precision and recall results in the pituitary and no-tumor cases,
despite the fact that the Baseline CNN model also classified these cases reliably. However,
compared with the Dense121 Base and Dense169 Base models, the WaveletFusion 7-level
model still shows lower class-wise scores in several categories, especially in the no-tumor
and pituitary categories. The Fusion + CA + Chirplet Transform model reached near-perfect
metrics across all classes.

The per-class metric analysis for the Br35H dataset (Table 7) also shows that the
WaveletFusion models provide clear improvements over the Baseline CNN in both classes.
For the no class, the WaveletFusion 7-level model increased precision, recall, and F1-
score, respectively, compared with the Baseline CNN model. A similar improvement was
observed for the yes class, with the WaveletFusion 7-level model achieving stronger, more
balanced classification than the Baseline CNN model. Although the WaveletFusion 8-level
model also improved the results over the Baseline CNN, it remained consistently weaker
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than the 7-level configuration in both classes. Compared with the published models, the
WaveletFusion 7-level model remained competitive, but the Post-BN CNN and Post-BN
Res CNN models still achieved the highest per-class scores on this dataset.

Table 6. Per-class test metrics results of the Baseline CNN and WaveletFusion models for Brain Tumor
MRI dataset.

Class Metric Baseline
CNN

WaveletFusion
7-Level

WaveletFusion
8-Level

Dense121
Base [46]

Dense169
Base [46]

Fusion + CA +
Chirplet

Transform [46]

Glioma
Precision 0.8507 0.9617 0.9225 0.9900 0.9800 1.0000

Recall 0.8167 0.9200 0.8733 0.9400 0.9400 0.9700
F1-score 0.8333 0.9404 0.8973 0.9600 0.9600 0.9800

Meningioma
Precision 0.7546 0.9210 0.8764 0.9400 0.9300 0.9700

Recall 0.5425 0.8758 0.7876 0.9700 0.9700 0.9900
F1-score 0.6312 0.8978 0.8296 0.9600 0.9500 0.9800

No-tumor
Precision 0.8710 0.9591 0.9297 1.0000 1.0000 1.0000

Recall 0.9457 0.9852 0.9803 1.0000 1.0000 1.0000
F1-score 0.9605 0.9720 0.9543 1.0000 1.0000 1.0000

Pituitary
Precision 0.8182 0.9401 0.9139 0.9800 1.0000 1.0000

Recall 0.9900 0.9933 0.9900 0.9900 0.9900 1.0000
F1-score 0.8959 0.9660 0.9504 0.9900 0.9900 1.0000

Table 7. Overall per-class test metrics results of the Baseline CNN and WaveletFusion models for
Br35H dataset.

Class Metric Baseline
CNN

WaveletFusion
7-Level

WaveletFusion
8-Level

Pre-BN
CNN [49]

Post-BN
CNN [49]

Post-BN Res
CNN [49]

no
Precision 0.9203 0.9707 0.9243 0.9896 0.9966 0.9966

Recall 0.7700 0.9933 0.9767 0.9661 0.9820 0.9856
F1-score 0.8385 0.9819 0.9498 0.9777 0.9915 0.9915

yes
Precision 0.8029 0.9932 0.9754 0.9679 0.9870 0.9870

Recall 0.9336 0.9701 0.9202 0.9902 0.9967 0.9967
F1-score 0.8633 0.9815 0.9470 0.9789 0.9918 0.9918

The confusion matrix results (Figure 12) show that the Baseline CNN produces more
misclassifications than the proposed WaveletFusion models. This is significantly visible in
the meningioma class, where misclassification into other tumor categories becomes notice-
ably less frequent. Improvements are also observed in glioma, where the WaveletFusion
models produce fewer errors in neighboring classes. For the no-tumor and pituitary cases,
all models already perform strongly, but the WaveletFusion variants, 7-level configurations,
show fewer misclassifications.

The unified training accuracy and training loss (Figure 13) show that WaveletFusion
models improve more rapidly during the first epochs than the Baseline CNN model, indi-
cating faster feature extraction. This trend is visible in both the Brain Tumor MRI and Br35H
datasets. The relatively narrow variability bands after the early epochs further suggest
that the WaveletFusion models learn more reproducibly across runs, which indicates that
embedding multi-scale wavelet features improves optimization stability and helps the
network converge toward stronger discriminative representations earlier in training. The
corresponding training loss curves also show the same tendency, where the WaveletFusion
models reduce loss more rapidly and follow a smoother trajectory than the Baseline CNN.
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Figure 12. Test-set confusion matrices for the Brain Tumor MRI dataset: (a) Baseline CNN, (b) Wavelet-
Fusion 7-level, and (c) WaveletFusion 8-level; and for the Br35H dataset: (d) Baseline CNN,
(e) WaveletFusion 7-level, and (f) WaveletFusion 8-level.

 

Figure 13. Unified training accuracy and training cross-entropy loss curves across 5 runs for the
Baseline CNN, WaveletFusion 7-level, and WaveletFusion 8-level models on the Brain Tumor MRI
dataset: (a) training accuracy, (b) training loss; and on the Br35H dataset: (c) training accuracy,
(d) training loss.
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Similarly, the unified validation accuracy and validation cross-entropy loss curves
(Figure 14) show the same trend, where the Baseline CNN exhibits slower convergence
and higher instability during the early epochs. Both WaveletFusion models reduce loss
more rapidly and then follow a smoother trajectory, while the Baseline CNN model starts
with a higher loss and shows a slower decline. However, despite the effectiveness of
both WaveletFusion models, the WaveletFusion 7-level model achieves the lowest final
loss, which is compatible with its stronger test and validation performance. This same
overall tendency is observed in both the Brain Tumor MRI and Br35H datasets. The
reduced fluctuation of the WaveletFusion curves also suggests that wavelet-based multi-
scale representations improve gradient flow and help the model fit relevant MRI structure
without the same degree of instability seen in the baseline.

Figure 14. Unified validation accuracy and validation cross-entropy loss curves across 5 runs for the
Baseline CNN, WaveletFusion 7-level, and WaveletFusion 8-level models on the Brain Tumor MRI
dataset: (a) validation accuracy, (b) validation loss; and on the Br35H dataset: (c) validation accuracy,
(d) validation loss.

4. Discussion
This research shows that, without increasing model size, integrating a multi-level

Haar wavelet decomposition into the convolutional neural network improves classification
results on Brain Tumor MRI by preserving fine-detail cues that spatial-only networks might
lose compared to the standard Baseline CNN [33,34]. Notably, the proposed model achieved
these results with a lower parameter count than the Baseline CNN, suggesting that the
accuracy improvements stem from richer feature encoding. This is also supported by the
decomposition-depth analysis, where the WaveletFusion 7-level configuration achieved
the best overall results compared to the WaveletFusion 8-level, indicating that excessive
decomposition can remove useful spatial information.

One of the advantages of the proposed approach is that it embeds frequency-domain
cues in a computationally efficient way, increasing generalization under noise or limited

https://doi.org/10.3390/app16094482

https://doi.org/10.3390/app16094482


Appl. Sci. 2026, 16, 4482 21 of 24

training data. The datasets used in the research are characterized by the fact that the relevant
information in the grayscale image is contained in a single area surrounded by a black
background. Thus, using Haar wavelet decomposition aims to detect the patterns inside the
information-rich area rather than capturing the boundaries of the distinct objects. Instead
of learning all the image features during the training, the model processes meaningful
features representing the vertical, horizontal, and diagonal details of different frequency. It
leads to capturing the relationship between repeating patterns at different decomposition
levels and is particularly useful with limited training data. Our findings also show that the
wavelet-fusion network improved performance across all tumor types. This was supported
by previous research, which showed that integrating wavelet transforms with CNNs can
reduce overfitting and make models more robust to inter-scanner variability [19,30,33]. In
addition, the subband ablation showed that LH and HL components contributed more
strongly than HH, suggesting that horizontal and vertical directional details carry more
useful information.

The per-class analysis also showed that the WaveletFusion 7-level model produced
the best results across all four classes. Among them, meningioma remained the most
challenging category. However, it also showed one of the clearest improvements in the
7-level configuration, suggesting that the selection of decomposition depth is especially
important for classes with more uncertain textural borders and stronger overlap with
adjacent tumor types.

On the other hand, wavelet decomposition incurs extra computation that increases
training time, as shown in the results. This trade-off is common in multi-branch net-
works [24] and suggests further work on the model’s architecture. Another weakness, as in
many MRI studies, is that the evaluation was limited to 2D image-level analysis on publicly
available datasets, which may not fully capture patient-level variability. Extending wavelet
fusion to multi-sequence MRI could further reduce inter-class confusion, and an explicit
study of scale depth may help identify the minimal decomposition level that retains most
of the benefit while reducing computational overhead.

The article demonstrates an approach applied to brain tumor classification. Combined
with the explanations generated using XAI, the results can be used by radiologists as a
recommendation tool in making diagnosis. Although this research was limited to brain
datasets, the approach can be applied to other medical problems as well.

Future studies should further validate the proposed architecture by using data from
multiple clinics. In addition, multi-sequence MRI may help the model exploit textural
information not fully captured by single-slice analysis. Moreover, using higher order
Daubechies wavelet could improve the feature extraction stage and therefore reduce the
number of decompositions needed to achieve high accuracy. Lastly, future development
should explore lightweight fusion strategies and adaptive decomposition schemes to
balance classification performance and computational efficiency.

5. Conclusions
This paper introduced a hybrid WaveletFusion model that combines a multi-level

Haar wavelet decomposition with convolutional neural networks for Brain Tumor MRI
classification. The proposed approach was designed to improve the representation of
MRI data by explicitly integrating approximation and directional detail information across
multiple spatial scales. In this way, the model captures both global structural context
and fine-grained textural variations that are important for differentiating among brain
tumor classes.

The experimental results showed that the WaveletFusion model provides a clear ad-
vantage over the standard Baseline CNN under the same training and evaluation protocol.

https://doi.org/10.3390/app16094482
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Among the evaluated configurations, the WaveletFusion 7-level model achieved the best
overall performance, reaching the strongest test accuracy and macro-F1, while also using
fewer parameters than the baseline model. The 8-level model performed worse than the 7-
level model, indicating that excessive decomposition can reduce useful spatial information.

The additional ablation and explainability analyses further clarified how the pro-
posed architecture reaches its predictions, and it showed that the LH and HL directional
detail subbands contributed more strongly than HH, and the most useful information
was concentrated in the early-to-intermediate decomposition scales, while deeper levels
provided important contextual support for the final decision. Grad-CAM analysis further
indicates that the model generally focuses on meaningful intracranial regions and uses
deeper decomposition features in a structured way, which supports the idea that integrat-
ing wavelet-domain information directly into the CNN pipeline enhances both predictive
performance and interpretability.

The findings indicate that the proposed architecture remains a promising direction
in neuroimaging analysis. However, more validation on larger datasets is necessary,
and future extensions toward multi-sequence MRI integration may further enhance its
applicability in this area.
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