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Abstract: Lung cancer has since become the second largest direct cause of death when compared to
other forms of cancer. Lung cancer is easily diagnosed via medical x-rays, MRIs and CT-scans. The
use of learning schemes in identification of disease has become a veritable tool in medical frontiers.
But, a major challenge with image classification — is attributed to the disease severity, and model’s
ability to address feature enhancements in model designs for image processing. The models must
capture intrinsic features with image enhancements in regions of interest — amongst other feats. Our
study uses a median filter (AMF) with contrast enhancement (CLAHE) to normalize images, use a
variation-mode decomposition as preprocessor to sustain multimodal image learning upheld by the
Xception model. VMD handles complex image data to resolve mode mixing in its AMF and CLAHE.
This is further upheld via localized context and hierarchical image representation in our CNN-based
Xception model to yield improved training efficiency, model stability and generalization even with
complex spatiotemporal dependencies inherent the image dataset. Our result shows the proposed
method performs well in lung cancer detection, with significantly enhanced time convergence and
reliability to yield a 1.000 Accuracy, 0.994 Precision, 0.989 Recall and 0.989 Fl-score. Thus, the
proposed model provides an effective image recognition and detection solution for lung cancer.
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36 1. Introduction

The World Health Organization in 2018 named lung cancer as the second deadliest diseases [1],

directly responsible for over 1.76 million patient death globally [2]. This is because the cells within a

body, have particular functions with fixed life cycle [3]. While, the apoptosis — the inevitable death of
cell naturally occurs [4], new cells are created to immediately replace dead cells, and ensure normal
body functioning [5]. Dead cells often fester within the tissue to cause cancer since they lack the ability
to die [6]; And also use up and usurp the body resources meant for healthy cells [7]. Cancerous cells
often metastasize as tumors to hamper the production of antigens and white blood cells [8]; Thus,
degrades the performance of a body’s immune [9] — causing deviations that prevents optimal body
functioning [10], [11]. Medical imaging as a critical factor in modern medicine — provides clinicians
with vital data needed for diagnosis, treatment, and monitor of patients with cancerous diseases [12].
As a non-invasive procedure, medical image yields a visual position of a body’s tissues and internal
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organs. Traditional image analysis was previously hinged on a czars skillset, which was highly prone
to error(s) and misdiagnosis [13], [14].

The consequent adoption of machine learning (ML) and deep learning (DL) for the identification
cum classification of medical images continues to witness huge success [15]. And, image recognition
has increasingly become an effective tool in electronic healthcare delivery for detection of cancerous
cells via x-ray images [16]. ML schemes have been widely adopted to process, analyze and classify
images of lung cancer to identify signs associated with the lung cancer disease, more quickly and
accurately [17]. However, many ML schemes explore feature-shape-color extraction prior classifying
the image — with the most widely used as the Gray level co-occurrence matrices [18]. Common ML
used includes Random Forest [19], Logistic Regression [20], XGBoost [21], [22], Neural Net [23], [24],
and Support Vector Machine [25], [26]. With ML quickly replaced by DL especially in image analysis
- DLs have provisioned enhanced generalization [27] and classification. Convolution neural network
(CNN) as a frontier DL scheme — has unveiled improved accuracy over ML schemes [28], [29]. It has
now become a veritable technique for image analysis for object classification via extracted features
[30]. CNN recognizes image data via its convolution layers as they are designed to learn intricate
patterns from even small dataset unlike the ML schemes. They have been known to capture relevant
features, and transmit the learned knowledge from one task to a related task via its pre-trained model
[31]. This feature is known as transfer learning paradigm [32], [33].

A major merit of CNN over ML - is in its capability to automatically extract complex patterns
from image dataset without its need for a separate feature extraction [34], [35]; And thus, provisions
an enhanced hierarchical representation of the image from a local context as applied to lung cancer
detection. Additionally, its transfer learning capability allows learning with improved generalization
even for small/large datasets [36], [37] — making it an adaptive, intelligent choice to handle the spatial
and structural complexity in image data for lung cancer diseases. Sample variants for the CNN model
used in both scenario with large/small dataset includes: (a) VGG — an easy-to-implement, symmetric
model [38], (b) EfficientNet adopts few features to yield improved performance [39], (c) MobileNet —
yields improved efficiency via its depthwise separable convolution to reduce process load in mobile
devices [40], (d) DenseNet — uses its highly connected layers to overcome knowledge loss [41], [42],
and (e) ResNet — uses its residual blocks to train and improve ground truth for very deep networks
without degraded performance [43], [44].

This study explores the Xception architecture — which though similar to the EfficientNet, yields
improved generalization efficiency with superior performance in both small/large dataset scenarios
especially for transfer learning scenarios [45], [46]. Thus, we deploy Xception model for lung cancer
recognition due to its ease of implementation, its ability to utilize both small and large dataset, and
for its optimal performance [47]. The study contributes as thus: (a) understudy previous works to
glean insight into DL schemes that will efficiently identify lung cancer diseases [48], [49], (b) train the
Xception model to capture to adequately capture predictors to lung cancer [50], and (c) evaluate
model with known metrics like recall, precision, and F1 against known benchmarks [51], [52].

2. Experiment: Materials and Methods

Chest x-rays with displayed lung sections have since become a cost-effective, most frequently
exercised used medical image examination. X-ray images as utilized in clinical diagnosis can be quite
challenging. Though readily available —its lack of large publicly available image-set with annotations
to achieve clinically-relevant aided-diagnosis (CAD), makes it difficult to be implemented in both ML
and DL schemes. A major hurdle to create and acquire large X-ray image-set can be attributed to the
shortage of resources for labeling such images. Thus, we adopt the proposed methodology as in
Figure 1 as detailed in the following steps:

Preprocessing Split Ratio 70:30 Train Dataset
Data 1. Augmentation 1. Train/Test Split 1. Fine-Tuning Model
Collection 2. AMF/CLAHE 2. VMD 2. Training Evaluation

3. Validation

Figure 1. Proposed Lung Cancer Detection Methodology
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Step-1 — Data Collected: We use the National Institutes of Health (NIH) dataset as available [web]:
kaggle.com/datasets/nih-chest-xrays/data [53] that consists of 112,120 recorded X-ray images with an
overlapped 6,511 images in the corpus as captured from 30,805 unique patients as in the Figure 2.

Normal I 84312
Pneumothorax W 2793
Pneumonia 1 1062

Nodule 1971

Classes

Mass B 5046
Infiltration MM 10317
Effusion 6331

wos™i3

Cardiomegaly 1 1010
Atelectasis Bl 5789

0 50000 100000
Frequency iafiization
Figure 2. Original NIH dataset with 9-classes Figure 2b. Label co-occurrence

Step 2 — Preprocessing cleans up a dataset by expunging all duplicates to ensure dataset integrity,
and removes missing records to ensure quality [54] — to yield an optimized data. Images were resized
via RGB-form as 5124x5124x256 image dimension [55], [56] using the Gray level color. Denoising
seeks to removes noise while conserving the image edges — achieved as below:

v Augmentation is used to increase image diversity so that an optimal training process is produced
[57], [58] via techniques such as rotation, flip, and image enlargement.

v Adaptive Median Filter: Images are often corrupted due to presence of Gaussian noise as well as
salt-and-pepper noise. Filters are used to often restore image intensity to about 20% to enable the
explored model efficiently identify cases properly. Median filters effectively remove noise by
replacing its gray-level for each pixel with the computed (neighborhood) median value of the x-
ray image [59]. Our explored adaptive median filter overcomes the challenges of the median filter
as thus: (a) finds the median value for a kernel [60], and (b) assess whether the current pixel value
is an impulse (salt-and-pepper noise) — so that, if a pixel value is corrupted, it retains the median
[61]; Else, it retains the gray-level scale pixel value. Thus, this ensures that only the pixels with
impulse noise is swapped, while all other pixel values are retained as they are. Thus, it extends
this capability so as not to erode away edges or small details in the image [62], [63].

v" Enhancements has two (2) goals namely to improve the appearance for visual interpretation, and
to improve the performance of other tasks such as the image analysis, object detection, and image
segmentation [64]. We utilize the contrast limited adaptive histogram equalization (CLAHE) to
normalize the x-ray images. Its resolves the over-amplification of noise in contrasted x-ray using
2-crucial feats (clipLimit and tileGridSize). CLAHE is done as follows [65], [66]: (a) input image
is divided into smaller, non-overlapping tiles or regions, (b) histogram computation for each tile
to show the intensity distribution within that region, (c) apply histogram equalization to enhance
the contrasts of each tile to increase the contrast, (d) to avoid noise over-amplification, histograms
are clipped to limit the number of pixel values that can be amplified, and (e) to avoid the abrupt
transitions at tile boundaries, enhanced tiles are interpolated to create the final output image [67].

Step-3 — Split-Decompose-Normalize: The explored dataset is first split into train (75%) and test-set
(25%). The train-set was normalized using a variation mode decomposition [68] that decomposes
image(s) into several intrinsic mode functions [69], and extracting data about a defined Euclidean
center to minimize errors between its input and sum of the modes (optimization). Its distinctly keeps
each image-mode separate, while resolving the complex chaotic, non-stationary nature of the dataset
[70] to ensure dataset suitability for image decomposition. With its high-threshold resistance to
strong noise — decomposition is performed using Equation 1 with ux as k-modal component, wx is k-
central spatial form, 0(t) is Dirac delta function, t is operation in gradient descent, and f is input
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sequence [24]. Equation 1 incorporates a penalty factor a with its Lagrange multiplier that adjusts all
original constraint conditions.

K
A, fO - ) u (t)> Equation 1
kZl "

L= aZ 1150 +) =) we Ol <1E + 11D ~ Y w011 +

k

Step-4: Model Construction, Training and Validation: We use the Xception transfer learning model.
As a DL scheme - it utilizes split convolution to separate its spatial convolution to yield improved
computational efficiency [72] that leads to reduced predictors used in model construction for ground-
truth. Table 1 shows model configuration — and our Xception scheme effectively extracts complex
image feature representations; while, using its transfer learning ability as an effective tool for image
processing especially in cases where limited resources is a critical factor. We tune the model with an
external dataset to adequately adjust the model weights about the target data using a target class of
nine (9). Conversely, the last output layer is replaced to correspond with the number of target classes.
Additionally, we use several hyperparameters described in Table 1.

Table 1. Xception Model Configuration with Hyper-parameter Settings

Features Output shape Param#
Xception (functional)  (None, 7, 7, 2048) 20861480
Flatten_4 (flatten) (None, 100352) 0
dense_12 (dense) (None, 64) 6422592
dense_13 (dense) (None, 32) 2560
dense_14 (dense) (None, 9) 256
Hyper-parameters Settings
epochs 10
batch_size 64
seed 56
TF_seed 768
loss if keras.losses.CategoricalCrossentropy(label_smoothing=0.0001)
optimizer if keras.optimizers_Adam(learning_rate=0.0001)

a. original x-ray image b. location bounding box c. image cropped by box

Figure 3. Segmented Region of Interest from original-to-cropped images

Step-5: Model Evaluation: Note that with training-and-validation processes, we wish to measure
their accuracy and loss. The extent to which a model correctly identifies data about the target class is
termed accuracy — which in Keras context is the number of correct predictions divided by the total
samples. Conversely, loss assesses how well the model generalizes about the target value. Thus, the
goal is to optimize the model to effectively reduce its loss values via its categorical cross-entropy for
multiclass identification, affirmed by recall, precision and F1-Score as in Equations 2 — 4 respectively.

Recall = TP+ TN Equation 2
Precission = TP Equation 3
recission = o 7P quation

2 X Precission X Recall
Fl= — Equation 4
Precission + Recall

3. Results Findings
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3.1. Performance Evaluation

With dataset split resulting into training 70% (83042-images), and testing 30% (35589-images) —
the Table 2 shows our proposed model yields an Accuracy of 1.000 to outperform known CNN-based
models used. Figure 4 shows both training-and-validation accuracy and loss plots. For the training-
and-validation accuracy plot — the proposed model witnesses a steady rise from 0.845 in its second
epoch, to 0.998 at its 52nd epoch. Conversely — with this significant learning at training, the proposed
model in addition yields a sharp decrease in its training-and-validation loss from 0.236 also in the
2nd epoch, to a stable 0.100 in the 59th epoch as in the Figure 4.

1.0 1 -—————— — 3¢

5 val acc
/ — loss

val loss

0.8 4

0.6 1

acc-loss

0.4 1

\
0.2 4 &
s
e T e
0 10 20 30 a0 50 60
epoch

Figure 4. Model Train-and-Validation Accuracy-and-Loss

0.0

Table 2. Ablation Studies with benchmark model comparison

Classes Precision Recall F1
Atelectasis 0.973 0.988 0.992
Cardiomegaly 0.974 0.986 0.989
Effusion 0.982 0.987 0.992
Infiltration 0.976 0.973 0.985
Mass 0.936 0.979 0.991
Nodule 0.988 0.998 0.988
Pneumonia 0.994 0.996 0.994
Pneumothorax 0.993 0.989 0.989
Normal 0.992 0.989 0.989

The rapid rise in accuracy, and the steady decline in loss — agrees that model efficiently captured
important features and minimizes errors. Our high accuracy affirms this that model generalized well
on test dataset. In addition — its smooth, monotonic decrease in loss without a sudden burst. It implies
the model learns well even with the instability of the vanishing gradients, to accurately handle class
identification and recognition.

3.2. Benchmark Comparison

To validate the performance of the proposed Xception model, we tested several other transfer
learning models to include MobileNetV2, DenseNET, EfficientNetV2, RESNet, VGG16, and Stacked
model with XGBoost meta-regressor — to yield a comparison of the results as presented in Table 3
ablation studies expressed as in Figure 5. The proposed model accurately identifies and classifies the
lung cancer, efficiently reducing noise inherent the adopted dataset [73]. Proposed model yields an
Accuracy 1.000, precision 0.994, recall 0.989, and F1 0.989 — to accurately classify all 35,589-images
with no misclassified instances as in Table 3 [74]. Our model successfully recognizes and accurately
classified the rice leaf disease. The proposed model shows excellent reliability in classifying correctly
and consistently. These are also consistent with high validation accuracy and low loss, indicating that
the model fits well with the training data, and generalizes well to unseen (test) data [75].
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Table 3. Ablation Studies with benchmark model comparison

MobileNET  EfficientNET VGG16  Stacked DenseNET RESNet Proposed

Feat
eatures Ref [76] Ref [28] Ref[77]  Ref [22] Ref [78] Ref[79]  Xception
Accuracy 0.973 0.919 0.852 0.992 0.969 0.939 1.000
Precision 0.974 0.959 0.896 0.989 0.976 0.919 0.994
Recall 0.982 0.948 0.822 0.992 0.947 0.981 0.989
F1 0.976 0.973 0.863 0.985 0.974 0.989 0.989
1.2
m Accuracy mPrecision = Recall F1
1
0.8
0.6
0.4
0.2
0 P d
MobileNET | EfficientNET VGG16 Stacked DenseNET RESNet meo?e
ception
m Accuracy 0.973 0.919 0.852 0.992 0.969 0.939 1
® Precision 0.974 0.959 0.896 0.989 0.976 0.919 0.994
Recall 0.982 0.948 0.822 0.992 0.947 0.981 0.989
F1 0.976 0.973 0.863 0.985 0.974 0.989 0.989

Figure 5. Ablation report for the Proposed versus benchmark model

4. Conclusion

A resultant balance between specificity and recall is crucial as emphasis on one often ripples
inconsistency across the dataset, and yields a significant tradeoff. And while Accuracy provides the
requisite insight into the explored dataset complexities that may result in perceived distorted values
— F1 assess the reliability of model Accuracy and performance on imbalanced dataset features as the
altruist model’s effectiveness in classifying positive cases without overprediction of false positives.
The chest X-ray image is a reliable method for early lung disease prediction. Our model exploit image
enhancement over a region of interest (ROI) estimation to result in disease identification via publicly
available X-ray datasets. We extracted visual, shape, texture, and intensity from each ROI followed
by normalization via the AMF-CLAHE-and-VMD robust technique to enhance image classification
results — with our Xception model yielding lung cancer image detection with an Accuracy of 1.000.

Author Contributions: “Conceptualization, J.A, P.A.O and A.A.O; methodology, E.V.U, T.C.A and C.0.0.;
software, C.C.O and C.C.O; validation, V.O.G, R.O.I and A.LO; formal analysis, A.O.E, AP.B and P.O.E;
investigation, A.A.O, P.O.E. and C.C.O; resources, P.O.E. and A.P.B; data curation, J.A. and P.A.O; writing—
draft, ].A, P.A.O, ALO and A.A.O; writing—review and editing, T.C.A, E.V.U. and C.C.O; visualization, C.C.O,
P.O.E and C.O.0O; supervision, A.A.O; project administration, J.A. and P.A.O. All authors have read and agreed
to the published version of the manuscript.”

Funding: Please add: “This research received no external funding”.

Conflicts of Interest: Declare conflicts of interest.

References

[1] X.Yu, J. Wang, Q. Q. Hong, R. Teku, S. H. Wang, and Y. D. Zhang, “Transfer learning for medical images
analyses: A survey,” Neurocomputing, vol. 489, pp. 230254, 2022, doi: 10.1016/j.neucom.2021.08.159.

[2] A. S. Pillai, “Multi-Label Chest X-Ray Classification via Deep Learning,” J. Intell. Learn. Syst. Appl., vol.
14, pp. 43-56, 2022, doi: 10.4236/jilsa.2022.144004.

[3] R. E. Ako et al., “Pilot Study on Fibromyalgia Disorder Detection via XGBoosted Stacked-Learning with
SMOTE-Tomek Data Balancing Approach,” NIPES - |. Sci. Technol. Res., vol. 7, no. 1, pp. 12-22, 2025, doi:

International Journal of Advanced Computing and Intelligent System (IJACIS)
Volume 4, Issue 1 (2025)

DOI: 10.66917/ijacis.a000021

https://msis-press.com/journals/ijacis



228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272

(5]

(6]

(7]

(10]

(11]

(12]

(13]

(14]

(13]

(16]

(17]

(18]

International Journal of Advanced Computing and Intelligent System (IJACIS)

10.37933/nipes/7.1.2025.2.

F. O. Aghware et al., “Effects of Data Balancing in Diabetes Mellitus Detection : A Comparative XGBoost
and Random Forest Learning Approach,” NIPES - |. Sci. Technol. Res., vol. 7, no. 1, pp. 1-11, 2025, doi:
10.37933/nipes/7.1.2025.1.

A. O. Eboka et al., “Resolving Data Imbalance Using a Bi-Directional Long-Short Term Memory for
Enhanced Diabetes Mellitus Detection,” J. Futur. Artif. Intell. Technol., vol. 2, no. 1, pp. 95-109, 2025, doi:
10.62411/faith.3048-3719-73.

L.-T. Allan-Blitz, S. Ambepitiya, R. Tirupathi, and J. D. Klausner, “The Development and Performance
of a Machine-Learning Based Mobile Platform for Visually Determining the Etiology of 5 Penile
Diseases,” Mayo Clin. Proc. Digit. Heal., vol. 2, no. 2, pp. 280-288, 2024, doi: 10.1016/j.mcpdig.2024.04.006.
A. A. Ojugo and R. E. Yoro, “Migration Pattern As Threshold Parameter In The Propagation of The
Covid-19 Epidemic Using An Actor-Based Model for SI-Social Graph,” JINAV |. Inf. Vis., vol. 2, no. 2, pp.
93-105, Mar. 2021, doi: 10.35877/454R1 jinav379.

O. D. Voke, M. I. Akazue, E. U. Omede, E. . Oboh, and A. . Imianvan, “Survival Prediction of Cervical
Cancer Patients using Genetic Algorithm-Based Data Value Metric and Recurrent Neural Network,” Int.
J. Soft Comput. Eng., vol. 13, no. 2, pp. 29-41, May 2023, doi: 10.35940/ijsce.B3608.0513223.

Z. Zhang et al., “Comprehensive landscape of immune-based classifier related to early diagnosis and
macrophage M1 in spinal cord injury,” Aging (Albany. NY)., vol. 15, no. 4, pp. 1-19, 2023, doi:
10.18632/aging.204548.

M. D. Okpor et al., “Unmasking effects of feature selection and SMOTE-Tomek in tree-based random
forest for scorch occurrence detection,” Bull. Electr. Eng. Informatics, vol. 14, no. 3, pp. 1-12, 2025, doi:
10.11591/eei.v14i3.8901.

D. R. I. M. Setiadi et al., “Integrating Hybrid Statistical and Unsupervised LSTM-Guided Feature
Extraction for Breast Cancer Detection,” J. Comput. Theor. Appl., vol. 2, no. 4, pp. 536-550, 2025, doi:
10.62411/jcta.12698.

B. A. Omodunbi, A. A. Soladoye, A. O. Esan, N. S. Okomba, T. G. Olowo, and O. M. Ojelabi, “Detection
of cervical cancer using deep transfer learning,” Dutse ]. Pure Appl. Sci., vol. 10, no. 1a, pp. 29-37, 2024,
doi: 10.4314/dujopas.v10ila.4.

M. K. G. Roshan, “Multiclass Medical X-ray Image Classification using Deep Learning with Explainable
AL” Int. ]. Res. Appl. Sci. Eng. Technol., vol. 10, no. 6, pp. 4518-4526, Jun. 2022, doi:
10.22214/ijraset.2022.44541.

D. R.I. M. Setiadi, K. Nugroho, A. R. Muslikh, S. W. Iriananda, and A. A. Ojugo, “Integrating SMOTE-
Tomek and Fusion Learning with XGBoost Meta-Learner for Robust Diabetes Recognition,” J. Futur.
Artif. Intell. Technol., vol. 1, no. 1, pp. 23-38, May 2024, doi: 10.62411/faith.2024-11.

D. R. I. M. Setiadi, A. R. Muslikh, S. W. Iriananda, W. Warto, J. Gondohanindijo, and A. A. Ojugo,
“Outlier Detection Using Gaussian Mixture Model Clustering to Optimize XGBoost for Credit Approval
Prediction,” J. Comput. Theor. Appl., vol. 2, no. 2, pp. 244-255, Nov. 2024, doi: 10.62411/jcta.11638.

E. V.Ugbotu et al., “Transfer Learning Using a CNN Fused Random Forest for SMS Spam Detection with
Semantic Normalization of Text Corpus,” NIPES - |. Sci. Technol. Res., vol. 7, no. 2, pp. 371-382, 2025, doi:
10.37933/nipes/7.2.2025.29.

P. O. Adebayo, F. Basaky, and E. Osaghae, “Leveraging Variational Quantum-Classical Algorithms for
Enhanced Lung Cancer Prediction,” J. Comput. Theor. Appl., vol. 2, no. 3, pp. 307-323, Dec. 2024, doi:
10.62411/jcta.10424.

S.Ramesh, V. Mohanavel, S. Diwakaran, M. U, and A. G, “Detection of critical diseases in rice crop Using

GLCM Texture Feature Algorithm,” in 2022 International Conference on Advances in Computing,

International Journal of Advanced Computing and Intelligent System (IJACIS)
Volume 4, Issue 1 (2025)

DOI: 10.66917/ijacis.a000021

https://msis-press.com/journals/ijacis



273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317

(19]

(20]

(21]

(22]

(23]

[24]

(23]

[26]

(27]

(28]

[29]

(30]

(31]

(32]

(33]

International Journal of Advanced Computing and Intelligent System (IJACIS)

Communication —and  Applied  Informatics (ACCAI), IEEE, Jan. 2022, pp. 1-5. doi:
10.1109/ACCAI53970.2022.9752483.

B. O. Malasowe et al., “Quest for Empirical Solution to Runoff Prediction in Nigeria via Random Forest
Ensemble: Pilot Study,” Adv. Multidiscip. Sci. Res. |. Publ., vol. 10, no. 1, pp. 73-90, Mar. 2024, doi:
10.22624/AIMS/BHI/V10N1P8.

V. Satgunalingam and R. Thaneeshan, “Automatic Paddy Leaf Disease Detection Based on GLCM Using
Multiclass Support Vector Machine,” Int. ]. Comput., vol. 39, no. 1, pp. 97-106, 2020.

B. O. Malasowe, A. E. Okpako, M. D. Okpor, P. O. Ejeh, A. A. Ojugo, and R. E. Ako, “FePARM: The
Frequency-Patterned Associative Rule Mining Framework on Consumer Purchasing-Pattern for Online
Shops,” Adv. Multidiscip. Sci. Res. ]J. Publ, wvol. 15, no. 2, pp. 15-28, 2024, doi:
10.22624/AIMS/CISDI/V15N2P2-1.

A. P. Binitie et al., “Stacked Learning Anomaly Detection Scheme with Data Augmentation for
Spatiotemporal Traffic Flow,” ]J. Fuzzy Syst. Control, vol. 2, no. 3, pp. 203-214, 2024, doi:
10.59247/jfsc.v2i3.267.

K. Ahmed, T. R. Shahidi, S. M. Irfanul Alam, and S. Momen, “Rice Leaf Disease Detection Using Machine
Learning Techniques,” in 2019 International Conference on Sustainable Technologies for Industry 4.0 (STI),
IEEE, Dec. 2019, pp. 1-5. doi: 10.1109/STI47673.2019.9068096.

N. R. Pratama, D. R. I. M. Setiadi, I. Harkespan, and A. A. Ojugo, “Feature Fusion with Albumentation
for Enhancing Monkeypox Detection Using Deep Learning Models,” |. Comput. Theor. Appl., vol. 2, no.
3, pp. 427-440, 2025, doi: 10.62411/jcta.12255.

F. Omoruwou, A. A. Ojugo, and S. E. Ilodigwe, “Strategic Feature Selection for Enhanced Scorch
Prediction in Flexible Polyurethane Form Manufacturing,” |. Comput. Theor. Appl., vol. 1, no. 3, pp. 346—
357, Feb. 2024, doi: 10.62411/jcta.9539.

V. O. Geteloma et al., “Enhanced data augmentation for predicting consumer churn rate with
monetization and retention strategies : a pilot study,” Appl. Eng. Technol., vol. 3, no. 1, pp. 35-51, 2024,
doi: 10.31763/aet.v3i1.1408.

R. E. Yoro et al., “Adaptive DDoS detection mode in software-defined SIP-VoIP using transfer learning
with boosted meta-learner,” PLoS Omne, vol. 20, no. 6, p. e0326571, Jun. 2025, doi:
10.1371/journal.pone.0326571.

N. Ntampakis, K. Diamantaras, I. Chouvarda, V. Argyriou, and P. Sarigianndis, “Enhanced Deep
Learning Methodologies and MRI Selection Techniques for Dementia Diagnosis in the Elderly
Population,” 2024.

A. O. Eboka et al., “Pilot study on deploying a wireless sensor-based virtual-key access and lock system
for home and industrial frontiers,” Int. J. Informatics Commun. Technol., vol. 14, no. 1, p. 287, Apr. 2025,
doi: 10.11591/ijict.v14il.pp287-297.

L. R. Zuama, D. R. I. M. Setiadi, A. Susanto, S. Santosa, and A. A. Ojugo, “High-Performance Face
Spoofing Detection using Feature Fusion of FaceNet and Tuned DenseNet201,” |. Futur. Artif. Intell.
Technol., vol. 1, no. 4, pp. 385400, 2025, doi: 10.62411/faith.3048-3719-62.

M. I. Akazue et al., “Handling Transactional Data Features via Associative Rule Mining for Mobile
Online Shopping Platforms,” Int. ]. Adv. Comput. Sci. Appl., vol. 15, no. 3, pp. 530-538, 2024, doi:
10.14569/IJACSA.2024.0150354.

C. C. Odiakaose et al., “Hypertension Detection via Tree-Based Stack Ensemble with SMOTE-Tomek
Data Balance and XGBoost Meta-Learner,” J. Futur. Artif. Intell. Technol., vol. 1, no. 3, pp. 269283, Dec.
2024, doi: 10.62411/faith.3048-3719-43.

M. I. Akazue, 1. A. Debekeme, A. E. Edje, C. Asuai, and U. J. Osame, “UNMASKING FRAUDSTERS :

International Journal of Advanced Computing and Intelligent System (IJACIS)
Volume 4, Issue 1 (2025)

DOI: 10.66917/ijacis.a000021

https://msis-press.com/journals/ijacis



318
319
320
321
322
323
324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362

(34]

(35]

(36]

(37]

(38]

(39]

(40]

[41]

[42]

(43]

(44]

(45]

[46]

(47]

(48]

International Journal of Advanced Computing and Intelligent System (IJACIS)

Ensemble Features Selection to Enhance Random Forest Fraud Detection,” J. Comput. Theor. Appl., vol.
1, no. 2, pp. 201-212, 2023, doi: 10.33633/jcta.v1i2.9462.

A. A. Ojugo and O. Nwankwo, “Forging a Spectral-Clustering Multi-Agent Hybrid Deep Learning
Model To Predict Rainfall Runoff In Nigeria,” Int. |. Innov. Sci. Eng. Technol., vol. 8, no. 3, pp. 140-147,
2021.

Y. N. Fuadah, S. Saidah, N. K. Sy, R. Magdalena, and I. Da’'wan Ubaidullah, “Glaucoma Classification
Based on Fundus Images Processing with Convolutional Neural Network,” . Tek. Inform., vol. 3, no. 3,
p- 719, 2022.

P. K. Sethy, N. K. Barpanda, A. K. Rath, and S. K. Behera, “Deep feature based rice leaf disease
identification using support vector machine,” Comput. Electron. Agric., vol. 175, no. May, p. 105527, 2020,
doi: 10.1016/j.compag.2020.105527.

M. I. Akazue, C. E. Asuai, A. E. Edje, E. U. Omede, and E. Ufiofio, “Cybershield : Harnessing Ensemble
Feature Selection Technique for Robust Distributed Denial of Service Attacks Detection,” Kongzhi yu
Juece/Control Decis., vol. 38, no. 03, pp. 1211-1224, 2023.

H. T. Adityawan, O. Farroq, S. Santosa, H. M. M. Islam, M. K. Sarker, and D. R. I. M. Setiadi, “Butterflies
Recognition using Enhanced Transfer Learning and Data Augmentation,” ]. Comput. Theor. Appl., vol. 1,
no. 2, pp. 115-128, Nov. 2023, doi: 10.33633/jcta.v1i2.9443.

D. Shome et al., “COVID-Transformer: Interpretable COVID-19 Detection Using Vision Transformer for
Healthcare,” Int. ]. Environ. Res. Public Health, vol. 18, no. 21, p. 11086, Oct. 2021, doi:
10.3390/ijerph182111086.

D. R.I. M. Setiadi et al., “Single Qubit Quantum Logistic-Sine XYZ-Rotation Maps: An Ultra-Wide Range
Dynamics for Image Encryption,” Comput. Mater. Contin., vol. 83, no. 2, pp. 1-28, 2025, doi:
10.32604/cmc.2025.063729.

A. R. Muslikh, D. R. I. M. Setiadi, and A. A. Ojugo, “Rice Disease Recognition using Transfer Learning
Xception Convolutional Neural Network,” J. Tek. Inform., vol. 4, no. 6, pp. 1535-1540, Dec. 2023, doi:
10.52436/1.jutif.2023.4.6.1529.

J. Chen, D. Zhang, Y. A. Nanehkaran, and D. Li, “Detection of rice plant diseases based on deep transfer
learning,” |. Sci. Food Agric., vol. 100, no. 7, pp. 3246-3256, May 2020, doi: 10.1002/jsfa.10365.

A. A. Ojugo and R. E. Yoro, “An Intelligent Lightweight Market Basket Associative Rule Mining for
Smartphone Cloud-Based Application To Ease Banking Transaction,” Adv. Multidiscip. Sci. Res. |. Publ.,
vol. 4, no. 3, pp. 23-34, 2018, doi: 10.22624/aims/v4n3p4.

J. Yang, Y. Xu, H. Cao, H. Zou, and L. Xie, “Deep learning and transfer learning for device-free human
activity recognition: A survey,” J. Autom. Intell, vol. 1, no. 1, p. 100007, 2022, doi:
10.1016/j.jai.2022.100007.

Rismiyati, S. N. Endah, Khadijah, and I. N. Shiddig, “Xception Architecture Transfer Learning for
Garbage Classification,” in 2020 4th International Conference on Informatics and Computational Sciences
(ICICoS), IEEE, Nov. 2020, pp. 1-4. doi: 10.1109/ICIC0S51170.2020.9299017.

D. A. Oyemade and A. A. Ojugo, “A property oriented pandemic surviving trading model,” Int. |. Adv.
Trends Comput. Sci. Eng., vol. 9, no. 5, pp. 7397-7404, 2020, doi: 10.30534/ijatcse/2020/71952020.

X. Wy, R. Liu, H. Yang, and Z. Chen, “An Xception Based Convolutional Neural Network for Scene
Image Classification with Transfer Learning,” in 2020 2nd International Conference on Information
Technology and  Computer  Application ~ (ITCA), 1EEE, Dec. 2020, pp. 262-267. doi:
10.1109/ITCA52113.2020.00063.

O. Jaiyeoba, E. Ogbuju, O. T. Yomi, and F. Oladipo, “Development of a Model to Classify Skin Diseases
using Stacking Ensemble Machine Learning Techniques,” J. Comput. Theor. Appl., vol. 2, no. 1, pp. 22-38,

International Journal of Advanced Computing and Intelligent System (IJACIS)
Volume 4, Issue 1 (2025)

DOI: 10.66917/ijacis.a000021

https://msis-press.com/journals/ijacis



363
364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407

(49]

(50]

(51]

(52]

(53]

[54]

(58]

[56]

[57]

(58]

[59]

[60]

[61]

[62]

[63]

[64]

International Journal of Advanced Computing and Intelligent System (IJACIS)

2024, [Online]. Available: https://publikasi.dinus.ac.id/index.php/jcta/article/view/10488

A. A. Ojugo and R. E. Yoro, “Computational Intelligence in Stochastic Solution for Toroidal N-Queen,”
Prog. Intell. Comput. Appl., vol. 1, no. 2, pp. 46-56, 2013, doi: 10.4156/pica.vol2.issuel.4.

C. C. Odiakaose et al., “Investigating data balancing effects for enhanced behavioural risk detection in
Cervical Cancer Using BiGRU: A Pilot Study,” NIPES - ]. Sci. Technol. Res., vol. 7, no. 2, pp. 319-329, 2025,
doi: 10.37933/nipes/7.2.2025.24.

P. A. Onoma et al., “Investigating an Anomaly-based Intrusion Detection via Tree-based Adaptive
Boosting Ensemble,” J. Fuzzy Syst. Control, vol. 3, no. 1, pp. 90-97, 2025, doi: 10.59247/jfsc.v3i1.279.

M. I. Akazue et al., “FiMoDeAL: pilot study on shortest path heuristics in wireless sensor network for
fire detection and alert ensemble,” Bull. Electr. Eng. Informatics, vol. 13, no. 5, pp. 3534-3543, Oct. 2024,
doi: 10.11591/eei.v13i5.8084.

X.Wang, Y. Peng, L. Lu, Z. Lu, M. Bagheri, and R. M. Summers, “ChestX-rays: hospital-scale chest x-ray
database and benchmark on weakly-supervised classifications and localization of common thorax
disease,” IEEE Conf. Comput. Vis. pattern Recognit., pp. 3462-3471, 2017.

A. A. Ojugo and A. O. Eboka, “Cluster prediction model for market basket analysis: quest for better
alternatives to associative rule mining approach,” IAES Int. J. Artif. Intell., vol. 9, no. 3, pp. 429-439, 2020,
doi: 10.11591/ijai.v9.i3.pp429-439.

A. Jolicoeur-Martineau, J. J. Li, and C. M. T. Greenwood, “Statistical modeling of GxE,” Prenat. Stress
Child Dewv., vol. 58, no. 11, pp. 433—466, 2021, doi: 10.1007/978-3-030-60159-1_15.

A. N. Safriandono, D. R. I. M. Setiadi, A. Dahlan, F. Z. Rahmanti, I. S. Wibisono, and A. A. Ojugo,
“Analyzing Quantum Feature Engineering and Balancing Strategies Effect on Liver Disease
Classification,” J. Futur. Artif. Intell. Technol., vol. 1, no. 1, pp. 51-63, Jun. 2024, doi: 10.62411/faith.2024-
12.

A. A.Ojugo and A. O. Eboka, “Modeling the Computational Solution of Market Basket Associative Rule
Mining Approaches Using Deep Neural Network,” Digit. Technol., vol. 3, no. 1, pp. 1-8, 2018, doi:
10.12691/dt-3-1-1.

J.J.]J. Chen, ]. J. J. Chen, D. Zhang, Y. Sun, and Y. A. A. Nanehkaran, “Using deep transfer learning for
image-based plant disease identification,” Comput. Electron. Agric., vol. 173, no. November 2019, p.
105393, Jun. 2020, doi: 10.1016/j.compag.2020.105393.

I. Ben Ajenaghughrure, P. Sujatha, and M. I. Akazue, “Fuzzy Based Multi-Fever Symptom Classifier
Diagnosis Model,” Int. ]. Inf. Technol. Comput. Sci., vol. 9, no. 10, pp. 13-28, 2017, doi:
10.5815/ijitcs.2017.10.02.

F.S. Gomiasti, W. Warto, E. Kartikadarma, J]. Gondohanindijo, and D. R. I. M. Setiadi, “Enhancing Lung
Cancer Classification Effectiveness Through Hyperparameter-Tuned Support Vector Machine,” J.
Comput. Theor. Appl., vol. 2, no. 2, pp. 179-189, Mar. 2024, doi: 10.62411/jcta.10106.

V. Sharma and R. Enbody, “User authentication and identification from user interface interactions on
touch-enabled devices,” Proc. 10th ACM Conf. Secur. Priv. Wirel. Mob. Networks, WiSec 2017, no. October,
pp. 1-11, 2017, doi: 10.1145/3098243.3098262.

R. E. Ako et al., “Effects of Data Resampling on Predicting Customer Churn via a Comparative Tree-
based Random Forest and XGBoost,” J. Comput. Theor. Appl., vol. 2, no. 1, pp. 86-101, Jun. 2024, doi:
10.62411/jcta.10562.

M. D. Okpor et al., “Pilot Study on Enhanced Detection of Cues over Malicious Sites Using Data
Balancing on the Random Forest Ensemble,” |. Futur. Artif. Intell. Technol., vol. 1, no. 2, pp. 109-123, 2024,
doi: 10.62411/faith.2024-14.

S. Pande and A. Khamparia, “Explainable Deep Neural network-based analysis on intrusion detection

International Journal of Advanced Computing and Intelligent System (IJACIS)
Volume 4, Issue 1 (2025)

DOI: 10.66917/ijacis.a000021

https://msis-press.com/journals/ijacis



408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447

448
449

450

[65]

[66]

[67]

[68]

[69]

[70]

(71]

(72]

(73]

(74]

(73]

[76]

[77]

(78]

[79]

International Journal of Advanced Computing and Intelligent System (IJACIS)

systems,” Comput. Sci., vol. 24, no. 1, pp. 5-30, Mar. 2023, doi: 10.7494/csci.2023.24.1.4551.

A. O. Kolawole, M. E. Irhebhude, and P. O. Odion, “Human Action Recognition in Military Obstacle
Crossing Using HOG and Region-Based Descriptors,” J. Comput. Theor. Appl., vol. 2, no. 3, pp. 410426,
Feb. 2025, doi: 10.62411/jcta.12195.

R. E. Yoro and A. A. Ojugo, “An Intelligent Model Using Relationship in Weather Conditions to Predict
Livestock-Fish Farming Yield and Production in Nigeria,” Am. |. Model. Optim., vol. 7, no. 2, pp. 3541,
2019, doi: 10.12691/ajmo-7-2-1.

P. A. Onoma et al., “Voice-based Dynamic Time Warping Recognition Scheme for Enhanced Database
Access Security,” J. Fuzzy Syst. Control, vol. 3, no. 1, pp. 81-89, 2025, doi: 10.59247/jfsc.v3i1.293.

X. Shu, T. Bao, Y. Zhou, R. Xu, Y. Li, and K. Zhang, “Unsupervised dam anomaly detection with spatial—-
temporal variational autoencoder,” Struct. Heal. Monit., vol. 22, no. 1, pp. 39-55, Jan. 2023, doi:
10.1177/14759217211073301.

V. Enguix, J. Kenley, D. Luck, J. Cohen-Adad, and G. A. Lodygensky, “NeoRS: A Neonatal Resting State
fMRI Data Preprocessing Pipeline,” Front. Neuroinform., vol. 16, Jun. 2022, doi: 10.3389/fninf.2022.843114.
S. N. Okofu et al., “Pilot Study on Consumer Preference, Intentions and Trust on Purchasing-Pattern for
Online Virtual Shops,” Int. ]. Adv. Comput. Sci. Appl., vol. 15, no. 7, pp. 804-811, 2024, doi:
10.14569/IJACSA.2024.0150780.

E. Chollet, “Xception: Deep Learning with Depthwise Separable Convolutions,” in 2017 IEEE Conference
on Computer Vision and Pattern Recognition (CVPR), IEEE, Jul. 2017, pp. 1800-1807. doi:
10.1109/CVPR.2017.195.

M. D. Okpor et al., “Comparative Data Resample to Predict Subscription Services Attrition Using Tree-
based Ensembles,” |. Fuzzy Syst. Control, vol. 2, no. 2, pp. 117-128, 2024, doi: 10.59247/jfsc.v2i2.213.

A. A. Ojugo et al.,, “Dependable Community-Cloud Framework for Smartphones,” Am. |. Networks
Commun., vol. 4, no. 4, p. 95, 2015, doi: 10.11648/j.ajnc.20150404.13.

A. A.Ojugo, A. O. Eboka, R. E. Yoro, M. O. Yerokun, and F. N. Efozia, “Framework design for statistical
fraud detection,” Math. Comput. Sci. Eng. Ser., vol. 50, pp. 176-182, 2015.

C. L. Kumar et al, “Metaparameter optimized hybrid deep learning model for next generation
cybersecurity in software defined networking environment,” Sci. Rep., vol. 15, no. 1, 2025, doi:
10.1038/s41598-025-96153-w.

A. G. Howard et al.,, “MobileNets: Efficient Convolutional Neural Networks for Mobile Vision
Applications,” Apr. 2017.

K. He, X. Zhang, S. Ren, and J. Sun, “Deep Residual Learning for Image Recognition,” Proc. IEEE Comput.
Soc. Conf. Comput. Vis. Pattern Recognit., vol. 2016-Decem, pp. 770-778, Dec. 2015, doi:
10.1109/CVPR.2016.90.

K. Muhamada, D. R. Ignatius, M. Setiadi, U. Sudibyo, B. Widjajanto, and A. A. Ojugo, “Exploring
Machine Learning and Deep Learning Techniques for Occluded Face Recognition: A Comprehensive
Survey and Comparative Analysis,” J. Futur. Artif. Intell. Technol., vol. 1, no. 2, pp. 160-173, 2024, doi:
10.62411/faith.2024-30.

D. J. Chaudhari and K. Malathi, “Detection and Prediction of Rice Leaf Disease Using a Hybrid CNN-
SVM Model,” Opt. Mem. Neural Networks, vol. 32, no. 1, pp. 39-57, Mar. 2023, doi:
10.3103/51060992X2301006X.

© 2020 by the authors. Submitted for possible open access publication under the terms
@ @ and conditions of the Creative Commons Attribution (CC BY) license

(http://creativecommons.org/licenses/by/4.0/).

International Journal of Advanced Computing and Intelligent System (IJACIS)
Volume 4, Issue 1 (2025)

DOI: 10.66917/ijacis.a000021

https://msis-press.com/journals/ijacis



