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Abstract—In this paper, the Scale-Invariant Feature Transform (SIFT) and
Fast Library for Approximate Nearest Neighbors (FLANN) based algorithm is
used to detect the abnormalities in the National Lung Screening Trial (NLST) CT
scans as the exact clinical nodule locations are not provided in the dataset. These
identified nodules on NLST CT Scans are then annotated using Labellmg tool.
This process consumes time and so furthermore, the automatic nodule detection,
You Only Look Once version 4 (YOLOv4) object detection model is imple-
mented. The YOLOV4 object detection model is provided with total of 4187 la-
belled images in form of training (70%), validation (20%), and test (10%) da-
tasets. Our YOLOv4 model achieves precision of 95%, sensitivity of 81% and
mean Average Precision (mAP) of 89.1%.

Keywords—Fast Library for Approximate Nearest Neighbors (FLANN), Pul-
monary nodules, Scale-Invariant Feature Transform (SIFT), You Only Look
Once (YOLO)

1 Introduction

It has been demonstrated that low-dose computed tomography (LDCT) can detect
smaller lung nodules [1]. The National Lung Screening Trial (NLST) done for heavy
smokers showed a 20% decrease in lung cancer mortality [2, 3], but CT screening has
been criticized because of its poor Positive Predictive Value (PPV) and high False-
Positive Rates (FPR) [4].

Content Based Image Retrieval (CBIR) method can be used to retrieve the images
from a large database that are identical to the image provided as a query [5]. The Scale-
Invariant Feature Transform (SIFT) algorithm is used for the identification and extrac-
tion of features suggested by Lowe [6]. SIFT is popular for its ability to solve the prob-
lems of image rotation, affine transformations, intensity, and viewpoint change. Match-
ing feature points is an important basis for image matching. Currently, Brute Force (BF)
and Fast Library for Approximate Nearest Neighbors (FLANN) are the most common
matching algorithms. FLANN is a series of algorithms optimized for quick, nearest
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neighbor search in broad datasets with high dimensional features. It is applied for local
feature matching to match the query image and reference image in data set [7].

During the last few years, object detection has become one of the important areas of
computer vision, and many researchers are racing to get the best object detection model.
The object detection method based on region proposal such as Region Based Convolu-
tional Neural Networks (R-CNN) only focuses on the partial image information in the
candidate frame during the detection process [8]. You only look once (YOLO) is one
of the faster object detection algorithms which uses Darknet framework. Since YOLO
convolves the entire image, it has a larger field of view when detecting the target [9].
Masni et al. [10] proposed simultaneous detection and classification of breast masses
via a deep learning YOLO-based CAD system. This system identifies cases of difficult
dense breast tissue using the masses located over the pectoral muscle. Sindhu et al. [11]
suggested the DetectNet architecture based on YOLO, which makes use of a single
convolutional network to find various bounding boxes and class probabilities for lung
nodules. Since the output layer is a fully connected layer, when testing, it found diffi-
culty in generalization of objects if the image is of other dimensions different from the
trained image. The second version YOLOV2 [12] uses a custom deep architecture Dark-
net-19, an originally 19-layer network supplemented with 11 more layers for object
detection. In YOLOV2, the fully connected layer has been removed and introduce an-
chor boxes to predict bounding boxes. One of the main issued that has to be addressed
in the YOLO is that detection of smaller objects on the image. This has been resolved
in the YOLOV2 by dividing the image into 13*13 grid cells which is smaller when
compared to its previous version. The third version YOLOv3 [13] uses a hybrid ap-
proach between the network used in YOLOvV2 (Darknet-19) and the residual network.
It has 53 convolutional layers so it is called Darknet-53. Aly et al. [14] proposed
YOLOvV3 model along with the anchor boxes concept to correctly assigned and identify
the breast masses. Xu et al. [15] proposed a new algorithm for detecting lung nodules
based on YOLOvV3. The model of YOLOvV3 is much more complicated than the previ-
ous model, and the speed and accuracy can be weighed by changing the size of the
model structure. The YOLOV4 object detection with the Cross Stage Partial (CSP) net-
work retains maximum speed and accuracy. Network scaling approach used in
YOLOv4 modifies the depth, width, resolution, and network structure. The architecture
of YOLOvV4 involves CSPDark used in backbone and CSPUp and CSPDown sampling
in the neck blocks [16-17].

The main contributions of the proposed paper are described below.

In this paper, nodule locations of NLST CT scans have been detected using SIFT
and FLANN algorithm. The abnormality in CT scan has been recognized by comparing
the matched features obtained using FLANN with abnormality variables like slice num-
ber, location, margin and diameter. A bounding box is created for every image to cover
the target nodule using Labellmg-a graphical annotation tool. After extracting and
matching a set of robust features from input images, the TensorFlow object detection
YOLOv4 model is used to detect nodules. Our approach achieves competitive preci-
sion, and is much faster during both training and inference.
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2 Materials and methods

In this paper, the nodules extracted according to locations provided for CT scans of
LIDC-IDRI dataset are used as templates for detecting and matching similar abnormal-
ities on NLST CT scan dataset.

2.1 Dataset

LIDC-IDRI dataset has a total of 1,018 CT scans. All the image data are in DICOM
format and standardized to size of 512x512. Every case of the LIDC-IDRI dataset con-
sists of hundreds of images, and an XML file with the descriptions of the detected lung
lesions. In order to extract the nodules and non-nodules, the CT scans were prepro-
cessed and the candidates were extracted [18] which are used as templates for algo-
rithm-1 as shown in Figure 1. The NLST is a randomized clinical trial to assess the
decrease in the mortality in low-dose CT screening done on high-risk individuals. The
exact clinical nodule locations are not given as annotation in NLST dataset. The work
in this paper is accomplished on 622 CT scans among the provided 15000 CT scans.
These CT scans belong to source group of screen-detected lung cancer.

2.2 Detection and description of the image

Detection and description of image features play a crucial role in the different appli-
cations. After extracting features and their descriptors from images, the matching of
similar constructs between images is implemented.

Scale-Invariant Feature Transform (SIFT). The image feature extracted from the
SIFT algorithm has a very high uniqueness, such that it can be used in a large database
for accurate matching. The scale, rotation, illumination and viewpoint can be varied but
still good results are achieved in SIFT algorithm. Constructing a scale space is the initial
preparation which generates internal representations of the original image. The Lapla-
cian of Gaussian (LoG) is great for finding key points in an image using a super-fast
approximation. Maxima and minima are obtained by applying the Difference of Gauss-
ian (DoG) on images. The edges and low contrast regions have been omitted in order
to make the algorithm effective and robust.

Fast Library for Approximate Nearest Neighbours (FLANN). FLANN com-
prises of a wide array of algorithms designed for fast nearest neighbor search in large
datasets having high dimensional features. Two dictionaries are required for FLANN
based matcher. The first dictionary sets out the appropriate algorithm. The second dic-
tionary defines the search criteria to be passed. This dictionary points out the number
of times the trees in the index have to be recursively traversed. To minimize the number
of false matches, the FLANN based matching is done by the distance ratio between the
two nearest matches of the considered key point and is a successful match when this
value is below the threshold. FLANN constructs an effective data structure that will be
used to check for an approximate neighbor.

The algorithm shown in Figure 1 is used for detection and extraction of the abnor-
malities present in NLST dataset.
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1. Find the key-points and descriptors on images and templates by applying SIFT algorithm.

2. Set FLANN parameters (index params, search params and matcher function).

3. Match query image and template image and store all the good matches as per Lowe’s ratio test.

4. Get image and find the number of matches and check for major matches. Compute matches with dis-
tance less than 0.75.

5. Check if number of matches is greater than initialization and get template & query image key-points.

6. Obtain the coordinates of corner points of detected nodule on CT scan image.

Fig. 1. SIFT-FLANN based algorithm to detect and extract features of the abnormalities pre-
sent in lung CT scans

The results of nodule features extracted and matched after applying algorithm 1 are
shown in Figure 2. The left part of the figure shows the NLST lung CT scan image,
with the nodule that we want to detect is marked by red circle. The right part shows the
nodule templates of LIDC-IDRI dataset and NLST lung CT scans where the features
detected are shown in red color and the matched features are shown by green line. In
the figure the different types and sizes of nodules are detected.
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Fig. 2. The detected and matched nodule features obtained using SIFT-FLANN based algo-
rithm

The algorithm shown in Figure 3 is applied to find the exact location of nodules on

NLST CT scans by comparing the matched results obtained on CT scans using FLANN
algorithm with the abnormality variables.
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Provide the detected and matched features obtained
using SIFT & FLANN based algorithm 1 and
compare them with the abnormality variables of
NLST Dataset

.

Detected nodules belong to CT scans of source
group | i.e. screen detected lung cancer

'

Finding nodule abnormalities belong to which study
year of screen (TO or T1 or T2)

.

Notify slice number using sct_slice num variable

'

Compare nodule with location detected with
sct_epi_loc variable which indicates location of
epicenter for non-calcified nodules or masses with =
4 mm diameter

'

Check for margins for non-calcified nodules or
masses with > 4 mm diameter (sct_margins)

.

Consider longest diameter perpendicular to the
longest overall diameter (sct_perp_dia), for non-
calcified nodules or masses with > 4 mm diameter

v

Label correctly identified nodules using Labellmg
tool

Fig. 3. Algorithm for identifying nodules on CT scan among NLST dataset by considering ab-
normality variables

2.3 You Only Look Once (YOLO)v4

Object detection is a core problem in computer vision. The object detection model
is used to identify objects in the feature space. YOLO is a single convolutional network
that simultaneously predicts multiple bounding boxes and class probabilities for those
boxes.

Unlike sliding window and region proposal-based approaches, YOLO sees the com-
plete image during training and test period such that it implicitly encodes qualitative
information regarding classes as well as their appearances. YOLO is incredibly fast and
doesn't require a complicated pipeline. The YOLO architecture allows end-to-end train-
ing while retaining high average accuracy.

In YOLOV4, the adjustment of the scaling factors is done in input, backbone, and
neck regions. Through analysis of state-of-the-art object detectors, it’s found that
CSPDark, which is the backbone of YOLOv4, matches almost all optimal architecture
features obtained by network architecture search technique. Figure 4 shows the archi-
tecture of YOLOV4 in which CSPDark is used in backbone and CSPUp and CSPDown
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sampling is done in the neck blocks. Finally, the nodules are detected and probability
of malignancy in the abnormality is predicted using the detector of the YOLO model.

3*CSPDark. 1024 S 3*CSPDown, 1024 Detection-P5
A ) 1*CSPSPP. 1024 (=3, 5=2) (=3, 5=2)
9*CSPDark. 512 3*CSPUp. 512 3*CSPDown. 512 Detection-P4
(k=3. s=2) (k=1. s=1) k=3, s=2) (k=3. 5=2)
9*CSPDark. 256 3*CSPUp. 256 Detection-P3
(k=3.s=2) k=1, s=1) (k=3, s=2)
3*CSPDark. 128
(k=3. s=2)
Conv, 64
(k=3. s=1)

Fig. 4. YOLOV4 architecture

3 Implementation details and results

The complete algorithm applied for nodule detection in this paper is shown in Figure
5. As the nodule locations are not provided in NLST dataset so in order to find the
similar feature in NLST CT slices, nodule templates are used. These nodule templates
are extracted according to locations provided for CT scans of LIDC-IDRI dataset. As
the feature extraction, matching and labelling requires time so the work is accomplished
on only 622 CT scans belonging to source group category 1 which consists of Screen-
Detected Lung Cancers.

In order to locate the nodules on NLST dataset, the features matched by FLANN are
compared the annotations like abnormality slice number, margin, location and diame-
ter. The nodules were then annotated as Cancer using the Labellmg tool. These labelled
data were divided into train, validation and test sets which are then converted into
pytorch record which are provided as input to the TensorFlow YOLOv4 model. The
performance of our model was visualized on the Tensor board.
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Nodule templates from LIDC-IDRI Selection of CT scan among NLST
dataset dataset for the nodule detection

| |

Algorithm-1: Finding nodule locations in CT scans

!

Compare the matched nodule with following NLST screening CT abnormalities provided
in data dictionary (sct_slice num, sct_epi loc, sct margins and sct perp dia)

I

Manually annotate the lung nodule in CT slice using Labellmg tool

|

Partition the annotated dataset into Train (70%), Validate (20%) and Test (10%)

'

Create label map and configure object detection model

|

Training and evaluation on Train, Validate and Test data using object detection model

|

Monitor the training using Tensorboard

Fig. 5. Algorithm applied for nodule detection on TensorFlow object detection model

3.1  Details of implementation

To validate the proposed algorithm, labelled NLST dataset are divided into training
(70%), validation (20%), and test (10%) sets i.e., 2984, 853 and 350 of training, vali-
dation and test images respectively. This model is provided with 416x416 size of input
image having batch size of 16. The default loU threshold is set to 0.5. In this study,
only one clinical annotation per image is used to represent different types of nodules
present in CT scans. The training time required for proposed single-class nodule detec-
tor is 12 hours on a NVIDIA GeForce RTX 2070 GPU for 1000 epochs.

3.2 Results

The annotated training dataset applied to YOLOv4 model are shown in Figure 6 (a).
Figure 6 (b) and Figure 6 (c) show the results on test dataset in form of annotated
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bounding box and confidence score respectively. The model first finds the location of
nodule in terms of bounding box then based on the features the class name is mentioned
and finally the ground truth and predicted object is used to calculate the confidence

score.

cancer

(b)
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cancer 0.3}

Fig. 6. (a) Annotated training dataset (b) Labelled test dataset and (c) Predicted confidence
score on test dataset

The precision and recall obtained using YOLOv4 model for 0.5 loU threshold are
shown in Figure 7.
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1.0

m=— Recall of 0.81 at 0.5 loU
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Fig. 7. (a) Precision curve (b) Recall curve and (c) Precision-Recall curve

Figure 7 (a) to Figure 7 (c) show the performance curves obtained depicting the pre-
cision and recall values. The results show the achieved precision of 95%, sensitivity of
81% and mean Average Precision (mAP) of 89.1%.

There are varying types and sizes of nodules considered for evaluation of model.
The model first defined the box and then on basis of the features it calculates the ob-
jectness. Figure 8 (a) and Figure 8 (b) show the predicted results obtained on trained
YOLOv4 model. The results show annotated bounding box and confidence score on
cropped images and full CT scan images as shown in Figure 8 (a) and Figure 8 (b)
respectively. The results of Figure 8 (b) show that the nodules are detected accurately
though they are very difficult to be differentiated in presence of similar abnormalities.
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(b)

Fig. 8. Annotated bounding box and confidence score on (a) cropped image and (b) full CT
scan image
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3.3  Comparative evaluation of the proposed method with the existing methods

The performance shown in Table 1 of past literature is applied on datasets having
exact nodule locations. Conversely, in this paper, the nodule locations have been deter-

mined and then the bounding boxes are created.

Table 1. Comparison of results

Authors Performance Dataset Numbers of CT scans
Dou et al. [19] Sensitivity: 67.7% LIDC-IDRI 888
Xie et al. [20] Sensitivity: 74.4% LUNA16 888
Shen et al. [21] Sensitivity: 77% LIDC-IDRI 1010
Ardila et al. [22] Sensitivity: 81.5% NLST 6716
Messay et al. [23] Sensitivity: 82.66% LIDC 84
Sensitivity: 81.1%, .
Yan et al. [24] Precision: 80% DeepLesion 32K
. PASCAL
. ()
Dai et al. [25] mAP: 83.6% VOC 2007 9963
Precision: 59.2 PASCAL
Redmon etal. [9] MAP: 63.4 VOC 2007 9963
Precision: 95%,
Proposed method Sensitivity: 81%, NLST 622
mAP: 89.1%

4 Conclusion and future work plan

Preliminary analysis done by SIFT and FLANN algorithms involves the feature de-
tection and extraction methods to identify the location of nodules in lungs CT scans.
The labelled data are then used as input for YOLOV4 object detection model, the result
of which is found to be accurate in detecting and locating abnormalities on the test
images. The YOLOv4 model generalizes well across all types of nodules, achieving
precision of 95%, sensitivity of 81% and mAP of 89.1%. The findings indicate that an
object detection model could aid radiologists in their practice as a decision support tool
or as a second opinion, but this would involve more validation in a clinical environment.

The subjective nature of the nodule type classification could not be generalized in
this work as different nodule types and sizes were not represented uniformly. As the
NLST dataset does not include the nodule locations, we performed nodule detection as
a reader study under artificial conditions that varied from those found in clinical prac-
tice. These shortcomings in our work are left as future work.
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