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Abstract 
Brain tumor (BT) is recognized as a deadly tumor disease across worldwide and is generally 
found in every age group. Brain tumor is a group of tissues that spreads abnormally as well 
and it gradually leads to death. Moreover, earlier detection and classification of brain tumor 
help doctors to forecast the severity grades of tumor and increases the survivability of brain 
tumor-affected patients. The precise BT classification and the detection of pixel change 
utilizing pre-operative (pre-op) and post-recurrence (post-op) magnetic resonance imaging 
(MRI) images are a complicated chore. Here Fractional Hunter Prey Optimizer (FHPO)-
SqueezeNet is presented for brain tumor classification utilizing pre-operative and post-
recurrence MRI images. The adaptive wiener filter is employed for pre-processing pre-
operative MRI as well as post-recurrence MRI images. Additionally the extraction of the 
Region of Interest (ROI) is also executed in a pre-processing step. The segmentation is done 
utilizing Psi-Net which is trained by FHPO. Moreover, FHPO is a merging of Fractional Calculus 
(FC) and Hunter–Prey Optimizer (HPO). Then, features are extracted in segmented outputs for 
the classification process. The brain tumor classification is executed by employing SqueezeNet 
that is also tuned by FHPO. At last, pixel change detection is conducted in classified outputs of 
pre-operative MRI and post-recurrence MRI images utilizing Speeded-Up Robust Features 
(SURF). 
 
Keywords: Hunter–Prey Optimizer (HPO), Fractional Calculus (FC), adaptive Weiner filter, 
SqueezeNet, Psi-Net. 
 
1. Introduction 
In the area of clinical imaging analysis, MRI plays a vital part in complete support of 
neuroradiology during patient diagnosis. As it offers an extensive range of physiological 
differences to identify different developing tissues as well as the development of diverse 
tissue architecture found within diffuse gliomas, the MRI is widely used throughout the world 
as it helps to construct various categorization processes for multi-grade brain tumor MRI 
images. These MRI images have a significant part in diagnosis by reducing the need for 
procedures. According to research, the most prominent imaging method employed in the 
majority of hospitals is high-resolution MRI [2]. One of the most lethal and serious cancers in 
both adults and children is the brain tumor.  To properly treat a brain tumor, it is crucial to 
identify a brain tumor in the early stage and classify it according to grade. Brain tumor as well 
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as tumors of the central nervous system is further broken down into grade I to grade IV 
malignancy levels by the World Health Organization (WHO) [10]. Even with significant 
improvements in therapeutic care, glioblastomas are still thought to be the most fatal type of 
tumor [11]. Histopathology is the main technique used to distinguish grade IV tumors from 
other grades. Necrosis, microvascular proliferation, and vascular thrombosis characteristics of 
grade IV tumors can be used to make a first distinction [12]. In contrast, these characteristics 
are not always obvious and may be challenging to identify, and pathologists have been noted 
to have differing opinions on them [13] [4]. 
 
Segmenting a brain tumor entails dividing the various tumor tissues from healthy brain 
tissues. To identify tissues of brain tumor, image segmentation from MRI is a crucial and 
difficult undertaking. The segmentation of the brain using brain MRI is a fundamental process 
with numerous uses in neurology, including quantitative analysis, operational planning, and 
functional imaging [9]. The complex structure and wide range of images make it a difficult 
endeavor. The various segmentation methods, including Berkeley Wavelet transform [15], 
semi-supervised learning with graph cuts [14], and genetic algorithms based on FCM [15] [16] 
[9], wavelet transform image segmentation [20], region growth segmentation, K-means 
clustering [18], spectral clustering [19], and the graph cut algorithm with co-segmentation for 
determining the precise cut point between edema and tumor [17] [21]. For the segmentation 
of brain tumor, hidden markov random field models have been developed [8]. 
 
Using pre-operative and post-recurrence MR imaging, the classification of brain tumor [25] 
and percentage in change detection is a very difficult assignment. The MRI scan of a patient 
taken just prior to surgery constitutes the pre-operative image. The pre-processing step 
involves running the input image by means of filtering approach and a ROI extraction to 
exclude exogenous catastrophes and undesirable noises [3].Bright corners of brain near the 
skull may cause flat lumps to look as tumor regions; this is removed post-operatively using a 
connected components labeling method [4]. As a post-recurrence procedure, the tumor cluster 
is excised and subsequently contoured using thresholding and active contours [9]. 
 
Speeded-up robust features (SURF) are used to determine the percent of change in tumor 
pixels in post-recurrence and pre-operative images. An altered location and percentage of the 
tumor's pixels that have altered are identified using pixel mapping and post-surgery MRI 
imaging. A digital image is made up of multiple pixels. These pixels are also termed pictures or 
image elements. An act of applying an algorithm to a digital image through the use of a 
computer is known as digital image processing. This makes the interior of image structures 
visible, even if they are obscured by elements like skin and bones. This facilitates diagnosis 
and proper treatment by physicians [3]. There have been numerous deep learning 
architectures suggested thus far to automate the process of brain tumor contouring, which 
recently enabled to signify features that might be difficult to capture by humans. Numerous 
generative adversarial models, convolution neural networks, residual architectures, inception-
based networks, context-aware models, and other techniques fall under this category, but 
recent editions have made it abundantly clear that U-Net-based architectures perform better 
than others in this task. The variations of this encoder-decoder model include lightweight U-
Nets, U-Nets with various loss functions, U-Nets that also capture the characteristics of the 
boundary tumor, hardware-optimized models, hybrid algorithms that combine U-Nets with 
densely-connected and residual architectures, ensemble U-Nets, and so on [1]. These 
techniques successively detect entire-tumor regions and thereafter segment particular kinds 
of brain tumor tissue 
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2. Literature Survey 
Nalepa, J., et al. [1] designed a deep learning pipeline for the classification of pre-op and post-
op MRI images. It obtained precise segmentation of pre-op as well as post-op MRI in a fraction 
of the time, but Response Assessment in Neuro-Oncology (RANO) calibrations was not 
adequate for quantifying tumor load. Shiny, K.V. and Sugitha, N.,[2] developed a Deep Belief 
Network and Convolutional Neural Network (DBN+CNN) for efficient BT classification to 
attain maximal assessments, even though it had high computation costs. Sugitha, N., and Shiny, 
K., et al. [3] introduced the Bir-Cat algorithm (BCA) for automated segmentation as well as 
classification of pre-op and post-op MRI images. This method attained low computation time, 
though it separated solid tumors only based upon textures. Sajjad, M., et al. [4] developed CNN 
for multi-level classification of BT. It assisted the radiologists in making accurate decisions to 
classify multi-grade BT into four kinds of grades, but still, it did not examine this technique for 
finely-grained classification. 
 
Agrawal, P., et al. [5] devised 3D-UNet and deep neural network (3D-UNet+DNN) for 
segmenting and classifying BT. It was proven that neural networks such as CNN had great 
potential for BT classification. This method failed to help the wide applications of artificial 
intelligence to the global population. Togacar, M., et al. [6] presented Brain MR Net for 
detection of BT utilizing MRI. In this approach, the evaluations that affected negatively were 
reduced utilizing residual blocks. Kaplan, K., et al. [7] designed modified LBP feature 
extraction techniques for BT classification. This technique was simple, easier, and less costly, 
even though it failed to implement a decision support method for the radiologists. Mishra, 
S., et al. [8] introduced an adaptive sine cosine optimization algorithm and particle swarm 
optimization based local linear radial basis function neural network (ASCA+ PSO based 
LLRBFNN). It was utilized for the medical diagnosing process by medical experts or 
radiologists. This method failed to implement diverse hybrid algorithms and harmony search 
for the weight optimizations of a classifier.  
 
3. Research Methodology 
The main intention of this research will be to develop and design brain tumor classification 
and pixel data detection based on Squeeze Net Fractional Hunter Prey optimization (FHPO) 
utilizing MRI images. In Figure(1) the pre-operative MRI image acquired from the dataset [22] 
will be fed up into the pre-processing unit in order to remove the presence of noise using 
Region of interest (ROI) and adaptive wiener filtering. After that, the pre-processed image will 
be fed up to the segmentation process for brain tumors employed by Psi-Net [23], which will 
be trained utilizing the proposed FHPO. Here, the proposed FHP is an integration of hunter-
prey optimization (HPO) [26] and Fractional Calculus (FC) [27]. Moreover, the tumor 
classification will be conducted using SqueezeNet [24], which will be trained using the 
proposed FHPO. Here, the classified tumors include edema (label 1), advancing tumor (Label 
2), non-advancing tumor (label 3), and necrotic tumor core (label 4). On the other hand, the 
post-operative MRI image will be also fed up into the pre-processing unit to remove the noises 
using ROI and adaptive Weiner filtering. After that, the segmentation process will be carried 
out by PSP-Net [25], which will be trained using the same FHPO. Furthermore, the segmented 
image will be subjected to the brain tumor classification employed by Squeeze Net [24], which 
will be trained using the proposed FHPO. By combining the outcomes of both pre and post-
operative MRI images, pixel change detection will be accomplished by Speeded-up robust 
features (SURF) features. Figure(2) shows simplified form of figure(1). 
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4. Features extraction: 
Feature extraction is a critical phase in image processing applications, and efficient techniques 
can significantly enhance the performance of a model. Segmented outputs pre-operative and 
post-recurrence images are taken as an input to carry out feature extraction.  
The features considered are 
 Local Gradient Patterns (LGP),  
 Line Operator of Orientation Pattern (LOOP),  
 Local Binary Patterns (LBP) and various statistical features. 
Statistical features are  
❖ Mean 
❖ Variance 
❖ Standard deviation 
❖ Entropy 
❖ Skewness. 
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Figure 1. Block diagram for brain tumor classification and pixel change detection using proposed FHPO based MRI 

images 
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Figure(2) Simplified block diagram for brain tumor classification and pixel change detection using proposed FHPO 

based MRI images 

 
Tumor classification using SqueezeNet is done by following steps: 
1. Data Preparation:  
• Collect a labeled dataset of medical images containing both tumor and non-tumor samples. 
• Split the dataset into training, validation, and test sets. 

 
• 2. Preprocessing:  
• Preprocess the images, including resizing them to the input size expected by SqueezeNet 

(e.g., 224x224 pixels). 
• Normalize pixel values to a suitable range (often between 0 and 1). 
• Augment the training set with techniques like rotation, flipping, and zooming to increase 

robustness. 
 
3. Model Selection and Transfer Learning:  
• Download the pre-trained weights of SqueezeNet. SqueezeNet is often available in popular 

deep learning frameworks like PyTorch or Tensor Flow. 
• Remove the final classification layer(s) of SqueezeNet, as it was originally trained on a 

different task (e.g., ImageNet classification). 
• Add a new set of fully connected layers at the end of the network for your specific tumor 

classification task. 
 
4. Model Training:  
• Train the modified SqueezeNet on your tumor dataset. Use the training set for training and 

the validation set for tuning hyper parameters and preventing over fitting. 
• Monitor training metrics such as accuracy, loss, and validation accuracy. 
 
5. Fine-Tuning (Optional):  
• If necessary, fine-tune the model on your dataset. This involves training the model for 

additional epochs with a lower learning rate. 
 
6. Evaluation:  
• Evaluate the trained model on the test set to assess its performance on unseen data. 
 
Use evaluation metrics such as accuracy, precision, recall, F1 score, and area under the 
Receiver Operating Characteristic curve (AUC-ROC) depending on your specific requirements. 
Feature extraction and brain tumor classification is shown in figure(3) and its Algorithm is 
shown in table( 1). SqeezeNet Architecture dimentions are shown in Figure(4).  
 



   China Petroleum Processing and Petrochemical Technology 
 

Catalyst Research                                              Volume 23, Issue 2, July 2023                                               Pp.4193-4204 

 

4200 

 
Figure (3) Squeezenet Architecture 

 
Table (1) Algorithm:Brain Tumor Method  detection 

 
Table(2) Comparative discussion of FHPO-SqueezeNet 
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5. Results and Discussion 
Fractional Hunter prey Optimization (FHPO) Squeeze Net acquired finest results while 
comparing with deep learning pipeline, DBN+CNN, 3D-UNet+DNN and BrainMRNet and the 
achieved outcomes are interpreted in table 2. The table clearly demonstrates FHPO-
SqueezeNet obtained maximum accuracy, sensitivity and specificity of 90.4%, 92% and 92.2% 
for pre-op image while considering training data=90%. 
 

 
Figure(4) Sqeezenet Architecture Dimentions 

 
6. Conclusion 
Earlier detection and classification of brain tumor enhances clinical options as well as affected 
patients’ recovery chances. MRI is considered a common imaging modality utilized for 
detecting and diagnosing brain tumor. Moreover, manual classification and identification of 
BT from the huge count of MRI images in the medical field exclusively depends upon the time 
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and skill of clinical experts. In this work, FHPO-SqueezeNet is introduced for BT classification 
utilizing post-op and pre-operative MRI images. Obtaining pre-operative and post-recurrence 
MRI images from specific databases are pre-processed initially. In pre-processing, unwanted 
noises are eliminated utilizing an adaptive Weiner filter, and extraction of Region of Interest 
(ROI) is also performed. Psi-Net is employed to carry out segmentation, wherein Fractional 
Hunter prey Optimization (FHPO) is used to train Psi-Net. However, FHPO is a combination of 
Fractional calculus (FC) and Hunter Prey Optimization (HPO). Afterward, features namely 
statistical features, LBP, LOOP, and LGP are extracted. Afterward, BT classification is done by 
SqueezeNet, which is also tuned by FHPO. Lastly, pixel change is accomplished using two 
classified images based on SURF.  
 
References: 
1. Nalepa, J., Kotowski, K., Machura, B., Adamski, S., Bozek, O., Eksner, B., Kokoszka, B., 

Pekala, T., Radom, M., Strzelczak, M. and Zarudzki, L., “Deep learning automates 
bidimensional and volumetric tumor burden measurement from MRI in pre-and post-op 
glioblastoma patients”, arXiv preprint arXiv: 2209.01402, 2022. 
 

2. Shiny, K.V. and Sugitha, N., “Effective Brain Tumor Classification on MRI Using Deep Belief-
convolutional Neural Network with Pixel Change Detection based on Pixel Mapping 
Technique”, Technology, 2021. 
 

3. Sugitha, N., and Shiny, K., “BIR-CAT Optimization Technique for Automatic Segmentation 
and Classification of Brain Tumors on Pre-and Post-op MRI” vol.91, no.4, 2022. 
 

4. Sajjad, M., Khan, S., Muhammad, K., Wu, W., Ullah, A. and Baik, S.W., “Multi-grade brain 
tumor classification using deep CNN with extensive data augmentation”, Journal of 
computational science, vol.30, pp.174-182, 2019. 
 

5. Agrawal, P., Katal, N. and Hooda, N., “Segmentation and classification of brain tumor using 
3D-UNet deep neural networks”, International Journal of Cognitive Computing in 
Engineering, vol.3, pp.199-210, 2022. 
 

6. Togacar, M., Ergen, B. and Comert, Z., “BrainMRNet: Brain tumor detection using magnetic 
resonance images with a novel convolutional neural network model”, Medical hypotheses, 
vol.134, pp.109531, 2020. 
 

7. Kaplan, K., Kaya, Y., Kuncan, M. and Ertunc, H.M., “Brain tumor classification using 
modified local binary patterns (LBP) feature extraction methods”, Medical hypotheses, 
vol.139, pp.109696, 2020. 
 

8. Mishra, S., Sahu, P. and Senapati, M.R., “MASCA–PSO based LLRBFNN model and improved 
fast and robust FCM algorithm for detection and classification of brain tumor from MR 
image”, Evolutionary Intelligence, vol.12, pp.647-663, 2019. 
 

9. Wadhwa, A., Bhardwaj, A. and Verma, V.S., “A review on brain tumor segmentation of MRI 
images”, Magnetic resonance imaging, vol.61, pp.247-259, 2019. 
 

10. Louis, D.N., Perry, A., Reifenberger, G., Von Deimling, A., Figarella-Branger, D., Cavenee, 
W.K., Ohgaki, H., Wiestler, O.D., Kleihues, P. and Ellison, D.W., “The World Health 



   China Petroleum Processing and Petrochemical Technology 
 

Catalyst Research                                              Volume 23, Issue 2, July 2023                                               Pp.4193-4204 

 

4203 

Organization classification of tumors of the central nervous system: a summary”, Acta 
neuropathologica, vol.131, pp.803-820, 2016. 
 

11. Van Meir, E.G., Hadjipanayis, C.G., Norden, A.D., Shu, H.K., Wen, P.Y. and Olson, J.J., “Exciting 
new advances in neuro‐oncology: the avenue to a cure for malignant glioma. CA: a cancer 
journal for clinicians”, vol.60, no.3, pp.166-193, 2010. 
 

12. Louis, D.N., Ohgaki, H., Wiestler, O.D., Cavenee, W.K., Burger, P.C., Jouvet, A., Scheithauer, 
B.W. and Kleihues, P., “The WHO classification of tumors of the central nervous system”, 
Acta neuropathologica, vol.114, pp.97-109, 2007. 
 

13. Nutt, C.L., Mani, D.R., Betensky, R.A., Tamayo, P., Cairncross, J.G., Ladd, C., Pohl, U., 
Hartmann, C., McLaughlin, M.E., Batchelor, T.T. and Black, P.M., “Gene expression-based 
classification of malignant gliomas correlates better with survival than histological 
classification”, Cancer research, vol.63, no.7, pp.1602-1607.1, 2003. 
 

14. Gordillo, N., Montseny, E. and Sobrevilla, P., “State of the art survey on MRI brain tumor 
segmentation”,  Magnetic resonance imaging, vol.31, no.8, pp.1426-1438, 2013. 
 

15. Bahadure, N.B., Ray, A.K. and Thethi, H.P., “Image analysis for MRI based brain tumor 
detection and feature extraction using biologically inspired BWT and SVM”, International 
journal of biomedical imaging, 2017. 
 

16. Wong, K.P., “Medical image segmentation: methods and applications in functional 
imaging”, Handbook of Biomedical Image Analysis: Volume II: Segmentation Models Part 
B, pp.111-182, 2005. 
 

17. Georgiadis, P., Cavouras, D., Kalatzis, I., Daskalakis, A., Kagadis, G.C., Sifaki, K., Malamas, M., 
Nikiforidis, G. and Solomou, E., “Improving brain tumor characterization on MRI by 
probabilistic neural networks and non-linear transformation of textural features”, 
Computer methods and programs in biomedicine, vol.89, no.1, pp.24-32, 2008. 
 

18. Hasan, A.M., Meziane, F., Aspin, R. and Jalab, H.A., “Segmentation of brain tumors in MRI 
images using three-dimensional active contour without edge”, Symmetry, vol.8, no.11, 
pp.132, 2016. 
 

19. Soltanian‐Zadeh, H., Peck, D.J., Windham, J.P. and Mikkelsen, T., “Brain tumor 
segmentation and characterization by pattern analysis of multispectral NMR images”, 
NMR in Biomedicine, vol.11, no.4‐5, pp.201-208, 1998. 
 

20. Kamnitsas, K., Ledig, C., Newcombe, V.F., Simpson, J.P., Kane, A.D., Menon, D.K., Rueckert, D. 
and Glocker, B., “Efficient multi-scale 3D CNN with fully connected CRF for accurate brain 
lesion segmentation”, Medical image analysis, vol.36, pp.61-78, 2017. 
 

21. Vaishnavee, K.B. and Amshakala, K., “An automated MRI brain image segmentation and 
tumor detection using SOM-clustering and Proximal Support Vector Machine classifier”, In 
IEEE international conference on engineering and technology (ICETECH), pp. 1-6, IEEE, 
March 2015. 
 



   China Petroleum Processing and Petrochemical Technology 
 

Catalyst Research                                              Volume 23, Issue 2, July 2023                                               Pp.4193-4204 

 

4204 

22. Brain images of Tumors for Evaluation taken from 
“https://www.kaggle.com/madhucharan/alzheimersdisease5classdatasetadni”, accessed 
on March 2023. 
 

23. Murugesan, B., Sarveswaran, K., Shankaranarayana, S.M., Ram, K., Joseph, J. and 
Sivaprakasam, M., “Psi-Net: Shape and boundary aware joint multi-task deep network for 
medical image segmentation”, In proceedings of 41st Annual international conference of 
the IEEE engineering in medicine and biology society (EMBC), pp. 7223-7226, IEEE, July 
2019. 
 

24. Iandola, F.N., Han, S., Moskewicz, M.W., Ashraf, K., Dally, W.J. and Keutzer, K., SqueezeNet: 
AlexNet-level accuracy with 50x fewer parameters and< 0.5 MB model size”, arXiv 
preprint arXiv:1602.07360, 2016. 
 

25. G.Gokulkumari, "Classification of Brain tumor using Manta Ray Foraging Optimization-
based DeepCNN classifier", Multimedia Research, vol.3, no.4, 2020. 
 

26. Naruei, I., Keynia, F. and Sabbagh Molahosseini, A., “Hunter–prey optimization: Algorithm 
and applications”, Soft Computing, vol.26, no.3, pp.1279-1314. 2022. 
 

27. Bhaladhare, P.R. and Jinwala, D.C., "A clustering approach for the-diversity model in 
privacy preserving data mining using fractional calculus-bacterial foraging optimization 
algorithm", Advances in Computer Engineering, vol.2014, 2014.  

 
 
 
 


