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A B S T R A C T

Background: Infertility is a global health concern, and couples are increasingly seeking medical assistance to
achieve reproduction. Semen analysis is a primary assessment performed by a clinician, in which the mor-
phology of the sperm population is evaluated. Machine learning algorithms that automate, standardize, and
expedite sperm classification are the subject of ongoing research.
Method: We demonstrate a deep learning method to classify sperm into one of several World Health
Organization (WHO) shape-based categories. Our method uses VGG16, a deep convolutional neural network
(CNN) initially trained on ImageNet, a collection of human-annotated everyday images, which we retrain for
sperm classification using two freely-available sperm head datasets (HuSHeM and SCIAN).
Results: Our deep learning approach classifies sperm at high accuracy and performs well in head-to-head
comparisons with earlier approaches using identical datasets. We demonstrate improvement in true positive rate
over a classifier approach based on a cascade ensemble of support vector machines (CE-SVM) and show similar
true positive rates as compared to an adaptive patch-based dictionary learning (APDL) method. Retraining an
off-the-shelf VGG16 network avoids excessive neural network computation or having to learn and use the
massive dictionaries required for sparse representation, both of which can be computationally expensive.
Conclusions: We show that our deep learning approach to sperm head classification represents a viable method
to automate, standardize, and accelerate semen analysis. Our approach highlights the potential of artificial
intelligence technologies to eventually exceed human experts in terms of accuracy, reliability, and throughput.

1. Introduction

A fundamental challenge in infertility diagnosis and treatment lies
in performing rapid and consistent analysis of information-rich sperm
images. Clinicians routinely evaluate the morphological characteristics
of sperm populations, either as part of semen analysis of fixed, stained
sperm as a first screen for infertility diagnosis, or during selection of
unlabeled, live sperm for intracytoplasmic sperm injection (ICSI) – a
popular assisted reproduction technology (ART) where an individual
sperm cell is selected and injected into an egg. In both applications,
quick and accurate classification of sperm into either normal or ab-
normal categories is critical. This assessment, however, is highly sub-
jective and time-consuming [1]. While Computer-Assisted Semen
Analysis (CASA) [2] brought a level of automation and standardization
to the field, wide variability persists in how sperm cells are assessed.
New methods are needed to standardize, automate, and accelerate the
sperm classification process.

Traditional machine learning approaches have achieved important
advances in sperm classification but have relied on manual extraction of
cell features where cell shape-based descriptors, such as the head area,

perimeter, or eccentricity, are fed into a classifier [3–7]. Notably,
Chang et al. achieved an average true positive rate of 58% in classifying
sperm heads within a dataset where at least 2 out of 3 experts agree [5].
In this case, the authors classified sperm into 5 categories listed in the
Laboratory Manual for the Examination and Processing of Human Semen
published by the World Health Organization (WHO) [8] using a cascade
ensemble of support vector machine (CE-SVM) classifiers. CE-SVM re-
quires extracting a series of shape-based descriptors, some rather in-
tuitive (e.g., area, perimeter, eccentricity) and others more abstract
(e.g., Zernike moments, Fourier descriptors, geometric Hu moments).
To classify sperm heads into one of five categories, a two-stage ap-
proach is employed. In the first stage, an SVM is trained to filter out
amorphous sperm and distinguish the remaining four categories at high
accuracy. In the second stage, one of four SVMs (one for each non-
amorphous class, and trained to be an expert on distinguishing that
particular class from amorphous) is used to do a double-check and
confirm that class assignment is correct.

Recently, Shaker et al. improved on this approach via an adaptive
patch-based dictionary learning (APDL) approach, where class-specific
dictionaries are trained from square patches extracted from sperm
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images [9]. This approach is a twist on the sparse dictionary learning
strategy that Yang et al. successfully applied to face recognition [10]. In
sparse dictionary learning, a sparse (i.e., loosely coupled) representa-
tion of elements is inferred, which can reasonably approximate any
given signal as a linear combination of a small number of elements. This
dictionary is learned from input data by minimizing a cost function.
Yang et al. modified this approach by using class-specific dictionaries,
and Shaker et al. further modified this approach by using small patches
taken from sample images rather than images in their entirety. Test
image patches were reconstructed from class-specific dictionaries and

evaluated to determine the best matching class. They achieved an
average true positive rate of 62% on the SCIAN dataset and an average
true positive rate of 92.3% on their own dataset for cases where all
three experts agree on class (HuSHeM) [11]. Collectively, these works
demonstrate the vast potential of machine learning approaches in
performing sperm classification – an arduous task where subtle sperm
shapes must be rapidly discerned, and thus traditionally limited to ex-
pert clinicians.

Deep learning has emerged more recently as a form of machine
learning that can efficiently leverage forms of structured data, such as

Fig. 1. Description of datasets and deep learning architecture. a) Sample images from the HuSHeM and b) SCIAN datasets as reported by Shaker et al. [9,11] and
Chang et al. [3], respectively. HuSHeM images are reproduced from Ref. [11] and licensed under CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/).
Schematics of WHO classes adapted from Ref. [8]. c) Original VGG16 convolutional neural network as proposed by Simonyan et al. [16]. VGG16 convolutional neural
network optimized for sperm head classification for the d) HuSHeM and e) SCIAN datasets.
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sequences (e.g., ordered DNA sequences) or spatially structured data
such as images (arrays of pixel values). Deep neural networks are ty-
pically composed of many layers, with specific architectures tuned to
desired applications. Buoyed by the rise of low-cost GPUs and advances
in neural network architectures, deep learning now offers several ad-
vantages over traditional machine learning approaches, notably (i) the
ability to process raw images without the need for significant pre-
processing or manual feature extraction, (ii) the potential for higher
classification accuracy, and (iii) the simple visualization of learned
features [12,13]. In related fields, such as microfluidic flow cytometry,
deep convolutional neural networks (CNNs) have demonstrated sig-
nificant improvement in cell classification over other machine learning
approaches [14,15]. In CNNs, convolution layers perform a convolution
operation on the input data and output the result to the next layer. Each
node perceives only a small section of the preceding layer, allowing
large image inputs to be processed effectively. These early layers per-
form feature extraction, and a series of fully-connected layers in the
latter part of the network perform classification [16]. In the fertility
field, deep convolutional neural networks are only beginning to have an
impact, with Thirumalaraju et al. reporting at a recent conference a
deep learning strategy capable of 89% accuracy in identifying healthy
sperm based on clinician annotations, and ultimately 100% accuracy in
identifying normal and abnormal samples as a whole [17]. Recently,
Javadi and Mirroshandel showed how deep learning could be applied to
low resolution images and detect abnormalities in sperm morphology
[18].

In this work we show that a deep CNN is competitive with previous
machine learning approaches in classifying human sperm according to
WHO criteria. Rather than train a deep CNN model from scratch, we use
transfer learning, whereby we retrain VGG16 [16] initially trained on
the ImageNet [19] database, a collection of human-annotated everyday
images (objects, animals, etc.). We then train a classifier using labeled
sperm head images from freely-available datasets (HuSHeM [11] and
SCIAN [3]) and fine-tune the network. Sperm head images are classified
into WHO categories: Normal, Tapered, Pyriform, Small, and Amor-
phous. Our approach is highly effective, producing an average true
positive rate of 94.1% on the HuSHeM dataset (matching the APDL
approach and exceeding the CE-SVM approach) and 62% on the partial-
agreement SCIAN dataset (matching earlier machine learning ap-
proaches). Our retrained network is capable of successful classification
even in cases with few example sperm images. The VGG16 transfer-
learning approach demonstrated here is computationally efficient by
not requiring a full deep neural network or massive dictionaries be
learned from scratch. Our work highlights the potential of deep
learning methods to eventually exceed human experts in terms of ac-
curacy, reliability, and throughput.

2. Methods

2.1. Dataset characteristics

Two datasets were used in this work to evaluate our VGG16-based
approach: the human sperm head morphology (HuSHeM) dataset [11]
(see sample images, Fig. 1a) and the Laboratory for Scientific Image
Analysis Gold-standard for Morphological Sperm Analysis (SCIAN) da-
taset [3] (see sample images, Fig. 1b). Both datasets are publicly
available and published as reference databases upon which to evaluate
and baseline classification algorithms. Information on how samples
were acquired and imaged are available here [3,9]. The HuSHeM da-
taset consists of 216 RGB images of stained sperm heads (54 Normal, 53
Tapered, 57 Pyriform, and 52 Amorphous), each 131 pixels× 131
pixels and taken at 100×magnification. All images within the dataset
were initially classified and labeled by 3 experts [9]; only images with
3-expert consensus were kept. The SCIAN dataset consists of 1132
greyscale images of stained sperm heads (100 Normal, 228 Tapered, 76
Pyriform, 656 Amorphous, and 72 Small), each 35 pixels× 35 pixels

and taken at 63×magnification. In this set, images were initially la-
beled by 3 experts, and samples with at least 2-out-of-3 expert agree-
ment were kept. Within this “at least 2-out-of-3 agreement” dataset
with a total of 1132 images, 384 images (35 Normal, 69 Tapered, 7
Pyriform, 11 Small, and 262 Amorphous) had full agreement. Full de-
tails on dataset characteristics are reported elsewhere [3,9,11].
Throughout this work, both datasets were kept fully separate, enabling
VGG16 performance to be directly compared to earlier approaches on
these same datasets.

2.2. Image processing

Images were processed before use. HuSHeM dataset sperm heads
were aligned and cropped to 70×70 pixels using ImageJ. SCIAN da-
taset images were rotated to align sperm heads (i.e., rotated so heads
face the same direction) and converted to RGB.

2.3. Dataset partitioning and rebalancing

Each dataset was randomly partitioned into 5 segments, where four
groups (80% of all data) formed the training set, and the remaining
group (20% of all data) formed the fully independent test set. To be
clear, in every run the model was trained solely on the training set – the
test set is used to evaluate the model. For 5-fold cross validation, this
entire training/evaluation process was repeated five times from the
beginning, each time rotating which 20% segment of the full dataset
constitutes the testing set. This 5-fold cross-validation configuration
was employed to provide a direct comparison with work by Shaker
et al. [9], and avoid overfitting. The model trained on the training set
from the “at least 2-out-of-3 expert agreement” SCIAN dataset, was
evaluated on not only the corresponding test set with at least 2-out-of-3
expert agreement, but also on the subset of test images with full
agreement. Thus, we evaluated how such a model performs on the
“easy-to-predict” cells within the test set. Such an approach was em-
ployed by Chang et al. [5], allowing for direct results comparison.

Dataset partitioning was accomplished by randomly allocating 20%
of images to each of 5 groups by shuffling a master list of images within
each category and saving each image file within corresponding folders.
These groups were unchanged throughout each series of five-fold cross-
validations. Specific training set and test set image allocation for each
fold is presented in Appendix A: Supplementary Material.

To rectify the imbalance between classes and avoid class bias,
images within classes with fewer examples were duplicated as needed
to have the same number of images in each class. For example, the
Small training group in Fold 1 of the SCIAN dataset has 57 distinct
images, each duplicated 9 or 10 times (randomly decided) for a total of
524 images, and thus matching the image total of the largest category,
Amorphous. This process was used to produce balanced training and
testing groups, in keeping with deep learning best practices [20]. To
produce a learning curve that quantifies the impact of data volume on
overall accuracy, training sets with fewer distinct images (but the same
number of total images) were randomly generated using a similar
process. Throughout this work, the true positive rates calculated during
training (i.e., for each epoch) use balanced testing sets, whereas final
true positive rates (at the end of training) are calculated using original
testing sets.

2.4. Deep learning approach

A VGG16 convolutional neural network pre-trained on ImageNet
was retrained to classify sperm images into WHO-assigned categories.
The original VGG16 network is shown in Fig. 1c. The initial layers of
this CNN are used to associate information spatially. This early part of
the network is left intact, and we focus on retraining a strong nonlinear
neural network classifier to interpret extracted features and enable
classification of our set of sperm images. Our model is written in Python
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(v.3.6.5) in Keras (v2.1.4) [21] with TensorFlow (v1.7.0) [22]. The
deep learning algorithms employed here were adapted from instruc-
tional code from Pedersen's series of Keras/TensorFlow tutorials [23]
using Jupyter. Given the differences between datasets, a separate net-
work configuration was applied to each dataset. The final hyperpara-
meters used for each configuration are shown in Table 1. In both cases,
the last two fully-connected layers were removed and replaced with two
new fully-connected layers with ReLU activation functions and trained
from scratch. Two dropout layers, which randomly set input units to 0
every iteration, were added after each of these fully-connected layers. A
softmax layer of nodes corresponding to the number of classes was then
added to each configuration. In the case of the HuSHeM configuration,
it was beneficial to perform a second round of training (i.e., fine-tuning)
to retrain the last 6 convolutional layers of the network as shown in
Fig. 1d. A series of data augmentations were also implemented to en-
hance the dataset – in the case of the SCIAN dataset, images were
randomly flipped, rotated up to 2.5° and shifted vertically and hor-
izontally between 0 and 5% prior to being input to vastly expand the
effective size of the training set. Retraining the network requires
∼30min and ∼2 h per fold for the HuSHeM and SCIAN datasets, re-
spectively, with the NVIDIA GeForce GTX 1080 GPU used in this work.
The final configurations in Table 1 represent the strongest set of three
series of runs after preliminary testing of combinations of hyperpara-
meters (see Appendix A: Supplementary Information for additional

tested configurations). For example, we found that for the SCIAN da-
taset, training over 20,000 steps (100 epochs× 200 steps per epoch)
led to a stronger performance than 25,000 steps (100 steps× 250 steps
per epoch), and so we settled on the former (62% vs 60% average true
positive rate for the test set). These training parameters, when applied
to retraining the VGG16 convolutional neural network shown in Fig. 1c,
led to the networks shown Fig. 1d and e for the HuSHeM and SCIAN
datasets, respectively.

2.5. Evaluating performance

Algorithm performance was evaluated via several metrics, namely
average true positive rate (the percentage of correct predictions in each
actual class, averaged over all classes), average positive predictive
value (the percentage of correct predictions among predictions for that
class, averaged over all classes), F-Score (the harmonic mean of the true
positive rate and the positive predictive value, averaged over all
classes), and accuracy (the percentage of correct predictions overall). In
the case of the SCIAN full consensus dataset, where not all randomly
distributed folds have examples in each category, categories with no
examples were omitted in calculating the average true positive rate.

2.6. Saliency mapping

Saliency maps were prepared to map gradients and highlight re-
gions of interest where small changes in input lead to large changes in
output. A technical description of saliency mapping methodology has
been presented in detail by Simonyan et al. [24] In summary, image-
specific class saliency maps show which pixels have the greatest impact
on classification (i.e., where the smallest change in value leads to the
greatest classification score change). Ideally, areas with the highest
pixel values are regions corresponding to sperm heads, and not unim-
portant background objects. For each dataset, we performed saliency
mapping on three sample images from each class as well as on an
averaged image (formed by averaging all images in each HuSHeM class,
or ∼45 images of each SCIAN class). Saliency maps were contrast-en-
hanced and visualized via the “16-color” lookup table in ImageJ.

Table 1
Network hyperparameters for the HuSHeM [11] and SCIAN [3] datasets.

Hyperparameter HuSHeM SCIAN

Maximum rotation (°) 0 2.5
Vertical/horizontal shift (%) 0 5
Vertical/horizontal image flipping No Yes
Dense Layer (DL) 1 size 128 128
Dropout rate of DL 1 0.4 0.05
DL 2 size 128 64
Dropout rate of DL 2 0.4 0.2
Learning rate during initial training 10–5 10–5

Learning rate during fine-tuning 10–6 –
Batch size 64 64
Steps per epoch 25 200
Number of epochs for initial training 100 100
Number of epochs for fine-tuning 100 –

Fig. 2. VGG16 performance using the HuSHeM dataset [11]. a) Progression of testing average true positive rate of VGG16 during training as compared to the final
true positive rate of APDL [9] and CE-SVM [5] approaches. Data are fitted to a saturation function for the initial training period (epochs 1–100) and the fine-tuning
period (epochs 101–200). Each data point and error bar represent the average and standard error of 3 series of 5-fold validations (15 runs total). b) Average true
positive rate measured on test sets at the end of each of 15 runs. Images were not re-allocated over the course of these runs – the same images are kept within each
fold for each series. Thus, the images used to train and test are always the same for a given test fold.
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3. Results and discussion

3.1. Training and testing on HuSHeM dataset

The performance of the deep learning model with the HuSHeM
dataset is shown in Fig. 2. Fig. 2a shows how the testing average true
positive rate improves over time during training for the HuSHeM da-
taset, both during initial training of the last two fully-connected layers
(epochs 1–100) and during the fine-tuning stage (epochs 101–200).
After initially training the classifier, the fine-tuning stage (where earlier
layers are unlocked and slowly retrained) achieves a final true positive
rate of 94.1%. This result represents a vast improvement over the
performance of the CE-SVM method (94.1% vs 78.5% true positive
rate), where shape descriptors (i.e., head size, ellipticity, Zernike mo-
ments) are used rather than images directly [9]. Further details on
training set and test set true positive rate and loss during training are
presented in Appendix A: Supplementary Material. Our method pro-
duces a true positive rate greater than that of APDL method (94.1% vs
92.3% true positive rate) [9]; however, given the high variability be-
tween fold compositions (datasets are small, and thus fold-to-fold
variability is high), such an improvement cannot be considered statis-
tically significant (t-test results in insignificant mean difference). This
variability between folds is visualized in Fig. 2b. Each series of the same
fold is consistent – most variability is between folds, where some folds
have easier-to-interpret images than others. Our high fold-to-fold
variability is consistent with the findings of Shaker et al., where stan-
dard deviation on accuracy (over 5 folds) was 7% compared to our 5%
(over 3 series of 5 folds). This variability further justifies the need for
larger datasets to discriminate between classification approaches.
Nonetheless, the high true positive rate of our deep learning method on
the HuSHeM dataset showcases the power and versatility of a retrained
VGG16 network. Here, we used a fixed number of steps and epochs for
all runs for a given dataset. However, an alternate approach is to auto-
stop training based on performance criteria, such as loss. We performed
a second set of 15 runs with identical hyperparameters, using an auto-
stop function and found similar true positive rates to the fixed training
period approach employed here (see Appendix A: Supplementary In-
formation).

The 5-fold cross validation approach was employed here to directly
compare with Shaker et al. [9], which used the same data distribution
scheme. However, an alternate method is to separate data into training,
validation, and test categories, with the latter data segment only being
tested once optimization is complete. For comparison, we performed a
new series of tests using such a data distribution by randomly allocating
the existing 20% data segments to training (3 segments, 60%), valida-
tion (1 segment, 20%) and test (1 segment, 20%) sets. Hyperparameter
optimization was performed solely on training and validation data over
a series of 48 runs, with results detailed in Appendix A: Supplementary
Information. The optimal configuration was then used to create a new
model and evaluated on the test data. After independently training the
same model three times, the average true positive rate for the test set
was 96.2%. This result demonstrates that employing either 5-fold cross-
validation or a train-validation-test configuration, our deep learning
approach is robust and performant. An off-the-shelf VGG16 neural
network pre-trained on non-medical images, with only a few tweaks
and new example images, is proven capable of making highly accurate
predictions without requiring computationally expensive full network
training from scratch or learning and applying the massive dictionaries
typical of sparse representation [25].

The confusion matrix produced following the training performed in
Fig. 2 – where each cell value reflects how often each actual class is
correctly or incorrectly identified – is presented as Table 2. Each class is
correctly identified by the model over 92% of the time, with Normal
cells most often correctly identified (96.4% true positive rate) and
Pyriform cells least often correctly identified (92.3% true positive rate).
Normal and Pyriform cells were also the best and worst performers,

respectively, using the APDL method [9]. Among incorrect classifica-
tions, the most common mistake is misidentifying Tapered cells for
Pyriform cells (5.5% of actual Tapered cells), and vice-versa (5.5% of
actual Pyriform cells). The overall accuracy, average true positive rate,
average positive predictive value, and average F-score for the HuSHeM
dataset are listed in Table 3.

3.2. Training and testing on SCIAN dataset

The deep learning model was also trained and evaluated on the
SCIAN dataset set, with outcomes shown in Fig. 3. True positive rate (on
test set) improves over time, as shown in Fig. 3a. In this case, fine-
tuning was not beneficial and thus only improvement during the
training of the two fully-connected layers is shown. After 100 epochs,
the final average true positive rate was 62%, which is consistent with
the performance of the CE-SVM (58%) [5] and APDL methods (62%)
[9]. Despite the 5-fold larger number of training examples in the SCIAN
dataset vs the HuSHeM dataset, the model does not perform as well.
This reduced performance is attributed to a few key factors: the relative
low resolution of SCIAN images, the use of 5 classes instead of 4, and
the fact that the SCIAN dataset had a “at least 2 out of 3 experts agree”
criterion, as opposed to the more stringent “3 out of 3 experts agree”
condition. The latter human factor effectively sets an upper bound to
the effectiveness of any modeling approach that is reliant upon expert
assessment. Fig. 3b shows the consistency of each fold, with a standard
deviation slightly lower than for the HuSHeM dataset (4% vs 5%). We
also evaluated the model using an early stopping approach, as in the
previous section, and found a similar true positive rate to our fixed
training period method (see Appendix A: Supplementary Information).
We also compared the standard 5-fold cross-validation approach to an
alternate train-validation-test configuration as discussed in the previous
section and obtain a final true positive rate on the test set of 59% (over
3 replicates).

The confusion matrix produced by VGG16 when applied to the
SCIAN dataset is presented as Table 4. The Small category performed
best (77.9% true positive rate), and the Amorphous category performed
worst (38.3% true positive rate). A similarly low true positive rate for
the Amorphous class was also reported using the CE-SVM method (30%
true positive rate) [5]. As expected by the overall reduced performance
as compared to the HuSHeM dataset, the classification mismatches for
SCIAN are more striking than in Table 2. Interestingly, the Pyriform and
Tapered classes that were problematic in the case of the HuSHeM da-
taset (cells of values 5.5 and 5.5 in Table 2) were among the most easily
differentiated classes in SCIAN.

In the case of the SCIAN dataset, the VGG16 model trained on the
full SCIAN dataset (the 2-out-of-3 expert training set) was also eval-
uated on the subset of SCIAN data with 3-expert agreement. All
HuSHeM data have 3-expert agreement, but only a small portion of
SCIAN has 3-expert agreement. Table 5 shows how the method again
performs similarly to the CE-SVM method [5], reaching an average true
positive rate of 72%. When the same model trained on data with at least
2-out-of-3 expert agreement is applied to both the corresponding 2-out-

Table 2
Confusion matrix showing how often images from each class (Normal, Tapered,
Pyriform, and Amorphous) are correctly or incorrectly predicted in the testing
sets for the HuSHeM dataset [11]. Each cell value is the average of 15 runs, each
normalized within respective ground truth (actual) categories. The green
shading intensity within each cell is scaled to the maximum value within the
matrix (shading insignificant outside the diagonal).
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of-3 expert agreement test set as well as the 3-out-of-3 expert agreement
test set subset, there is a clear improvement in the latter. This im-
provement further highlights the need for accurately labeled data and
the potential of the approach. These findings indicate the importance of
both the quantity of data and the quality of the labels in the success of

deep learning approaches.

3.3. Learning curves

The learning curves for VGG16 for both the HuSHeM and SCIAN
datasets are presented in Fig. 4. Learning curves for both datasets follow

Table 3
Comparison of sperm head classification approaches on the HuSHeM dataset [11].

Model Accuracy (%) Average True Positive Rate (%) Average Positive Predictive Value (%) Average F-Score (%)

CE-SVM 78.5 78.5 80.5 78.9
APDL 92.2 92.3 93.5 92.9
VGG16 94.0 94.1 94.7 94.1

Fig. 3. VGG16 performance using the SCIAN dataset [3]. a) Progression of testing average true positive rate of VGG16 during training as compared to testing true
positive rate of APDL [9] and CE-SVM [5] approaches. Each data point and error bar represent the average and standard deviation of 3 series of 5-fold cross
validations (15 runs total). Data are fitted to a saturation function. b) Average true positive rate measured on test sets at the end of each of the 15 runs (3 series× 5
folds).

Table 4
Confusion matrix shows how often images from each class (Normal, Tapered,
Pyriform, Amorphous, and Small) are correctly or incorrectly predicted in the
testing sets for the SCIAN dataset [3]. Each value is the average of 15 runs and
is expressed as a percentage of the sum of each ground truth (actual) category.
The green shading intensity within each cell is scaled to the maximum value
within the matrix.

Table 5
Comparison of average true positive rates for the SCIAN dataset for the CE-
SVM, APDL and VGG16 approaches [3,5,9]. The same model trained on full
training sets (with at least 2-out-of-3 expert agreement) was tested on corre-
sponding test sets (with at least 2-out-of-3 expert agreement), as well as subsets
of the latter where all three experts agreed.

Model At Least 2-out-of-3
Expert Agreement (%)

3-out-of-3
Expert Agreement (%)

CE-SVM 58 74
APDL 62 –
VGG16 62 72

Fig. 4. VGG16 learning curves for (a) the HuSHeM dataset [11] and (b) the
SCIAN dataset [3]. Each data point and error bar represent the average and
standard deviation on the test set true positive rate following 5-fold cross va-
lidation, except for the “100%” case where 3 series of 5-fold cross validations
were performed. The training and testing set for each iteration were balanced as
described in Methods.
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the same saturation trend, where the impact of additional data is pro-
gressively reduced. Based on the saturation curve fits, one could expect
only 0.3% and 1.2% further improvement from training on infinitely
more data for the HuSHeM and SCIAN datasets, respectively. Thus, the
model does not suffer from a lack of data. The transfer learning ap-
proach employed here means that much of what the algorithm needs to
interpret an image is already in place, and, thus, can quickly get up to
speed on classifying new sperm head examples (i.e., no need to train a
network from scratch). It is encouraging that the model performs rea-
sonably well (71%) with the lower bound “10% of All” value. For this
test, the network was typically trained on only 16 sperm head images
total: a mere 4 distinct images per class. This result highlights the ef-
fectiveness of the transfer learning approach employed here - harnes-
sing the pre-trained image feature extraction ability of VGG16 to in-
terpret a new dataset requires only minimal training. Specifically, by
leveraging an extensively pre-trained network, the data requirements
for subsequent application to sperm image analysis are minimal.

3.4. Saliency maps

The saliency maps of examples from (a) the HuSHeM dataset and (b)
the SCIAN dataset are shown in Fig. 5. Saliency maps allow visualiza-
tion of image classification models by mapping the gradient of the
output to the input image [24]. These maps show how significantly the
output class changes with small changes in the input image, and thus
highlight regions of interest. Fig. 5 shows how the model excels at re-
cognising the edges of sperm cells, and in some cases the inner regions
of sperm as well. Outer pixels are, for the most part, ignored. Overall,
these saliency images confirm that relevant features of sperm heads are
recognised and valued, and thus offer insight into what is otherwise a
black box neural network approach.

3.5. Robustness and generalizability

While the retrained VGG16 network approach works well on the
datasets tested here, applying the model to a wider range of larger
datasets (sourced from more donors and more clinics) is an important
next step in evaluating generalizability. Notably, the small datasets

Fig. 5. Saliency maps for example images (X1, X2, and X3) from (a) the HuSHeM dataset [11] and (b) the SCIAN dataset [3]. HuSHeM images are reproduced from
Ref. [11] and licensed under CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/). Average images and saliency maps are also shown for each class (X̄ ). In the
case of the HuSHeM dataset, all images from the balanced training set are used to produce class averages. In the case of the SCIAN dataset, a sample of ∼45 images
per class are used to produce each class average. Additional information on saliency mapping can be found here [24].
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used herein led to a large variability in loss and validation true positive
rate between runs, and thus the performance of the approach here is
constrained, at least in part, by the small size of the dataset.
Nonetheless, this work has shown that employing a large network like
VGG16, which has been pre-trained on 1000s of everyday images and
retraining only part of the network is a powerful approach that leads to
high true positive rates even on small datasets such as the HuSHeM and
SCIAN datasets and is competitive with earlier approaches. The re-
trained VGG16 approach demonstrated here shows the potential of
deep learning in sperm head classification, and could lead to improved
automation, standardization and acceleration of semen analysis, parti-
cularly once trained with a larger data set.

4. Conclusions

Our work demonstrates that deep learning represents an effective
means to classify sperm. Our retrained VGG16 CNN approach where
images are input directly (and features extracted automatically) shows
improvement in true positive rate over a CE-SVM approach using the
HuSHeM dataset (94.1% vs 78.5%), and a similar performance when
used on the SCIAN dataset (62% vs 58%). Notably, our approach does
not require pre-extraction of shape descriptors, relying uniquely on
image inputs. We also baseline our approach to an APDL method and
demonstrate similar true positive rates (94.1% vs 92.3% on HuSHeM
and 62% vs 62% on Partial Agreement SCIAN) without requiring the
learning of massive dictionaries inherent to this approach. The VGG16
network, initially trained on a vastly different dataset of images, can be
retrained to recognise subtle shape and size variations in sperm head
images, requiring only a few examples. Whereas learning curves suggest
that more data would not significantly improve performance, more data
would facilitate the evaluation and direct comparison of classification
algorithms. Saliency maps provide a strong indication that the model
values sperm-relevant pixels appropriately. Overall, the strong perfor-
mance of our model demonstrates the power and versatility of the deep
learning approach, and the potential of convolutional neural networks
to modernise sperm assessment in fertility clinics. The potential for AI
technologies, as proven with reference to human expert data, could
exceed human experts in terms of accuracy, reliability, and throughput.
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