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Abstract

Acanthamoeba spp. are free-living protozoa and are known to cause severe infections in humans. Traditional
morphological identification relies on assessing the size and shape of the inner (endocyst) and outer (ectocyst) walls
of cysts, which are categorized into three groups (Gl, GllI, Glll). However, this method is time-consuming and requires
skilled experts. This study aims to develop an automated image analysis system for the classification of Acanthamoeba
spp. cysts by employing a pre-trained convolutional neural network (CNN)-based feature extraction approach combined

with a Support Vector Machine (SVM) classifier to increase diagnostic accuracy in pathology and reduce classification
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errors. The feature extraction is performed using various CNN models pre-trained on ImageNet, including Xception,
EfficientNet-BO, EfficientNet-B1, VGG16, ResNet50, ResNet101, MobileNet, Inception-V3, and InceptionResNet-V2,

to extract high-level global features from microscope images of cysts. These extracted features are then input into an

SVM for classifying the cysts into groups G, Gll, and GlIl. Additionally, the performance of this approach is compared

with that of conventional feature extraction methods. Experimental results demonstrated that the system employing

pre-trained CNNs combined with SVM achieved an accuracy exceeding 95%, with ResNet50 and ResNet101 yielding

the best results, respectively. These findings validate the potential of using pre-trained CNN-based feature extraction

for the robust and efficient classification of complex morphological cyst groups, thereby offering a promising tool for

enhancing clinical diagnostic procedures.

Keywords: Acanthamoeba spp., morphological identification, pre-trained CNN, feature extraction
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Figure 1 Acanthamoeba spp. categorizes the isolates

into groups I, Il, and lll, according to the shape of the

inner (endocyst) and outer wall (ectocyst) and size of
the cysts (Possamai et al., 2018)
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Figure 2 Overview of the proposed system
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Figure 3 Example images of the Acanthamoeba spp.
dataset which divides into three groups: a) cyst’s

morphology as group |, b) group Il and c) group I
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Table 1 Overview of selected CNN Architectures

Model Input Output Depth

Size Features

Xception 299 x 2048 Al
299

EfficientNet-BO 224 x 1280 237
224

EfficientNet-B1 240 x 1280 240
240

VGG16 224 x 512 16
224

ResNet50 224 x 2048 50
224

ResNet101 224 x 2048 101
224

MobileNet 224 x 1024 28
224

Inception-V3 299 x 2048 48
299

Inception- 299 x 1536 164

ResNet-V2 299
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Table 2 The median values of evaluation metrics for each pretrained CNN model on the Acanthamoeba spp. cyst

classification task, obtained via repeated 10-fold cross-validation.

Model Accuracy F1 Precision Recall
Mac. Mic. Mac. Mic. Mac. Mic.
EfficientNetBO 0.965 0.965 0.965 0.967 0.965 0.965 0.965
EfficientNetB1 0.965 0.965 0.965 0.966 0.965 0.965 0.965
InceptionResNetV2 0.951 0.952 0.951 0.956 0.951 0.951 0.951
InceptionV3 0.965 0.965 0.965 0.966 0.965 0.965 0.965
MobileNet 0.965 0.965 0.965 0.968 0.965 0.965 0.965
ResNet101 0.972 0.972 0.972 0.973 0.972 0.972 0.972
ResNet50 0.972 0.972 0.972 0.972 0.972 0.972 0.972
VGG16 0.958 0.959 0.958 0.960 0.958 0.958 0.958
Xception 0.965 0.965 0.965 0.966 0.965 0.965 0.965
*Mac: Macro, ** Mic: Micro
1. Wwan1stdSsutnguldszansainves
Accuracy = (TP +TN) (1) Pretrained CNNs
(TP+TN+FP+FN) mydszdulssEnEnnaas CNNs RN
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(TP +FP) mInasauuazilIoufsunasntuasudazluias d283%
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Figure 6 A comparison of the precision, recall and F1-score values of various pre-trained CNN models for

classifying Acanthamoeba into three groups (Gl, Gll, and GlII).
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Table 3 Performance Comparison of Different Feature extractor

Feature extractor No. of features Accuracy (%)

5 Hu moment (Hu, 1962) 7 46.67
§  HOG (Dalal & Triggs, 2005) 8,100 85.00
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Table 4 Performance evaluation of the ResNet50 model for Acanthamoeba spp. group classification based on

confusion matrix diagonal analysis, including correctly predicted image counts, precision, and recall values.

Prediction data

Gl Gll Glll total Precision (%) Recall (%)
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total 123 117 120 360 Accuracy (%): 98.61
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