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Abstract 

Liver cancer is one of the leading causes of cancer mortality in the world and to improve the survival of 
patients and management of the disease, proper and early identification of liver tumor is important. Medical 
imaging procedures such as CT scans are popular in the diagnosis of tumors the are time-saving, but can be 
manualized, which will tend to introduce variation in clinical decisions. Based on this, computer-aided 
diagnostic systems based on the Artificial Intelligence (AI) method of automation have become more popular as 
far as diagnostic accuracy is regarded. This research will mainly focus on developing an efficient model of liver 
tumor detection and classification to remove redundant imaging features and improve prediction accuracy. To 
achieve this, the proposed strategy will integrate radiomics feature extraction with Floating Forward and 
Backward Selection (FFBS) algorithm to identify the most and least relevant features respectively. This subset 
of features is optimized (VGG19 based) and inputted into a Modified Deep Convolutional Neural Network 
(DCNN) to have the tumors correctly classified. Furthermore, the Grad-CAM representation is applied to 
visualize the locations of the tumors and improve the model interpretability. The trial results of liver CT picture 
indicate that the proposed structure generates a superior performance as compared to the existing strategies 
where the classification accuracy stands at 97.70 %. These results confirm that the mixture of the feature 
optimization by the use of FFBS and the Deep Learning (DL) classification can be regarded as a reliable and 
consistent tool to diagnose liver tumors automatically and support the improvement of clinical judgment. 
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1. Introduction 

Liver cancer is one of the primary causes 
of cancer-related mortality across the entire globe 
and the discovery of liver tumors at early stages is 
the secret of the better survival and treatment of the 
cancer patients. The common types of medical 
imaging techniques such as CT, MRI, and 
histopathology imaging are used as imaging 
techniques to detect liver abnormalities and the 
areas of the tumor. However, these images are time 
consuming to be analyzed by radiologists 
manually, and such a technique involves the ability 
of the radiologists which lead to the inconsistency 
of the diagnosis. Recent advances in Artificial 
Intelligence (AI), Machine Learning (ML) and 
Deep Learning (DL) have enabled the analysis of 
medical images in an automatic way to improve the 
accuracy and efficiency of the diagnostic outcome. 
Though, such concerns as heterogeneity of tumors, 
various image appearances and redundant imaging 
features still remain and disrupt the reliable 
detection and classification of liver tumors. 

These problems have been attempted to be 
resolved through different studies using different 

AI and imaging modalities. As an example, the 
classification and prediction of mutation of liver 
cancer by H&E images based on deep learning-
based histopathology analysis have been conducted 
[1]. Attention-based optimization algorithms have 
also been achieved to predict liver tumors and to 
further increase the feature learning as well as the 
classification accuracy [2]. Clinical research has 
been carried out to determine the relationship 
between the tumor characteristics and the immune 
cells in liver tissues to gain a better insight into the 
progression of the tumor [3]. In addition to this, 
metabolic pathways involving liver tumorigenesis 
have been discussed in glycogen storage disorders 
on biological research [4]. The imaging diagnostic 
techniques have also been used to make 
comparisons between CT and MRI techniques of 
establishing precise preoperative evaluations of 
tumors in the liver [5]. Bayesian optimized 
probabilistic neural networks are ML tools that 
have been proposed in tumor classification [6]. The 
AI models of confocal fluorescence imaging have 
been analyzed to distinguish the nucleus of 
cancerous cells in hepatocellular carcinoma [7]. DL 
based detection architectures with multi scale 
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feature fusion and convolutional architecture have 
shown promising outlooks in the localization of 
tumor regions in liver images [8]. Biosensor based 
methods have also been used in detection of liver 
tumor biomarkers using detection methods that are 
based on biosensors at high sensitivity [9]. 
Furthermore, CT-based DL architectures have been 
created to identify and outline tumors within 
clinical imaging information based on artificial 
intelligence [10]. It has been proposed that 
enhanced optical probes can be used to identify 
tumors and liver abnormalities by performing 
multiple tasks [11], but enhanced computer-aided 
diagnostic models of PSO-PSP-Net and 
InceptionV3 have been used to improve tumors in 
liver CT scans [12]. However, the majority of these 
methods are restricted by such aspects as the 
complexity of calculations, dependence on big 
data, and inability to use the due to duplications of 
feature extraction. In this respect, the given 
research can contribute to the elimination of these 
issues by implementing a radiomics-based feature 
selection algorithm known as Floating Forward and 
Backward Selection (FFBS) algorithm and a 
Modified Deep Convolutional Neural Network 
(DCNN) with the VGG19 architecture. The 
selected framework will also strive to extract the 
most informative radiomics features of liver CT 
scans, remove redundant data, and improve the 
accuracy of tumor classification through the 
assistance of feature learning and prediction 
through the assistance of the DL. 

 To enhance the vision of liver tumors 
detection method through the combination 
of radiomics feature extraction and the use 
of the DL techniques. 

 To eliminate unnecessary and redundant 
imaging characteristics with FFBS 
algorithm. 

 To establish an effective liver tumor 
classification system with the help of a 
Modified DCNN on the VGG19 structure. 

 To improve the interpretability and 
reliability of the models using Grad-CAM 
based tumor region visualization. 

 To outperform the current methods in 
accuracy, precision, recall, and F1-score, 
and specificity. 

Organization: Section 1 will be the introduction 
section, and it will include the background section, 
problem definition, related work, and the proposed 
approach, and Section 2 will be the background 
research of the liver tumor detection with the 
assistance of the ML and DL methods. Section 3, 
details the proposed methodology including the 
dataset, radiomics mechanism using the FFBS 
algorithm and liver tumor classification using a 
modified DCNN, and based on VGG19, and 

Section 4, contains the research findings and 
performance results, and Section 5, includes the 
conclusion of the research and the key findings and 
future directions of the research. 

2. Background Study 

Ma et al. (2024) [13] presented a 
Transformer Dense Center Network (TDCN) to 
detect liver tumors with dense connections and 
transformer attention to enhance the representation 
of features and localization accuracy. Validation on 
a wide range of multi-centers and computation 
complexity were yet to be fully validated and 
experimental evaluation indicated a higher 
detection precision and robustness over 
conventional CNN-based models. 

In Kan et al. [14] proposed a DL based 
model that can detect motions of liver tumours 
using fiducial markers in kilo volt X-ray to 
improve radiotherapy delivery. The reliance on 
implanted markers and limited clinical-scale 
validation was a sign of limitation; however, the 
evidence demonstrated appropriate performance in 
motion tracking, which can be utilized in real-time 
radiotherapy. 

Ma et al. (2022) [15] determined the 
tumour boundary in metastatic liver disease with 
the aid of 2D multibreath-hold susceptibility-
weighted imaging to enhance the delineation of the 
lesion. Limitations to selected MRI protocols and a 
lack of automation indicated gaps in the research, 
and the results indicated an enhanced visualization 
of boundaries in comparison with the research 
imaging sequences. 

The research by Shi et al. (2023) [16], 
proposed a four-fold signal amplification self-
powering amol-level liver cancer tumor marker 
detection MoS2@C hollow nanorods-based DNA 
hexahedral framework biosensor. Clinical 
validation scale and practical deployment potential 
was still a limitation, but analytical experiments 
were ultra-sensitive in detection, and very specific.  

Zhao et al. (2021) [17] introduced a joint 
adversarial adversarial learning system to segment 
and detect liver tumors simultaneously based on 
multi-modality non-contrast MRI images. It was 
observed that little room was covered on contrast-
enhanced modalities and recreational requirements, 
whilst outcomes were reported of improved 
segmentation precision and heightened 
generalization achievement. 

Yang et al. (2022) [18] used a multi-scale 
convolutional network with feature alignment to 
detect pathologic liver tumor, as it can identify 
hierarchical spatial characteristics. The limitation 
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of diversity and interpretability of data sets and 
evaluation and analysis of the performance 
demonstrated better detection rates than baseline 
CNN models. 

Aslam et al. (2021) [19] adopted a CNN 
Residual U-Net (ResUNet) architecture with a 
combination of residual learning and U-Net 
segmentation approach, in which liver and tumor 
detection are automated. Sensitivity to noise and 
lack of cross-dataset validation were research gaps, 
and the results of the research showed high 
measures of segmentation accuracy and improved 
F1-score. 

In comparative study, Kose et al. (2020) 
[20] used intraoperative liver tumor detection 
techniques, which are indocyanine green 
fluorescence and laparoscopic ultrasound, in a 
surgical setting. There were some limitations in the 
sample size and reliance on operator expertise but 
comparative analysis showed that there were 
complementary detection advantages with 
significant sensitivity differences. 

Abdelrahim et al. (2022) [21] studied the 
viability of tumor-guided circulating tumor DNA-
based predictive testing to identify the recurrence 
of hepatocellular carcinoma following liver 
transplantation. The cohort size was small and the 
initial analysis was done in the feasibility of the 
research itself which demonstrated the limitations 
and the results were promising in the sensitivity of 
detecting early recurrence. 

Table 1: Background Research of 
Recent DL Methods to analysis liver tumors 

Author 
(Year) 

Conc
ept 

Met
hods 
Used 

Rese
arch 
Gap 

Limit
ation
s 

Resul
ts 

Jameel
& Amin 
(2026) 
[22] 

Unifi
ed 
liver 
tumo
r 
classi
ficati
on 
and 
segm
entati
on 

Shift
ed 
wind
ow 
trans
form
er 
netw
ork 
with 
incre
ment
al 
learn
ing 

Limit
ed 
unifie
d 
frame
works 
comb
ining 
classi
ficati
on 
and 
segm
entati
on 
were 
identi
fied 

High 
comp
utatio
nal 
cost 
and 
depen
dency 
on 
large 
annot
ated 
datas
ets 
were 
obser
ved 

Impr
oved 
segm
entati
on 
accur
acy 
and 
classi
ficati
on 
perfo
rman
ce 
were 
achie
ved 
with 
better 
gener

alizat
ion 

Wu et 
al. 
(2026) 
[23] 

Liver 
tumo
r 
segm
entati
on 
using 
featur
e 
fusio
n 
Kolm
ogoro
v–
Arnol
d 
netw
ork 

FFK-
Net 
with 
featu
re 
fusio
n 
strate
gy 

Lack 
of 
nonli
near 
functi
onal 
appro
ximat
ion in 
segm
entati
on 
mode
ls was 
report
ed 

Mode
l 
comp
lexity 
and 
traini
ng 
instab
ility 
were 
noted 

Enha
nced 
Dice 
score 
and 
boun
dary 
precis
ion 
were 
obtai
ned 
comp
ared 
to 
baseli
ne 
CNN 
mode
ls 

Spinczy
k et al. 
(2026) 
[24] 

Mixe
d-
realit
y 
navig
ation 
for 
liver 
tumo
r 
ablati
on 

Imag
e-
guide
d 
mixe
d-
realit
y 
syste
m 
evalu
ation 

Limit
ed 
integr
ation 
of 
MR 
syste
ms in 
percu
taneo
us 
ablati
on 
was 
obser
ved 

Initial 
pilot 
evalu
ation 
with 
small 
clinic
al 
valid
ation 
was 
cond
ucted 

Impr
oved 
navig
ation 
accur
acy 
and 
proce
dural 
guida
nce 
feasib
ility 
were 
demo
nstrat
ed 

Hossain 
(2026) 
[25] 

Preci
se 
liver 
and 
tumo
r 
segm
entati
on in 
CT 

Effic
ientN
et-
base
d 
multi
-
scale 
featu
re 
fusio
n 
with 
hybri
d 
spati
al-
chan
nel 
attent
ion 

Insuff
icient 
attent
ion-
based 
featur
e 
refine
ment 
in CT 
segm
entati
on 
was 
identi
fied 

Perfo
rman
ce 
sensit
ivity 
to 
varyi
ng 
CT 
acqui
sition 
para
meter
s was 
noted 

High
er 
segm
entati
on 
accur
acy 
and 
impro
ved 
IoU 
value
s 
were 
achie
ved 
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Bal et 
al. 
(2026) 
[26] 

Robu
st 3D 
liver 
tumo
r 
segm
entati
on 

D33
D-
Net 
with 
dyna
mic 
defor
mabl
e 
dual-
path
way 
and 
hand
craft
ed 
featu
res 

Limit
ed 3D 
adapti
ve 
defor
mable 
learni
ng 
integr
ation 
was 
report
ed 

Incre
ased 
traini
ng 
time 
and 
comp
utatio
nal 
resou
rce 
requir
emen
t 
were 
obser
ved 

Super
ior 
volu
metri
c 
Dice 
score 
and 
robus
t 
cross-
datas
et 
perfo
rman
ce 
were 
achie
ved 

Ma et 
al. 
(2026) 
[27] 

Multi
-scale 
spatia
l-
frequ
ency 
featur
e 
enha
ncem
ent 

MSF
FE-
Net 
for 
segm
entati
on 

Insuff
icient 
spatia
l-
frequ
ency 
featur
e 
explo
itatio
n was 
identi
fied 

Redu
ced 
perfo
rman
ce on 
very 
small 
lesion
s was 
obser
ved 

Impr
oved 
segm
entati
on 
precis
ion 
and 
boun
dary 
delin
eatio
n 
metri
cs 
were 
achie
ved 

Gowda
&Manju
nath 
(2025) 
[28] 

Auto
matic 
liver 
tumo
r 
classi
ficati
on 

UNet
70 
DL 
mode
l 

Limit
ed 
classi
ficati
on-
specif
ic U-
Net 
adapt
ations 
were 
identi
fied 

Restri
cted 
datas
et 
diver
sity 
was 
obser
ved 

High 
classi
ficati
on 
accur
acy 
with 
impro
ved 
F1-
score 
was 
achie
ved 

Arora et 
al. 
(2025) 
[29] 

Liver 
tumo
r and 
vein 
segm
entati
on 

DL 
with 
trans
fer 
learn
ing 
mode
ls 

Limit
ed 
multi-
struct
ure 
segm
entati
on 
frame

Trans
fer 
learni
ng 
depen
dency 
on 
pretra
ined 

Impr
oved 
segm
entati
on 
accur
acy 
for 
tumor

works 
were 
report
ed 

weig
hts 
was 
obser
ved 

s and 
vascu
lar 
struct
ures 
was 
achie
ved 

Rahman 
et al. 
(2025) 
[30] 

CT 
and 
MRI 
liver 
tumo
r 
volu
metri
c 
segm
entati
on 

Ense
mble 
ResU
Net-
Incep
tion
V4 
mode
l 

Need 
for 
multi-
moda
lity 
ense
mble 
appro
aches 
was 
highli
ghted 

Incre
ased 
ense
mble 
comp
lexity 
and 
infere
nce 
time 
were 
obser
ved 

High 
Dice 
coeffi
cient 
and 
impro
ved 
robus
tness 
acros
s CT 
and 
MRI 
datas
ets 
were 
achie
ved 

The table 1 provided above is the 
systematic comparison of the recent researches 
centered on the liver tumor detection and the 
image-guided intervention with the help of high-
quality ML and DL algorithms. It stresses the 
fundamental idea, the approaches like transformer 
networks, CNN-based models, ensemble learners, 
attention mechanisms, and hybrid 3D architectures, 
as well as research gaps and limitations have been 
identified.  

Research Gap 

 The current liver tumor detention schemes 
usually have redundant feature 
acquisition, which lowers the 
classification precision. 

 Most DL models are computationally 
expensive and need massive sized 
annotated datasets which is a drawback. 

 The existing methods are limited in terms 
of the optimization of features and 
interpretability, which influence the 
effective classification of a tumor. 

3. Proposed Methodology 

This section will involve the proposed 
liver tumor examination framework which will 
consist of the radiomics based picture feature 
extraction and the Modified DCNN classification. 
The overall architecture, workflow and the 
noteworthy equations and the pseudocodes are also 
presented to show how the FFBS algorithm takes 
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advantage of the feature subsets optimally, and 
how VGG19-based DCNN can be used to classify 
tumors adequately. The current section also brings 
about a more detailed insight on the methodology, 
which aims at combining feature selection, DL, and 
the performance measure to be in a place to spring 
liver tumor detection. 

 

Figure 1: Architecture composition of the 
proposed Radiomics and modified DCNN 
(VGG19) model to detect liver tumors 

Figure 1 above, the entire process of the 
flow of the proposed liver tumor detection system 1 
will comprise preprocessing of medical images and 
identification of ROI through thresholding and 
morphological processing and then the extraction 
and selection of the radiomics with the help of the 
FFBS algorithm. A chosen set of features is then 
trained with a classifier and learned deep features 
with a Modified VGG19-based DCNN to provide 
the classification of tumor as benign or malignant 
with a confidence probability. 

3.1 Dataset 

This data is on contrast enhanced-
abdominal CT scans of liver tumor segmentation, 
both volumetric and liver and tumor region ground 
truth masks, which was initially published in the 
Liver Tumor Segmentation (LiTS) challenge, and 
the dataset is available at 
https://www.kaggle.com/datasets/harshwardhanbha
ngale/lits-dataset.  It has hundreds of high 
resolution CTs slices labeled by professionals, and 
of varying shapes, sizes and appearance of the 
tumors of various patients.  The open-source 
dataset is the one that can be transferred to medical 
imaging sphere and be trained and evaluated on the 
frameworks of segmentation and classification. 

3.2 Radiomics Feature Extraction using FFBS 

Radiomics Feature Extraction attempts to 
identify features of an imaging that are most 
informative to remove any redundant or irrelevant 
features to improve upon classification 
performance. FFBS algorithm starts with an empty 
set of features and continues to add features one at 
a time which gives the greatest increase in model 
accuracy (forward step) . It will test the features it 
has added in the previous addition and remove 
those whose removal will benefit its performance 
(backward step). Such floating proceeds until can 
add no more to it, until are adding features that will 
be useful and removing those that will not add to it. 
The FFBS is preferable as it does not experience 
local minima issue of simple forward or backward 
selection and also gives a small and optimal feature 
subset. The selected features are then passed on to 
the classifier that removes the computational cost 
as well as the accuracy of the classifying tumours. 

 

Figure 2: Radiomics-Based Feature Extraction 
Liver tumor 

In the figure 2 above, the overall 
workflow of the proposed feature extraction system 
of liver tumor is presented in the aid of the 
CT/MRI images. Since the input is already given, 
medical images are first given, and next, 
preprocessing and radiomics feature extraction are 
then done. The floating feature selection algorithm 
is used by repetition of forward selection and 
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backward elimination steps to remove the 
redundant features and get the optimal set of 
features that is then tested using performance 
measures such as accuracy and other measures used 
in classification. 

                         (1) 

In equation 1 is used to denote that  is a 
current collection of chosen features at the iteration 

,  is a complete group of available features,  
Feature that, on inclusion, will maximize the 

accuracy,  is an updated group of features that 
incorporates the newly chosen feature. In each 

iteration include the feature in the remaining set 
with the highest model improvement. 

                        (2) 

In equation 2 denotes that  is a feature 

whose deletion maximally enhances the model, 

 is a feature set following deletion , 

  is an updated set following backward 
deletion. Add features to minimise inaccurate 

features to narrow the feature set. 

                                              

(3) 

In equation 3 is an illustration that 

 represents a correctly predicted positive 

and negative instance,  represents an 
incorrectly predicted positive and negative 

instance. Measures the ability of the current set of 
features to be accurate predictors of outcomes 

                               (4) 

In equation 4 denotes that  is a 

contribution of feature  to the improvement in 

accuracy,  is a subset of features following 

addition of . Lists the performance of the model 
improvement as a result of a particular feature 

                                                   
(5) 

In equation 5 means that  is 
the difference between accuracy with the 

addition/removal of a feature,  is a pre-set small 
value to prevent iterations. Terminate the algorithm 

when the changes in the features do not increase 
the accuracy significantly anymore. 

                                       

(6) 

In equation 6 corresponds to the fact that 

 is an optimal subset of features that maximizes 

the accuracy of a model,  represents a 
candidate subset of the entire set of features. Takes 
steps to ensure the end chosen subset is as accurate 

as possible. 

                                

(7) 

Where in equation 7 is defined as 

 is a correlation between features  

and ,  measures the 

uniqueness; the larger the value the lower the 
redundancy. It is important to avoid the selection of 

very highly correlated features to eliminate 
overlaps in the subset. 

 Pseudocode 1: Radiomics Feature Extraction 
using FFBS 

Input:  

F → Set of all extracted radiomics features 

Classifier → ML model to evaluate feature subsets 

AccuracyThreshold → Minimum improvement 
required to continue 

Initialize S_optimal = empty set 

 Set improvement = True 

 While improvement is True: 

     improvement = False 

     # ----- Forward Step ----- 

     For each feature f in F \ S_optimal: 

         temp_set = S_optimal ∪  {f} 

         Evaluate classifier performance on temp_set 

        Record accuracy 

    End For 
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    f_best = feature with highest accuracy 
improvement 

    If accuracy improvement > AccuracyThreshold: 

        Add f_best to S_optimal 

        improvement = True 

    End If 

    # ----- Backward Step ----- 

    For each feature f in S_optimal: 

        temp_set = S_optimal \ {f} 

        Evaluate classifier performance on temp_set 

        Record accuracy 

    End For 

    f_remove = feature whose removal improves 
accuracy 

    If removal improves accuracy > 
AccuracyThreshold: 

        Remove f_remove from S_optimal 

        improvement = True 

    End If 

End While 

Return S_optimal 

Output: 

S_optimal → Optimal subset of features selected 

In the pseudocode 1, the starting feature 
set is taken as empty and a forward step is repeated 
over the feature set and the feature that best 
increases the accuracy of the classifier is added. 
Every addition is followed by a backwards step 
deciding whether or not any existing feature can be 
removed and improve the performance further, 
discarding the non-contributing features. This is 
repeated until no significant progress is made to 
yield an optimal set of radiomics features to 
classify the tumor correctly. 

3.3 Liver Tumor Classification using Modified 
DCNN with VGG19 

A Modified DCNN based on VGG19 
architecture, a deep model, is used to classify liver 
tumor, as it is an effective model used to extract 
image features. The network is then optimized on 
the liver tumor data by manipulating the weights of 

the already trained layers to conform better to the 
data and learn domain specific patterns. The input 
to the network is the set of radiomics features that 
have been chosen in the previous step and filters 
out noise and highlights the most informative 
features. The model transforms the input by going 
through several convolutional, activation and 
pooling layers and obtaining hierarchical features 
which convey tumor texture, shape as well as 
intensity variations. These features are then added 
in fully connected layers to generate discriminative 
representations to classify it. Through training, the 
network is used to reduce a loss function in order to 
maximize prediction accuracy. The outcome of the 
research should be proper categorization of liver 
tumors into the categories, enhancing clinical 
decision-making and machine analysis. 

 

Figure 3: The Proposed DL-Based Liver Tumor 
Classification Framework Workflow 

Figure 3 above shows a general layout of 
the proposed classification scheme of liver tumor. 
The input to the classifier is the feature extraction 
output and then training and prediction on the 
trained model is done using test features. Lastly, 
the system produces the predicted labels (benign or 
malignant) and probability-based visualization of 
the results to aid in proper diagnosis of the tumor. 

                                                 

(8) 

In equation 8 is the representation that  

is an output feature map in layer  of filter ,  

is an output feature map in layer ,  is a 

convolution kernel (weights) between input  and 

filter ,  is an abias of filter  in layer , and 

used is the activation function (e.g., ReLU). 
Learnable filters that can extract spatial patterns of 

input feature maps are used in order to capture 
tumor features. 
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(9) 

In equation 9 indicates that  is a pooled 

feature map (down sampled),  is a convoluted 

layer input feature map. Find a space-reduction 
method that will not lose significant features, and 

the model would be resistant to translations. 

                                                      
(10) 

In equation 10 means that  is a given 

output of the final pooling layer,  is one-
dimensional array of all features of fully connected 
layers. Transform many dimensional features maps 
into a single dimensional feature that is amenable 

to classification. 

                                                         

(11) 

Equation 11 is a depiction of the fact that 

 is a weight matrix in the fully connected layer, 

 is a bias vector in the layer,  is an output 
activations (pre-softmax). Forms discriminative 
features of extracted features to classify tumors 

                                                              

(12) 

In equation 12 symbolizes the fact that  

is a predicted probability of class , and  is a 

fully connected layer output of class . The 
predictions on the network are converted into the 

probabilities of various tumors 

                                                         
(13) 

The equation 13 indicates that  is a true 

label (one-hot encoded) of class , and  is a 

predicted probability of class . The guide learning 
is the comparison of the predicted probabilities 

with the actual labels. 

                                                       

(14) 

The equation 14 shows that  is layer 

weights which is being updated,  is a learning rate 

which steps the size of update,  is a loss function 
(cross-entropy). Tilts weights and adjusts in order 

to reduce loss and increase model accuracy. 

                                   

(15) 

In equation 15 is an indicator that 

 is the count of 
accurately-classified tumor specimens, 

 is the aggregate count of 
tumor samples that were analyzed. Test the trained 
DCNN using a consideration of the classification of 

the tumors. 

Pseudocode 2: Liver Tumor Classification using 
Modified DCNN (VGG19) 

Input: 

X_train → Training data (selected radiomics 
features) 

Y_train → Training labels (tumor classes) 

X_test → Testing data 

Y_test → Testing labels 

Pretrained_VGG19 → Pre-trained VGG19 model 

Epochs → Number of training iterations 

LearningRate → Learning rate for optimizer 

# Step 1: Load pre-trained VGG19 model 

Model = 
Load_Pretrained_VGG19(Pretrained_VGG19) 

# Step 2: Modify the network 

Remove original fully connected layers from 
Model 

Add new fully connected layers suitable for liver 
tumor classification 

Add output layer with number of neurons = number 
of tumor classes 

Apply softmax activation to output layer 

# Step 3: Prepare data 

X_train, X_test = Normalize_Features(X_train, 
X_test) 

Y_train, Y_test = One_Hot_Encode(Y_train, 
Y_test) 
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# Step 4: Fine-tune the network 

For epoch = 1 to Epochs: 

     For each batch in X_train: 

         Forward propagate batch through Model 

         Compute loss between predicted and true 
labels 

         Backpropagate loss to update weights 

     End For 

 End For 

 # Step 5: Evaluate the trained model 

 Y_pred = Model_Predict(X_test) 

 Accuracy = Compute_Accuracy(Y_test, Y_pred) 

 Return Model, Y_pred, Accuracy 

Output: 

Model → Trained Modified DCNN 

Y_pred → Predicted tumor classes for X_test 

Accuracy → Classification accuracy 

Pseudocode 2 in the above code starts 
with the initialisation of an already trained VGG19 
model and reconfiguring the fully connected layers 
to accommodate liver tumor classes. It then 
normalizes the selected radiomics features, imparts 
the network through forward and back propagation 
in multiple epochs and enhances weights in order 
to maximize classification. Finally, the trained 
model will give the prediction of the tumor classes 
on the test, and therefore determine the accuracy 
hence providing an effective classifier on the 
identification of liver tumor. 

4. Result and Discussion 

The results and discussion section show 
the experimental results that were achieved in the 
proposed liver tumor detection framework. The 
experiments and performance analysis were done 
in the Python programming environment where 
feature extraction, feature extraction between the 
FFBS algorithm was done, and classification by the 
use of the Modified DCNN (VGG19) model was 
done. Extraction of radiomics of the liver CT 
images was performed and utilized in training and 
testing the proposed model. The results obtained 
have shown better accuracy, precision, recall, F1-
score, and specificity than the current methods. 

4.1 Feature Extraction  

Feature Extraction is the process of 
identifying and deriving meaningful quantitative 
features from medical images to represent 
important tumor characteristics such as texture, 
shape, and intensity for accurate analysis and 
classification. 

Table 2: Liver Image Selected Texture 
Features 

Feature No Feature Name 
1 Correlation 
2 Entropy 
3 Mean 

The table 2 above has included the 
important features Correlation, Entropy and Mean 
that have been selected to proceed with the analysis 
of liver CT images. 

 

Figure 4: The Radiomics Feature 
Extraction Workflow on the Analysis of Liver 
Tumors 

The figure 4 above shows the step-by-step 
process of the radiomics feature extraction of liver 
CT images that includes input segmentation, 
Region of Interest (ROI) highlighting, and edge 
representation of the tumor region. Radiomics 
features extracted are then quantified and 
visualized and later utilized in the extraction of 
features and classification of tumors. 

4.1.1 Right Lobe 

The largest hepatic lobe and most 
frequently identified location of liver tumours are 
in the right lobe of the liver because it is larger and 
has more blood of supply. 

Table 3: Distribution of Detected Regions in the 
Input images Lobe-wise 
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Ima
ge 

Input 
Image 

Right 
Upper 
Lobe 

Right 
Middle 
Lobe 

Right 
Lower 
Lobe 

 
 
1 

 
 
2 

 
 
 
3 

 

The table 3 above shows the analysis of 
input images concerning the various anatomical 
lobes, namely, the Right Upper Lobe, Right Middle 
Lobe and right lower Lobe. It emphasizes the 
spread of the identified regions or observations 
across these lobes in relation to both input images, 
which allows the comparison of the patterns of a 
particular lobe. 

4.1.2 Left Lobe 

The left lobe of the liver is inferior to the 
right one but has a great role in the valuation of 
liver tumors because the tumors found in this area 
might affect other vascular and biliary liaison 
structures. 

Table 4: Left Lobe Region Analysis of Liver 
Tumor on the Input Images 

Imag
e 

Input 
Image 

Left Upper 
Lobe 

Left 
Lower 
Lobe 

 
 
1 

 
 
2 

 
 
 
3 

  
 

The table 4 above shows the analysis of 
input images based on the regions of the liver that 
are on the left such as the Left Upper Lobe and Left 
Lower Lobe. It depicts the distribution of tumor 
presence or regions detected in each of the 
anatomical sections in each image under analysis. 

Table 5: Extraction of Texture Features of Liver 
images 

Im
ag
e 
No 

Ene
rgy 

Cont
rast 

Corr
elatio
n 

Mea
n 

Std
Dev 

Ent
rop
y 

1 0.73
225
8 

435.6
8354
8 

0.957
600 

39.0
6561
3 

71.5
7979
2 

2.74
238
5 

2 0.80
649
7 

799.0
4610
9 

0.908
708 

28.1
3664
2 

66.0
4805
6 

1.99
624
7 

3 0.84
291
9 

477.1
5648
0 

0.956
358 

29.4
0223
7 

73.8
1548
5 

1.61
355
8 

The table 5 above indicates major texture 
characteristics that are obtained after processing 
liver CT images such as Energy, Contrast, 
Correlation, Mean intensity, Standard Deviation, 
and Entropy. These characteristics aid in 
quantification of the changes of texture and 
intensity in the images which proves useful in 
identifying patterns related to liver abnormalities. 

Table 6: Comparative Results of the 
Performance of Feature Extraction Methods on 
FFBS with Liver tumor analysis 

Methods Accurac
y (%) 

Precisio
n (%) 

Recal
l (%) 

F1-
Scor
e 
(%) 

CNN [1] 88.60 87.90 86.80 87.3
0 

Attention 
Mechanis
m [2] 

90.20 89.40 88.70 89.0
0 

PNN [6] 91.30 90.50 89.80 90.1
0 

PSPNet 
[12] 

92.70 91.90 91.20 91.5
0 

TDCN 
[13] 

93.60 92.80 92.10 92.4
0 

Proposed 
Algorithm 
(FFBS) 

95.40 93.30 92.20 92.1
0 

The table 6 above shows the performance 
comparison of various ML and DL algorithms with 
the proposed FFBS algorithm. The evaluation 
measures demonstrate that the proposed approach 
is more accurate and has better classification 
capability than the current ones. 



Radiomics-Based Liver Tumor Classification Using Floating Forward–Backward Feature Selection and 
a Modified VGG19 Deep Network 

 IJDDT Volume 16 Issue 76s 2026 Page: 1142 

 

Figure 5: Comparison of Feature 
Extraction Methods Accuracy 

Above figure 5 presents the accuracy of 
various feature extraction and classification models 
of CNN, Attention Mechanism, PNN, PSPNet, 
TDCN, and the proposed FFBS algorithm. The 
various methods are plotted on the X-axis and the 
accuracy (%) on the Y-axis, which shows that the 
proposed FFBS method is better at enhancing the 
performance of the classification due to the 
potential to identify the most useful radiomics 
features. 

 

Figure 6: Precision Comparison of 
Feature Extraction Methods 

In figure 6 above present the accuracy 
tables of different models that have been used in 
features extraction and classification showing the 
accuracy of each model in identifying positive 
tumor samples. The X-axis containing the 
compared algorithms and the Y-axis which is the 
precision (%) are highlighting that the proposed 
FFBS algorithm lowers the false positive 
predictions and increases the reliability of 
detection. 

 

Figure 7: Recall Comparison between Feature 
Extraction Methods 

In figure 7 above displays the recall 
performance of various algorithms, which is the 
performance of each algorithm in detecting actual 
tumors in the dataset correctly. The X axis denotes 
the classification methods whereas the Y axis 
denotes the recall (%) which demonstrates that the 
proposed FFBS method is more effective in 
detection as it reduces the cases of missed tumors. 

 

Figure 8: Comparison of F1-Score of 
Feature Extraction Methods 

Above figure 8 compares the values of F1-
Score of various methods which are a balanced 
measure of the precision and recall to the task of 
classification. The X-axis indicates the compared 
algorithms, and the Y-axis corresponds to the F1-
Score (%) showing that the proposed FFBS 
algorithm is performed much more successfully in 
terms of its overall functionality in terms of feature 
extraction and accuracy in the classification. 

4.2 Classification 

This section outlines the procedure of 
categorizing the computed liver CT images as 
cancerous and non-cancerous based on the 
proposed Modified DCNN model. 
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Table 7: Cancer Detection and Confidence 
Probability Analysis 

Cancer Affect 
Input Image Tumor 

Highlight/ 
Cancer 
Status 

Confidence 
Probability 
(100%) 

Table 7 above shows the input medical 
images and the highlighted tumor regions in the 
table that show the status of the cancer by the 
model. It also presents the respective confidences 
probability values, which are the quantification of 
the confidence of the model of detecting the 
presence of liver cancer in each image. 

Table 8: Non-Cancerous Image 
detection in the liver with confidence probability 

No Cancer Affect 
Input Image Tumor 

Highlight/ 
Cancer 
Status 

Confidence 
Probability 
(100%) 

   
The table 8 above shows the identified 

liver images with no cancerous tumor areas after 
analyzing the images with the proposed model. It 
also contains the probability values of confidence, 
which means the model is sure of applying the 
images as non-cancerous cases. 

4.2.1 Model Prediction and Visualization of 
Tumors Region with Grad-CAM 

This section will show the model 
prediction as well as Grad-CAM heatmap and 
visualization of features to point at the significant 
areas that have a bearing on the classification of 
liver tumors. 

Table 9: Modeling Prediction, Grad-
CAM Heatmap, and feature visualization of 
Liver Tumor 

Ima
ge 

Input 
Image 

Predicti
on 
Confide
nce 

Grad-
CAM 
Heatma
p 

Feature 
Visualiz
ation 

(100.00
%) 

 
1 

 
 
2 

 
 
3 

 
 

The table 9 above shows the results of the 
analysis of liver CT images such as input image, 
prediction confidence score, the visualization of 
Grad-CAM heatmap, and the visualization of 
extracted features. It shows the focus of the 
proposed model on the significant areas of the 
tumor and how the model displays the 
characteristics that are used to classify the 
cancerous and the normal liver images. 

Table10: Comparative Performance of the 
Current Approaches and the Proposed Modified 
DCNN (VGG19) to Classify Liver Tumors 

Method 
/ 
Metrics 

Accur
acy 
(%) 

Precis
ion 
(%) 

Rec
all 
(%) 

F1-
Sco
re 
(%
) 

Specifi
city 
(%) 

      
GAN 
[17] 

90.40 89.70 88.9
0 

89.
30 

87.50 

ResUNe
t [19] 

92.10 91.50 90.8
0 

91.
10 

89.60 

      Efficien
tNet 
[25] 

94.30 93.80 92.9
0 

93.
30 

91.40 

      
MSFFE
-Net 
[27] 

95.60 94.90 94.2
0 

94.
50 

92.80 

Inceptio
nV4 
[30] 

96.40 95.80 95.1
0 

95.
40 

93.20 

Propose
d 
Algorith
m 
(Modifi
ed 
DCNN 
with 

97.70 97.00 96.3
0 

95.
80 

94.10 
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VGG19
) 

Table 10 above would be used to compare 
the performance of different existing DL models 
and the proposed Modified DCNN based on 
VGG19 architecture in classifying liver tumors. It 
is assessed by the main metrics of accuracy, 
precision, recall, F1-score, and specificity that 
prove that the proposed method can be used in 
classification with high performance. 

 

Figure 9: Comparison of Liver Tumor 
Classification Methods Accuracy 

Above figure 9 is the accuracy 
performance of various liver tumor classification 
techniques namely GAN, ResUNet, EfficientNet, 
MSFFE- Net, InceptionV4, and the proposed 
Modified DCNN with VGG19. The classification 
methods are represented in the X-axis and the 
accuracy (%) Y-axis reflects the way, the proposed 
method is able to attain the highest accuracy due to 
the enhancement of feature learning and 
classification ability. 

 

Figure 10: Accuracy Comparison of 
Liver Tumor Classifications Techniques 

In above figure 10 shows the 
approximations of different DL models in the 

process of classifying liver tumors, which can be 
used to identify positive tumor cases with the help 
of each of the methods. The X-axis plotted the 
compared algorithms, and the Y-axis displays the 
precisions (%) of the proposed algorithms, is 
pointing out that the proposed Modified DCNN 
with VGG19 yields a higher precision with less 
false positive results. 

 

Figure 11: Liver Tumor Classification 
Method Recall Comparison 

In the figure 11 above demonstrates the 
recall performance of various models, which is the 
extent to which each algorithm can identify real 
cases of tumor using the dataset. X-axis shows the 
methods of classification, and Y-axis shows the 
recall rate (%), that is, the proposed model 
enhances tumor detection sensitivity by reducing 
instances of a false negative. 

 

Figure 12: Comparison of Liver Tumor 
Classification Methods F1-score 

Figure 12 above compares the values of 
F1-Score of various classification models, which 
weighs both the recall and precision when it comes 
to assessing the overall performance. The methods 
applied are presented in the X-axis and F1-Score 
(%) is presented in the Y-axis because it can be 
seen that the proposed Modified DCNN with 
VGG19 has a better balanced classification 
performance. 
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Figure 13: Specificity Comparison of Liver 
Tumor Classification Methods 

In figure 13 above represent the specificity 
values of the compared methods, which are the 
measurements of how well each model can identify 
cases of non-tumor correctly. The various 
algorithms are used by the X-axis and the 
specificity (%) is used by the Y-axis, which 
indicates that the proposed model is effective in 
terms of minimizing false alarm and enhancing the 
quality of liver tumor identification. 

5. Discussion 

The findings of the experiment indicate 
that the proposed framework consisting of 
radiomics feature extraction, the FFBS algorithm, 
and a Modified DCNN with VGG19 model helps 
to significantly increase the liver tumor detection. 
The FFBS method allows obtaining more useful 
features and removing redundant ones, increasing 
the efficiency of classification and lowering the 
complexity of computations. The model has an 
increased accuracy, precision, recall, and F1-score 
than the current methods, thus it has an enhanced 
tumor detection ability. Also, Grad-CAM 
visualization enhances interpretability, as important 
tumor regions are highlighted, which helps to make 
reliable and clinically significant diagnosis. 

Table 11: Ablation Study Comparison 
of Feature extraction and classification 
performance to previous methods of liver tumor 
segmentation 

Resear
ch / 
Metho
d 

Feature 
Extract
ion 

Classific
ation / 
Model 

Accu
racy 
(%) 

Key 
Novelty 
/ 
Remark
s 

Hossai
n 
(2026) 
[25] 

Multi-
scale 
feature 
fusion 
with 

UNet-
based 
CNN 

93.20 Precise 
liver & 
tumor 
segment
ation 

hybrid 
spatial-
channel 
attentio
n 

     
Bal et 
al. 
(2026) 
[26] 

Dynami
c 
deforma
ble 
dual-
pathwa
y + 
embedd
ed 
handcra
fted 
features 

3D CNN 94.10 Robust 
volumetr
ic CT 
tumor 
segment
ation 

     Ma et 
al. 
(2026) 
[27] 

Multi-
scale 
spatial-
frequen
cy 
feature 
enhance
ment 

CNN 94.50 Spatial-
frequenc
y fusion 
for better 
tumor 
delineati
on 

     Gowda 
& 
Manju
nath 
(2025) 
[28] 

UNet70 
feature 
maps 

CNN 
classifier 

92.80 Automat
ic liver 
tumor 
classific
ation 

Arora 
et al. 
(2025) 
[29] 

Transfe
r 
learning 
features 

DL 
(SegNet 
/ VGG 
variant) 

93.70 Used 
deep & 
TL for 
veins 
and 
tumors 

Propos
ed 
Metho
d 
(FFBS 
) 

FFBS: 
Fine-
grained 
boundar
y & 
shape-
sensitiv
e 
features 

          – 95.40 Novel 
feature 
extractio
n 
outperfo
rming 
prior 
approach
es 

Propos
ed 
Metho
d 
(DCN
N with 
VGG1
9) 

        -- DCNN 
with 
VGG19 

97.70 End-to-
end 
pipeline; 
preserve
s 
structura
l & 
spectral 
features; 
highest 
accuracy 
among 
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compare
d 
methods 

Table 11 above shows a comparison 
between the proposed FFBS feature extraction and 
DCNN with VGG19 classification and earlier liver 
tumor segmentation methods. It underlines the 
excellence of the specified method, with the feature 
extraction and end-to-end classification accuracy of 
95.40% and 97.70%, respectively, which surpasses 
all the prior research. 

5. Conclusion 

This research provides a successful model 
of automated detection and classification of liver 
tumor based on the radiomics feature extraction 
and DL. The proposed method will start with the 
radiomics feature extraction of the CT images of 
the liver and the application of FFBS algorithm to 
filter out all the redundant and irrelevant features 
and the most informative features. This is an 
optimized set of features that boosts computational 
efficiency and increases performance of 
classification. The identified features are then given 
to a Modified DCNN in terms of VGG19 
architecture, which actually learns discriminatory 
patterns in terms of tumor texture, shape, and 
intensity. The results of the experiments prove that 
the offered method performs better than other 
methods currently applied in terms of accuracy, 
precision, recall, F1-score, and specificity. Also, 
Grad-CAM visualization enhances interpretability 
of models by reflecting on key tumor locations that 
determine predictions. Comprehensively, the 
proposed framework is a good and efficient model 
to be used in the future to support automated liver 
tumor diagnosis in medical imaging reports, that is, 
it can be expanded with multicenter larger datasets 
and multimodal images data in the form of MRI 
and PET scans. Additionally, other polishing steps 
can be done by incorporating new transformer-
based architectures and hybrid radiomics DL 
systems to achieve better detection and clinical 
performance. 
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