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ABSTRACT

Purpose:Female Genital Tuberculosis (FGTB) is found to be a major reason for infertility; but is
currentlyan under-researched medical condition. In order to identify the cause of infertility,
women have to undergo several invasive and expensive tests. Endometrial Tuberculosis accounts
for 70% of infertile FGTB infected patients. Since, TransvaginalUItrasound is the initial non-
invasive investigational mode for infertility assessment; thisresearch is focused on identification
ofendometrial tuberculosis.

Originality:This is a novel effort towards developing a computational method to
identifyEndometrial Tuberculosis withinTransvaginal (TVS) ultrasound images in order to assist
clinicians in identifying infertility without delay.

Methodology:In consultation with medical experts, real time TVS Ultrasound images has been
collected from a leading Hospital in Delhi, India. Different augmentation techniques suitable for
ultrasound imaging have been applied on images of 67 patients to increase the training data size.
Experiments have been conducted implementing different Deep Neural Network models.
Findings:Among all the tested models, the layered architecture of Convolution Neural
Networks, Region Propagation Network and ResNet50 was found to be more effective in
identifying TB in the endometrium. Further, images from 17 patients were collected and used to
test the model, which shows an average predictive accuracy of 84.9% and a F1-measure score of
0.851. The model also recorded a sensitivity of 88%.

KEYWORDS: Female Genital Tuberculosis; Transvaginal Ultrasound Image Analysis; Deep
Learning. Convolution Neural Networks; Endometrial Tuberculosis; Machine Learning.

1. INTRODUCTION

India is in a “Catch-22” situation as the fertility rate is on a dramatic decline as per SRS
statistical Report 2016 presented in National Health Policy, 2018.According to
Dr.SamaBhargava, an IVF expert and Consultant, Fortis Hospital, Noida, in her article in
Diplomat dated 30" May 2018 “Infertility is an under-researched condition that is wrecking
marriages and even people’s lives”. Infertility patients are exposed to invasive and expensive
tests at the private centres without preliminary normal investigations.Unexplained Infertility is
then further investigated making it dreadful for the patient.

“GTB lying dormant in the uterus decreases anti-Mullerian hormone (AMH) levels by 30%
leading to poor egg quality and count leading to infertility establishing as the reason of failed in-
vitro fertilization”, as per IVF specialist, Dr. Padma Rekhalirge (Jirge, 2016). The biggest
presentation of FGTB is Infertility (Jahromi,et al.,2001; Sharma, 2015).AlIMS recorded 26%
prevalence of FGTB in infertile women and an incidence of 42.5% cases of infertility in FGTB
(Sharma et al. 2016). About25% of Indian women seeking Assisted Reproduction
Techniquessuffered from GTB and about 50% women with tubal infertility had GTB and a large
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number of women earlier diagnosed with TB approached the doctor for infertility (Grace et al.,
2017; Legro, R. S. et al., 2016). Hence, the gravity of GTB on infertility can be
understood.Diagnostic technique of GTB should be highly sensitive, quick and reliable in its
early stage leaving a possibility of cure before the tubes are damaged beyond recovery. These are
generally the endometrium in 70% FGTB cases and 10-15% ovarian involvement in a TVS
ultrasound image (Sharma et al., 2016). As per the WHO, diagnosis of EPTB should be made on
the basis of ’one culture-positive specimen, or positive histology or strong clinical evidence
consistent with active EPTB’ (WHO, 2016).

FGTB diagnosis involves presence of unexplained infertility with other pelvic symptoms, past
history of personal or contact TB and an abnormal chest X-ray. Probable diagnosis using
Ultrasound abnormalities include endometrial complications of thinning, hyper-echogenicity and
distortion or presence of endometrial fluid could initiate an anti-tubercular treatment.With
inconclusive findings, further investigations for histopathological and microbiological evidence
with endometrial biopsy were suggested. Further, hysteroscopy, laparoscopy or surgery
obtainedthe tissue and an AFB stain could confirm the diagnosis.

Recently, Transvaginal(TVS) Ultrasound has become the most powerful tool for the
investigation and management of female infertility and is well accepted. When a patient
approaches a specialist for Infertility, a Transvaginal Ultrasound is always done for initial
investigation. During this if the patient is suffering from FGTB it should be diagnosed before
any other invasive methods are used to further investigate the cause of Infertility. But, manual
image interpretation, human limitations and large inter-grader variability in medical diagnosis
are the major roadblocks. The limitation is the subjectivity that can also result in erroneous
reporting reducing benefits. Training and gaining experience to be an excellent radiologist is
long term, thus a computational method becomes a powerful assisting tool for objective
diagnosis.Computer assisted research is required within developing countries where the global
burden of infertility is the greatest, requiring greater emphasis on innovative, fast, safe and cost-
effective solutions to sub-fertility / infertility diagnosis.

Although such methods exploiting ultrasound images exist, but those arefound suitable for
thyroid nodule diagnosis (Nugroho et al., 2019), carotid image classification, the breast and liver
cancer, the gastroenteric and cardiovascular diseases, spine curvature, and the muscle disease
(Shung,2011); there is no such effort made for developing computational methods for assisting in
diagnosis of FGTB from Ultrasound images. In recent past, machine learning algorithms have
been successfully used to develop these methods for other medical issues. The efficiency of such
models depends on presentation of meaningful data for training. Since, Ultrasound images are
inherently ill-defined; therefore it becomes difficult to extract meaningful features for
differentiating between normal and abnormal patterns. Although machine learning approaches
have been used very effectively for diagnosis using computational expertise; feature extraction
still remains a big challenge. Deep Learning models actually overcome this problem of
segmentation and handcrafted feature extraction (Liu et al., 2019). Using deep learning models
automatic features are extracted outperforming the traditional classification (Khan, et al.,
2019).Recently Deep Learning in medical imaging is effectively used for detection of Cancers
(Yassin et al., 2018), Diabetic Retinopathy(Mansour, 2018), Histological and Microscopical
Elements, Gastrointestinal (GI) Diseases, Cardiac Imaging, Tumour, Alzheimer’s and
Parkinson’s Diseases. Very recently it has successfully predicted Alzheimer’s six years before
the onset (Razavi, et al., 2019).GooglLeNet was used for breast lesion detection with 90%
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accuracy (Han et al., 2017).VGGNet and fully connected network was used for liver lesions with
93% accuracy ((Meng et al., 2017)whereas feature extraction using CNN andSVM
classificationachieved 96.8% accuracy (Liu et al, 2017;Huang et al., 2018). CNN was used for
feature extraction and LSTM for classifying Fetal Ultrasound Standard Plane detection with 86%
accuracy (Chen et al., 2015). For thyroid nodules,GoogLeNetreported 99.13% accuracy(Chi et
al., 2017).

In this paper focus is on identification of endometrial tuberculosis within TVS ultrasound
images. Various CNN models have been used for the identification task. A brief study of these
learning models in image analysis, issues and purpose of evolution are discussed in the section
2.The detailed approach is explained in section 3. The medical data collection and augmentation
using different augmentation methods suitable methods for ultrasound images is described in
section 3.1. The proposed algorithm and the experimental results are discussed in section 3.2 and
section 4 respectively.

2. CONVOLUTION NEURAL NETWORKS IN IMAGEANALYSIS AND RELATED
ISSUES

Convolutional Neural Network (CNN)(Krizhevsky et al., 2012) is a Deep Neural Network for
the image classification, object detection and segmentation with strong neighbour data
correlations. A typical CNN architecture has a series of convolution and pooling layers followed
finally by multiple fully connected layers. The convolution layers apply filters acting as feature
extractors producing feature maps as input at each layer.Pooling layer then increases robustness
to spatial variations (feature shifting or scaling) along with dimensionality reduction. AlexNet
(Krizhevsky et al., 2012), the most well-known, general classification CNN architecture
outperforms the fully connected neural networks and the existing machine learning
methodologies in image classification on ImageNet.AlexNet has five convolution layers, three
pooling layers, and two fully-connected layers with approximately 60 million free parameters.

More complex CNN models have larger number of parameters and can learn both local and
global structures in images performing very well in CAD classification problems. Deeper
architectures likeGoogLeNet [21 layers] and VGG [13-16 layers] emerged later in 2014 and
2015 respectively(Szegedy et al.,2014; Simonyan and Zisserman,2015). VGG is a simple model
replacing large(11 x 11 and 5 x 5) kernel-sized filters in the early convolutional layer of AlexNet
with stacked 3x3 convolution and pooling layers followed by fully connected layers. Two
stacked 3x3 convolution layers create a receptive field similar to 5x5. And 3 stacked 3x3 produce
a receptive field similar to 7 x 7. Multiple ReLUfunctions also introduce more non-linearity.

However, due to exploding and vanishing gradients, there is a loss of generalization after a
certain depth (Simonyan and Zisserman, 2015). Therefore, thereis a need to identify sufficient
number of layers that could handle the non-linearity in the given classification problem.This
problem of training deeper networks has been reduced by introducing a new neural network layer,
the residual block. These residual connections make it easier and faster to train as compared to
other very deep models; VGGNet and GooglLeNet. This improves on learning capability for
classification and object detection (He et al., 2016). Also they introduce an “identity shortcut”
connection skipping one or more layers making them more efficient than the stacked
models.ResNet50 surpassed human performance on the ImageNet dataset (He et al., 2015; Alom,
et al., 2018) as the gradients could flow directly through skip connections backwards from later
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layers to initial filters. Early layers of deeper models can be replaced with a shallow network and
remaining layers are identity functions. Each identity block in ResNet50 is 3-layers deep. This
enhances training speed of the deep networks and reduces number of parameters by increasing
the network’s depth instead of width. It achieves higher accuracy in Image Classification
(Grossman, 2019).

Further, using Region Propagation Network for Object Detection(Ren et al., 2016) increased
recognitions abilities of CNNs. The feature maps from the CNN model serves as input to a RPN
returning an object proposal or Region of interest, with a score, object-ness score denoting the
presence and absence of an object in the region.Anchors are bounding boxes are rectangular but
with different size and aspect ratio. A feature map has 3 dimensions; height, width and depth, so
anchor has the same height and width. RPN takes anchors separated by a stride given by r
pixels.It scans over the feature maps by sliding the anchor boxes of multiple scales and aspect
ratio calculating two scores indicating the presence of an object and the bounding box regression
which could be used to fit to the actual object better during CNN processing. The convolution
feature maps from the CNN is passed through a 3 x 3 filter. Further they are passed through two
parallel 1x1 filters with number of channels being channel dependent. Redundant regions are
obtained by RPN as multiple regions are proposed for the same object. Then non-maximum
suppression based on the class score narrows down the number of regions of interest (ROISs).
ROTI’s are converted into fixed-sized vectors through ROI pooling and input to a fully connected
layer. Bounding box regression layer outputs 4 parameters (coordinates of centre pixel, width
and height or (x,y) coordinates of two diagonally opposite points of a box) for the bounding box
whereas the classification layer gives the object-ness score of the box (for both background and
foreground). It is conducted in a supervised manner by fully connected layer.

In medical research as the availability of labelled data is unfortunately scarce, therefore Transfer
Learning is preferred (Pan et al., 2009; Tan et al., 2018). It is a machine learning method used in
predictive modelling when a model developed for one classification task is used as the initial
starting point for the other classification task resulting in training speedup and also improves the
performance of the deep learning model. Training a deep learning model from scratch is very
expensive therefore transfer learning uses pre-trained weights for initial layers and then fine
tunes for further layers.

In this paper, a deep learning computational model of identifying endometrial tuberculosis
underlying female genital tuberculosis in TVS ultrasound images of infertility patients is being
presented. The aim is tohere isto identifyEndometrial TB by recognizing, classifying and
localizingpotential regions of interestwithin the presented ultrasound image. We explore the use
of TVS Ultrasound in the disease as it is non- invasive and easy to perform. Due to lack of prior
knowledge for extracting suitable features from ultrasound images to characterize Endometrial
TB, it is quite a challenging problemin ill-defined ultrasound images. Therefore, DNN
framework is used for the problem in hand.For improved performance, current focus of the
researchers in the field of DNN are on implementation of larger networks like ResNet, VGGNet
etc. or use of multiple networks, where after independent processing the responses are combined.
But, there are problems for which simple DNN such as AlexNet is also performing well and it
doesn’t require using a complex network structure.Here, aim wasto find a suitable DNN model
for Endometrial TB classification from ultrasound images. Strengths of different deep neural
networks have been explored to design a layered approach for automated diagnosis of
Endometrial TB in TVS ultrasound images.The DNN architecture inspired by faster RCNN (Ren
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et al., 2015) has shown the better performance for the dataset in hand. For small datasets, DNNs
don’t perform well; therefore, suitable augmentation techniques have been applied to increase
the data size.

3. PROPOSED METHOD

The process of identifying Endometrial TB in the ultrasound image involves four main tasks;
Data preprocessing, feature extraction, potential region proposal and finally classification of the
presented image as Normal and Abnormal.The preprocessing task involves data augmentation to
increase the dataset size.The augmentation methods are chosen in order to make the method
rotation, translation and contrast invariant. Feature extraction, region proposal and classification
are implemented using Convolutional Neural Network.The detailed methodology is explained in
the following sections.

3.1Data Collection and Augmentation

For identification of infertility due to Endometrial TB, USG images of patients coming to Sai
Clinic, Delhi, India is collected under the supervision of Dr.VibhaBansal. For the dataset shared,
images of 67 patients[31 normal and 36 abnormal]have been acquired usingVoluson P8
Ultrasound machine.TVS USG imaging modality has been used andthey are labeled using her
expertise. During the period of our study (September 2016—February 2019), the samples from
infertile women visiting the gynecologists at two centers in Delhi and Ghaziabad were
analyzed.The inclusion criteria was based on patient history of symptoms varying
fromunexplained infertility in age group of 18-40 years, absent or irregular menstruation cycle
with scanty flow, pelvic pain, and other menstrual disorders like painful cramps, general
weakness and at times excessive bleeding leading to the abortions.The exclusion
criteria considered women above reproductive age of 40 vyears, pulmonary tuberculosis
suggestive patients with normal examinations of both abdomen and vagina, pregnant and nursing
women.

(f)
Fig. 1 Sample Dataset Images (a) Original image (b)-(f) Sample augmented images
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Limited annotated datasets pose a challenge for CNN learning so data augmentation techniques
which are meaningful for ultrasound imaging have been used. This includes five random
repetitions of each of following techniques; rotation of -20 degree to +20 degree with random
left right flip and translation of 25-50 pixels in all the four directions. Speckle noise is an
inherent property of ultrasound imaging that normally reduces contrast in the image. Another
augmentation method of adding contrast ranging from -4 to +4 intensity values is used to
generate 2 additional images per patient. This increases dataset size by twelve times to generate a
total of 871 images. Using these techniques reduces the problem of over-fitting in CNN due to
lesser number of images originally available. The dataset now contains 871 annotated image
slices and 2 labels, namely normal and abnormal. The images were finally resized to 224 x 224.
Original image sample is shown below in Fig. 1(a) and few augmented images are shown in Fig.

1(b)-(F).

The bounding box and labeling procedure for the dataset was done by the expert. These
bounding boxes were actually the Region of Interest (ROI), expert deems important for the
diagnosis. These bounded and labeled imagesare used as ground truths fortraining and
validatingthe model. To create a bias free dataset, stratified random sampling was done and data
was divided into training and validation in the ratio of 70:30. For testing the model’s prediction
ability, 17 new images (7 normal and 10 abnormal)were collected from new patients.

3.2 Deep Neural Network basedEndometrial Tuberculosisdetection

The images in the training dataset prepared are presented to a pre-trained CNN network of
ResNet50. It is used as the backbone network to extract the feature maps of the image (F). These
1024 feature maps are extracted at activations_40 ReLU layer. Then these maps are passed to a
Region Proposal Network(RPN) and object proposals thus are obtained by training the bounding
box regression and classification layer minimizing the losses.These Proposals(RP) and the
original Feature maps(F) now pass to the residual convolution layers of the backbone network
extracting advanced feature maps of only the proposed regions given by RPN by sending the
boundary coordinates and objectness of the bounding box. These are then forwarded to ROI
pooling layer to return a fixed size feature map. Then, fully connected layers useSoftmaxfor final
object classification and bounding boxes prediction. The algorithm for the above proposed
approach is described as below.

Input:TransvaginalUItrasound imagesly, 1o 13 14 1s .. In
Output: Classified Image with a bounding box around the Region of Interest (Abnormal or
Normal) with a probability /confidence score associated with each boundingboxand class label.
Accuracy is returned based on correct classification with the model.
Process:

1) For each training image, I; (where i =1to N)

2) li=read an image from the folder

3) Net=ResNet50/*Load pre-trained network (Transfer Learning).

4) Layer= activations_40_Rel U /* Extract the feature map F at current layer
5) F=ResNet50(l; , Layer) /* Feature map of size [14,14,1024] returned

6) Do7) till a specified number of epochs or loss< =0.05

7) RPi[objectness_score,, bounding_ boxDeltas] = Region_Proposal_Network(F) /*
Connect the Feature extraction layer above with RPNetwork.(3 x 3onvolution layer and
then to 1 x 1 Classification and regression Layers.
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8) New_Layer =conv 5 0

9) FP =ResNet50(New_Layer, F, RPi) /* Feature map of proposals

10) O; = ROI_Pooling(FP) /* ROI pooling layer gives fixed size features maps of regions.
11) Do step 12) for epochs= 14K or loss<=0.05 /* Total Loss,L = L¢;s + Lpox

12) [classification_score,bounding_box_coordinates]= classify(Softmax, O;)

Bounding box
Regression

Regions «+—p (Bounding box

Proposals co-ordinates)
RENJ 12
anchors) [—# .
Bounding Box
(RP) Classification
o U
(Dbjsctness
score)

Convolution Layers with activations_40 RELu
RP=Region Proposal Network (F)

Bounding Box

RO
Regrassion -

and Pooling
Clzssification .
(F, BRI
; R?I FC a1 Feature
eature .
vector || layer [«| OPifixed [*| Maps of CcE:n:_
Output Image with Classified SiZE.. RRQRQQM -
Bounding Box feqture (FP)
map

Advanced Feature map of the proposals

yzing. Cenvelution fayer 5_x
Fig. 2 Process of Endometrial Tuberculosis identification and classification

The pre-trained CNN network, ResNet50 is initialized for transfer learning to our dataset. The
existing fully connected layers for classification are removed and a Region Proposal Network
connected after the feature extraction layer (activations 40 RelLU layer). Images are then
passed through the network and 1024 feature maps (F) of size 14 x 14 are returned at this point.
Now the RP Network with a 3 x 3 convolution layer generates the region proposals which are
fine-tuned using the two layers, a 1 x 1 Bounding Box Classification(convolution layer and again
a 1 x 1 bounding Box regression convolution layer).The network is then fine-tuned for the given
number of epochs so that the model converges to allowed loss. Region proposals (RP;) with 4 co-
ordinates for the bounding box dimension and an objectness score is returned in the structure.
This structure in conjunction with the feature map (F) pass through the remaining convolutional
layers for feature map of the proposals (FP). They are of varied anchor sizes. To make them of a
fixed size (Oi), ROI_Pooling layer is used. Then a ROI_feature vector through a fully connected
layer is generated for classification using Softmax. The classifier returns the bounding box
coordinates with the confidence score for a class.

Once the model is trained, it can be presented with ultrasound image of a patient toidentify
Endometrial TB if any. The process is as shown in the Fig. 2 above.
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4. IMPLEMENTATION, RESULTS AND ANALYSIS

Intel 17 4th generation CPU and NVIDIA 760M graphics processing unit has been used for
implementation.The learning models are pretrainedon ImageNet dataset. Here we used Tensor-
flow-slim model Library which is a deep learning framework with Python language.Caffe model
was used for implementation of AlexNet.

Different deep neural networks such as Region Proposal Network with ResNet50, Convolution
Neural Networks of three and five layers with SVM classifier, AlexNetwith Softmax Layer and
then AlexNet with SVM classifier (after extracting features at ReLU_5 after Convolution layer
5), CNN and RPN with VGG16are implemented and experimented with the prepared dataset.

4.1 Model Configurations and Parameter Settings

The input layer for each network contains 50,176 neurons and output layer has 2 neurons. The
configuration of the fully connected layers is the same in all networks.Rectified Linear Unit
(ReLU) activation function have been used in all convolution layers and in all the networks as it
trains faster by diminishing vanishing gradient problem. It is defined as given by equation 1.

fx) =maxi€0,x) ..o (1)

The initial learning rate (initial_g) for all the networks is initialized to 0.001; momentum to 0.9
and decay to 0.01. The learning rate for the current iteration, LR is given by equation 2.

s e 1
LR = initial;p * (W) ........................ (2)

The optimizer used in all the networks was Adam. The number of epochs is set to 14K and
momentum was fixed to 0.9 experimentally. Horizontal and vertical stride has been set to 16.L.2
regularizer(ridge loss) is used for localization.

CNN model with three layers and five layers have two and four convolution layers respectively
with a filter size of 7 x 7 in the beginning and 3 x 3 in later layers.

AlexNet with Softmax Layer was composed of five convolutional layers followed by 3 fully
connected layers.The filter size of first convolution layer was 11 x 11 followed by a 5 x 5 filter
in the second layer. Rest of the layers have a size of 3x3.

AlexNet with SVM classifier has five convolution layers and the three fully connected layers of
AlexNet were replaced by the Linear SVM (Support Vector Machine) classifier.

VGG16 uses 3x3 filters with a small receptive field. The stride was fixed to 16 and the padding
was 1 pixel for convolution layers. Five max-pooling layers of size 2 x 2 and a stride of 2 are
used. Three Fully-Connected (FC) layers follow a stack of 13 convolutional layers and the final
layer was the Softmax layer. Feature extraction was done at conv5_1 layer.

A ResNet50 network has 49 convolution layers and 1 fully connected layer. It was initialized
with a 7 x 7 filter followed by a 3 x 3 max pooling layer and a stride of 2. Four more blocks of
convolution layers comprising of 3 convolution layers of sizes 1 x 1, 3 x 3 and 1 x 1 are then
added with identity mapping as a memory function.

For the Region Proposal Networks,12 anchors of scale [0.25, 0.50, 1.0, and 2.0] and aspect ratio
[0.50, 1.0, and 2.0] are being used. This network was fully connected to a 3 x 3 spatial window
of the input convolution feature map. Each sliding window was mapped to a lower-dimensional
vector of 512-d. This was followed by two 1 x 1 convolution layers for theregressor and the
classifier. For every window 12 regions are proposed with regressor giving the 4 coordinates for
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the bounding box and classifier giving score for object-ness (presence of an object). Stride of 1
was used. Smooth L1 with smoothing parameter of 0.6was used.A distance metric defined as
Intersection over Union, (loU) was set to be greater than or equal to 0.6 for foreground and less
than or equal to 0.1 for background.Object detection system extracts a maximum of 300 region
proposals using Non Maximal Suppression (NMS) technique.

4.1.1 Loss Functions

Both the models using CNN with RPN involve four different losses;classification and
localization losses each for region proposal Network and classification network.Regression loss
was calculated only for foreground anchors. Total Loss, L is the weightedsum of classification
loss and bounding box (localization) loss in both proposal and detector networks as given in
Equation 3:

L =wl % LCLS + w2 * LBOX ............................................ (3)

The weight parameters set as w1=0.6 ; w2 =0.4 in order to give more weightage to
classification loss. Classification Loss is given in Equation 4, where p(i) is the predicted
bounding box and a(i) is the actual ground truth box provided by the expert. Intersection between
the two is used with an loU metric and using NMS techniques and loss optimization, the boxes
are finally proposed. The localization losses,Lgoy are given as L1 smooth loss between ground
truth box and bounding box coordinates.

Lers(p(D), a(D) = XiZp —a (@) logp(@) — (1 — a(®)log (1 —p(D))....... (4)

Lpox = XiZ0 a(D). L_1gpp0 n (cOOTdinatesy,egicreq — coordinates,eryq; )-- ... (5)

These losses are accumulated according to Equation 3 to find total losses for the proposed model.
4.2Training and Validation

Pre-trained models were initialized and transfer learning was used. The weights obtained for
earlier dataset were used to fine-tune the model at later layers for faster and better performance.
The training procedure was done after feature extraction step.For all the network models, a 5-
fold validation was performed.

CNN with 3 layers and SVM classifier had an accuracy of 66% whereas a CNN with 5 layers
and SVM classifier had an accuracy of 68.01%. AlexNet with Softmax layer has an average
accuracy of 68.4%. The Softmax layer when replaced with SVM results in an increment of 8%
giving an average accuracy of 76.24%.This shows that the earlier layers contain generic features
e.g. edge detectors or textural features that are useful for finding abnormality in ultrasound
image. These networks only helped us classify the images as normal and abnormal automatically
extracting features from the whole image presented.The two CNN models implemented with
RPN have VGG16 and ResNet50. The Region Proposal Network (RPN) with CNN (as explained
in Section 2) has an improved abnormality identification ability due to ROI localization and
feature extraction at an intermediate layer. RPN with VGG16 for object identification and
classification recorded an average accuracy of 83.1%. When ResNet50 was used the metric
achieved 85.73%. It is graphically represented in Fig. 3 below.
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Fig. 3 Training Accuracies for the various models

For classification, sparse cross-entropy was used and Smooth L1 lossfunction was used for
bounding box. Total losses using the Equation 3 wasobtained for both the networks in different
epochs. Region Localization or Lgox loss for Region Proposal Modelwas shown in Fig.4 for
VGG16 and ResNet50 respectively. The X- axis gives the number of epochs and the Y-axis
represents the loss.
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Fig.4: Localization Loss for Bonding Box from Region Proposal Model

It can be observed from the graphs above that ResNet50 converged much faster in 3K epochs
and more accurate bounding box were returned. Similarly, bounding box proposals at
classification stage result in another set of Regression Loss Lgox. Fig.5give the respective
Bounding Box classification loss for the above networks. The X- axis gives the number of
epochs and the Y-axis represents the loss. It can be seen that the losses converge faster initially
and final convergence was achieved in 3K epochs in ResNet50 as compared to VGG16. We can
now say that for Lgox losses in both detector and classifier network converge faster in ResNet50.
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Fig. 5: Bounding Box Regression Loss from Detector Model

Classification losses or Lcis (computed using Equation 4) at the object detector networkresult in
classification of a region for presence of an object (foreground) or the absence (background). It is
shown below in Fig. 6 for the two networks respectively.The X- axis gives the number of epochs
and the Y-axis represents the loss.
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Fig6:Objectness Loss or Region Classification Loss from Region Proposal Model

The region classification was accurately done in 2K epochs only with little changes later. Fig. 7
gives the Lcs comparison of the two networks at the classification stage. The X- axis gives the
number of epochs and the Y-axis represents the loss.
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Fig.7 Classification Loss from Detector model

Classification loss in ResNet50 converged after 5K epochs. A high probability of presence of the
object in the region was signified.Summing up all the losses giving more weightage to
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classification losses as compared to regression losses gives us the Total Loss function of the
models as shown in Fig.8. The X- axis gives the number of epochs and the Y-axis represents the
loss.

_-Fig.8: Total Loss from classification and regreés-ion of Proposal and Detector Networks

Total Loss in RPN+ResNet50 started converging at 5K epochs, much earlier than RPN+VGG16
model and this can be verified in Fig. 8 above. ResNet50 performs better for region localization
and objectness loss.Our accurately generated bounding box can actually mark the Region of
Interest and assist the ultrasonologists /clinicians. When implemented with VGG16, the average
training accuracy was 83.1% whereas with ResNet50, average accuracy was 85.73%.

4.3Predictive Performance Analysis

Trained models were experimented with test TVS images of 17 new patients to perform the
predictive analysis.The predictive performance of the different models were captured from which
the True Positives, True Negatives, False Positives, False Negatives were recorded. Different
metrics used to analyze the performances are as shown in the Table 1. Sensitivity describes
proportion of patients having TB being correctly identified as having TB whereas Specificity
gives the proportion of non - TB cases that were correctly predicted. Sensitivity is more
important here as we do not want to miss a TB patient in the preliminary examination whereas if
a non-TB case is classified wrongly, the correlating symptoms and further investigations would
rule out such cases.F1 measure is a single measure that considers sensitivity and percentage of
correctly predicted TB cases.

CNN (3 layers) and CNN (5 layers) with SVM classifier when compared show that there was an
overall improvement in all the metrics when the number of layers was increased. This means
deeper the network, better the feature extraction as more complex features are extracted. AlexNet
with 8 layers, further increased the accuracy but sensitivity decreased. This was not desirable,
and on changing the classification from Softmax to SVM there was an increase in all metrics.

Table 1: Performance Measures of various Deep Learning Architecture on the dataset

Architectures Mean Sensitivity Specificity F1-
Accuracy(Testing) measure

CNN (3 layers) + SVM 0.607 0.67 0.55 0.61

classifier

CNN (5 layers) + SVM 0.666 0.72 0.62 0.66

classifier
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AlexNet + Softmax Layer  0.677 0.63 0.71 0.66
AlexNet + SVM classifier 0.74 0.77 0.71 0.74
RPN+ VGGNet-16 0.818 0.81 0.824 0.81
RPN+ ResNet50 0.849 0.88 0.813 0.851

Further, RPN with deeper CNN’s, VGG16 and ResNet50 showed better accuracy, sensitivity,
specificity and F1 measure. Though the accuracy of ResNet50 turned out to be better but the
specificity of VGG16 was better.With the analysis above, RPN with ResNet50 executed for 4K
epochs only was able to identify abnormal imagewith maximum accuracy as compared to other
models.ResNet50, though deeper is less complex and trains faster than VGG16. The mean
accuracy also increased by 3.1% when ResNet50 was used. A F1 score of 0.851 and the
sensitivity measure of 88% was observed.

Sample output with identified bounding box around the object and classification as normal or
abnormal with a confidence score of classification by ResNet50 are shown in Fig. 9.

70%

| W3-174
¢ /;6.1:?}
¥l / /
/477 //,’l
/
e (
7 z £

RPN+ResNet50.

4. CONCLUSION

Genital TB is one of the major contributor to cause of rising femaleinfertility in India and other
developing countries, but reported cases are much less as the symptoms are varied and at times
non-existent making the diagnosis pretty challenging. In this paper, computational method using
deep learning is proposed for abnormality localization and identification of endometrial
tuberculosis in the presented ultrasound images. In the network model, RPN has been used to
localize the tubercular region and CNN with ResNet50 is used for prediction. The model has
yielded mean predictive accuracy of 84.9% and a F1 score of 0.851for the dataset in hand.
Further, the sensitivity shown by the model is 88%.

Deep Learning for ultrasoundimaging to identify Endometrial TB in infertility patients could
prove to be a major breakthrough. If TB is the reason of infertility, as it is in most of the cases,
then this early detection during the initial phases of investigation will be a great relief. In this
paper we have used only ultrasound image analysis using a deep neural network model; in future
we are planning to integrate medical expertise and knowledge to further improve the model
efficiency.
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