
COVID19 Diagnosis using AutoML from 3D CT scans

Talha Anwar
Independent Researcher
chtalhaanwar@gmail.com

Abstract

Coronavirus is a pandemic that affects the respiratory
system causing cough, shortness of breath, and death in
severe cases. Polymerase chain reaction (PCR) tests are
used to diagnose coronavirus. The false-negative rate of
these tests is high, so there needs a supporting method for
an accurate diagnosis. CT scan provides a detailed exam-
ination of the chest to diagnose COVID, but a single CT
scan comprises hundreds of slices. Expert and experienced
radiologists and pulmonologists can diagnose COVID from
these hundreds of slices, but this is very time-consuming.
So an automatic artificial intelligence (AI) based method
is required to diagnose coronavirus with high accuracy.
Developing this AI-based technique requires a lot of re-
sources and time, but once it is developed, it can sig-
nificantly help the clinicians. This paper used an Auto-
mated machine learning (AutoML) technique that requires
fewer resources (optimal architecture trials) and time to de-
velop, resulting in the best diagnosis. The AutoML mod-
els are trained on 2D slices instead of 3D CT scans, and
the predictions on unknown data (slices of CT scan) are
aggregated to form a prediction of 3D CT scan. The ag-
gregation process picked the most occurred case, whether
COVID or non-COVID from all CT scan slices and labeled
the 3D CT scan accordingly. Different thresholds are also
used to label COVID or non-COVID 3D CT scans from 2D
slices. The approach resulted in accuracy and F1-score of
89% and 88%, respectively. Implementation is available at
github.com/talhaanwarch/mia-covid19

1. Introduction
COVID-19 is a pandemic disease that mainly affects the

respiratory system. The best way to prevent COVID is to
isolate the infected peoples as it spread from patients to oth-
ers very rapidly. This disease is usually diagnosed using
reverse transcription-polymerase chain reaction (RT-PCR)
test, but research showed that suspected patients should be
examined with CT scans due to the high false-negative rate
of PCR test. If a CT scan report is positive, no matter PCR is

negative; the patient should not be removed from isolation
[17]. Studies also showed that patients should not be diag-
nosed using CT scan only; instead, PCR test should also be
performed to enhance the confidence level [17]. CT-scan
can be used as a quick diagnostic method to categorize pa-
tients into “probably positive” and “probably negative” co-
horts [4]. The bottom line is to use both PCR and CT-scan
for the correct diagnosis of COVID patients.

Several studies have been performed to diagnose COVID
from CT-scan images [1, 2]. Researchers tried to extract
features from CT scans using convolution layers and fed
these features to the recurrent neural networks to main-
tain the connection between slices[15, 14, 16]. In this sec-
tion, only studies performed on the dataset under study
are considered. D. Kollias et al., introduced MIA-COV19
(COV19-CT-DB) dataset (dataset used for this study) and
achieve a baseline macro F1-score of 70% using 3D CNN-
RNN network [13]. Miron et al., used Inflated 3D ResNet50
on 3D image size of 128x256x256. The authors used fold
cross-validation and label-smoothing with cross-entropy
and Sharpness Aware Minimization to avoid overfitting in
3D models [19]. Hsu et al., performed slice level and CT
scan level classification. For slice level, Swin transformer to
get the different distribution of positive and negative classes
and significant slices from the middle of CT-scan. Wilcoxon
signed-rank test is used to find positive and negative exam-
ples during inference. For 3D CT scan classification, au-
thors introduced CT scan-Aware Transformer (CCAT com-
prised of Within-Slice-Transformer (WST) and Between-
Slice-Transformer (BST) [9]. W.Tan and J.Liu used 3D
CNN with BERT to extract features and MLP classifiers
to classify the data [24]. Linag proposed a sampling ap-
proach to sample fix number of slices from all 3D scans.
The author used CNN comprised of squeeze excitation net-
work to extract features and passed the features to trans-
former block and fully connected layer for classification
[18]. Trinh ad Nguyen used ResNet and DenseNet in par-
allel to extract features and fully connected blocks for clas-
sification [26]. Qi et al., used 3D RegNet with different
optimizer and learning rate [20]. Teli introduced a custom
CNN for classification [25]. Gao used vision transformer
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Author F1-score Technique
Miron [19] 90.06 % Inflated 3D ResNet50
Hsu [9] 88.74 % CT scan-Aware Transformer
Tan [24] 88.22 % BERT and MLP
Our Approach 87.77 % AutoML
Liang [18] 78.86 % SE CNN and transformer
Trinh [26] 78.13 % Res Dense Net
Qi [20] 71.83 % 3D-RegNet
Teli [25] 70.86 % TeliNet (custom CNN)
Gao [3] 70.5 % COVID-ViT
Kollias [13] 70% CNN RNN

Table 1. Macro F1-score on test set using COV19-CT-DB database

Data Train set Validation set

COVID 2D slice 153681 35016
3D image 690 165

Non COVID 2D slice 181991 40516
3D image 780 209

Table 2. Number of 2D and 3D images in train and validation data

(ViT) based on attention models and DenseNet to classify
COVID, and non-COVID CT scan images [3]. The current
paper discussed the AtuoML approach to diagnose COVID
from CT-scan images. Table 1 shows the technique and
macro F1-score on the COV19-CT-DB gold standard test
database.

2. Methodology

2.1. Dataset

The COV19-CT-DB database is used in this study and
is composed of three sets i.e. sets training, validation, and
test data [13]. There are 1560, 374, and 3455 3D scans
in training, validation, and test set, respectively. Each 3D
scan ranges from 50 to 700 2D slices. Training data has
690 COVID cases and 780 non-COVID cases. Similarly,
validation data has 165 3D CT scans of COVID patients and
209 CT scans of non-COVID subjects. The test set has 3455
3D CT scans with unknown labels that need to be predicted.
The dataset is labeled by four specialists, two radiologists,
and two pulmonologists instead of relying on PCR tests.

2.2. Deep Learning

Instead of using a 3D convolution neural network
(CNN), 2D CNN is used to classify COVID vs. non-COVID
cases. 2D CNNs are used because of limited GPU re-
sources, as 3D CNNs require a high-end GPU system for
training. Second, the slices in 3D images are not of the same
length. It ranges from 50 to 700 slices in each 3D scan. So
to use 3D CNNs, CT scans need to be truncated or padded.
There are chances of noise addition while padding and in-
formation loss while truncating the data. So, 2D CNNs are

trained on slice level instead of 3D volume level. Evaluation
is made on slice level as well as the 3D volumetric level val-
idation data. For 3D level prediction, predictions are made
on 2D slices, and then the most occurred prediction class is
assigned as 3D CT scan prediction. For example, if a CT-
scan has 100 slices, 51 are predicted as COVID and 49 as
non-COVID, the 3D image is labeled COVID. The thresh-
old level technique is also applied. For example, if 1% of
slices are predicted as COVID, the CT-scan is labeled as
COVID. The threshold value of 1%, 5%, 10%. 20%, 30%,
40%, and 50% are used to classify the validation data, and
the threshold value that yielded the best results is used to
produce test predictions.

2.3. AutoML

AutoML powered by AutoGluon is used to carry out
the experiments for the classification of COVID vs. non-
COVID 3D CT scans [5]. AutoML makes the classification
pipeline automatic, avoiding the hustle of preprocessing and
hyper-parameters tuning. For experimentation, Tesla P100
GPU is used. The batch size is set to 16, and the learning
rate to 0.01. The number of epochs is set to 15, but if train-
ing time reached 8 hours, training is stopped. This helps to
train more models in less time. The only preprocessing ap-
plied is to resize all images to 224*244. To get a prediction
of 3D scans from 2D slices, different threshold techniques
are used. In the max threshold technique, the class label is
chosen based on maximum occurrence of a class. In per-
centage threshold, the class label is chosen if positive pre-
dictions are more than a specific percentage, then CT scan
is labeled as positive.

2.4. Deep learning Architectures

Different 2D CNN pre-trained models are used such as

2.4.1 VGG

VGG is one of the oldest deep learning architecture pro-
posed in 2014 and has a depth ranging from 16-19 [23].
VGG19 bn is 19th layers modified architecture with batch
normalization layer added [22]. The concept of batch nor-
malization is introduced in 2015, and almost all deep learn-
ing architectures after that used this layer [12]. Batch nor-
malization layers reduce training time and overfitting issues
of deep architectures.

2.4.2 ResNet

ResNet family of deep learning architectures came out in
2015 [6]. ResNet152 has dept up to 152 layers, but its com-
plexity is quite less as compared to VGG models. ResNet
introduced a concept called a shortcut connection that skips
one or more layers and helps to avoid vanishing gradient
problems caused by deeper length.
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2.4.3 DenseNet

Almost after eight months of ResNet, DenseNet models
were introduced [11]. DensetNet used a block called a
Dense block in which a layer is connected to all subsequent
layers in that block. DenseNet is deeper and has three times
fewer parameters than ResNet.

2.4.4 MobileNet

MobileNet models were basically introduced for mobile de-
vices with low computational powers in 2017 [8]. Mo-
bileNet is based on depth-wise separable convolution. It
is a combination of depth-wise convolution and separable
convolution. In this approach, 1x1 convolution is applied to
all channels of input data. MobileNetV3 introduced in 2019
used AutoML to create best possible architecture [7]. It also
used Squeeze and Excitation Networks (SENet) introduced
in 2017 [10]. Squeeze is global average pooling. Excitation
is two fully connected layers having RelU in between and
Sigmoid at the end.

2.4.5 Se ResNext

ResNext is similar to ResNet [27]. In ResNet, channels size
is reduced by using 1x1 by convolution layer, for example,
from 256 to 64 and then back to 256. In ResNext, channels
size is reduced from 256 to 32 features maps, each hav-
ing four channels and then aggregated back to 256. Apply-
ing convolution of 4 channels is much cheaper than on 64
channels. Se ResNext is introducing SENet architecture in
ResNext.

2.4.6 ResNest

ResNet was introduced in 2020, and it is a modularized ar-
chitecture, which applies channel-wise attention on differ-
ent feature map groups. [28].

2.5. External data

A portion of large external data [21] is also used to test
the generalization of the models. The dataset comprised of
9776 non-COVID and 2282 COVID slices of different CT
scans.

3. Results
All the experimentation discussed below is performed

using the NVIDIA TESLA P100 GPU. Fig 1 shows macro
F1-score on validation data using different threshold lev-
els i.e. max threshold and percentage threshold. 1% mean
that if 1% COVID slices are present, then assign 3D CT-
scan image as COVID case. Similarly, with other percent-
age threshold levels but in the max threshold technique, if
the maximum number of predicted slices labels belongs to

COVID, the 3D scan is assigned COVID else non-COVID.
The worst validation score is obtained when a CT scan is
labeled as COVID based on 1% occurrence of coronavirus
diagnosed slices. Results are also poorer when CT scan is
predicted corona positive based on 5% and 10% threshold
level. Best results are obtained when the 3D scan is labeled
positive based on 30% or above slices positive.

Table 3 shows the accuracy, precision, recall, and F1
score obtained on the validation set using the max thresh-
old technique. The highest macro F1score and accuracy
of 85% is achieved in ResNest14 architecture for 2D im-
age data. On 3D CT-scan, ResNest14 lead to the high-
est accuracy and F1-score of 89% and 88%, respectively.
The lowest score is obtained using DenseNet201, where the
macro F1-score on the 2D slice level and 3D scan is 81%
and 84%, respectively. The lowest precision is 81% when
the MobileNetv3 model is evaluated on 2D slices, and the
lowest recall is 81% using DenseNet201. Table 3 shows
the model size on disk and time for training and inference
on the test set. Inference time is computed on the test set
having 3455 Ct-scans 3D images instead of the validation
set. MobileNetV3 has the smallest models’ weights size and
took around 6 hours 21 minutes for training and 2 hours 37
mutes for inference. VGG19 with batch normalization has
the largest size of 1 GB.

On external data macro F1 score of 76% and accuracy
of 84% is achieved. Recall measures the model’s ability to
detect Positive samples, and the model achieved a recall of
75%. The test set uses max threshold techniques and the
ensemble of all models, 78.78%, 87.77%, and 96.75%, F1
COVID, F1 non-COVID, and macro F1 score, respectively
is achieved. On the other hand, using percentage threshold
techniques F1-score is low as compared to the max thresh-
old technique. 61.8%,74.4% and 80.08% macro F1 score is

1% 5% 10% 20% 30% 40% 50% max
Threshold values for assigning label to CT scan
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Figure 1. F1-score on validation data using different threshold val-
ues
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2D CT-scan slice 3D Volumetric Image
Model name F1-score Precision Recall Accuracy F1-score Precision Recall Accuracy
ResNet152 80% 82% 80% 81% 85% 89% 85% 86%
DenseNet201 81% 83% 81% 82% 84% 88% 84% 86%
ResNest14 85% 86% 85% 85% 88% 90% 88% 89%
ResNext50 83% 83% 83% 83% 88% 89% 89% 88%
Se ResNext50 84% 84% 83% 84% 87% 89% 87% 88%
MobileNetV3 80% 81% 88% 81% 86% 88% 86% 87%
VGG19 bn 84% 84% 84% 84% 87% 89% 87% 88%

Table 3. Results on the validation set using max threshold

Model name Model Size Training Time Inference Time
ResNet152 472 MB 7 hours 41 minutes 3 hours 15 minutes
DenseNet201 166 MB 5 hours 21 minutes 2 hours 48 minutes
ResNest14 93 MB 7 hours 24 minutes 2 hours 22 minutes
ResNext50 203 MB 6 hours 31 minutes 2 hours 7 minutes
Se ResNext50 222 MB 6 hours 10 minutes 2 hours 49 minutes
MobileNetV3 63 MB 6 hours 21 minutes 2 hours 37 minutes
VGG19 bn 1 GB 7 hours 56 minutes 2 hours 42 minutes

Table 4. Model size and execution time. Infer time is on test set

achieved on 10%, 20% and 30% threshold.

4. Conclusion
AutoML is the automatic way of doing any machine

learning or deep learning task. We used the AutoGluon
framework that leads to accurate diagnostic of COVID
cased from 3D volumetric images. The advantage of Au-
toGluon (AutoML) is that there is no need to worry about
preprocessing, architecture implementation, and evalua-
tion. It does all process internally and yield good results
with hyper-parameters selected. Using ResNest14 archi-
tecture, accuracy and F1-score of 89% and 88% are ob-
tained. 87.77% macro F1 is achieved on the test set com-
prised of 3455 CT scan 3D images. Future work includes
feeding input images of different sizes instead of fixed input
of 224*224. Fixing the input size for all models results in
loss of information as different models learned differently
on different input sizes.
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