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Abstract — This paper will compare the research and development 

of Convolutional Neural Network(CNN) models based on an 

approach for the long term sequential memory storage known as 

Rosenblatt brain model. In recent years, deep learning has got a lot 

of attraction and development, deep learning techniques have 

solved many problems in the area of computer vision, language 

modeling, speech recognition, and audio/video processing. Further, 

CNN based models are considered as state of the art algorithm to 

solve perception related problems. But, can the CNN models are 

able to store the learned knowledge/representation to make better 

use of classifying/recognizing the image? The comparative study is 

made based on the Rosenblatt Perceptron model to check how CNN 

learned those representations and can it behave like a brain model. 
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I. INTRODUCTION 

A.   Neural Networks 

A neural network is made up of neurons, which are a 

set of connected processors. In a standard neural network (SNN), 

the input neurons are activated through a set of sensors, such as 

cameras. After the inputs pass along hidden layers for analysis, 

based on the parameters set by the developer. When the system 

completes its analysis it provides an output of information, the 

results are then used to enforce or deter its findings, as a teaching 

method to improve quality. In memory systems, this data is 

recorded and used during the processing phase to enhance the 

analysis stage. 

B.   Convolutional Neural Network 

Convolutional neural network is a class of deep 

learning that has been successfully used to analyze images. 

Convolutional neural networks utilize a type of multilayer 

perceptrons, which consists of an input, output, and at least one 

hidden layer, that is designed to learn with little to no preloading 

[23]. The system will translate pixels and features derived from 

an image to classify the object using provided training. The 

classification of the output is assigned a probability based on the 

numeric translation and informed data via training. 

A typical convolutional network completes its task over 

several phases. First, the system will take an input from an 

image, as a sample for analysis. Convolution is the comparison 

of a set area of pixels to the rest of an image; these pieces are 

referred to as 'features'. The system attempts to match these 

features using a simple mathematical formula. In order to 

calculate the match of the source pixel area to the feature is to 

multiply each pixel. This process is then repeated across the 

image, attempting to match each pixel.  CNN will attempt these 

comparisons wherever possible, in order to calculate the highest 

accuracy. Afterwards, this process is repeated, on other 

identified subsamples. CNN also utilizes a tool termed 

"Pooling", which is taking large areas  in the images and 

shrinking them down, saving the important calculated 

information. One more CNN feature is named "Rectified Linear 

Units", in its most basic form, the system swaps out negative 

calculations from convolution for a zero. This prevents the 

numbers from becoming too miniscule or large, effectively 

simplifying the information to only identify the important 

characteristic components. 

In order to enable a system to achieve highly accurate 

results, they must be trained and tested on datasets. There are 

shortcomings of datasets that contain a limited amount of 

images, whereas new larger datasets increase the amount of 

variability [6]. This, in turn, reflects reality where larger datasets 

allow for additional training and accuracy of system 

functionality.  

The MNIST is a database of handwritten characters, 

that contains 60,000 training set examples and 10,000 test set 

examples [9]. All of the characters within the MNIST, are 

numbers derived from a larger set from NIST, that have been 

size-normalized and have been aligned in the center [9]. 

Currently, the test error rate for the MNIST dataset has been 

brought down to 0.23% through the usage of a convolution 

neural network [2]. 

C. Pre-Trained CNN Models 

A pre-trained model, in essence, is a model that was 

developed by another entity that is being reused for a similar 

purpose. In the same rationale theory of the idiom "do not 

reinvent the wheel", developers can use an existing model as a 

starting point for their own directions [6]. The thought process 

belonging to this practice is to build on the prior successes of 

other developers that have shared their systems; in order to 

improve the efficiency of the existing system or provide a basis 

for others, so that they may tailor their experiments to their 

unique needs without the need to start from the beginning. 

The transferability between projects has provided 

developers effective methods to complete their own ambitions 

quicker [6]. At Berkeley in California, a pre-trained system 

referred to as Caffe, is a modular open-source system, which 

allows outside developers the ability to customize the neural 

network in a manner that constitute their needs [6]. Already, 

several additional research universities, as well as Facebook and 

Adobe, have collaborated with Caffe to generate results 

concurrent with their own networks [6]. 
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By modulating the system, developers can modify 

existing parameters or constraints that can be made to support 

their own system, if they were to fabricate one [16]. In another 

experiment, two separate pre-trained CNN models were used to 

categorize items by color and depth, which outputs were then 

combined into another set of layers to determine an appropriate 

category and label [16]. By combining two pre-trained CNN 

networks, that are then analyzed further, the engineers were able 

to reduce production time and still attain desirable results [16]. 

From these two examples we can gather that pre-

trained models, can optimize a solution for a problem. Existing 

systems do not need to be set through additional training, if they 

are close to the intended target. Moreover, it would appear that 

we save time on development, budget, and personnel time, 

because tasks are based on modification rather than creation.  

II. LITERATURE REVIEW

A. VGG16 

As deep learning model VGG model is nothing but a 

study of convolution neural network model proposed by K. 

Simonyan and A. Zisserman from the University of Oxford in 

the paper “Very Deep Convolutional Network for Large-Scale 

Image Recognition”. According to the paper this model achieves 

92.7% top-5 test accuracy in ImageNet. ImageNet is a dataset of 

over 14 million images belonging to 1000 classes. The 

architecture includes a pre-processing layer which is used to take 

RGB image with pixel values as input in the range of 0-255 

which then subtracts the mean image value (the value is 

calculated over the entire Imagenet dataset). 

Figure. 1: Macroarchitecture of VGG16 (adapted) [26].

B. ResNet50 

ResNet is a short name for Residual Network. As the 

name suggests, the network introduces residual learning. In 

general, in a deep convolutional neural network, several layers 

are stacked and are trained to the task at hand.  

Figure. 2: Residual Learning: A Building Block (adapted) [24].

Residual learning can simply be understood as a 

subtraction of feature learned from input of the layer. ResNet 

uses shortcut connections. It does so by directly connecting input 

of the nth layer to (n+x)th layer. It has proved that training this 

form of networks is easier than training simple deep 

convolutional neural networks and also the problem of 

degrading accuracy is resolved. ResNet50 is a 50 layer Residual 

Network. There are other variants like ResNet101 and 

ResNet152. 

C. MobileNets 

MobileNets models are small, low-latency, low-power 

models. They are parametrized to meet the resource constraints 

of a variety of use cases. They can be built upon classification, 

detection, embeddings and segmentations similar to how other 

large scale models, such as Inceptions, are used.The main 

difference between the MobileNet architecture and “traditional” 

CNN’s architecture is that instead of single 3x3 convolution 

layer followed by batch norm, MobileNets split the convolution 

into 3x3 depthwise conv and and 1x1 pointwise conv.  

Figure. 3: MobileNets can be applied to various recognition tasks for efficient 

on device intelligence (adapted) [27].

D. InceptionV3 

InceptionV3 is a variant of InceptionV2 with an 

addition of BN-Auxiliary. BN-auxiliary refers to the version in 

which a fully connected layer of auxiliary classified is also-

normalized, not just convolutions. The model InceptionV2 + 

BN-Auxiliary is referred as InceptionV3. The InceptionV3 

architecture is same as InceptionV2, but with minor changes. 

One of the benefits of using this model is that it can be done 

using depth multiplier 8 on the first convolution layer. This 
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reduces computational cost while increasing the memory 

consumption at training time. 

Figure 4: Architecture of InceptionV3 (adapted)  [28].

III. METHODOLOGY

The study is to compare, discuss, and experiment the 

Convolutional Neural Network(CNN) models with the  

Rosenblatt Perceptron model using c-system (Rosenblatt, 1964) 

and discuss the limitation of using CNN. Our experiments and 

results focuses on:  

1. How well CNN classify the spatial data?

2. How CNN learned hidden layers representation,does it

stores the hidden layers for future predictions?

We want to identify if CNN alone can be used to build an 

experiential storage in neural networks which is known as 

Rosenblatt’s brain model. Rosenblatt defined the neural model 

with an additional unit (c-system) and he defined it as Perceptron 

model. This model consists of a set of units (or neurons) which 

generates the signal connected together in a network.  

After receiving a signal input, the consecutive units (either 

another unit or the environment) responds by generating an 

output signal, which may be transmitted to another set of 

selected units in a network. All the different units in the 

architecture are called perceptrons. Each perceptron has a 

sensory input and one or more output units, which generates 

signals. The following are the logical properties of the 

Rosenblatt brain model: 

1. A set of signal propagation rules which governs the

transmission and generation of signals.

2. A set of memory rules for modifying the properties of

the network as a result of an activity.

Below is the figure of the model: 

Figure 5.   Rosenblatt C-System (adapted) [12]. 

This is a sequential memory model which can be adapted to 

solve problems related to speech recognition, language 

modeling, language translation, audio/video processing. The 

above figure consists of four major units. It starts with a source 

transmission system(S-system) connected with A-system 

(Association system), which is capable of recording and 

detecting the important features and sends the information to R-

system (Response unit) as the output. O-servo acts a control 

mechanism which maintains the constant level of activity, 

despite changes in the intensity of the input signals. The C-

system is connected to both, the A-system and R-system, which 

acts as a memory of the sequences. This system may be 

synchronous or asynchronous, in which case it goes from one 

state to another state when only certain events are triggered.  

A.   Convolution Neural Network 

 Figure 6. A general depiction of the convolution process (adapted) [4]. 

In the first layer, an input image (e.g. car.jpg) is 

provided to the CNN model depicted in the figure. From there, 

the operations of the convolution neural network will learn the 

features of the input image and based on the pre-trained weights 

it will determine the label that identifies the input image, which 

is then showed in the form of output. 

IV. PROJECT REQUIREMENTS

In order for these CNN based models to be tested for 

how they perform, several key requirements must be met. To 
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begin, anyone who will be using these models will be using 

Python version 3 and Keras library. Furthermore, a background 

knowledge of Convolutional Neural Network and understanding 

of Rosenblatt perceptron model is necessary to compare the 

architectures. 

V. EXPERIMENTS 

Several experiments have been conducted to check how 

CNN performs in classification and recognition task introduced 

as question#1 in methodology section.  To perform the 

experiment, pre-trained CNN models (such as ResNet50, 

VGG16, InceptionV3, and Mobilenet trained on ImageNet 

datasets) have been used to make more generalized classification 

with any images (from Experiment 1-4). To answer the second 

question of methodology, Experiment-5 has been conducted on 

MNIST dataset to see what representations have been learned. 

The following are the test case images considered for an 

experiments 1 to 4: 

Figure 7. Sample of images (adapted) [13]. 

Figure 8. Sample of images (adapted) [13]. 

Experiment 1 – ResNet50 model 

ResNet50 weights has been downloaded in Keras and 

loaded for the experiment on the images considered. The 

summary of the ResNet50 model is depicted in the figure: 

Figure 9. Summary of the RestNet50 model.

Experiment 2 – VGG16 model 

VGG16 weights has been downloaded in Keras and 

loaded for the experiment on the images considered. The 

summary of the VGG16 model is depicted in the figure: 

Figure 10. Summary of the VGG16  model 

Experiment 3 – InceptionV3 model 

InceptionV3 weights has been downloaded in Keras 

and loaded for the experiment on the images considered. The 

summary of the InceptionV3 model is depicted in the figure: 

Figure 11. Summary of the InceptionV3 model

Experiment 4 – MobileNet model 

Figure 12. Summary of the MobileNet model 
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Experiment 5 – MNIST Experiment to show CNN learning 

Test have been performed on MNIST dataset to see 

what representation CNN is learning. 

Figure 13. MNIST dataset (adapted) [25].  

VI. RESULTS

After conducting the experiments, it can be noted that 

Convolutional Neural Network is performing excellently on 

the classification and recognition task, on the test images 

considered. The results of all the pre-trained models can be 

compared in the table below (from Result 1-4). To check how 

and what representations CNN is learning, the results of the 

experiment-5 can be noted below in the Result-5. 

Result - 1 ResNet50 model 

After the experiment of ResNet50, the predictions of 

the considered images are depicted in the figure: 

Figure 14. ResNet50 model results 

Result - 2 VGG16 model 

After the experiment of VGG16, the predictions of the 

considered images are depicted in the figure: 

Figure 15. VGG16 model results

Result - 3 InceptionV3 model 

After the experiment of InceptionV3, the predictions of 

the considered images are depicted in the figure: 

Figure 16. InceptionV3 model results

Result - 4 MobileNet model 

After the experiment of MobileNet, the predictions of 

the considered images are depicted in the figure: 

Figure 17. MobileNet model results

Comparing the Results of the Models 

Comparing the pre-trained model accuracy 

Pre-trained 

models 

Image 1: 

Banana 

Image 2: 

Orange 

Image 3: 

Lion 

Image 4: 

Seashore 

ResNet50 0.989 0.998 0.999 0.375 

VGG16 0.986 0.982 0.999 0.594 

InceptionV3 1.0 0.999 0.992 0.864 

MobileNet 0.999 0.988 0.998 0.426 

Result - 5 Visualizing CNN representations  on MNIST 
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Figure 18. Transformed MNIST Numbers 

From the above representation visualization, it can be seen that 

Convolutional Neural Network is only transforming the original 

input in the form of repeated layers of certain operations 

(specifically Convolution and Max Pooling operation). 

Undertaking all the layers, the final layer is just a high level layer 

representation which has learned discrete patterns of features 

without considering or storing any past sequences of patterns. 

VII. CONCLUSIONS AND FUTURE WORKS

CNN is mostly used for classification of spatial data. It 

is only good at repetitive transformation of the data into high 

level discrete representation of knowledge. CNN does not store 

or remember any past sequences of patterns that can be used for 

future predictions. Our future goal is to combine CNN and 

LSTM to solve the existing storage problem. The memory 

architecture proposed by Rosenblatt can be used to solve many 

other problems (such as speech recognition, language modeling, 

language translation, and audio/video processing), particularly 

where past sequences are important factors for future predictions 
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