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Abstract—The optical microscope is one of the most widely 
used tools for diagnosing infectious diseases in the developing 
world. Due to its reliance on trained microscopists, field 
microscopy often suffers from poor sensitivity, specificity, and 
reproducibility. The goal of this work, called the Autoscope, is a 
low-cost automated digital microscope coupled with a set of 
computer vision and classification algorithms, which can 
accurately diagnose of a variety of infectious diseases, targeting 
use-cases in the developing world. Our initial target is malaria, 
because of the high difficulty of the task and because manual 
microscopy is currently a central but highly imperfect tool for 
malaria work in the field. In addition to diagnosis, the algorithm 
performs species identification and quantitation of parasite load, 
parameters which are critical in many field applications but 
which are not effectively determined by rapid diagnostic tests 
(RDTs). 

We have built a hardware prototype which can scan 
approximately 0.1 µL of blood volume in a standard Giemsa-
stained thick smear blood slide in approximately 20 minutes. We 
have also developed a comprehensive machine learning 
framework, leveraging computer vision and machine learning 
techniques including support vector machines (SVMs) and 
convolutional neural networks (CNNs). The Autoscope has 
undergone successful initial field testing for malaria diagnosis in 
Thailand. 

Keywords—malaria; microscopy; computer-aided diagnosis; 
computer vision; machine learning. 

I. INTRODUCTION 
The optical microscope is one of the most widely used tools 

for diagnosing infectious diseases in the developing world 
[1][2]. There are several reasons for this including its low cost 
per test, the general availability of microscope hardware, and 
its ability to diagnose a variety of diseases. Some common 
diseases diagnosed with microscopes in low-resource settings 
include malaria, tuberculosis, different forms of 
trypanosomiasis, Borrelia infection, and helminth infection. 
Despite these advantages, field microscopy often suffers from 
poor sensitivity, specificity, and reproducibility.   This is due to 

its reliance on trained microscopists to interpret what is seen 
through the microscope. While quality assurance and 
assessment exist in many areas for microscopy, these face 
many limitations including a shortage of trained experts [3]. 

In this work, we present a low-cost automated digital 
microscope called the Autoscope. In addition to automated 
image acquisition, the Autoscope is coupled to a set of 
computer vision and classification algorithms, which can 
accurately diagnose a variety of infectious diseases, targeting 
use cases in the developing world. The goal of Autoscope is to 
provide expert level microscopy with a user interface that is 
operable by a healthcare worker with an average level of 
training. 

Our initial target and the subject of this work is malaria 
diagnosis. We chose malaria as an initial target for several 
reasons. First, malaria remains a significant burden on global 
health, with an estimated 580,000 deaths per year [5]. Accurate 
diagnosis of malaria is an important part of case management. 
Secondly, manual microscopy for malaria is currently a central 
but highly imperfect tool in the field [5]–[6]. It is likely to 
retain a central role for years to come. Microscopy can perform 
species identification and quantitation of parasite load, 
parameters that are critical in many field applications but 
which are not effectively determined by rapid diagnostic tests 
(RDTs). Lastly, expert level microscopy for malaria is a highly 
difficult task because of the fine resolution required of the 
microscope hardware and the subtle features that must be 
correctly interpreted to accurately diagnose the disease while 
distinguishing between the five pathogenic species in 
humans [15]. By proving Autoscope’s capabilities on this task, 
we will demonstrate the ability of a machine to perform one of 
the hardest tasks today performed by field microscopists. 

In this work, we describe some of the technical 
specifications of the Autoscope and its accompanying 
computer vision algorithms, as well as describe the system we 
have developed for training and testing the algorithms. We 
present data and results from a World Health Organization 
(WHO) 55 reference slide set and from a preliminary field test 
in Thailand and discuss future work for the project. 
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II. MATERIALS AND METHODS 

A. Datasets 
The goal of Autoscope is to diagnose malaria using 

Giemsa-stained blood samples from the field (with the high 
variability in quality that field conditions imply), achieving a 
limit of detection (LoD) < 50 parasites/µL (i.e. 1 parasite/1E5 
red blood cells), in fully automated fashion. While thin smears 
are generally easier to analyze than thick smears due to clearer 
morphological information, thin smears from the field are 
unreliable in quality and their total usable blood volume is 
insufficient to attain a 50 p/µL LoD. Thus, thin smears are not 
practical for diagnosis of field samples, so the Autoscope uses 
thick smears for diagnosis. 

The training data consisted of Giemsa-stained blood 
samples, both Plasmodium falciparum-positive and uninfected, 
from 7 locations worldwide (see Fig. 1). Our goal was to 
maximize variety, since field slides vary tremendously in 
quality, color (e.g. from stain pH), and type of artifacts. In 
addition, falciparum parasites exhibit distinct morphologies at 
different stages of growth. We wished to capture this diversity 
as well. The modules of the algorithm described in this paper 
target P. falciparum, in thick smears only. 

B. Hardware 
The Autoscope hardware shown in Fig. 1 consists of a 

small aluminum chassis approximately 37 cm in height with a 
width and depth of 17 cm and 19 cm respectively. The small 
footprint allows for carry-on travel of the device while also 
minimizing space requirements on a lab benchtop. See 0. The 
initial Autoscope prototype described herein was designed to 
withstand ambient temperature ranges of 5  to 35  C and at 
100% humidity. However, extended testing at the extreme ends 
of this spectrum have not been performed. Maintenance of the 
device consists of cleaning the microscope objective in the 
same manner as a manual microscope. Power consumption of 
the device during scan is ~15.8 W. This does not count laptop 
power consumption. The Autoscope final cost will likely be 
between $1500 and $4000, roughly 1x to 3x the cost of a 
standard lab microscope. Use of the Autoscope does not 
require special skills (although repair would likely not be 
possible by field clinic staff). The Autoscope requires blood 
slides prepared and stained according to current protocols for 
manual microscopists diagnosing malaria via Giemsa stained 
blood slides. 

In order to satisfy the low limit of detection requirements, 
the Autoscope must scan at least 0.1 µL of blood, which results 
in 300 fields-of-view (FOV) given the image size produced by 
the camera and the field size of the objective. Given the small 
size of malaria parasites, a 100× 1.25 NA oil immersion 
microscope objective is used to adequately resolve features of 
interest inherent in the parasites for proper identification and 
classification. This results in a small depth of field of 
approximately 0.6 µm, which leads to the requirement that 
parasites be within approximately 0.3 µm of the ideal focal 
depth. To this end, a linear piezo motor (shown in Fig. 1) 
accompanied by an optical (linear) encoder was used to 
provide rapid motion along the z-axis with a resolution of 
± 0.1 µm. Focus performance was determined using a Brenner 

gradient algorithm across the FOV resulting in a focus score 
for each z-stack level. The score is then used in a Fibonacci 
search algorithm to expedite location of optimal focal depth. 
Parasites in a given FOV are often located at different depths 
and so nine images differing by 0.3 µm in height are taken for 
each FOV to ensure an in-focus image of every parasite is 
captured. A 1.0 Watt white LED combined with a diffuser 
results in an exposure time of 8-20 ms, depending on the 
malaria sample being examined. This results in an overall scan 
time of approximately 20 minutes with approximately 0.1 µL 
of blood being examined. 

 
Fig. 1. 3D Model of Autoscope chassis 

    
                      (a)                                                           (b) 

Fig. 2. Autoscope (a) on lab bench, (b) in the field at SMRU 

 

 

 

 

 

 

 
 

 

 



TABLE I.  LIST OF SLIDES, NEGATIVES AND FALCIPARUM ONLY 

Source # Negatives # falciparum Parasitemia (p/µL) 

SMRUa 50 33 5,000–150,000 
UPCHb 50 0 N/A 
RITMc 40 3 500–1,500 
HTDd 1 8 500–4,000 
ACMEDe 1 5 350–141,000 
AMREFf 1 16 500–300,000 
KEMRIg 20 10 100–200 
RITMh 20 23 100–2,000 

a. Shoklo Malaria Research Unit, Thailand 
b. Universidad Peruana Cayetano Heredia, Peru 
c. Research Institute of Tropical Medicine, Philippines 
d. London Hospital of Tropical Diseases, UK 
e. Andri Centre of Excellence for Malaria Diagnosis, Nigeria 
f. African Medical and Research Foundation, Kenya 
g. Kenya Medical Research Institute, Kenya 
h. World Health Organization (WHO) dataset from RITM 

C. Annotation 
Image sets were manually annotated using a variety of 

software applications having a graphical user interface 
(GUI). Annotations of parasites were cross-checked by 
multiple on-site and off-site experts. Negative samples 
were assumed to be parasite-free, since they were PCR-
negative. All annotated objects, as well as sample meta-
data, were stored in an SQL database. Manual annotation 
recorded only the x-y location of each parasite; best focus 
z-stack level was computed by the algorithm. 

An example of a portion of a field-of-view image is 
shown in Fig. 3a. Two white blood cells can be seen in the 
image, as well as three early-stage P. falciparum 
trophozoites which are indicated with a red plus sign. Fig. 
3b shows a close up of the P. falciparum ring closest to the 
center of the image. The nucleus is a dark, round blob that 
is typically purple in color, although the color can vary 
between blue, violet, and purple depending on the imaging 
characteristics and the Giemsa stain pH. The cytoplasm is 
a somewhat less dark, thin blob that is spatially associated 
with the nucleus (or nuclei). The color is typically blue 
and the shape highly variable. For example, P. falciparum 
trophozoites can look like a semicolon or a basket as well 
as a variety of other shapes. In some instances, 
trophozoites with two nuclei can take on a characteristic 
headphone shape (not shown). 

Another typical characteristic of these images is that 
they contain artifacts (distractors) that share many of the 
same image features as P. falciparum rings. To the 
untrained eye, they can look like parasites, and one of the 
main challenges of Autoscope was to distinguish between 
real parasites and distractors. Application of the Autoscope 
diagnostic algorithms to non-malarial diseases in 2016 will 
provide datasets for pathogens that might act as distractors 
for malaria (e.g. babesia). 

D. Image Analysis 
The annotated images provide the ground truth for the 

Autoscope machine learning system. The image analysis 
framework is structured as a classical computer vision 
architecture. The system consists of the following modules: 

1. Preprocessing 

There can be considerable color variability between 
images. Even images captured with the same Autoscope 
device can vary in color based on the pH of the Giemsa 
stain as mentioned above. These color differences are not 
germane to discriminating between parasites and 
distractors. The preprocessing module transforms the 
scanned color images to take on a consistent appearance. 

2. Detection 

The detection module finds parasite candidate 
objects in all the field-of-view images acquired from a 
blood sample. A fast, coarse level of classification is 
employed to detect these candidate locations. Subsequent 
to the detection stage, only candidate object locations are 
examined. 

The ground truth is leveraged to train the Autoscope 
machine learning algorithms by establishing a 
correspondence between the detected objects and the 
annotated parasites. A detected object that coincides with 
an annotated parasite is used as a positive sample to train 
the machine learning algorithm. Annotated parasites that 
are not detected are also used as positive training samples. 
Detected objects that do not correspond to any annotated 
parasite are used as negative training samples (distractors). 
The output of the correspondence algorithm is a set of 
objects that are labeled as either parasites or distractors. 

3. Segmentation 

The segmentation module automatically delineates 
the nucleus and the cytoplasm blobs at candidate object 
locations. This segmentation is performed on positive and 
negative samples alike, mimicking what would be done in 
a field trial where the ground truth is unknown. The 
nucleus and cytoplasm are the cornerstone for many of the 
extracted features that are the basis of the classification 
algorithms. 

4. Feature extraction 

Two feature extraction approaches have been 
adopted in Autoscope: traditional feature engineering as 
well as convolutional neural networks. The traditional 
features can be divided into four major groupings. 
Morphological features capture shaped-based attributes 
that characterize the nucleus and cytoplasm. Color features 
characterize the observed color differences between the 
nucleus and cytoplasm. Texture features help to 
distinguish between distractors which are rich in texture 
from P. falciparum rings which are essentially simple 
objects without texture. Finally, a range of rectangular 
Haar features provide a numerical representation of the 
spatial relationship between nucleus and cytoplasm. 



5. Classification 

In the training phase, the labeled objects are used to 
train a classifier based on their computed features. A 
number of different classifiers have been employed in the 
classification module, including a linear support vector 
machine (SVM), a radial basis function SVM (we used the 
libsvm package [16]), a conventional neural network (NN), 
as well as a Gradient-Boosted Decision Tree (GBM). A 
two-stage classifier (linear SVM followed by NN) gave the 
best results. It should be noted that the hyperparameters of 
the classifiers (e.g. C value for a linear SVM) are tuned on 
a validation set, and subsequently applied to testing sets. 
The classifiers output a classifier score in the range [0,1], 
which approximates the probability that a candidate object 
is a parasite. 

  
                            (a)                                                            (b) 

Fig. 3. (a) Autoscope FOV image, (b) close-up of P. falciparum 

6. Diagnosis 

In validation and testing phases, the diagnosis module 
makes a determination whether a blood sample has malaria 
or not. The determination is based on the classifier scores 
for all of the detected candidate objects. The algorithm 
counts the number of objects above an object-level 
classifier score threshold (ρ). The algorithm then applies a 
second threshold (θ) on the number of objects above the 
classifier threshold ρ. 

In addition to making a determination of whether a 
blood sample is infected, the Autoscope software 
framework computes an estimate of the parasitemia, which 
is defined as the number of parasites per 8,000 white blood 
cells. This is a standard proxy for parasites per microliter 
(p/µL), used when the blood volume is not directly 
observable. 

Fig. 5 shows block diagrams for the process flow in the 
training, validation, and testing phases of the Autoscope 
software framework. It is apparent from the figures that the 
preprocessing, detection, segmentation, and feature extraction 
phases are common to all three modes of operation. Object-
level ground truth annotation is a requirement for the training 
and validation sets. In the validation and testing phases, the 
classifier is operated in prediction mode: training does not 
occur. Validation results are used to tune the classifier 
hyperparameters, and to tune the diagnosis thresholds. Feature 
selection is optionally used to trim the features down to a 

minimal discriminatory set. For the testing phase, object-level 
annotation is optional. With ground truth annotation, it is 
possible to report object-level ROC and Precision-Recall 
curves for the testing set. Without it, sample-level sensitivity, 
specificity, and parasitemia accuracy may be reported. 

In the field, the algorithm outputs diagnosis and quantitation 
information, and thumbnails of high-scoring objects (i.e. 
possible parasites) for inspection by the human user. In 
addition, it saves all the images, and a file with each object’s 
location, feature, and scoring information. 

III. RESULTS 

A. WHO55 diagnosis 
The algorithm was trained on 27 P. falciparum-positive 

samples (50 FOVs each, several thousand parasites), and 36 
negative samples (50 FOVs each), drawn from all the 
collections listed in Fig. 1 (except KEMRI and RITM WHO). 
The algorithm’s diagnosis parameters were set by ensuring 
90% sample-level specificity on a validation set of negative 
samples from RITM only. 

The algorithm was then applied to a separate test set, 
consisting of the P. falciparum component of a WHO55 set 
(source: RITM) as well as 3 low-parasitemia samples from 
SMRU. This test set included 20 negative samples, 10 RITM 
P. falciparum samples (parasitemia in the range 100 – 200 
p/µL), and 14 RITM and SMRU P. falciparum samples (200 – 
1200 p/µL). Fig. 6 shows typical suspected parasites detected 
by the algorithm. TABLE II.  gives Autoscope diagnosis 
results. Autoscope sensitivity and specificity exceed the 
diagnosis requirements for a WHO Level 1 (expert) 
microscopist. The algorithm reported in TABLE II.  did not 
incorporate CNN-derived features. 

Fig. 4 shows a heat map of the balanced accuracy = 
0.5*(sensitivity + specificity), over the 2-D space of ρ and θ. 
Everything to the right of the diagonal black boundary gives 
≥ 90% specificity on the validation set. This constraint was 
used to set the diagnosis parameters before testing the WHO 
set. The top left region has low accuracy on the WHO set due 
to low specificity. The bottom right region has low accuracy 
due to low sensitivity. The central region has accuracy ≥ 90%, 
and also obeys the validation set specificity constraint. Any 
parameter pair in this central region would meet Level 1 WHO 
accuracy requirements. There are other parameter regions to 
the left of the black diagonal boundary which give accuracy 
≥ 90% on the WHO set, but these regions were rejected during 
tuning on the validation set. 

B. Thailand field test 
As a hardware test, two Autoscopes were deployed to 

SMRU clinics in Thailand during the malaria season Dec 2014 
– Jan 2015. A total of 168 samples were collected and 
processed: 95 negatives, 8 P. falciparum, 62 P. vivax, and 3 
mixed species. 

A version of the algorithm was trained on 11 P. 
falciparum-positive samples (50 FOVs each, total thousands of 
parasites), and 25 negative samples (50 FOVs each), drawn 

 

 



mainly from SMRU samples (excluding samples collected 
during the field test). The diagnosis thresholds were set by 
ensuring 90% sample-level specificity on a validation set of 
negative samples from SMRU only (excluding samples 
collected during the field test). The goal was to tailor training 
to the region where the Autoscope was being tested. 

 
Fig. 4. Heatmap of Autosccope’s balanced accuracy on the WHO set 

Sample-level specificity on field data was 92%. Limit of 
Detection (LoD) on the few P. falciparum samples matched the 
results on the WHO55 set (LoD < 300 p/µL, limited by the 
parasitemia of available samples in the set). Although P. vivax 
parasites were entirely absent from the training set, the 
algorithm detected many P. vivax samples, with LoD on 
P. vivax ≈ 3000 p/µL. This sensitivity to P. vivax was due to 
detection of P. vivax ring stage parasites that sufficiently 
resembled P. falciparum ring stages to be captured by the 
algorithm. The percentage of early ring-stage forms in a given 
P. vivax infection can range from 0 to 100%. Thus the high 
LoD of the algorithm (compared to LoD on P. falciparum) 
reflects the fact that only a fraction of P. vivax parasites present 
as ring stage trophozoites. 

The hardware performed smoothly in the field. One of the 
devices experienced sporadic trouble with camera connectivity. 
The algorithm software performed smoothly. 

IV. DISCUSSION 
The goal of Autoscope is to diagnose malaria using 

Giemsa-stained blood samples from the field with 
LoD < 50 p/µL, in fully automated fashion. Autoscope is, to 
our knowledge, the first fully automated hardware-software 
system to demonstrate WHO Level 1 diagnosis expertise on 
P. falciparum using field slides. 

Because Autoscope uses Giemsa-stained field samples 
prepared according to current standard practice, it can be 
readily deployed to the field with minimal infrastructure 
changes. It targets the LoDs required by field use cases and it 

can detect all species (in contrast to, for example, hemozoin-
based methods that risk low sensitivity on P. falciparum [17]). 
Therefore, it can potentially make a substantial difference to 
known use cases such as patient case management. 

The results presented here apply only to P. falciparum. 
Two algorithm modules remain: Diagnosis of non-P. 
falciparum species (P. vivax, P. ovale, and P. malariae) on 
thick smear; and species differentiation (e.g. between P. vivax 
and P. ovale) on thin smear. Non-P. falciparum species are 
easier to identify than P. falciparum due to the presence of 
larger late stage parasites. Thin smears are in general easier to 
analyze than thick smears, as stated above. Development 
continues on these two modules, as well as on improvements to 
the P. falciparum module, deeper exploration of convolutional 
neural network architectures, and improvements to the 
hardware (e.g. speed, cost). 

To be maximally useful in the field, an Autoscope should 
also be able to diagnose other parasites (e.g. loa loa, Borrelia) 
and do basic hematology (differential). Since other parasites 
are orders of magnitude larger than malaria parasites, these are 
fundamentally easier tasks, and are targets for future work. 
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Fig. 5. Autoscope process flow in (a) training, (b) validation, and (c) testing phases 

 



 

Fig. 6. Output of Autoscope algorithm showing z-stack thumbnails of top-scoring parasite suspects. The most in-focus thumbnail is framed in blue. 
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