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Abstract

In the midst of the sperm infertility problem across the
United States, identifying and classifying viable sperm, es-
pecially among those with a lower sperm count, is an
emerging research field. There has been relatively little re-
search in this field that has taken advantage of deep learn-
ing. Here, we hope to use deep learning image detection
and segmentation techniques to not only identify sperm from
an image, but also determine whether it is viable for in-vitro
fertilization (IVF) in an effort to streamline the IVF process.
The dataset of around 1100 images was graciously provided
by Stanford embryologists. After performing augmentation
on the data, we had around 4400 images to work with.

We explored state-of-the-art algorithms for object detec-
tion and classification, such as the YOLOv3 and Faster-
RCNN architectures. We achieved decent results, but noted
some modification in the dataset that could make it easier
to train in the future.

1. Introduction

Currently, there is a sperm infertility problem sweep-
ing across the nation, where sperm are becoming less vi-
able for IVF and fertilization in general. We are working
with Stanford Medicine to tackle this problem using deep
learning and computer vision. Our data consists of a few
thousand images of testicular tissue from patients suffering
from cancer and other clinical situations that may involve a
low sperm count. Our task is to develop a model capable
of first extracting sperm from an image, then labeling that
specific sperm as “normal” or “abnormal.” This is normally
a very time-consuming task for a human expert to manu-
ally inspect these images and locate the sperm and label it
as normal or abnormal. We think that automating this pro-
cess can save time and at the same time, provide accurate
results. Afterwards, viable sperm could be used for intra-
cytoplasmic sperm injection (ICSI) methods, and could end
up helping couples conceive through in-vitro fertilization
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methods.

This idea is fairly novel, and there has not been much
research in the area. Recently, in April 2019, researchers
at Stanford Hospital were able to classify rare spermato-
zoa from other types of cells, such as “red blood cells,
white blood cells, Sertoli cells, spermatogenic precursors
(i.e. spermatgonia, spermatocytes, spermatids) and debris”
with decently high accuracy using deep convolutional neu-
ral networks [[7]. We would like to build on this research by
introducing detection and more specific classification into
categories of “normal” and ”abnormal.” We are looking into
object detection and segmentation frameworks for a two-
tiered approach to solve this problem.

The given input for our model will be an image con-
taining either normal sperm or abnormal sperm (or both)
along with its bounding boxes and labels, stored in text for-
mat. We will run it through some sort of convolutional net-
work created for object detection and classification, in our
case the state-of-the-art YOLOv3 and Faster-RCNN mod-
els. The model will give us bounding boxes coordinates
and any labels of sperm that it identifies.

2. Related Work

The current methods for sperm detection largely rest on
computer-assisted sperm analysis (CASA), which greatly
relies on the motion of the sperm to detect the morphol-
ogy. Though the systems are promising, they are relatively
expensive and still need to go through a validation and stan-
dardization process [[L][8]. Additionally, current research
shows that current CASA processes are less accurate than
expert prediction, and thus still requires work in the future
[10].

It has recently been suggested that deep learning be used
to automate the process. Earlier, we mentioned that re-
searchers at Stanford were able to classify sperm, amongst
a host of different other types of cells, achieving an accu-
racy rate of about 70%, which was less than the expert rate
of 93% [[7]. This suggests that deep learning has potential
but still needs to be refined. Additionally, the same lab at



Stanford was able to use convolutional neural networks to
distinguish between types of zygotes with accuracy simi-
lar to that of an expert[14]. Though the difference between
normal and abnormal sperm may be more subtle, this shows
that convolutional neural networks can certainly be on-par
with experts when classifying some types of data.

Current non-Al methods for detection and segmentation
largely rely on edge-finding, curve fitting, and advanced
mathematical equations and have been shown to do a good
job of being able to identify sperm [3]. Additionally, con-
sidering detection, researchers have also been able to detect
sperm within a picture with high accuracy of over 90% us-
ing 2-conv and 3-conv network [6]. However, it is unclear
how the method proposed bounding box areas, and the pa-
per lacked results images showing identified sperm. These
papers also do not go into how to classify the sperm as nor-
mal or abnormal.

As for our classification step, we were able to find a pa-
per on the morphological classification of sperm heads [15].
Using a multi-layer perceptron, the researchers were able to
separate sperm into groups based on the sperm-head shape.
This is promising; however it required images of just sperm
heads, which we did not use.

As current state-of-the-art methods have not yet been ap-
plied to sperm images, we researched methods for detec-
tion and classification that have been used in other medi-
cal imaging projects. The YOLO (You-Only-Look-Once)
model was applied to lung cancer samples with great pre-
cision and sensitivity, both around 90% [13]], which could
be a promising place to start. Similarly, the Faster-RCNN
network has been used in medical imaging to distinguish
different types of blood cells in malaria at a nearly expert
level [5]]. These two methods are proven to work in a medi-
cal setting, and would be valuable to consider.

3. Methods
3.1. YOLOvV3

For this task, we looked into general methods that could
label classes from an image. We looked into traditional
architectures and algorithms used to train ImageNet and
CoCo models.

One of the deep learning algorithms we used for our
project was YOLOV3.

Classifiers like VGGNet or Inception can be converted
into object detectors by using sliding a window across the
image. At each step, you run the classifier to get a predic-
tion about the object that is inside the current window. This
gives hundreds or thousands of predictions for the image,
but we keep only the ones that the classifier is most certain
about.

While this approach works, it is very slow, since you
need to run the classifier many times. YOLO takes a com-

pletely different approach. YOLO only looks at the image
once (hence its name: You Only Look Once) but in a clever
way [4].

It divides up the image into a grid of 13 by 13 cells like

Figure[T]
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Figure 1. YOLO divides image into 13 x 13 cells

Each of these cells is responsible for predicting 5 bound-
ing boxes. It also outputs a confidence score that tells us
how certain it is that the predicted bounding box actually
encloses an object. The confidence score is not indicative
of what kind of object is enclosed by the bounding box, just
if the bounding box actually contains an object.

The predicted bounding boxes may look something like
figure 2] (the higher the confidence score, the fatter the box
is drawn):
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Figure 2. Each cell predicts 5 bounding boxes

Each cell also predicts a class for each bounding box.
This works exactly like a classifier: it gives a probability
distribution over all the possible classes. The confidence



scores of the bounding box and class prediction are com-
bined into a final score which tells us the probability that
the bounding box contains a specific type of object, like fig-

ure 3

Figure 3. The fat yellow bounding box is 85% sure it contains the
object ”dog”.

There are 13 x 13 = 169 grid cells, each cell predicting
5 bounding boxes. Hence, we end up with 169 x 5 = 845
bounding boxes in total. It turns out that most of these boxes
will have very low so we only keep the boxes whose final
score is 30% or more (the 30% threshold is the default and
can be changed as well, depending on how accurate we want
the detector to be).

The final prediction is then something like figure F}

Figure 4. Each cell predicts 5 bounding boxes

From the 845 total bounding boxes we only kept the
three in 4] because they gave the best results. But note that
even though there were 845 separate predictions, they were
all made at the same time the neural network just ran once.

While using YOLO in our project, we used the Mean
Squared Error (MSE) loss to optimize for z-y and w-h,
cross entropy (CE) loss to optimize for class confidence,
and binary cross entropy (BCE) loss to optimize for the
bounding box offset prediction. Below, we write the for-
mulas for each of these loss functions:

1 — N
MSE = 52(1@ —Y;)?

N
CE = Z Yo,c 10g(p0,c)

c=1

N
1
BCE = —+ ;(y log(p(y:)) + (1 — yi) log(1 — p(u:))
While the z-y and w-h deal with the dimensions of the
bounding box, the bounding box offset refers to exact loca-
tion of the bounding box in the image.

3.2. Faster-RCNN

One of the other frameworks we tried was Faster-RCNN.
Faster-RCNN is one of the most well known object detec-
tion neural networks. It is the modified version of Fast
RCNN. The major difference between them is that Fast
RCNN uses selective search for generating Regions of In-
terest, while Faster RCNN uses Region Proposal Network,
aka RPN. RPN takes image feature maps as an input and
generates a set of object proposals, each with an objectness
score as output. This method was covered in the Object De-
tection lecture of class.

4. Dataset and Features
4.1. Raw Dataset

The raw dataset that we were given consisted of 1110
images which consisted of one or more sperm. Along with
each image, we were also given rectangular bounding box
coordinates or polygon coordinates that give the location of
the sperm in the image. In our dataset, only 25% of the
sperm are normal sperm - the rest of the 75% are abnormal
sperm. This could lead to a class imbalance in our dataset.

Along with images, we were also given a CSV file which
contained annotations for the bounding boxes of sperm,
along with a classification of whether each of the sperm was
normal or abnormal. One of the rows in our CSV was for-
matted such as the following:

{imagel.jpeg, 91, 213, 425, 157, A}

Here, imagel.jpeg refers to the image filename, 91 and
213 refer to top left x and top left y of bounding box respec-
tively, 425 and 157 refer to the width and height of bounding
box respectively, and *A’ refers to the label. Here, there are



Figure 5. Sample labeled image

only two possible labels that can be given - ’ A’ which means
an abnormal sperm, and "N’ which means normal sperm.

To visualize our dataset better to see the similarity be-
tween abnormal and normal sperms, we ran a t-SNE dimen-
sionality reduction algorithm.
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Figure 6. t-SNE visualization of Dataset

The purple markers in the image represent normal sperm
and the yellow markers represent abnormal sperm. Since
images in both the classes have a lot of overlap and look
similar, it is hard to distinguish between abnormal and nor-
mal sperm.

4.2. Preprocessing and Augmentation Techniques

We decided that we only wanted rectangular bounding
boxes, and therefore needed to convert the polygon coor-
dinates of the sperm locations to rectangular coordinates.
To get the smallest possible rectangular bounding box from
the polygon coordinates, we used OpenCV (specifically
cv2.boundingRect() function).

Initially, we decided to use white-padding to convert all
the images to a size of 800 x 600. This involved padding
the width by 24 pixels, and padding the height by 18 pixels.
The padding of 24 pixels can be distributed between the left
and right side of the image in many different combinations
- e.g. we could have 1 pixel pad on the left and 23 pixel pad
on the right, or 5 pixel pad on the left and 19 pixel pad on
the right. We elected to use strides of 4 pixels to increase
the data set size. Thus, considering the width for example,
we could have 0 pixels on the left and 24 on the right, then
4 on the left and 20 on the right, and so on. For every single
combination of pixel padding between the width and height,
the bounding box coordinates would also be updated. How-
ever, we realized that even with strides of 4, the images are
extremely similar to each other. Also, white padding in the
images is not something that is seen in normal images. For
these two reasons, white padding would not appropriate as
a data augmentation technique.

We then decided to do flips to augment our data instead.
So, we performed a horizontal flip, vertical flip, and a com-
bination of horizontal and vertical flips. Hence, for each
image, we ended up getting 3 more augmented images, and
ended up increasing our data set by a factor of 4.

For example, figure [7] refers to one of the images in our
original dataset before the data augmentation. After per-
forming, we got images like figure[g]

Figure 7. Original image in our data

Figure 8. Horizontally flipped image of the original image.



4.3. Final Dataset

After data augmentation, our final data set contained
4,440 images. Just recently, our collaborator sent us more
raw images that would have helped correct the class imbal-
ance of normal-abnormal, but we have not yet had enough
to act on that data.

5. Experiments/Results/Discussion
5.1. Primary Metrics

The primary metric we decided to look at was the mean
average precision (mAP) [11]. However, to have a better
grasp of mAP, we must first consider the classic metrics of
precision and recall in an object detection setting. Let TN
denote true negative, T'P denote true positive, F'N denote
false negative, and F'P denote. Then, we have

_ TP L ision— 1P
TP+ FN' N T T Fp

To calculate the TN, FN, TP, F P, we must consider in-
tersection over union (IOU) which is intuitively the inter-
section of two bounding box areas divided by the union. A
prediction is classified as T'P if the JOU > 0.5 and the
classification is correct. If the classification is wrong, we
call it a F'N by definition. Finally, if IJOU < 0.5 or we
have extra bounding boxes, this is our F'P since the bound-
ing box we predicted is not either accurate enough either
way. The mAP is the average precision (AP) calculated for
all classes, which in our case is just 2. The AP can be cal-
culated in a variety of ways. We will explore one example
here where

1
AP =— >

re{0,0.1,---,1}

Recall =

pinterp(r)

where pjpierp refers to the maximum precision for each
value of r, which is the recall. Other AP metrics also use
this idea of creating thresholds in the relationship between
recall and precision, and averaging over them.

5.2. YOLOv3 Experiment
5.2.1 YOLOV3 Setup

We used a PyTorch-based YOLOv3 model given by Ultra-
lytics on Github.[12] The majority of the code we wrote was
boilerplate for transferring the original data into the COCO
format required by YOLOV3. In our given CSV, each row
contained a sperm, its bounding box (in (x, y, w, h) format
where x, y are the coordinates of the top left corner and w, h
are the width and height), and the file it was contained it.
However, COCO format is a different format where in-
stead, each file has an associated text file containing data
for every sperm in that file. The format for each line in the

text file is as follows. Suppose W and H are the width and
height of the entire image. Let L be the label for that sperm
(where 0 denotes ’normal’ and 1 denotes ’abnormal’). For
a particular sperm, the associated text for that sperm would

1 w, 1 w, w h
Lplety) gvty) gl

More intuitively, this format is (label, regularized hori-
zontal center, regularized vertical center, regularized width,
regularized height).

As our previous baseline, we had run YOLOV3 with the
default parameters with a stochastic gradient optimizer on
the padded data. However, we realized that this was causing
overfitting problems as the extraneous data made it difficult
for the algorithm to generalize. Thus, the new models are
all trained the newly augmented data consisting of flips and
rotations. We trained the model with Darknet as the back-
bone for 120 epochs and a batch size of 16. On the NVIDIA
Tesla V100, each epoch took an average of 90 seconds.

5.2.2 YOLOv3 Hyperparameter Evolution

As part of our experiment, to help tune our hyperparameters
we ran an evolution based system. At each generation, we
vary our initial hyperparameters by

variation = (random(0,1) * hyp + 1) 1.1

where hyp is the parameter we want to vary. Our fitness
parameter is the mAP calculated after n = 24 epochs. As
we evolve, we keep the hyperparameter set that outperforms
the best one, which we store. If the current hyperparameter
set does not have a better mAP after 24 epochs, we keep
the previous best set. This way, we can hope to generate
better hyperparameters as generations go on. We chose the
three best hyperparameter sets after 24 epochs to run for our
normal 120 epoch series. Additionally, instead of stochastic
gradient descent, we also ran an experiment with the Adam
optimizer with (betal, beta2) as (0.9, 0.999), initial learn-
ing rate of 0.000198, and weight decay of 0.0007838. The
results of the hyperparameter tuning are shown in Figure [9]
of the next subsection.

5.2.3 YOLOV3 Results

As we can see in Figure[9] the mAP grows steadily with the
number of epochs, which is exactly what we want. How-
ever, for all the models run with stochastic gradient descent,
we saw that test loss also increases. This signals as some
kind of overfitting in the SGD models, but since mAP is
also steadily increasing, this should be fine. Our best hyper-
parameter set is given in Figure We see the training loss
continuing to decrease and level off as it approaches 120
epochs on all the parameter sets, which is what we want to
see.
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Figure 9. Comparative loss and mAP graphs for various hyperparameter sets and optimizers

” Hyperparameter Metric Value ”
X-Y Loss Gain 0.05135
W-H Loss Gain 0.3035
Classification Loss Gain 0.03947
Confidence Loss Gain 8.901
IOU Target-anchor Training Threshold | 0.09312
Initial Learning Rate 0.0002466
Final Learning Rate Exponent -4.44
Momentum 0.8651
Weight Decay 0.0001844

Figure 10. Parameter Set 2

We also give the best mAP of each set of parameters in
Figure[TT} Though we see that the best mAP are very simi-
lar for sets 2 and 3, from our graph in Figure[9] we note that
set 2 is much more consistent in its high level performance.
Through parameter evolution, we achieved a 18% increase
in the mAP.

” Parameters Best mAP ”

Original 0.313
Adam Optimizer 0.293
Parameter Set 1 0.305
Parameter Set 2 0.37
Parameter Set 3 0.367

Figure 11. Parameter set performances

Our final test statistics for parameter set 2 are given be-
low as well in Figure[12]

” Precision | Recall | mAP | Fl1 ”
[ 0472 [ 0593 | 0.37 | 0.524 |

Figure 12. Statistics on the Test set

Finally, we include some images where the YOLOv3
network correctly detected the sperm and compare them to
some images where the network failed to correctly identify
sperm. We will analyze these together with pictures from
our next model in a subsequent subsection.

Abnormal 0.93

Figure 13. YOLOv3: Correctly detected sperm



Normal 0.26

Figure 14. YOLOV3: Incorrectly Detected Sperms

5.3. Faster-RCNN Experiment

5.3.1 Faster-RCNN Results

We followed a Faster-RCNN tutorial which guided
us through converting our csv data into a (filename,xmin,
ymin, Xmax, ymax, label) format and used an existing im-
plementation [2]] of Faster-RCNN in Keras. We trained the
model with ResNet50 as a backbone on 50 epochs with an
epoch length of 1000. On a NVIDIA Tesla V100, each
epoch took an average of 720 seconds. The figures be-
low seem to show that the data has been trained well, since
test loss is very close to the training loss. Additionally, as
epochs increases, we see that accuracy does as well, which
is exactly what we would like. Moreover, the mean num-
ber of overlapping bounding boxes from the RPN with the
ground truth increases with epochs which is promising since
the overlap between predicted and ground truth value in-
creases leading to an increase in Total IoU. We have in-
cluded graphs of individual losses and the mean number
of overlapping bounding boxes from RPN with the ground
truth, all of which that go in the appendix for reference.

Epochs vs Total Losses

4.0
—— Total Training Loss
- Total Testing Loss
3.5 A
3.0 A
2.5
2.0

Figure 15. Epochs vs Total Losses

Epochs vs Classifier Accuracy
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Figure 16. Epochs vs Classifier Accuracy
Below, we give more examples of correctly and incor-
rectly identified data from the network. In a following sec-

tion, we will qualitatively discuss both the Faster-RCNN
and YOLOV3 classifications.

Normal: 95
[Normal: 99 |

Normal: 91

Abnormal

Figure 17. Faster-CNN: Correctly detected sperm

Abnormal: 86

Abnormal: 92 [Abnormal: 97 |

Figure 18. Faster-CNN: Incorrectly detected sperm

In addition, we created a confusion matrix of the outputs
of the Faster-CNN.



H H Predict Normal | Predict Abnormal H

Actual Normal 179 207

Actual Abnormal 198 716

Figure 19. Confusion Matrix with IOU = 0.5

H Metric ‘ Value H
Accuracy | 0.6885
Recall 0.4637
Precision 0.4748
F1-Measure | 0.4692
Mean IoU | 0.7409
mAP 0.5682

Figure 20. Test Metrics for Faster-RCNN

An interesting thing to note here is the accuracy here
might have been skewed by the class imbalance. Within the
confusion matrix, we note that the classifier is much bet-
ter at predicting abnormal data versus normal data, which
might be because there is much more abnormal data than
normal data. Also, we looked at the predicted results to
find that the model predicts bounding boxes for most of the
test data. Combining this result with our high Mean IoU
(0.7409 with a 0.5 threshold) and mAP values, but lower
accuracy, recall and precision, we conclude that our model
either does really well at detection, but doesn’t always clas-
sify the sperm correctly between normal and abnormal.

5.4. Qualitative Analysis

Here, we aim to investigate some of the reasons that
YOLOV3 and Faster-RCNN correctly predicated Figures|13|
and[T7]but incorrectly predicted Figures[T4]and[T8] A closer
look at the dataset can provide some key insights. All in all,
we have 1110 images with around 1624 total sperm within
those images, giving us an average of % = 1.463 sperm
per image. However, when we look at Figure [T8] we see
that there are many more sperm than the average. Thus,
from the data, it is entirely conceivable that the model has
not been trained enough on data with multiple sperm inter-
mingled with each other. Indeed, when we look at Figure
[[4] the model seems to be confused by the intersections of
sperm. This is contrasted by Figure [[3] where each sperm
has its own distinct “box” that it is contained within. We
see that the model works well with many images with just
a single sperm. Also, we discovered that our input data
sometimes contains just the head or the tail of a sperm or
even just an empty image which is not sufficient to classify
normal/abnormal sperm. This contributes to a bad classifi-
cation performance and detecting empty regions as sperms
[Figure[T8]] sometimes even when the normal and abnormal
data is already really similar [Figure [6]].

Abnormal 0.65

Figure 21. YOLOV3: Correctly identified singleton

6. Conclusion/Future Work

We conclude from our experiments that Faster-RCNN
performs better than YOLO since Faster-RCNN has a mAP
of 0.568 whereas YOLO has a mAP of 0.37, which is ex-
pected as Faster-RCNN works better as a two stage detector.
However, this mAP is still relatively low, and could still be
improved. As evidenced by our incorrect guesses, there are
still some fundamental problems with the model.

With regards to future work, we believe more data could
help solve this problem. Having more data with overlapped
sperm could help boost the performance of the model,
where it could learn to distinguish between each sperm bet-
ter. Additionally, having more normal sperm data would
help too with regards to the classification problem. That
being said, there are such subtle differences between some
abnormal and normal sperm that it may ultimately be diffi-
cult to distinguish between the two categories of sperm.

Ultimately, we conclude that deep learning has potential
in the field of sperm detection and classification. We are
excited to be one of the first to apply state-of-the-art deep
learning models such as YOLOv3 and Faster-RCNN to this
problem, and the results are promising for the future.

As for future work, we plan to rerun our models with the
new, more balanced data set. This will hopefully give us
better final results. Additionally, we were thinking of de-
signing a custom architecture. We noticed that normal and
abnormal sperm are just so similar that it could be possi-
ble to run a detection model to simply identify sperm in an
image. Afterwards, we would run a model to classify that
sperm. We figure that having two separate models that can
get very good at two very different tasks could be an inter-
esting way to tackle this problem.



7. Appendix

Epochs vs Detector Classifier Losses
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Figure 26. Epochs vs Training mean number of overlapping
Figure 23. Epochs vs RPN Regression Loss bounding boxes
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