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Abstract: Acute Lymphoblastic Leukemia (ALL) is the most widely recognized malignant growth in youngsters and grown- ups. The 

identification of leukemia in the prior stage is significant before it spreads into the circulatory systems and other fundamental organs. For 

a considerable length of time, the finding of leukemia has been finished by experienced administrators and it is a tedious undertaking for 

pathologists. Programmed recognition of Acute lymphoblastic leukemia disease in tiny pictures is difficult because of the complicated 

structures. To handle this issue, a programmed and powerful indicative framework is required for early identification and treatment. Right 

now, machine learning-based implementation of Transfer learning for classification is proposed to recognize leukemic cells and ordinary 

cells. The purpose of this paper is to compare three types of Convolution Neural Network (CNN) architectures and to find which of them 

is suitable for our detection application. These architectures are MobileNet, VGG16 and ResNet50. All the methods are done using 

Google Colab which is a free cloud service to create machine learning model, Tensorflow a machine learning library, openCV, keras and 

other libraries to accurately detect Acute Lymphoblastic Leukemia. 

Index Terms—Machine learning; Acute Lymphoblastic Leukemia (ALL); Google Colab; Tensorflow; openCV; keras; CNN; 

MobileNet, VGG16, ResNet50,transfer learning. 

 

I. INTRODUCTION 

Cancer begins when cells of body start to grow quickly. The leukemia cells begin in bone marrow and grow in the blood cells and 

cause deadly infection.  Symptoms are same as in other common diseases and hence diagnosis is difficult. Principally, there exist 4 kinds 

of leukemia which are Acute Lymphoblastic Leukemia (ALL), Acute Myeloid Leukemia (AML), Chronic Lymphocytic Leukemia (CLL) 

and Chronic Myeloid Leukemia (CML). Machine learning offers chances to progress diagnosis. ALL creates countless non matured 

white blood cells in bone marrow. There are many errors in detection of ALL by the pathologists when there is a huge amount of 

workload or if they work for long hours, it’s human tendency to make errors if they work for a long hours. But it is not the same in case 

of computers. To handle this issue we need to find an accurate and fast model for the ALL cells detection. 

In reference paper [1] it shows one diagnostic procedure for ALL which is microscopic inspection of peripheral blood. In reference 

paper [2] their system has improved the classification accuracy .It uses openCV and ski image for image processing to extract relevant 

features from blood image .Classification is carried out using various classifiers: CNN, FNN, SVM and KNN. CNN gives the highest 

accuracy of 98.33%. Similarly, reference paper [3] presents that the running times highly depend on input data size. From obtained results 

GPU speedups can be expected for most of the algorithms from 3.6 times to 15 times. The Reference paper [6] concluded that it  is faster 

to train a CNN on Colaboratory’s accelerated runtime than using 20 physical cores of a Linux server. Here it is possible to use GPU 

without paying or setting up for an expensive service. Colab’s performance is equivalent to dedicated hardware, given similar resources. 

In this paper, earlier architectures are used to classify ALL cells and Normal (NML) cells, which will help in comparing the CNN 

architectures performance. Thus it will help in selecting an automatic-system (architecture) that will aid in the detection of ALL cancer 

and this will be very useful to Experts in medical field. The rest of the paper is organized as follows: section II gives the literature review; 

section III focuses on basic introduction about CNN; section IV gives basic information about transfer learning and the architectures used 

for comparison; section V demonstrates the methodology used to detect cancerous cells and information about the dataset; section VI 

shows the results for the compared models and finally conclusions are drawn in section VII. 

 

II. LITERATURE REVIEW 

Reference paper [16] is based on ResNet50 architecture in which the performance of residual networks was observed.  The models 

were trained on the 1.28 million training images, and evaluated on the 50,000 validation images. The performance of the networks was 

evaluated using top-1 error rate. ResNet50 has decreased error rate for deeper networks and also alleviates the effect of vanishing 

gradient problem. 

Reference paper [17] is based on MobileNets which use depthwise separable convolution. In this work some of the important design 

decisions leading to an efficient model was investigated and then demonstrated on how to build smaller and faster MobileNets using 
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width multiplier and resolution multiplier by trading off a reasonable amount of accuracy to reduce size and latency. They further 

compared different MobileNets to popular models demonstrating superior size, speed and accuracy characteristics. 

Reference paper [18] is based on VGG16 which experimented with different level of depths in convolutional neural networks 

(ConvNets). They presented the improvement in error reduction with respect to the depth. More non-linear rectification layers (ReLUs) 

makes the decision function more discriminative. Though depth was increased, the number of parameters in ConvNets was not greater 

than previously proposed shallow networks. 

In reference paper [4], the result demonstrates that the loss value of the Adam and RMSProp optimizers was lower than the Adagrad 

and Proximal Adagrad optimizers. The classification accuracy using Adam optimizer is 95.8. In reference paper [5], Tensorflow was used 

which is one of the most popular libraries to classify MNIST dataset. In this paper the effects of multiple activation functions on 

classification results was compared. The functions used were Rectified Linear Unit (ReLu), Hyperbolic Tangent (tanH), Exponential 

Linear Unit (eLu), sigmoid, soft plus and soft sign. Based on the advantages, the above three models were selected for comparison for 

application of detecting ALL cancerous cells. 

 

III. CONVOLUTION NEURAL NETWORKS  

Convolution Neural Networks consists of many layers to solve the classification 

problem. The Fig. 1 shows CNN layers. The different layers are: 

A. Input 

This layer takes the input image and gives it to other layers for further 

processing of the image to other layers. 

B. Convolution 

This layers has some filters which are then multiplied (convolution process) with each 

pixel block of the image to find the features of the image. This process helps in the testing 

phase. 

C. ReLU (rectified linear unit) 
This function converts negative outputs of convolution layer to zero which helps in speedy 

training. 

D. Pooling 

It reduces image size and the parameters hence only important parameters and large values from each window are taken. 

E. Fully Connected (FC) 

These are the layers where all the inputs from one layer are connected to every activation unit of the next layer. 

F. Softmax 

This is second last layer which gives probabilities between 0-1 for each class. 

 

IV. TRANSFER LEARNING 

Transfer learning is the idea of using a pre-trained model and its weight and 

utilizing knowledge acquired by the above model to solve related tasks as shown in 

Fig. 2.  

The Reasons for using pre-trained models: It takes huge amount of time for 

training a CNN from scratch and hence by using a pre-trained model the learning 

process is improved. Generally, it requires large computation power for 

processing huge data’s. Pre-trained model used for solving problem is 

ResNet50.These models were downloaded and integrated with some new models or 

functions which would take input images and give better output results as compared to 

simple Convolution Neural Networks (CNN). 

A. VGG16 

VGG16 is CNN architecture which won first place in image localization task 

and second in Image classification at Image Net Large Scale Visual 

Recognition Challenge (ILSVR) competition in 2014.Instead of having large 

number of hyper parameter it focused on having convolution layer of 3×3 filters 

with stride of 1 and same padding and 2×2 max pooling layers. At the end it has 2 

FC layers followed by a softmax for output. Input image requirement was of size 

224×224×3(RGB). There are approximately 138 million parameters. Fig. 3 shows 

VGG16 architecture.  

 

B. Microsoft ResNet Model 

Main motivation of Residual Network (ResNet) is the skip connection as shown in Fig. 4. 

Deep neural network often suffer from vanishing gradient problem i.e. as the model back 

propagates the gradient gets smaller and smaller. Tiny gradients can make learning 

intractable. 

The skip connection in the Fig. 4 is labeled as x. It allows network to learn the identity 

function, which allows it to pass   the input through the block without passing through the other 

weight layers. This allows it to stack additional layers and build deep neural networks.  ReLU 

activations are used in ResNet. ResNet50 has 50 layers and has won first place in ILSVRC 2015 

classification competition with top error rate of 3.57%. 

The input data is trained on pre-trained weights and layers learning through back propagation are dense and unfrozen layers (fine-

tuned layers). Few layers, for example in case of ResNet50 such as the batch normalization layers are fine-tuned because this will help 

the mean and variance of the dataset match the mean and variance from the pre-trained weights. The activation function used is softmax 

and it performs better on classification task. 

Figure 1 convolution neural 

network layers 

Figure 2 difference between traditional 

ML and transfer learning 

Figure 3 VGG16 architecture 

Figure 4 ResNet building 

block 
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C. MobileNet 

It has lightweight architecture and uses depthwise separable convolutions which basically means it performs single convolution on 

each color channel rather than combining all three and flattening. Separate single filters are used for each input channel. The pointwise 

convolution then applies a 1×1 convolution to combine the outputs of the depth wise convolution. This drastically helps to reduce 

computation and model size. There are 30 layers in MobileNet. It has low maintenance, 

therefore performs with high speed. It has Size is 17mb. The Model is shown in Fig. 5. Its 

convolution layer has stride 2. It has depthwise layer with stride 2. Its pointwise layer 

doubles the number of channels. 

 

V. METHODOLOGY 

The methodology used to classify the cancerous cells from non-cancerous cells is given 

in the Models and, the in detail description about the methodology and data is given in the 

Experiment. 

A. Models 

The inputs for models are RGB with size 224×224.The image will enter the models with 

pre-trained weights and the last layer has a FC layer of softmax activation for 

classification. Fig. 6 shows the experiment flow. 

B. Experiment 

In our experiment every model uses Google colab with an environment of keras 2.3.1 

with Tensorflow 2.2.0. Online colab GPU used for our models is Nvidia K80s. 

C. Data Collection 

The dataset contains of 6,176 images of both cancerous and non-cancerous cells. The 

dataset is available on official website of The Cancer Imaging Archieve (C-NMC) dataset. The 

difference between cancerous and non-cancerous cell is shown in Fig. 7. Dataset was already 

segmented. 

D. Splitting Data 

Total number of cancerous and non-cancerous cell images in dataset was 6,176. The split was done 

with 97.7, 1.13 and 1.13% for train, valid and test respectively. After splitting there were 6036 images 

for cancerous and non-cancerous cell images with 3018 for each class, 70 images for validation with 35 

for each class and 70 images for test with 35 for each class. 

 E. Data Preprocessing 

The required size of input image for our models was 224×224. Therefore images were resized to 

224×224. All preprocessing function such labeling the data set, resizing, shuffling were done using 

image generator and flow from directory functions from keras. The batch size chosen was 32 and hence 

steps per epoch were selected to 189. We get steps per epoch by just dividing the total number of 

training samples divided by the batch size. For compiling the model, the optimizer, loss function and the 

metrics have to be calculated. These parameters help the model to work well on the data. Optimizer sets 

the learning rate of a neural network [13]. The optimizer used for these models is Stochastic 

Gradient Descent (SGD). SGD optimizer performs better than many other optimizers [14]. 

Choosing a loss function is a difficult task [12]. The loss function used to find the loss for our models is Categorical-Cross Entropy, with 

learning rate of 0.0001 and momentum for SGD optimizer set 0.9. 

F. Training the Model 

Neural Network learns through back propagation for reducing the output error. In case of 

transfer learning, pre-trained models top layers are not frozen therefore they learn through 

back propagation, whereas other layers are frozen. Weights get updated during back 

propagation called as fine tuning [13]. The number of epochs for training is 100. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5 MobileNet architecture 

Figure 6 Model flow 

Figure 7 Image of cancerous and non-

cancerous cells 
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VI. RESULT 

A. MobileNet 

The model which was used for MobileNet is shown in Fig. 8. Here only the later half of the model is given i.e. the added layers.  

 

Fig. 9 shows the training accuracy and validation accuracy and also training loss and validation loss. Here we got training accuracy of 

0.99 and validation accuracy of 0.97.Training loss of 0.13 and validation loss of 0.15was obtained. Fig. 10 gives the output result for the 

testing data. This is the confusion matrix. 

 

 

 

 

B. VGG16 

Fig. 11 shows the used model for VGG16. Fig. 12 shows the training accuracy and validation 

accuracy and also training loss and validation loss. Here we got training accuracy of 1 and 

validation accuracy of 0.84.Traning loss of 0.0023 and validation loss of 0.12 was obtained. Fig. 

13 gives the output result for the testing data .This is the confusion matrix. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8 MobileNet model 

Figure 9 Accuracies and losses 
of MobileNet 

Figure 10 Confusion matrix of 
MobileNet 

Figure 11 VGG16 model Figure 12 Accuracies and 

losses of VGG16 

Figure 13 Confusion matrix 
VGG16 
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C. ResNet50 

The model which was used for ResNet50 is shown in Fig. 14. Here in below Figure only the added layers for information purpose was 

given. Fig. 15 shows the training accuracy and validation accuracy and also training loss and validation loss. Here we got training 

accuracy of 0.84 and validation accuracy of 0.60 .Training loss of 0.35 and validation loss of 0.70 was obtained. Fig. 16 gives the output 

result for the testing data. This is the confusion matrix. Results based on final testing accuracy on the testing data were done and tabulated 

in table 1.These results were obtained from the confusion matrix by dividing the correct predictions by the total number of test samples. 

 

 

 

 

 

VII. CONCLUSION 

In our project we created a model for detection of Acute Lymphoblastic Leukemia with accuracy of 92.8%. We used different 

architectures of CNN in tensor flow using Google colab. So we found from table 1 that VGG16 gives a great accuracy for detection of 

ALL cancer out of the other models. Although the VGG16 model has large in size as compared to MobileNet but the main aim is to 

detect the cancerous cells with minimum error, so the slight increase in accuracy is also taken into consideration. Further other pre- 

trained models such as Inception, AlexNet, NasaNet can be used to find whether there is an increase in accuracy for ALL detection. Also 

large and cleaner dataset can be utilized to improve on the accuracy factor. 

 

 

Table 1 Comparison for methods on same testing data 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Method Test accuracy 

MobileNet 91.4% 

VGG16 92.8% 

ResNet50 51.4% 

Figure 14 ResNet50 model Figure 15 Accuracies and losses 
ResNet50 

Figure 16 Output result for the testing 
data 
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