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Abstract
In leukemia diagnosis, automating the process of decision-making 
can reduce the impact of individual pathologists’ expertise. While 
deep learning models have demonstrated promise in disease 
diagnosis, combining them can yield superior results. This research 
introduces an ensemble model that merges two pre-trained deep 
learning models, namely, VGG-16 and Inception, using transfer 
learning. It aims to accurately classify leukemia subtypes using real 
and standard dataset images, focusing on interpretability. Therefore, 
the use of Local Interpretable Model-Agnostic Explanations (LIME) is 
employed to achieve interpretability. The ensemble model achieves 
an accuracy of 83.33% in binary classification, outperforming 
individual models. In multi-class classification, VGG-16 and Inception 
reach accuracies of 83.335% and 93.33%, respectively, while the 
ensemble model reaches an accuracy of 100%.

Keywords
leukemia, classification, ensemble, VGG-16, Inception, SHAP, LIME, 
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1.  Introduction

Leukemia—cancer of blood—is a very serious infec-
tion that proves to be life-threatening in its later stages 
[1]. It affects the working of the bone marrow. Due to 

this infection, blood-forming capacity is disturbed [2]. 
Eventually, an intermediate cell, called a blast cell, is 
formed and remains immature in the blood [3]. This 
results in less space for the red blood cells to occupy. 
This increase in the blasts or immature leukocytes 
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leads to the infection known as leukemia. It has sev-
eral sub-classes, including acute myeloid leukemia, 
acute lymphocytic leukemia, chronic myeloid leu-
kemia, and chronic lymphocytic leukemia [4].

The detection and diagnosis of this infection is 
done morphologically by observing the microscopic 
images of the infected person’s blood smear [5]. 
Figure 1 shows the example of infected and normal 
blood slide images.

The diagnosis decision process is a challenging 
task, as a trained and experienced person has to diag-
nose the disease. This challenge in the critical deci-
sion-making motivated the researchers in this field to 
opt for an automated diagnostic system [6]. In addition 
to traditional approaches, machine learning and deep 
learning approaches are utilized by many researchers 
because of their high performance [7]. Deep learn-
ing algorithms give implausible accuracies in diagno-
ses but have a limitation of its unexplainable nature 
[8]. These frameworks act as black boxes, in which it 
is very difficult to explain the exact features used for 
the cause of decision. This limitation motivated to go 
for interpretability and explainability of deep learning 
frameworks. There are different frameworks available, 
including Shapley Additive Explanations (SHAP), Local 
Interpretable Model-Agnostic Explanations (LIME), 
and GradCAM, for explainability.

The methodology presented here consists of an 
ensemble model consisting of two popular deep 
learning frameworks. Two datasets are utilized for 
the experimentation, Acute Lymphoblastic Leukemia 
Image disease (ALL-IDB)—a standard publicly availa-
ble dataset for binary classification, and our private 
real-image dataset with three classes—acute mye-
loid leukemia (AML), ALL, and chronic lymphocytic 

leukemia (CLL) for multi-class classification. Input 
images from these datasets are pre-processed and 
applied separately to the modified pre-trained VGG-
16 and Inception to get binary and multi-class classi-
fication, considering training and validation accuracy 
as a performance metric. Furthermore, an ensemble 
model is implemented with these two frameworks, 
namely, VGG-16 and Inception, and the accuracy of 
binary and multi-class classification is considered a 
performance evaluation metric. This decision of clas-
sification is interpreted by using a popular explainable 
artificial intelligence (XAI) framework, LIME, to ensure 
the correctness of the decision.

A fusion of pre-trained deep learning models is 
carried out to create an ensemble model for binary 
classification using a standard dataset and for 
multi-class leukemia classification using an experi-
mented real-image dataset. Additionally, deep learn-
ing classifiers have an inherently unexplained nature, 
and the decision-making process in the hidden layers 
resembles a black box. Despite achieving high accu-
racies, applying these models commercially posed 
challenges. This issue is addressed in our experimen-
tation by employing the XAI framework, specifically 
LIME, to interpret the performance of the proposed 
model and instill trust in the decision-making pro-
cess. Therefore, our study proposes and experiments 
with a system comprising an ensemble model that 
demonstrates promising accuracy for both binary and 
multi-classification, while also revealing and address-
ing its black box nature.

After the Introduction section, the related work is 
presented, followed by the proposed methodology. 
The next section has results and discussion, followed 
by the conclusion.

(a) (b) 

Figure 1: (a) Normal cells; and (b) leukemia cells [9].
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2.  Related work

Researchers use a variety of traditional image pro-
cessing and machine learning approaches for leu-
kemia detection, including support vector machine 
(SVM) [10], SVM and k-means clustering [11], k-near-
est neighbor (k-NN) and naive Bayes (NB) [12], 
KNN [13], Zack algorithm [14], and deep learning 
approaches such as convolutional neural network 
(CNN) [15], deep learning nets [16], CNN plus SVM 
approach [17], and AlexNet [18]. Singhal et al. [19] 
employed a SVM classifier to identify leukemia. This 
study employs features such as geometry and local 
binary pattern (LBP), which achieved accuracies of 
88.79% and 89.72%, respectively.

Al-jaboriy et al. [20] used four instant statistical fea-
ture extraction stages with artificial neural networks 
(ANNs). Although the accuracy of this technique was 
97%, the algorithm still needs to be generalized by 
applying it to a real-image dataset and considering 
multi-class classification to find leukemia sub-classes.

Banik et al. [21] used a CNN-based approach 
to identify white blood cells in microscopic blood 
images in 2020. The features of the first and last lay-
ers are combined for enhanced performance. Pre-
processing and segmentation were performed prior 
to feature extraction via CNN in this method. This 
method must be generalized by taking into account 
the real-image collection.

Honnalgere and Nayak [22] utilized a VGG-16 
framework with a transfer learning of the pre-trained 
model on the ImageNet dataset. Here, batch normal-
ization and data augmentation were used to get a 
good amount of sample sizes. Their experimentation 
achieved a precision, recall, and F1-score of 91.70%, 
91.75%, and 91.70%, respectively. Shah et al. [23] 
proposed an approach combining CNN and a recur-
rent neural network (RNN). This approach reached 
to an accuracy of 86.6%, which is quite fair but still 
could be improved.

Yu et al. [24] investigated the leukemia diagnosis 
system using a CNN-based method. For classifica-
tion, various frameworks, such as ResNet50 [25], 
Inceptionv3 [26], VGG-16 [27], VGG-19 [28], and 
Xception [29] are examined and combined. These 
methods had a precision of 88.5%. Pan et al. [30] 
showed a method based on a pre-trained RNN with 
various stages of feature extraction and combina-
tion. Their study asserted an F1-score of 92.50%. 
Marzahl et al. [31] used a ResNet18 deep learning 
system to distinguish between leukemia and normal 
cells. After using advanced augmentation for dataset 

improvements, this approach reached to an F1-score 
of 87.46%. However, a more trusted and robust 
approach is required to deal with smaller datasets. 
Approaches proposed researchers of previous stud-
ies mentioned in [23–30] yielded a maximum accu-
racy of up to of 92.50%, and the same researchers 
[23–30] experimented on binary classification on 
standard ALL-IDB datasets. So there is a need to 
make these approaches generalized and robust by 
using these approaches on a real-image dataset with 
multi-class classification.

Sornsuwit et al. [32] proposed an improvement in 
ensemble learning for heart failure applications. In this 
approach, the popular machine learning algorithms 
KNN, naive Bayes, and decision tree (DT) are consid-
ered; the weak learner among them is boosted, fol-
lowed by a voting approach to build a strong classifier 
called LEBoosting. This approach has proven to be 
effective over individual machine learning approaches, 
including KNN, naive Bayes, and DT. Surono et al. 
[33] proposed an approach for CNN classification of 
Coronavirus disease 2019 (COVID-19) using differ-
ent machine learning algorithms. Feature extraction 
is carried out by the CNN model, and the classifiers 
used were NB, k-NN, SVM, and DT. Among these, 
SVM achieved a higher accuracy of 93% for COVID-19 
classification. Moreover, NB proved to be slower than 
all other algorithms utilized in this work. Mavrogiorgou 
et al. [34] proposed an approach for providing a health 
ecosystem for heterogeneous data in the multimodal 
manner. It involves two main steps: data processing, 
where the system processes the incoming external 
healthcare data and stores it in its internal data store, 
and data ingestion, where the system connects to the 
many heterogeneous data sources and acquire their 
data. It is important to note that for the mechanism to 
function, external batch data sources, including asso-
ciated citizens’ historical personal data, are required. 
It is assumed that the subjective citizens own an inter-
net of medical things (IoMT) device.

Although the aforementioned approaches pro-
vided reasonable accuracies, but still there is a scope 
for improvement. Deep learning algorithms provide 
promising accuracies as compared to traditional 
algorithms [35]. The problem lies in the size of the 
image dataset [36]. In the case of leukemia, there is 
a constraint of the number of images in the dataset 
[37]. The stated approaches primarily utilized deep 
learning frameworks in recent experimentations. 
Although different pre-trained networks are used by 
researchers, the ensemble model of these frame-
works will improve the different performance metrics. 
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Many approaches primarily used standard publicly 
available datasets for binary classification of leukemia 
cells and normal cells. The model utilized is to be 
tested over the real-image private dataset for multi-
ple classes of leukemia. Moreover, the interpretability 
of the deep learning model plays an important role in 
the commercial use of the developed model. Hence, 
the XAI framework is to be utilized for this case.

Hence, for addressing the different issues in the 
literature related to accuracy improvement, the clas-
sification system proposed here utilizes an ensemble 
of the deep learning framework. Two deep learning 
frameworks, namely, VGG-16 and Inceptionv3, are 
modified and are concatenated to form an ensemble 
model. This improved model will perform better over 
the performance of the individual model.

For proving the robustness of the system, it is 
tested using the binary standard dataset-ALL-IDB, 
and the leukemia sub-classes AML, chronic myeloid 
leukemia (CML), and CLL are diagnosed by utilizing 
the real-image dataset. Moreover, the trust issues 
and black box nature of deep learning frameworks 
are handled by XAI model-LIME. This model will 
give the highlighted features used for the diagnosis 
decision for individual predictions, making the model 
explainable and trust-worthy.

3.  Methodology

The methodology presented in Figure 2 involves 
image loading, pre-processing, and deep learning 
frameworks. A very popular publicly available data-
set ALL-IDB and a private real-image dataset are 
utilized for the experimentation. After the loading of 
images, pre-processing is carried out. It consists of 
re-scaling the input images as per the requirement of 
classification. After pre-processing, classification is 
performed. Popular deep learning classifiers VGG-16 
and Inceptionv3 are employed for the classification. 
The deep transfer learning approach is preferred, as 
the pre-trained weights of “imagenet” gives a very 
good accuracy in major cases. Due to the use of pre-
trained weights, the training time is also reduced.

These proposed networks are elaborated in the 
following section.

3.1.  VGG-16 framework

3.1.1.  VGGNet [38]

CNNs’ depth was increased with VGG to improve 
model performance. Visual Geometry Group (VGG) is 
a typical deep CNN architecture with several layers. 

Figure 2: Proposed methodology for leukemia diagnosis. LIME, Local Interpretable Model-
Agnostic Explanations; XAI, explainable artificial intelligence.
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There are two classical models developed as VGG, 
namely, VGG-16 and VGG-19. Figure 3 shows a typi-
cal VGG-16 architecture. Very tiny convolutional filters 
are used in the construction of the VGG network. A 
total of 16 layers are present in the VGG-16 network, 
of which 3 are fully connected and 13 are convolu-
tional layers. VGGNet accepts input images of size 
224 × 224-.

3.1.1.1.  Convolutional layers

This layer uses a receptive field of 3 × 3 to record 
two movements, namely, left to right and up to down. 

Additionally, 1 × 1 convolution filters are used for the 
linear transformation of the input. The next part is a 
ReLU unit, which is a progressive step over AlexNet 
in terms of training time [39]. The convolution stride 
is set to one pixel to maintain spatial resolution. The 
number of pixel shifts across the input matrix is repre-
sented by the stride.

3.1.1.2.  Hidden layers

These layers primarily make use of ReLU [40]. Local 
response normalization (LRN) is commonly avoided 
when using VGG because it increases the usage of 

Figure 3: VGG-16 architecture.
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Figure 4: Asymmetric convolutions.

memory and the training time [41]. Furthermore, it has 
no effect on the overall accuracy.

3.1.1.3.  Fully connected layers

It has three layers that are fully connected. The first 
two levels have 4,096 channels each. The third layer 
has 1,000 channels, one for each class.

3.2.  Inceptionv3 framework

Inceptionv3 is primarily concerned with using less 
computational power by modifying earlier Inception 
architectures [42]. Inception Networks (GoogLeNet/
Inceptionv1) have proven to be more computationally 
efficient than VGGNet, both in terms of the number of 
parameters produced by the network and the eco-
nomic cost incurred (memory and other resources) 
[43]. If an Inception Network is modified, care must 
be taken to ensure that the computational benefits 
are not lost [44]. Due to the uncertainty about the 
efficiency of the new ’network, adapting an Inception 
network for various use cases becomes a problem. 
Several techniques for optimizing the network have 
been proposed in an Inceptionv3 model to loosen the 
constraints for simpler model adaptation. Factorized 
convolutions, regularization, dimension reduction, 
and parallelized computations are among the meth-
ods used [45].

3.2.1.  Factorized convolutions

This improves computational efficiency by reducing 
the amount of parameters in a network [46]. It also 
monitors the ’ effectiveness of the network.

3.2.2.  Smaller convolutions

Substituting smaller convolutions for larger convo-
lutions results in significantly quicker training [47]. 
Assume a 5 × 5 filter has 25 parameters; swapping 
it with two 3 × 3 filters has only 18 (3 × 3 + 3 × 3) 
parameters.

3.2.3.  Asymmetric convolutions

As shown in Figure 4, 3 × 3 convolution could be sub-
stituted by a 1 × 3 convolution, followed by a 3 × 1 
convolution [48]. If a 3 × 3 convolution is replaced 
by a 2 × 2 convolution, the number of parameters is 
slightly greater than that in the proposed asymmetric 
convolution.

3.2.4.  Auxiliary classifier

As shown in Figure 5, An auxiliary classifier is a small 
CNN that is inserted between layers during train-
ing, with the loss added to the primary network loss 
[49]. Auxiliary classifiers were used in GoogLeNet 
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for a deeper network, whereas an auxiliary classifier 
serves as a regularizer in Inceptionv3.

3.2.5.  Grid size reduction

As shown in Figure 6, Grid size reduction is typically 
accomplished through pooling processes [50]. To 
address the computational cost bottlenecks, a more 
efficient method is proposed. Figure 7 shows the final 
model architecture of incepptionv3.

3.2.6.  �Modification in VGG-16 and 
inceptionv3

This framework has a total of 16 layers and a large 
number of trainable parameters. Hence, it takes a sig-
nificant time for training and testing. Moreover, there 
are chances of overfitting or underfitting of the model 
due to a greater number of layers [51]. Hence, this 
network is modified by removing the first 10 layers 
and adding dropout layers for avoiding the overfitting.

Figure 5: Auxiliary classifiers.

Figure 6: Grid size reduction.
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4.  Interpretation by XAI frameworks

There are some popular frameworks of XAI including 
Shapley, LIME, and GradCAM. The following subsec-
tion explored these frameworks.

4.1.  Shapley [52]

Shapley values are a popular technique in XAI for 
understanding the contribution of each feature in a 
model’s output [53]. They were originally introduced 
in cooperative game theory and have been adapted 
for use in machine learning. Shapley values provide a 
way to fairly distribute the prediction value among the 
input features based on their individual contributions. 
There are several Shapley-based XAI techniques that 
can be used to interpret machine learning models. 
Here are a few prominent techniques.

4.1.1.  SHAP

SHAP is a unified framework that combines game 
theory and local explanations. It calculates the 
Shapley values for each feature by considering all 
possible permutations of feature contributions and 
their effects on the prediction. SHAP values provide 
a coherent and consistent explanation of a model’s 
output for individual instances [54].

4.1.2.  Kernel SHAP

Kernel SHAP is an efficient approximation algorithm 
for computing SHAP values. It approximates the 

expected value of Shapley values using a weighted 
sampling of coalitions of features. Kernel SHAP is 
computationally efficient and can be applied to large 
datasets.

4.1.3.  Tree SHAP

Tree SHAP is a variant of SHAP specifically designed 
for tree-based models, such as DTs, random forests, 
and gradient boosting models. It efficiently computes 
Shapley values by traversing the tree structure and 
assigning feature contributions based on the splits 
[55].

4.1.4.  Deep SHAP

Deep SHAP is an extension of SHAP designed for 
deep learning models. It combines the advantages 
of SHAP values with DeepLift, a technique for 
decomposing the output of deep neural networks 
to individual input features. Deep SHAP allows for 
interpreting the predictions of complex deep learn-
ing models [56].

4.1.5.  Approximate SHAP

Approximate SHAP is a set of techniques that provide 
faster approximations of Shapley values by sampling 
subsets of features instead of considering all possi-
ble permutations. These methods trade off accuracy 
for computational efficiency and can be useful for 
large-scale datasets or models with high-dimensional 
inputs [57].

Figure 7: Final model architecture of inceptionv3.
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4.2.  LIME [58]

LIME is a popular technique in XAI that provides local 
explanations for individual predictions of black box 
machine learning models [59]. LIME aims to address 
the lack of interpretability in complex models by 
approximating their behavior in a local neighborhood 
around a specific instance [60].

LIME works in the following steps.

4.2.1.  Selection of instance

LIME starts by selecting a specific instance for which 
you want to understand the model’s prediction.

4.2.2.  Perturbation

LIME generates perturbed samples by randomly 
modifying the selected instance while keeping the 
rest of the dataset fixed. These perturbed samples 
serve as inputs for the model.

4.2.3.  Model Predictions

The perturbed samples are then fed into the black 
box model, and their corresponding predictions are 
recorded.

4.2.4. � Creation of Interpretable 
Representation

LIME creates an interpretable representation of the 
instance and the perturbed samples. This representa-
tion could be a binary vector indicating the presence 
or absence of features or a text-based representation 
for text data.

4.2.5.  Local Surrogate Model

LIME constructs a local surrogate model, such as a 
linear model, that approximates the behavior of the 
black box model in the local neighborhood of the 
selected instance. The surrogate model is trained 
using the interpretable representation and the cor-
responding predictions obtained from the black box 
model.

4.2.6.  Feature Importance

The surrogate model is used to compute feature 
importance, indicating the contribution of each fea-
ture toward the prediction. This importance reflects 

how the local surrogate model approximates the 
black box model’s behavior.

It becomes more challenging to preserve the local 
authenticity for the models as the dimensions rise. 
However, LIME deals with the far more manageable 
issue of finding a model that replicates the original 
model in a localized manner. LIME takes interpretabil-
ity into account during both the optimization process 
and the idea of an interpretable representation, ena-
bling the addition of domain- and task-specific inter-
pretability requirements. A modular approach called 
LIME can explain any model’s predictions clearly 
and precisely. The researchers suggested SP-LIME, 
which is utilized for choosing notable and unique pre-
dictions that present consumers with a comprehen-
sive view of the model. The Artificial Intelligence (AI) 
model’s test observations are accepted. It consists 
of three phases that are local, model-neutral, and 
interpretable.

4.3.  GradCAM [61]

GradCAM, which builds a coarse localization map 
using the gradients of any target concept flowing 
into the final convolutional layer, highlights the criti-
cal regions in the image for idea prediction [62]. It’s a 
broadening of class activation mapping (CAM), which 
can be used in CNN models with completely linked 
layers but necessitates the addition of a global aver-
age pooling layer for fully CNN models. After supply-
ing the image to the network with a target class, the 
activation maps for the relevant layers are produced.

The coarse Grad-CAM saliency map is produced 
by back-propagating a one-hot signal with the desired 
class set to one to the relevant corrected convolu-
tional feature maps. Out of these popular frameworks, 
LIME proves its suitability for image applications [63]. 
It is designed to be model-agnostic, meaning it can 
be applied to any machine learning model, regardless 
of its architecture or complexity. This flexibility allows 
LIME to be used with a wide range of models, includ-
ing black box models, where the internal workings 
are not easily interpretable. SHAP and GradCAM, on 
the other hand, are more specific in their applicabil-
ity and may require certain assumptions or access to 
model internals.

LIME focuses on generating local explanations 
for individual predictions [64], providing insights into 
how specific instances are influencing the model’s 
output. It does this by approximating the model’s 
behavior around the instance of interest using inter-
pretable “surrogate” models. This local interpretability 
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is particularly useful for understanding why a particu-
lar prediction was made, making LIME valuable for 
case-specific explanations.

LIME provides explanations in the form of weighted 
feature contributions, highlighting the importance of 
each feature for a particular prediction. This simplic-
ity makes the explanations easier to understand and 
communicate to non-experts. SHAP and GradCAM, 
on the other hand, may produce more complex visual 
or quantitative explanations that can be harder for 
individuals to grasp without a deep understanding of 
the underlying methods. Because of these reasons, 
the LIME framework is preferred for the XAI visualiza-
tions of interpretability.

There are different metrics employed for the eval-
uation of the performance of the proposed system. 
Following are the parameters utilized for system 
evaluation:

	
[ ]Accuracy 65  

TP TN
TP TN FP FN

+
=

+ + +
� (1)

Ensemble learning offers several benefits for 
image classification problems, especially when com-
bining multiple architectures such as VGG-16 and 
Inception. The following are the benefits of employing 
an ensemble of VGG-16 and Inception

a)	 Variety in Architectural Styles: VGG-16 and In-
ception have distinct architectures that cap-
ture different aspects of data. While Inception 
employs a collection of filters of various sizes, 
VGG-16 uses a succession of small 3 × 3 con-
volutional filters. The ensemble’s ability to cap-
ture a wider range of features and patterns in 
the data is facilitated by the diversity of these 
architectures.

b)	 Complementary Attributes: Different architec-
tures may excel in capturing different types of 
features. Inception, with its inception modules, 
might be effective in capturing a range of fea-
ture sizes, while VGG-16, with its deep struc-
ture, could be strong in capturing hierarchical 
features. Combining these capabilities can 
enhance the overall feature representation.

c)	 Enhanced Broadcasting: Ensemble approaches 
often improve generalization performance by 
reducing overfitting. The combination of models 
allows one to compensate for weaknesses in 
another, preventing overfitting to specific types 
of data and resulting in a more robust overall 
model.

d)	 Sturdiness of Architecture Selection: An 
ensemble can withstand the selection of a 
single design better than a single architecture 
alone since different architectures have varied 
strengths and limitations. This can be especially 
helpful in situations where it is unclear which 
architecture is best for a certain task.

e)	 Diminution of Singular Model Errors: Accurate 
forecasts from the secondary model can offset 
errors from the first one. A more accurate total 
prediction can be obtained by combining the 
predictions of several models.

f)	 Average of the Ensemble: To provide predic-
tions that are more dependable, noise and 
uncertainties can be reduced by averaging the 
forecasts of several models in an ensemble.

g)	 Improved Feature Acquisition: A richer and 
more informative feature space may be pro-
duced by combining the feature representations 
that VGG-16 and Inception have learnt, which 
may enhance the total learning capacity of the 
ensemble.

h)	 Cutting Edge Performance: It has been demon-
strated that ensembles of popular architec-
tures, including as VGG-16 and Inception, may 
reach state-of-the-art performance in a number 
of image classification benchmarks and con-
tests.

Table 1 lists the advantages of the proposed 
approach with popular approaches for used for 
classification.

5.  Dataset used

5.1.  ALL-IDB

ALL-IDB [66], a well-known dataset used by many 
researchers, was used. This database is used for the 
study and analysis of acute leukemia. This collection 
is divided into two subtypes: ALL-IDB1 and ALL-IDB2. 
All photos were taken using a Canon Powershot G5 
digicam. The lens has a magnification range of 300–
500. JPEG pictures with a color depth of 24 bits were 
used. The ALL-IDB1 dataset includes 109 images, 
totaling 3,900 elements, and has a resolution of 2,592 
1,944. In total, there are 510 lymphoblasts. ALL-IDB2 
is a collection of 260 images with a total element 
count of 257 and a resolution of 257,257. It contains 
130 lymphoblasts [66]. ALL-IDB-2 is one of these that 
is used in the experiment. Figure 8 shows the images 
from ALL-IDB1 and ALL-IDB 2 datasets.



11

INTERNATIONAL JOURNAL ON SMART SENSING AND INTELLIGENT SYSTEMS

Table 1. Comparison of the proposed approach with popular SOTA.

Advantage 
criteria

Ensemble 
(VGG-16 + 
inception)

Pre- 
trained 
VGG-16

Pre- 
trained 
inception

Random 
forest

SVM
ResNet50 
(deep 
learning)

EfficientNet 
(deep 
learning)

Diversity in 
features

Yes No Yes Yes No Yes Yes

Generalization 
performance

Good Good Good Good Good Excellent Excellent

Robustness 
to overfitting

High High High High Moderate High High

Ensemble 
averaging 
benefit

Yes No No No No No No

Feature 
learning 
capabilities

Rich Deep 
hierarchical

Diverse Moderate Linear Deep 
hierarchical

Diverse

State-of-
the-art 
performance

Yes No (dated 
architecture)

Yes (at the 
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Figure 8: (a) ALL-IDB-1 infected image; (b) ALL-IDB-1 normal image; (c) ALL-IDB2 infected 
image, and (d) ALL-IDB2 normal image.
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5.2.  Private real-image dataset

In addition to this dataset, we used an actual image 
dataset in our experiments. The collection contains 
three sub-classes of leukemia: AML, CML, and CLL. 
The AML class has 181 images, while the CLL and 
CML classes have 166 and 173 images, respec-
tively. This dataset contains 520 blood slide images 
from three different groups. This information was 
obtained from Nidan Diagnostics, Ahmednagar, 
India.

Figure 9 shows the sample images from private 
real-image datasets.

6.  Results

The classification of normal and abnormal cell images 
and the multi-class classification are the prime moti-
vation of the presented work. After classifying using 

the deep learning framework, a SOTA XAI framework, 
LIME, was utilized for the interpretation of the classi-
fier performance.

6.1.  Binary classification

For binary classification, the ALL-IDB dataset was uti-
lized with both frameworks VGG-16 and Inceptionv3, 
separately, giving validation accuracies of 68.33% 
and 78.33%, respectively, as shown in Figures 10(a) 
and (b). With the ensemble model formed with VGG-
16 and Inceptionv3, validation accuracy obtained is 
83.33%.

6.2.  Multi-class classification

In this classification, both frameworks VGG-16 and 
Inceptionv3 are applied individually, giving the valida-
tion accuracies of 93.20% and 97.87% respectively, 

Figure 9: Images from the real-image dataset: (a) CLL, (b) CML, and (c) AML. AML, acute 
myeloid leukemia; CLL, chronic lymphocytic leukemia; CML, chronic myeloid leukemia.

Figure 10: Training and validation accuracies: (a) modified VGG-16; (b) modified Inception; and 
(c) ensemble model of modified InceptionNet and VGG-16 classifiers for binary classification.
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Subsequently, an ensemble of these two frameworks 
was formed, and the classification was performed.

Training accuracy is a measure of how well the 
model performs on the training data it was trained on. 
It indicates the accuracy with which the model pre-
dicts the labels of the training examples. High training 
accuracy suggests that the model has learned to fit 
the training data well, capturing the patterns and rela-
tionships present in the training set.

Validation accuracy is a measure of how well the 
model performs on a separate validation dataset that 
the model has not seen during training. This dataset 
serves as a proxy for evaluating the model’s gener-
alization ability. Validation accuracy provides an esti-
mate of how well the model is expected to perform 
on new, unseen data.

For binary classification, the ALL-IDB dataset, 
which is widely used for the leukemia classification, 
was utilized. Training and validation accuracies are 
plotted in Figure 10. Figure 10(a) shows the plot of 
training and validation accuracy for the pre-trained 
VGG-16 model, Figure 10(b) shows the plot of 

Figure 11: Training and validation accuracies: (a) Modified VGG-16; (b) Modified Inception; and 
(c) Ensemble model of modified InceptionNet and VGG-16 Classifier for multi-class classification.

while the ensemble model given the accuracy of 
100% as shown in Figure 11.

6.3.  Comparison with SOTA

The accuracies obtained with this experimentation 
are compared with SOTA, as proposed by Ahmed et 
al. [67], and found to be comparable with the SOTA.

Table 2 summarizes the maximum training and 
validation accuracies of different frameworks utilized 
in this experimentation.

6.4.  XAI interpretation

The performance of the proposed model is inter-
preted and explained using the LIME XAI framework, 
as shown in Figure 13.

7.  Discussion

VGG-16 and Inceptionv3 frameworks were individu-
ally utilized in the experimentation for classification. 

Table 2. Metrics showing performance metric of binary and multi-class classification.

DL classifier algorithm Class/dataset
Maximum training 

accuracy (%)
Maximum validation 

accuracy (%)

Modified VGG-16 classifier Binary
(ALL-IDB)

98.50 68.33

Modified InceptionNet classifier 98.50 78.33

Ensemble classifier 94.50 83.33

Modified VGG-16 classifier Multi-class
(real-images)

98.56 93.20

Modified InceptionNet classifier 99.76 97.87

Ensemble classifier 100 100

DL, Deep Learning.
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training and validation accuracy of the pre-trained 
Inceptionv3 model, and Figure 10(c) indicates the 
plot of training and validation accuracies for the 
ensemble model formed by concatenation of VGG-
16 and Inceptionv3. During the formation of the 
ensemble, the weights of the individual models with 
the highest accuracies are considered to achieve 
the best performance during ensemble learning. 
Validation accuracies of VGG-16 and Inceptionv3 
are 68.33% and 78.33%, respectively. When an 
ensemble model is generated by using VGG-16 and 
Inceptionv3, accuracy reached to 83.33% for the 
ALL-IDB dataset. The accuracy of binary classifica-
tion is compared with Ahmed et al. [67], as shown 
in Figure 12, and is found to be comparable to the 
value of 83.33%.

The dataset is designed exclusively for the exper-
imental work, and there are distinct changes in the 
features of the three classes, namely, AML, CML, and 
CLL. Therefore, the learning became stronger and 
the training accuracy was obtained as 100%.

In addition to binary classification, multi-class clas-
sification is also performed using the same framework 
on the real-image dataset. Training and validation 

accuracies for this step of experimentation are plot-
ted in Figure 11. Figure 11(a) shows the plot of training 
and validation accuracies for the pre-trained VGG-
16 model, Figure 11(b) shows the plot of training and 
validation accuracies of the pre-trained Inceptionv3 
model, and Figure 11(c) indicates the plot of training 
and validation accuracies for the ensemble model 
formed by concatenation of VGG-16 and Inceptionv3. 
In this step, the highest weights are obtained during 
the formation of the ensemble model. The ensemble 
model achieved a maximum validation accuracy of 
100%, with VGG-16 and Inceptionv3 achieving indi-
vidual models an accuracies of 93.20% and 97.87%, 
respectively.

In the next part of experimentation, the LIME 
framework was applied for determining the interpret-
ability and explainability of the ensemble model. As 
shown in Figure 13, there is a clear indication of the 
highlighted part as the basis of a decision of diag-
nosis via classification. The framework for gener-
ating XAI interpretations, LIME, possesses certain 
limitations as well. It generates the explanations by 
perturbing the input data and observing the corre-
sponding changes in the model’s predictions. It can 

Figure 12: Comparing the model accuracy with SOTA.
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Figure 13: (a, c, e, g) Original dataset images; and (b, d, f, h) LIME interpretation results. LIME, 
Local Interpretable Model-Agnostic Explanations.

be sensitive to small perturbations, which may lead to 
inconsistent or unreliable explanations. It may suffer 
from interpretability or fidelity trade-off. In addition to 
these, LIME is less effective in handling high-dimen-
sional data and has a lack of global perspective, as it 
provides the interpretation of the individual predica-
tions only. One more important limitation is that the 
performance of LIME and the quality of its explana-
tions can be influenced by various hyperparameters, 
such as the number of perturbed samples, the size of 
the neighborhood, or the choice of the interpretable 
model.

The performance of the proposed model is 
compared with the SOTA method proposed by 
Nizar et al. [67], wherein the authors used various 
machine learning classifiers, NB, DT, KNN, and 
SVM. Additionally, a customized CNN was utilized in 
the study. These approaches were found to provide 
an accuracy comparable to that of our proposed 
approach.

As shown in Figure 2, two frameworks of 
pre-trained deep learning models, VGG-16 and 
Inceptionv3, were utilized for the binary and 
multi-class classification. After that, an ensemble 
model was formed with these two classifiers, and 
the performance was observed. VGG-16 was utilized 
initially for the binary and multi-class classification of 
leukemia and its sub-classes. This framework was 

known for its simplicity. It has a simple and straight-
forward architecture, consisting of stacked convolu-
tional and pooling layers, followed by fully connected 
layers. This simplicity makes it easy to understand 
and implement. VGG-16 has demonstrated impres-
sive performance on various image classification 
tasks. It was a top performer in the ImageNet Large 
Scale Visual Recognition Challenge (ILSVRC) 2014, 
where it achieved high accuracy rates in classifying 
images into 1,000 different categories. The interme-
diate layers of VGG-16 capture meaningful and hier-
archical representations of visual features. These 
features can be extracted from the pre-trained model 
and used as inputs for other classification tasks. One 
more advantage of VGG-16 is its reproducibility. It 
is well documented and widely available, making 
it easy to reproduce results and compare different 
approaches in the field of deep learning.

After applying the VGG-16, Inceptionv3 is also uti-
lized in the next part of the experimentation for the 
similar classification, as stated in previous paragraph. 
Inceptionv3 shows improved efficiency compared 
to the VGG architecture. It addresses the challenge 
of balancing model depth and computational effi-
ciency. It utilizes a combination of different-sized 
convolutional filters (1 × 1, 3 × 3, 5 × 5) in parallel at 
each layer to capture features at different scales. This 
design reduces the computational cost compared 
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to traditional architectures that use only 3 × 3 filters 
throughout the network. By efficiently utilizing differ-
ent filter sizes, Inceptionv3 achieves higher accuracy 
with fewer parameters and operations. Inceptionv3 
captures multi-level and multi-scale features by using 
Inception modules. These modules perform convo-
lutions with different-sized filters and concatenate 
their outputs, allowing the model to capture both fine-
grained and global information. This multi-level rep-
resentation enables Inceptionv3 to learn diverse and 
discriminative features, leading to improved perfor-
mance on various visual recognition tasks. It includes 
auxiliary classifiers at intermediate layers during 
training. These auxiliary classifiers help combat the 
vanishing gradient problem by providing additional 
supervision signals. They also contribute to reducing 
the spatial dimensions of feature maps, allowing for 
efficient information propagation and facilitating train-
ing on deeper networks.

Both of these models are used via transfer learn-
ing with pre-trained models. This provides a practi-
cal and efficient way to leverage the knowledge and 
representations learned from large-scale datasets. 
They enable us to overcome the limitations of limited 
data availability, improve model performance, reduce 
computational requirements, and facilitate the appli-
cation of deep learning in various domains and tasks.

In the experimentation, an ensemble is formed 
by using two pre-trained deep learning frameworks, 
VGG-16, and Inceptionv3. However, it’s important 
to note that increasing the number of models in the 
ensemble will raise the computational cost, intro-
ducing a trade-off between the number of models 
employed and the computational time. Out of differ-
ent frameworks of pre-trained models, VGG-16 and 
Inceptionv3 are chosen for the experimentation for 
the following reasons. This selection provides diver-
sity in implementations as VGG-16 and Inceptionv3 
have distinct architectures. VGG-16 is a deep archi-
tecture with simple 3 × 3 convolutional filters, while 
Inceptionv3 uses a more complex Inception mod-
ule with varying filter sizes. Combining these archi-
tectures can capture different levels of features and 
enhance the overall representation power of the 
ensemble.

VGG-16 is known for its simplicity and uniform 
structure, making it effective at capturing low-level 
features. Inceptionv3, on the other hand, excels in 
capturing complex hierarchical patterns. The ensem-
ble benefits from the complementary strengths of 
these models, leading to improved overall perfor-
mance. Different models may make different errors 
on the same data points. Combining their predictions 

can help reduce individual model errors and improve 
the overall accuracy of the ensemble. Adversarial 
attacks often exploit weaknesses in specific mod-
els. An ensemble can be more robust to such 
attacks, as an adversary would need to understand 
and manipulate the weaknesses of multiple models 
simultaneously. There is flexibility in the way to 
combine predictions. Simple strategies like averaging 
or voting can be effective, but more in the proposed 
framework, stacking is explored.

The experimentation is carried out by suppressing 
different numbers of layers in the pre-trained VGG-16 
and Inceptionv3. Especially, suppressing the first 10 
layers has given significant improvement compared 
to other combinations. Hence, this modification is 
employed in the final implementation.

In this framework, two deep learning models were 
combined to form an ensemble, which resulted in an 
increased number of features and may require more 
training time as compared to individual frameworks. 
Thus, the increased training time can be challenging 
and should be optimized in case of other complex 
imaging tasks.

8.  Conclusion

Disease diagnosis in medical imaging is very crucial, 
as it is always related to the life of a patient. Treatment 
guidelines are given by doctors, depending the diag-
nosis of any disease, its subtypes, and the stage of 
the disease. When the diagnosis is carried out based 
on the symptoms of the diseases, it can be confus-
ing because symptoms are similar in most infections. 
Hence, the medical field uses different imaging tests 
for obtaining a correct diagnosis. However, manual 
intervention is mandatory, as the experience of the 
imaging specialist, radiologist, or pathologist ensures 
the correct decision of diagnosis. This problem moti-
vated the researchers to provide a supportive diag-
nostic system that will work as a computer-aided 
diagnosis system for correct predictions of diseases. 
The software frameworks employed the image pro-
cessing, computer, and different AI techniques for the 
predictions. In the experimentation, an ensemble con-
sisting of two pre-trained deep learning frameworks, 
namely, VGG-16 and Inceptionv3, was built. Binary 
and multi-class classification were performed on the 
ALL-IDB dataset and real-image dataset, respectively. 
Training and validation accuracies of individual mod-
els were obtained. These models were concatenated 
to form an ensemble, which improved the accuracies 
compared with those of individual models. It reached 
a training accuracy of 100% and a validation accuracy 



17

INTERNATIONAL JOURNAL ON SMART SENSING AND INTELLIGENT SYSTEMS

of 97.87% for the real-image multi-class dataset. The 
deep learning frameworks are considered being the 
black boxes. The decisions taken by these models are 
unexplainable, and there is a need to interpret them 
utilizing these models to make the decision trusta-
ble. This concern is addressed in the current study. 
There are different XAI frameworks including SHAP, 
LIME, and Grad-CAM. Of these popular frameworks, 
LIME is utilized in the experimentation to obtain the 
interpretability and explainability. LIME gives local 
explanations for each prediction and is model-agnos-
tic. Hence, this framework proved to be efficient in 
medical imaging diagnosis. In this research, the LIME 
framework is applied for explainability. The prominent 
features for the diagnosis decision are highlighted in 
the explanation of individual predictions. In the leu-
kemia diagnosis, the leukocyte is considered for the 
decision, which is highlighted in the LIME explanation. 
Hence, this XAI framework provided the exact inter-
pretation of the decision to diagnose leukemia. XAI 
frameworks have tremendous potential to be utilized 
in the computer-aided-diagnosis (CAD) system com-
mercially for medical diagnosis decisions with trust.
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