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ABSTRACT

Application of Convolutional neural network in spectrum of Medical image
analysis are providing benchmark outputs which converges the interest of many
researchers to explore it in depth. Availability of clean dataset is one of the
significant factor which drives the efficiency of CNN (Convolutional neural net-
work) model. Latest preprocessing technique Real Esrgan and GFPGAN (Gen-
erative facial prior GAN) are proving their mettle in providing high resolution
dataset. Optimizer also plays a vital role in upgrading the functioning of CNN
model. A new optimization technique Gradient Centralization is providing the
unparalleled result in terms of generalization and execution time. Our research
delves deep into aforementioned factors. Result has already been achieved by
taking in account the first factor which is preprocessing technique. In continu-
ation of our effort, our paper explores the next factor which is the employment
of new optimization technique, Gradient centralization to our integrated frame-
work (Model with advanced preprocessing technique). Preprocessing integrated
Densenet 201, and NasNet are giving encouraging result in terms of training loss
and execution time when GC is used as optimizer. Experiments are carried out
for three different types of datasets: Skin, Retina and Lung and comparison of
loss curves for both preprocessing integrated models is carried out.
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1. INTRODUCTION
Integrated framework of deep learning model [1] with advanced preprocessing technique like Real

Esrgan [2] and GFPGAN [3] gives significant elevation in terms of efficiency of these models. Efficiency
shoots up to 5-10% via pipe lining of these preprocessing technique with base models. On a way to further
optimize the deep learning models, usage of optimizer is explored. Optimizer plays an indispensable role in the
functioning of CNN. They help in adjusting weights so as to minimize the incurred losses. Many optimizers
have been employed in CNN like Gradient descent [4], Stochastic Gradient descent [5], Ada grad [6], Ada
delta and Adam etc. for classification and segmentation of Medical image. Gradient descent iteratively reduces
a loss function by moving in the direction opposite to that of steepest ascent. As its uses entire training set
for calculation which requires large amount of memory and hence slow down process. Stochastic gradient
descent is a variant of gradient descent and update model parameter one by one which leads to high variance
and make it computationally expensive. Stochastic gradient descent with momentum is an improved version
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which takes in account the previous update to fine tune the final update direction and hence leads to more
stability but extra hyper parameter is added. So far learning rate has been constant but with the introduction of
Ada grad (Adaptive Gradient descent) concept of adaptive learning rate emerges i.e. it uses different learning
rate for each and every neuron and for each and every hidden layer based on different iteration but it too leads
to dead neuron problem. RMS-prop [7] (Root mean square propagation) is a special version of Ada grad in
which learning rate is exponential average of gradient instead of cumulative sum of squared gradient but it
suffers from slow learning rate. Ada delta is an extension of Adagrad. Here it, does not set default learning
rate and uses the ratio of running average of previous time steps to current gradient. It removes decaying
rate problem but it is computationally expensive. Adam (Adaptive moment estimator) optimizer is one of the
popular gradient descent optimization algorithm. It computes adaptive learning rate for each parameter and
stores both the decaying average of past gradients and also the decaying average of past squared gradient. It
has little memory requirement and is computationally efficient.

Aforementioned optimization techniques operate on activation or weight vectors and hence their adop-
tion to pre-trained models pose a great challenge. So a new method, Gradient centralization [8] is used which
acts on gradient of weight vectors and centralizes the gradient vector to have zero mean. Thus introduction
of Gradient centralization accelerate the training process and enhances the generalization performance. Our
research work explores the functioning of GC (Gradient centralization) on our integrated framework of deep
learning models [9]. Section 2. illustrates the related work, Section 3. describes the achieved result via inte-
grated framework and proposed work which includes further optimization with novel Gradient Centralization
optimizer. Section 4. tabulates the experimental result and comparison of loss curves and Section 6. winds the
research paper with Future work and conclusion.

2. RELATED WORK
ESignificant efforts are made in the direction of improving the efficiency of deep learning models.

Application of voting based method to deep learning models helps in strengthening the correct classification
of lung disease [10]. Preprocessing techniques plays an important role in boosting efficacy of deep learning
models [11]. Other factor like Optimizer too plays an pertinent role in efficiency improvement of Deep learning
algorithms as they decide the rate of convergence of algorithm towards an optimal value. Many Researchers are
evolving the usage of new optimizers to explore their functioning in deep learning models. [6] proposes method,
normalized direction-preserving Adam (ND-Adam), which enables more precise control of the direction and
step size for updating weight vectors, which leads to the significant improvement in generalization performance
of adam optimizer. [12] brings out another improvement in momentum of adam optimizer by evaluating the
gradient after applying the current velocity and called its as Adam. It works efficiently for the high-dimensional
dataset and converges rapidly. Usage of appropriate optimizer for particular input dataset greatly affects the
efficiency of architecture used for classifying that dataset.

[13] carried out comparison of six optimizer Ada grad, Ada delta, Rms prop, Adam, Nadam, and
SGD (Stochastic gradient descent) and identify the best optimizer as Adagrad which estimate potential fire
occurrences in given locations and gives precise predictions with less error and processes real-time data. [14]
improves the efficiency of its CNN based classifier by comparing six different first-order stochastic gradient-
based optimizers to select the adaptative based optimizers as best for classifying histopathology imagesand Ada
grad as low performer. [15] perform a comparative analysis of 10 different gradient descent-based optimizers,
Adaptive Gradient (Adagrad), Adaptive Delta (AdaDelta), Stochastic Gradient Descent (SGD), Adaptive Mo-
mentum (Adam), Cyclic Learning Rate (CLR), Adaptive Max Pooling (Ada max), Root Mean Square Propaga-
tion (RMS Prop), Nesterov Adaptive Momentum (Nadam), and Nesterov accelerated gradient (NAG) for CNN
for brain tumor classification and segmentation and Adam optimizer helps in attaining the greatest efficiency
of 99.2%. [16] explores theCNN with one, two, three, four and five hidden layers with combination of three
optimizers namely, Rms prop, Adam and SGD and finds CNN with four hidden layer using SGD optimizer
having greatest testing accuracy of 91%. [17] performs Hyper spectral image (HSI) classification with seven
different optimizers SGD, Adagrad, Adadelta, Rms prop, Adam, AdaMax, and Nadam using Deep CNN model
[18] and establishes the superiority of Adam optimizer. [19] illustrates that hyper parameter optimizer plays
indispensable role in in deep learning-based side-channel analysis and strongly supports Adagrad for longer
training phases. [20] used CNN based model Resnet 50 and Inception v3 for kaggle cat versus dog classifica-
tion and carried out comparative analysis for three optimizer namely Adam, SGD, RMS prop and RMS prop
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performed extremely well with training accuracy of 99%.
[21] implemented the usage of seven optimizers namely Stochastic Gradient Descent (SGD), Rm-

sProp, Adam, Adamax, Adagrad, Adadelta, and Nadam are implemented in CNN on Indian Pines Dataset
Adamax excels with 99.58% accuracy. [22] supports the Adam optimizer for Brain tumor classification and seg-
mentation among the ten optimizer namely namely Adaptive Gradient (Adagrad), Adaptive Delta (AdaDelta),
Stochastic Gradient Descent (SGD), Adaptive Momentum (Adam), Cyclic Learning Rate (CLR), Adaptive Max
Pooling (Adamax), Root Mean Square Propagation (RMS Prop), Nesterov Adaptive Momentum (Nadam), and
Nesterov accelerated gradient (NAG) employed to carry out the experiment. [23] works out on step size taken
for each parameter and proposed an Diffgrad optimization technique which takes larger step size for faster
gradient changing parameter and lower step size for lower gradient changing parameter. This method outper-
forms optimizer technique like SGDM, AdaGrad, AdaDelta, RMSProp, AMSGrad, and Adam. [24] proposes
Alzheimer Disease (AD) classification based by using four different optimizers Adagrad, ProximalAdagrad,
Adam, and RMSProp and Rms prop works with 100% accuracy. [25] experimented with various optimizers
such as ADAM, SGD, RMSprop, Adadelta, Adamax, Adagrad, Nadam to detect bot accounts with the help
of deep learning model from CRESCI-2017 twitter dataset issued by Indiana University and establishes the
highest accuracy of 98.90% with RMS prop. [26] bring out the role of optimizer in improving the performance
of deep neural network for image classification problem and analyzes three standard first-order optimizers like
stochastic gradient descent with momentum (SGDM), adaptive moment estimation (Adam), and root mean
square propagation (RMSProp) for detecting glaucoma employing architectures like Alex net, VGG-19 and
Resnet 101. Adam optimizer shows better result in this.

3. PROPOSED WORK
Our proposed work is the continuation of our effort to optimize the deep learning models. Imbibing

Advanced preprocessing technique like Real Esrgan and GFP Gan with base deep learning model like Nas net
and Densenet 201 produces an significant results in context of validation accuracy. Results achieved via this
pipe lining is tabulated in Table 1 for Real Esrgan and GFP Gan respectively.

Table 1. Result of Integrated Model
REAL ESR-
GAN

SKIN LUNG RETINA

Model Used Without
Prepro-
cessing

With
Prepro-
cessing

Without
Prepro-
cessing

With
Prepro-
cessing

Without
Prepro-
cessing

With
Prepro-
cessing

DENSENET 201 28% 72% 85% 89% 74% 88%
NASNET 35% 63% 77% 78% 73% 89%
GFPGAN SKIN LUNG RETINA
Model Used Without

Prepro-
cessing

With
Prepro-
cessing

Without
Prepro-
cessing

With
Prepro-
cessing

Without
Prepro-
cessing

With
Prepro-
cessing

DENSENET 201 28% 62% 85% 86% 74% 89%
NASNET 35% 73% 77% 78% 73% 84%

For skin dataset massive improvement is achieved for validation accuracy. Retina dataset also responds
well for integrated framework. Minimal enhancement is observed for lung dataset. But overall positive trends
are observed using images preprocessed with Real Esrgan and GFPGAN as input to our base models.

Our next step to further optimize the integrated deep learning models with the use of novel optimizer
Gradient centralization technique.

3.1. Gradient Centralization
Gradient centralization can enhance DNN (Deep neural network) ultimate generalisation performance

while also accelerating the training process. By centralizing the gradient vectors to have a mean of zero, it
directly manipulates gradients. Gradient Centralization further enhances the loss function and its gradient
Lipschitzness, making the training process more effective and stable. Batch Normalization and Weight stan-
dardization technique also reduces the Lipschitzness of loss function but they operate on activation and weight
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vectors and were not able to adapt to pre trained models but Gradient Centralization takes in account the gra-
dients vectors to achieve improvement. Z-score standardization can also be used to normalize the gradient,
but normalising gradient does not increase training’s stability. Instead, calculating the gradient vectors’ means
and then centralizing the gradients so that their means are zero effectively helps in achieving the desired result.
This is the underlying principle of Gradient centralization method. It can be easily embedded into gradient
based current optimization algorithm like Adam, SGDM with one line of code and helps in increasing training
process, improves generalization capability and better tune it to pre trained models.

Figure 1. Mechanism of Gradient Centralization (GC) in Neural Networks

Note: GC computes the column/slice mean of the gradient matrix/tensor and centralizes each column/slice to have a zero mean. This
operation is applied to the weight matrix in the fully connected layer (left) and the weight tensor in the convolutional layer (right).

3.2. Formula of GC
Let Gradient of a weight vector obtained through back propagation for a Fully connected layer or

Convolutional layer be ∇wiL (i = 1, 2, . . . , N) and GC operator be denoted by ΦGC , then formulation of
Gradient centralization is given by:

ΦGC(∇wiL) = ∇wiL− µ∇wiL (1)

where

µ∇wiL =
1

M

M∑
j=1

∇Wi,jL (2)

Mean value of each column of gradient matrix is subtracted from its each column value. In this way
each gradient of loss function w.r.t to weight vector is transform so that its mean becomes zero. Computation
of GC is quite simple and efficient. Matrix formulation of equation 1 is also given by:

ΦGC(∇wL) = P∇wL (3)

where

P = I − eeT (4)

and P is known as the **centering operator**, I is the identity matrix of order M ×M , and

e =
1√
M


1 0 0 . . . 0
0 1 0 . . . 0
0 0 1 . . . 0
0 0 0 . . . 1

 (5)
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4. EXPERIMENTAL RESULTS AND DISCUSSION
In our proposed research work, integrated deep model(model pipeline with advanced preprocessing

technique) is further enhanced by employing an new optimizer Gradient Centralization. GC can be easily
embedded into existing optimization algorithm like SGDM, Adam and RMS prop by adding a single line of
code. We have embedded GC with Rms prop. Densenet 201 and Nasnet deep models are used as base models.
Three datasets have been used to carry out the experiment: Lung, Retina and skin. Inculcating GC in our
integrated model brings out improvement in three parameters of model which are Training accuracy, Training
Loss and Execution time. Result of our experiment for GFPGAN integrated models are tabulated in table 2, 3,
and 4 for all three datasets.

Table 2. Result for Optimized GFPGAN for Lung Dataset
Model Used Accuracy Loss Execution Time (Sec.)

Without
GCTF

With
GCTF

Without
GCTF

With
GCTF

Without
GCTF

With
GCTF

DENSENET201 91.875 94.0625 .214071 .05539 1393.98 647.126
NASNET 86.9565 90.625 .37491 .11726 1042.77 638.959

Table 3. Result for Optimized GFPGAN for Retina Dataset

Model Used
Training Accuracy /
Validation Accuracy

Training Loss / Vali-
dation Loss

Execution Time(Sec.)

Without
GCTF

With
GCTF

Without
GCTF

With
GCTF

Without
GCTF

With
GCTF

DENSENET201 92.0792 99.0099 .227322 .0357533 1199.61 812.791

NASNET 90.625 95.3125 .3010 .101164 1654.65 842.769

Table 4. Result for Optimized GFPGAN for Skin Dataset

Model Used
Training Accuracy /
Validation Accuracy

Training Loss / Vali-
dation Loss

Execution Time(Sec.)

Without
GCTF

With
GCTF

Without
GCTF

With
GCTF

Without
GCTF

With
GCTF

DENSENET201 98.3031 100 .04873 .009683 776.049 505.114

NASNET 96.6102 99.661 .09873 .0304052 738.592 511.332

Enhancement in Accuracy has been observed for all three datasets but retina dataset responds remark-
ably better as compared to other datasets. Training loss has also been reduced which appends to our positive
result. Improvement in execution time is the major break through achieved via this new optimizer algorithm.
Significant reduction has been observed as clear from table. Our result supports the underlying principle of GC
which states of accelerating the training process.

Experiments for another pre-preprocessing technique Real Esrgan integrated deep learning model
is carried out which also employed a new optimized method of Gradient Centralization and the results are
tabulated in table 5, 6 and 7 respectively for three datasets: Skin, Retina and Lung.
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Table 5. Result of Optimized Real Esrgan for skin dataset

Model Used
Accuracy Loss Execution Time(Sec.)

Without
GCTF

With
GCTF

Without
GCTF

With
GCTF

Without
GCTF

With
GCTF

DENSENET201 99.3548 100 .027379 .00645161 1613.32 1112.79

NASNET 98.38 99.3548 .0562655 .026688 1639.68 1113.87

Table 6. Result of Optimized Real Esrgan for Retina dataset

Model Used
Accuracy Loss Execution Time(Sec.)

Without
GCTF

With
GCTF

Without
GCTF

With
GCTF

Without
GCTF

With
GCTF

DENSENET201 97.11 98.75 .0714245 .0235976 1427.4 1049.87

NASNET 94.23 95 .17624 .10362 1877.56 1015.65

Table 7. Result of Optimized Real Esrgan for Lung dataset

Model Used
Accuracy Loss Execution Time(Sec.)

Without
GCTF

With
GCTF

Without
GCTF

With
GCTF

Without
GCTF

With
GCTF

DENSENET201 95.315 93.4375 .145507 .0640958 1849.38 848.866

NASNET 96.3021 97.704 .25616 .08136 2483.02 819.201

Upward trends are observed for integrated Densenet 201 in terms of accuracy for skin and retina
dataset but slight down trend is noticed for lung dataset which shows an deviation from our expectation. Nasnet
exhibit an similar trend for all three datasets. Training loss comes out with positive result and significant drop
is observed for three datasets. Execution time too shows substantial drop which further strengthen the concept
of imbibing this new optimized technique in our integrated model.

Evaluation of loss curve on imbibing Gradient Centralization technique for Dense net model pipe lined
with Real esrgan and GfpGan for all three datasets: Retina, Lung and Skin brings out an interesting predictions
as indicated by diagrams shown below:

Figure 2. a)Loss curve for real esrgan pipe lined Densenet model for retina dataset b)Loss curve for GFPGAN
pipe lined Densenet model for retina dataset
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Figure 3. a)Loss curve for real esrgan pipe lined Densenet model for lung dataset b)Loss curve for GFPGAN
pipe lined Densenet model for lung dataset

Figure 4. a)Loss curve for real esrgan pipe lined Densenet model for skin dataset b)Loss curve for GFPGAN
pipe lined Densenet model for skin dataset

Experiments shows thatDensenet model when pipe lined with Real esrgan preprocessing technique
for skin dataset gives optimum results for losses incurred during training which is .006451 and is minimum as
compared with other combinations of dataset and technique.

Loss curves for combination of Gradient Centralization with Nasnet model pipelined with Real esrgan
and Gfpgan technique are shown below for all three datasets.

Figure 5. a)Loss curve for real Esrgan pipe lined Nasnet model for skin dataset b)Loss curve for GFPGAN
pipe lined Nasnet t model for skin dataset

Figure 6. a)Loss curve for real Esrgan pipe lined Nasnet model for Lung dataset b)Loss curve for GFPGAN
pipe lined Nasnet t model for lung dataset
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Figure 7. a)Loss curve for real Esrgan pipe lined Nasnet model for Retina dataset b)Loss curve for GFPGAN
pipe lined Nasnet t model for Retina dataset

Smooth loss curves are observed for skin dataset when Nasnet pipe lined with Real esrgan is employed
with GC is used. Though downward trend is shown by all datasets with both the preprocessing techniques but
integrated real esrgan with GC shows better result than GFPGAN.

5. MANAGERIAL IMPLICATIONS
The integration of Gradient Centralization (GC) into deep learning frameworks provides critical ad-

vantages for healthcare technology management, primarily through the substantial reduction in execution time.
This efficiency allows medical institutions to process large-scale diagnostic data more rapidly, optimizing com-
putational resource allocation. Furthermore, the ease of embedding GC into existing optimizers like Adam
or SGDM with minimal code adjustments facilitates seamless technological adoption. By enhancing gener-
alization and reducing training loss, this approach offers a more stable and reliable foundation for deploying
AI-driven diagnostic tools in clinical environments.

6. CONCLUSION
This research demonstrates that employing Gradient Centralization optimization on integrated archi-

tectures using NasNet and DenseNet 201 significantly improves performance in medical image analysis. Ex-
perimental results across skin, lung, and retina datasets show motivating progress in reducing training loss and
enhancing computational speed. While minor accuracy deviations occurred in specific datasets, the findings
suggest that this optimization approach is a vital step toward more effective medical imaging solutions. Future
work should expand this framework to include alternative models such as ResNet, advanced preprocessing
techniques like Swin Transformers, and a wider spectrum of medical datasets.
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