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Abstract: In this paper, we present a method for detection of intracranial haemorrhages in the head 

CT data using convolutional neural networks. We introduce three 2D image classifiers that perform 

in three perpendicular anatomical planes and classify the CT slices into healthy or pathological, 

whereby they provide the information about the position of the haemorrhage in the 3D CT image. 

The accuracies of the three models are 90.19%, 88.15%, and 80.90% for the axial, sagittal and cor-

onal plane.  
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1 INTRODUCTION 

Intracranial haemorrhage is a common disease, which can affect various intracranial structures. 

This diagnosis represents a significant problem because of causing severe disabilities, and due to its 

high mortality risk. [1] Even a delay of a few minutes can cause death; therefore, the early determi-

nation of the diagnosis is of great importance. Computed tomography (CT) is the most common 

imaging modality used for examination of patients suspected of having a haemorrhage. However, 

traditional visual CT scan inspection done by radiologists is time-consuming. It demands 

the presence of an expert and requires a high level of concentration. False results can be easily 

caused by tiredness, focus on other diseases, or other human errors. Therefore, automated systems 

capable of detecting haemorrhages have been developed, which provide fast diagnosis estimation. 

Such a system helps the radiologist to make correct diagnostic conclusions. Nowadays, automated 

diagnostic systems are based on the machine learning methods thanks to their fast inference capa-

bility and the ability to perform complex tasks. [2]  

Recently, many papers about machine learning-based automated detection of intracranial haemor-

rhages have been published. Chilamkurthy et al. (2018) [3] have described an approach to detection 

of all five types of haemorrhages (intraparenchymal, intraventricular, subdural, epidural, and sub-

arachnoid) in 2D CT slices based on a combination of convolutional neural network (CNN) archi-

tecture ResNet18 and random forests. Two datasets are described: training dataset Qure25k, which 

includes 21 095 3D scans, and publicly available test dataset CQ500, which contains 491 scans. 

The authors have achieved an area under the receiver operating characteristics curve (AUC) 

0.9419. Grewal et al. (2018) [2] have proposed slice-level CNN classification architecture Dense-

Net and a recurrent neural network for incorporating the 3D context. Training and testing datasets 

with 185 and 77 CT scans respectively are described, and the authors have demonstrated the accu-

racy of 81.82%.  Cho et al. (2019) [4] have described a method for haemorrhage and its five types 

detection, which consists of several cascaded CNN models. The authors have achieved a sensitivity 

of 97.91% and specificity 98.76 % with a dataset with more than a hundred thousand CT scans.  

This paper describes an approach of the detection of intracranial haemorrhages based on CNN due 

to their excellent performance potential without the need of relevant feature extraction. The de-
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scribed detection method is based on series of three CNN classifiers performing in axial, sagittal 

and coronal anatomical planes. 

2 AVAILABLE DATASET 

The authors of [3] (2018) collected a head CT dataset CQ500 containing 491 scans, that is made 

available for public access and is used in our method. The anonymized scans were obtained from 

different CT scanners from various radiology centers. Every scan fulfils the conditions that the sub-

ject is more than seven years old and does not have any post-operative defects, and in addition, 

there should be at least one non-contrast CT series with a soft reconstruction kernel. 

In addition, the annotations based on evaluations by three independent radiologists are available in 

the form of patient´s diagnosis. The CT data include scans of healthy subjects as well as scans with 

all types of intracranial haemorrhages together with the information about affected hemisphere, age 

(chronic or not) and about the presence or absence of a midline shift, mass effect, and fractures. [3] 

For our purposes, mentioned annotations need to be extended in the way of labelling the presence 

or absence of the haemorrhage in each 2D image. We created expert slice-level annotations of the 

presence of the haemorrhages and their types for individual slices in the axial, sagittal and coronal 

plane. However, for slices of the 3D scan to be annotated, the pathology must be observed by the 

majority of the radiologists [3]. Some of the slices may show more than one type of haemorrhage. 

3 METHODS 

The proposed method of the haemorrhages detection in a head 3D CT scan is based on a consecu-

tive classification of 2D slices in mutually perpendicular anatomical planes: axial, sagittal and cor-

onal. Three classification subsystems based on CNN are trained for the determination of the find-

ings in the slices. Together, these three subsystems form a system that provides the final 3D bound-

ing box via the classification of the individual slices.  

3.1 EXPERIMENTAL DATA 

Non-contrast scans from the CQ500 dataset (194 with and 221 without a finding) are used. The da-

taset is randomly divided into mutually disjunct subsets for training and testing in the ratio of 7:3. 

An approximate number of 2D images in the individual subsets are shown in Table 1.    

All of the used slices are subjected to a pre-processing in the form of resampling to the size 

224×224.  

 
Training subset Testing subset 

Axial Sagital Coronal Axial Sagital Coronal 

Pathological 6k 10k 15k 3k 5k 8k 

Healthy 8k 19k 20k 3k 8k 8k 

Total 14k 29k 35k 6k 13k 16k 

Table 1: An approximate number of images in the training and testing subsets for the anatomi-

cal planes. 

3.2 CNN 

The CNN architecture ResNet50 [5] pre-trained on the ImageNet dataset [6] is chosen as the classi-

fier of the slices in the three planes. The architecture is modified to be able to classify images into 

two categories (pathological or healthy slice). The networks for the three planes are fine-tuned with 

the images of the training subset with an augmentation in the form of a random reflection, slight 

translation and rotation in every epoch, together with a random data shuffle. In the case of each 
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network, the Adam optimisation method [7] was used. Other training parameters are listed in Table 

2.  

 Mini-Batch Epochs Init. LR L2 reg. 

Axial 30 5 10-4 10-8 

Sagital 24 3 10-4 0.005 

Coronal 24 4 10-4 10-8 

Table 2: Training parameters of the classification networks for the three anatomical planes.  

4 RESULTS AND DISCUSSION 

Three trained classifiers are validated on the prepared testing sets. The accuracy which is defined as 

the ratio of true positive detections to the number of tested images was chosen to evaluate the per-

formance. The fine-tuned classification models achieve 90.19%, 88.15%, and 80.90% accuracy for 

the axial, sagittal and coronal planes respectively. The examples of true positive axial slices are 

shown in Figure 1, which points out the ability of the classifier to distinguish various types of 

haemorrhages despite their large size and shape variability.   

 

Figure 1: True positive axial slice classification results (the arrow denotes the haemorrhages). 

In most cases the classifiers perform well and predict correct labels. False classification might ap-

pear; however, such a situation might occur while processing some hardly noticeable haemorrhages 

or marginal slices (see Figure 2). This minority misclassifications may be caused by the hardly dis-

tinguishable bleeding of small size. 

 

Figure 2: False negative axial slice classification results (the arrow denotes the haemorrhages). 

The proposed method of the haemorrhage detection has great potential for computer aid diagnostic 

systems, forasmuch as it can warn a radiologist of the suspicion of a finding. It can roughly demark 

the affected region, which may minimize the chances for missing the haemorrhage by an oversight. 

Besides, the algorithm may reduce the time needed for diagnosis identification. The incorporation 

of such an algorithm into CT systems may help to prevent permanent disability or even death. 
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5 CONCLUSION 

The automated detection of intracranial haemorrhages in CT scans has great medical potential, as 

a functioning algorithm incorporated into a CT system may prevent even patient’s death. We intro-

duce a detection approach based on three classification CNN-based models working in three mutu-

ally perpendicular anatomical planes. The nets have been fine-tuned for detection and localisation 

of intracranial haemorrhages as classification task. The paper describes the preparation of the train-

ing and testing dataset, the process of networks training, and their validation. The proposed classi-

fiers achieve 90.19%, 88.15%, and 80.90% accuracy for the axial, sagittal and coronal planes re-

spectively. These results point out the great potential of the algorithm as a tool for acceleration and 

refinement of the final diagnosis. 
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