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ABSTRACT

Bladder cancer is one of the most common 
malignancies in men in Croatia. It is char-
acterized by a high recurrence rate and high 
metastatic potential. For this reason, accu-
rate and timely diagnosis is needed in order 
to treat bladder cancer as successfully as 
possible. Cystoscopy as a diagnostic meth-
od shows poorer accuracy of Carcinoma 
in situ (CIS) diagnosis, where every fourth 
CIS remains undiagnosed. For this reason, 
the artificial intelligence-based approach is 
proposed. The standard approach to image 
classification is utilization of convolutional 
neural networks (CNN). Literature over-
view shows a possibility of using pre-de-
fined CNN models, such as VGG-16. VGG-
16, in this case, needs to be customized in 
order to adapt it to four-class classification 
problem. By using a customized VGG-16 
model, high classification performances 
are achieved. When AdaGrad and AdaMax 
solvers are used, AUCmicro values up to 0.98 
are achieved.

SAŽETAK

Karcinom mokraćnog mjehura jedna je 
od najčešćih zloćudnih bolesti muškaraca 
u Hrvatskoj. Karakterizira ga visoka stopa 
recidiva i visok metastatski potencijal. Iz 
tog je razloga potrebna točna i pravovre-
mena dijagnoza kako bi se što uspješnije 
liječio. Cistoskopija kao dijagnostička me-
toda pokazuje lošiju točnost dijagnoze 
karcinoma in situ (CIS), gdje svaki četvrti 

CIS ostaje nedijagnosticiran. Iz tog razloga 
predlaže se pristup zasnovan na umjetnoj 
inteligenciji. Standardni pristup klasifikaciji 
slika je upotreba konvolucijskih neuronskih 
mreža (CNN). Pregled literature upućuje na 
mogućnost korištenja unaprijed definiranih 
CNN modela, poput VGG-16. VGG-16, 
u ovom slučaju, treba prilagoditi kako bi 
se prilagodio četveroklasnom klasifikaci-
jskom problemu. Korištenjem prilagođenog 
modela postižu se visoke klasifikacijske 
performanse. Kada se koriste optimizatori 
AdaGrad i AdaMax, postižu se vrijednosti 
AUCmicro do 0.98.

INTRODUCTION

Urinary bladder cancer is one of the most 
common malignancies in the urinary tract, 
and it represents the fourth most frequent 
cancer in Croatia (1). The incidence of blad-
der cancer is 3-4 times higher in the male 
population. That fact makes it predominant-
ly a male disease. Bladder cancer originates 
in the uncontrolled growth of mucosal cells 
with a pronounced tendency to spread to 
other organs. 

There are a number of types of bladder can-
cer, the most common of which are:

 ■ urothelial carcinoma (2, 3),
 ■ squamous cell carcinoma (4, 5),
 ■ adenocarcinoma (6, 7),
 ■ small cell carcinoma (8, 9) and
 ■ sarcoma (10, 11).

Of the above-mentioned,, urothelial carci-
noma is the most common. Other types of 
urinary bladder cancer are characterized as: 
rare, very rare and extremely rare. Urothe-
lial carcinoma, that is also called transitional 
cell carcinoma (TCC), originates in urothe-
lial cells. These cells are located at the inner 
surface of the urinary bladder. A dominant 
number of TCCs can be found in form of 
a papillary, exophytic lesion with low-grade 
malignancy potential (12). 

A limiting circumstance in the diagnosis and 
treatment of bladder cancer is its marked 
propensity for recurrence (61% in the first 
year, 78% in five years) (13). Such a charac-
teristic, together with metastatic potential, 
is particularly emphasized in the case of 
High-grade bladder cancers and carcinomas 
in-situ (CIS). CIS form of the bladder can-
cer is often manifested as erythematosus flat 
lesions of the urinary bladder mucosa. For 
these reasons, it is crucial to determine the 
correct form of the urinary bladder cancer 
during diagnostic procedure. 

As an endoscopic method, white light cys-
toscopy has a central role in diagnosis and 
follow-up. It is characterized by its capabili-
ty for accurate detection of papillary lesions. 
On the other hand, detection of flat lesions 
is difficult, and the possibility of their dif-
ferentiation in relation to non-malignant, 
inflammatory changes is reduced. 
By reducing the aforementioned claims to 
numbers, it can be seen that the percentage 
of correctly diagnosed CIS is only 75%. In 
other words, one in four CIS remains un-
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diagnosed. With the aim of preventing ad-
vancement of the disease (14, 15), artificial 
intelligence (AI) algorithms such as artificial 
neural network (ANN) could be introduced 
in order to increase diagnosis accuracy of 
urinary bladder cancer type (16). Such a 
need is particularly emphasized in the case 
of CIS.  

Nowadays, AI algorithms have found their 
place in various branches of science and 
technology. Their application ranges from 
marine propulsion systems (17, 18), through 
energy (19) and satellite surveillance (20) to 
medicine (21, 22). AI is also being used to 
combat the current COVID-19 pandemic 
by modelling the spread of the virus (23, 24).

Alongside above-mentioned applications, 
AI has found its place in urinary bladder 
cancer diagnosis. Research presented in 
(25) proposes an application of convolu-
tional neural network (CNN) in order to 
classify images obtained with cystoscopy. 
Data set that consists of 2102 images was 
divided into two classes (healthy tissue and 
tumour lesions). Similar approach that re-
sulted with accuracy of 98 % was proposed 
in (26). Trained CNN model has achieved 
AUC value of 0.98. The similar approach 
was proposed in (27), where authors have 
used pre-defined CNN models trained 
with a dataset that consists of 18681 imag-
es. With this approach, F1 score of 99.52% 
was achieved. The authors of the research 
presented in (28) have proposed utilization 
of edge detector-based hybrid ANN model 
that follows the CNN methodology. Such an 
approach resulted with AUC value of 0.99. 

From literature overview, it can be seen 
that CNN is widely used AI technique for 
urinary bladder cancer diagnosis. For these 
reasons, the aim of this research was to uti-
lize VGG-16, a CNN-based architecture, in 
order to differentiate types of urinary blad-
der cancer in order to increase accuracy 
of CIS diagnosis. Such differentiation was 
performed in four classes: high-grade carci-
noma, low-grade carcinoma, CIS and non-
cancer tissue. 
 

METHODS AND MATERIALS

In the following section, a brief description 
of used dataset used during this research is 
provided. Alongside dataset description, a 

description of VGG-16 convolutional neu-
ral network architecture is given.  

DATA SET DESCRIPTION

The procedure for urinary bladder can-
cer diagnosis using VGG-16 was based on 
utilization of a high performance comput-
ing (HPC) workstation in order to classify 
images of urinary bladder mucosa. Images 
were obtained with a cystoscope and up-
loaded to HPC workstation, where trained 
VGG-16 model is implemented. Accord-
ing to VGG-16 output, the medical finding 
was determined. Such a process is presented 
with dataflow diagram shown in Figure 1.  

Figure 1: Dataflow diagram of VGG-16 
utilization for urinary bladder cancer 
diagnosis

As mentioned in Introduction, in this re-
search, images of three types of urinary 
bladder cancer were used, together with 

images that represent non-cancer mucosa. 
The data set consisted of 900 images of non-
cancer mucosa, 600 images of high-grade 
carcinoma, 680 images of low-grade carci-
noma and 345 images that represent CIS. All 
images used in this research were collected 
and classified by specialist urologist in Clin-
ical Hospital Centre in Rijeka. From a total 
number of 2525 images, 2020 were used for 
VGG-16 training, while the rest were used 
for VGG-16 classification performance 
evaluation. An example for each class rep-
resented in the data set is shown in Figure 2.

Figure 2: Overview of image data set samples 
(A: high-grade carcinoma; B : low-grade 
carcinoma; C: CIS; D: non-cancer mucosa)

VGG-16 ARCHITECTURE

VGG-16 represents one of standard CNN 
architectures that is used for image classifi-
cation. It consists of an input layer, 10 con-
volutional layers (C), 5 pooling layers (P), 3 

Table 1: Overview of VGG-16 architecture

Layer Type Feature
map

Size Kernel
size

Activation
function

Input Image 1 224 X 224 X 1 - -

1 2 X C
P

96
64

224 X 224 X 64
112 X 112 X 64

3 X 3
3 X 3

ReLU
-

3 2 X C
P

128
256

112 X 112 X 128
56 X 56 X 128

3 X 3
3 X 3

ReLU
-

5 2 X C
P

256
384

56 X 56 X 256
28 X 28 X 256

3 X 3
3 X 3

ReLU

7 3 X C
P

512
256

28 X 28 X 512
14 X 14 X 512

3 X 3
3 X 3

ReLU

10 3 X C
P

512
512

14 X 14 X 512
7 X 7 X 512

3 X 3
3 X 3

ReLU
-

13 FC - 25088 - ReLU

14 FC - 4096 - ReLU

15 FC - 4096 - ReLU

Output FC - 4 - Softmax
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fully connected layers (FC) and one output 
layer (29), as presented in Table 1. 

This CNN architecture was introduced in 
2014 as a part of ImageNet challenge and 
it represents an improvement to AlexNet 
architecture introduced a year earlier (30). 
AlexNet architecture started a “go deeper” 
trend in image classification and VGG-16 
follows that trend with a difference of using 
smaller kernels in convolutional layers (31).

RESEARCH METHODOLOGY

In order to determine optimal VGG-16 
configuration for bladder cancer diagnosis, 
multiple variations were trained and tested. 
VGG-16 models were trained using differ-
ent solvers for different number of epochs. 
Furthermore, different batch sizes were 
used. Solvers represent algorithms that are 
designed in order to change attributes of 
neural networks such as weights and learn-
ing rates (32). These algorithms were used 
to reduce the ANN loss, and at the same 
time, to increase classification performanc-
es. Number of epochs represent a number 
of times in which the total training data set 
will be propagated through the CNN. Batch 
size represents the number of images that 
was propagated through VGG-16 before 
updating internal model parameters. It is 
expected that larger batch size will better es-
timate gradient and therefore it is expected 
to have better classification performances 
if lager batches are used (33). Utilization of 
lager batches requires more GPU memory; 
therefore, such an approach was omitted 
(34). Procedure of ANN parameter varia-

tion can also be called a “grid-search”. Varia-
tions of parameters used in this research are 
presented in Table 2. 

In order to evaluate classification perfor-
mances of each VGG-16 variation, a certain 
measure must be introduced. In the case of 
this research, AUCmicro is used. AUCmicro rep-
resents a variation of classical AUC measure 
adapted to multi-class classification. This 
measure is based on confusion matrix from 
which a single scalar value is derived. An 
example of four-class confusion matrix is 
given in Figure 3. AUCmicrois a value between 
0 and 1 where:
1 represents a prefect classification,
0 represents a perfect negative classification 
and
0.5 represents a random classification.

Figure 3: An example of four-class confusion 
matrix

For the case of four-class classification, con-
fusion matrix C can be written as:

where elements on the main diagonal rep-
resent ration of correct classification in each 
class and other elements represent the ra-
tion of incorrect classifications in all other 
classes (42). In order to obtain AUC value, 
ROC curve must be constructed. ROC curve 
was constructed by using false positive rate 
(FPT) and true positive rate (TPR). For the 
case of AUCmicro, TPR can be calculated as:

where tr(C) represents the trace of the con-
fusion matrix C, calculated as:

and G(C) represents the sum of all elements 
of the confusion matrix defined as:

On the other hand, for the case of AUCmicro, 
FPR can be calculated as:

Described measures were used for construc-
tion of the ROC curve and determination of 
AUCmicro. AUCmicro was, in this case, used as 
a scalar measure for VGG-16 classification 
performance evaluation. Using this meas-
ures, VGG-16 model that achieves the best 
classification accuracy was determined.

RESULTS  

In the following section, results achieved 
by using above described grid-search pro-
cedure are presented. 3-D plots showing 
AUCmicro value in dependence of number of 
iteration and batch size are shown for each 
solver used. When Adam solver is used, it 
can be noticed that AUCmicro values higher 
than 0.8 are achieved only if VGG-16 was 
trained with larger batches for more epochs. 
It can be noticed that maximal AUCmicro 
value of 0.95 was achieved when VGG-16 is 
trained with batch size of 32 for 10 epochs, 
as shown in Figure 4.
 

Table 2: Overview of grid-search procedure used in this research

Solver Number of Epochs Batch size

1 Adam (35) 1 4

2 SGD (36) 2 8

3 RMS-prop (37) 3 16

4 AdaGrad (38) 4 32

5 AdaMax (39) 5 -

6 AdaDelta (40) 6 -

7 Nadam (41) 7 -

8 - 8 -

9 - 9 -

10 - 10 -
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Figure 4: AUCmicro in dependency of number 
of iteration and batch size for Adam solver

If SGD solver is used, it can be noticed that 
AUCmicro values higher of 0.8 were achieved 
regardless of batch size and number of ep-
ochs, as shown in Figure 5. Similar to case 
when VGG-16 is trained by using Adam 
solver, in this case higher AUCmicro values 
were achieved if higher number of epochs 
and larger batches were used.

Figure 5: AUCmicro in dependency of number 
of iteration and batch size for SGD 
solver

When RMS-prop solver is used, significant-
ly lower AUCmicro values were achieved. Such 
a characteristic is particularly visible when 
smaller batches were used and when VGG-
16 was trained for lower number of epochs. 
In this case, AUCmicro value does not exceed 
0.85, as presented in Figure 6. 
 

Figure 6: AUCmicro in dependency of number 
of iteration and batch size for RMS-prop 
solver

When AdaGrad solver was used, AUCmicro 
values higher than 0.8 were achieved. This 
property is visible regardless of batch size 

and number of epochs. Such a characteris-
tic is presented in Figure 7. Maximal value 
of 0.98 was achieved if VGG-16 was trained 
for higher number of epochs by using lager 
batches.
 

Figure 7: AUCmicro in dependency of number 
of iteration and batch size for Adagrad solver

Similarly, in the case when AdaMax solver 
was used, the vast majority of different vari-
ations of VGG-16 were achieving AUCmicro 
values higher than 0.9. In this case, differ-
ence is in the cases that were trained for 
lower number of epochs. These variations  
achieve lower classification performances, 
as presented in Figure 8.

Figure 8: AUCmicro in dependency of number 
of iteration and batch size for AdaMax solver

When AdaDelta solver was used, the high-
est AUCmicro values were achieved if VGG-16 
is trained for larger number of iterations. In 
this case, it is interesting to notice that high-
er AUCmicro values were achieved if VGG-16 
was trained by using smaller batches of data. 
Such a property is presented in Figure 9.

Figure 9: AUCmicro in dependency of number 
of iteration and batch size for AdaDelta 
solver

As the last case, VGG-16 trained with Na-
dam solver is observed. It can be noticed 
that in this case, AUCmicro does not exceed 
0.8, as presented in Figure 10. VGG-16 
CNN shows a poor performance across all 
hyperparameter combinations when trained 
by using Nadam solver.

Figure 10: AUCmicro in dependency of 
number of iteration and batch size for 
Nadam solver

DISCUSSION

When all AUCmicro  values achieved with dif-
ferent solvers are compared, it can be noticed 
that the highest classification performances 
are achieved if AdaGrad and AdaMax solv-
ers were used for VGG-16 training. High 
performances were also achieved if Adam, 
SGD and AdaDelta solvers were used. On 
the other hand, poor classification perfor-
mances were achieved with RMS-prop and 
Nadam solvers, as presented in Figure 11.
 

Figure 11: Comparison of achieved AUCmicro 
values for different solvers

When results presented in this article are 
compared to results from the literature 
overview, it can be noticed that similar 
performances are achieved although four-
class classification was performed. VGG-16 
trained by using AdaGrad or AdaMax solver 
with up to 0.98 can be compared with re-
sults presented in (26 – 28).

From presented results, it can be noticed that 
VGG-16 architecture achieves high perfor-
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mance. Such high performance is achieved 
in both cancer diagnosis and cancer grade 
recognition. Presented results are pointing 
towards the possibility of a clinical applica-
tion of an AI-based algorithm, not only in 
the context of the bladder cancer diagnosis 
but also in the context of grade recognition.

CONCLUSIONS

In this paper, the diagnostic approach for 
urinary bladder cancer using VGG-16 ar-
chitecture is presented. From presented 

results it can be noticed that high classi-
fication performances can be achieved if 
specific variation of VGG-16 architecture is 
used. The best classification performances 
are achieved if VGG-16 is trained by us-
ing AdaGrad or AdaMax solver for 8-10 
epochs. Also, it can be noticed that these 
performances were achieved when VGG-16 
architecture is trained by using larger data 
batches. These results have enabled to in-
crease accuracy of urinary bladder cancer 
type recognition. Consequently, obtained 
results are showing promising possibility for 
achieving higher accuracy of CIS diagnosis. 
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