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Abstract: Schistosomiasis is a debilitating parasitic disease of poverty that affects more than 200 million people worldwide, mostly in sub-Saharan Africa, and is clearly associated with the construction
of dams and water resource management infrastructure in tropical and subtropical areas. Changes to
hydrology and salinity linked to water infrastructure development may create conditions favorable to
the aquatic vegetation that is suitable habitat for the intermediate snail hosts of schistosome parasites.
With thousands of small and large water reservoirs, irrigation canals, and dams developed or under
construction in Africa, it is crucial to accurately assess the spatial distribution of high-risk environments that are habitat for freshwater snail intermediate hosts of schistosomiasis in rapidly changing
ecosystems. Yet, standard techniques for monitoring snails are labor-intensive, time-consuming,
and provide information limited to the small areas that can be manually sampled. Consequently, in
low-income countries where schistosomiasis control is most needed, there are formidable challenges
to identifying potential transmission hotspots for targeted medical and environmental interventions.
In this study, we developed a new framework to map the spatial distribution of suitable snail habitat
across large spatial scales in the Senegal River Basin by integrating satellite data, high-definition,
low-cost drone imagery, and an artificial intelligence (AI)-powered computer vision technique called
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schistosomiasis elimination remains a major public health challenge in many settings.
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Recent studies suggest that targeting the snails is one of the most effective ways to
reduce schistosomiasis transmission [5,6]. Unfortunately, despite decades of field studies
on schistosomiasis, field methods for detecting snail populations have not improved upon
standard manual search protocols. Manual sampling is labor-intensive, time-consuming,
and, despite the effort, yields limited information to prioritize control strategies when it is
necessary to identify transmission foci over large geographical areas. Snail distribution is
patchy in space and time, and snail sampling is generally restricted to water depths and
distances from shore that are safely accessed by field technicians stepping into potentially
contaminated waters, whereas suitable snail habitat—and potential clusters of infective
snails—can be found at great distances from shore (Figure 1b). This makes it difficult
to accurately estimate snail abundance and distribution, and to scale estimations to an
epidemiologically appropriate spatial scale. Consequently, disease control programs are
generally deployed with limited knowledge of the spatial distribution of transmission
risk for schistosomiasis. Thus, despite three decades and billions of dollars disbursed for
human chemotherapy campaigns, the number of people infected with schistosomiasis has
remained relatively unchanged [5].
Combating this debilitating disease requires improved methods for estimating disease
risk and identifying transmission hot spots for targeted chemotherapy and environmental
interventions, ultimately to maximize efficiency given that funding for disease control is
often limited. In this study, we present an innovative method to map potential transmission
foci that is based on the empirical association of snails with aquatic vegetation [7] and
integrates satellite data with high-definition, low-cost drone imagery, and an artificial
intelligence (AI)-powered computer vision technique termed ‘semantic segmentation’ [8,9].
The method proposed here has its foundation in extensive field studies we conducted
in the lower basin of the Senegal River (SRB) between 2016 and 2018, where we identified specific vegetation types (Figure 2a) strongly associated with snail distribution and
abundance and, ultimately, with increased transmission risk of Schistosoma haematobium
(urinary schistosomiasis) in the SRB [7,10]. In these studies, we also found that aquatic
vegetation serving as suitable snail habitat can be visually identified using high-resolution
drone imagery (Figure 2b). Unmanned aerial vehicles, however, have limited autonomy
and cannot be operated over large geographical areas, i.e., at the scale at which information
on potential transmission hot spots will be most valuable to prioritize intervention strategies. In this paper, we investigated whether, by associating snail habitat data to spectral
signatures from drone and satellite imagery (Figure 2c), it is possible to use U-Net, a deep
learning algorithm constructed with convolutional neural networks (CNNs) [11], trained on
a small set of satellite imagery, to identify snail habitat over regional scales. We also tested
whether a more widely used machine learning (not deep learning) approach, i.e., random
forest, performed better, equally, or worse than the deep learning approach, with respect to
prediction accuracy on hold-out datasets from nearby regions not used in training. Using
the SRB as a case study, we show that a system integrating drone and satellite imagery,
with deep learning algorithms and information on habitat suitability for the obligate host
snails of schistosome parasites, can provide a rapid, accurate, and cost-effective assessment
of aquatic vegetation indicative of potential transmission hotspots for urinary schistosomiasis. This system can be scaled up to generate seasonally updated information on the
risk of urinary schistosomiasis transmission and might be applicable to other sub-Saharan
African regions with endemic urinary schistosomiasis, similar snail-parasite ecologies, and
associations among snails and their habitat.
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Potamogeton spp. and Ceratophyllum spp., and emergent patches as the mixture of Typha
spp., Phragmites spp., and Nymphaea spp. (Figure 2c). About 90% of the imagery was
cloudless. We selected 10 cloud-free mosaics covering our 32 water access points for deep
learning training and validation. Images were gathered on 29 June 2016 (for river sites) and
4 July 2016 (for lake sites). Each selected mosaic has dimensions of 4096 × 4096 × 8 pixels.
In order to generate our training set, we split each mosaic into 256 sub-images, each of
256 × 256 × 8 pixels.
Table 1. WorldView-2’s eight multispectral bands.
Scheme 397

Wavelength (nm)

Coastal
Blue
Green
Yellow
Red
Red Edge
Near-IR 1
Near-IR 2

397–454
445–517
507–586
580–629
626–696
698–749
765–899
857–1039

2.3. Deep Learning
With recent advances in computation and the availability of large datasets, deep
learning algorithms have been shown to be comparable with, and even exceed, human
performance in image recognition tasks, including applications to diagnose human disease
(e.g., [13] for ImageNet challenge, [14] for breast cancer histology images, and [15] for
skin cancer images) as well as object detection [16,17], and semantic segmentation [9,18].
Convolutional neural networks (CNNs) learn key features directly from the training images
by the optimization of the classification loss function and by interleaving convolutional
and pooling layers, (i.e., spatially shrinking the feature maps layer by layer) [8,19]; in other
words, CNNs exploit feature representations learned from raw image pixels and have
minimal need for a priori knowledge and pre-defined statistical features [14,20]. Several
studies have successfully implemented deep learning approaches and CNNs for various
vegetation segmentation and classification tasks on satellite imagery and have achieved
high accuracy [21–23].
A fully convolutional network (FCN) is a deep learning network for image segmentation [24]. Leveraging the advantages of convolutional computation in feature organization
and extraction, an FCN establishes a multilayer convolution structure and de-convolution
layers to realize pixel-by-pixel segmentation [9,25,26]. Segmentation models, such as FCNs,
are effective because the multilayer structure of these models adeptly handles the detail
features of images.
U-net—a specific type of FCN—has received a lot of interest for the segmentation of
biomedical images using a reduced dataset [11] but has also proven to be very efficient for
the pixel-wise classification of satellite images [22,27]. The U-Net architecture (Figure 4)
consists of a contracting path to capture context and a symmetric expanding path that
enables precise localization. Here, we adapted U-Net for semantic segmentation on aquatic
vegetation using multispectral satellite imagery. For the design of our model, we followed
the classical U-Net scheme that produced a state-of-the-art CNN encoder–decoder [11].
The workflow of our deep learning approach is presented in the next section.
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2.4.3. U-Net
U-Net Training
Training and
and Validation
Validation
2.4.3.
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U-Net
architecture
(Figure
CNN
encoder–
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architecture
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CNN
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prove the training speed [29], as well as of max-pooling layers. In total, the network has
23 convolutional layers. The final convolutional layer is used to map each 64-component
23 convolutional layers. The final convolutional layer is used to map each 64-component
feature vector to the 4 classes of our semantic segmentation task. Readers are referred
feature vector to the 4 classes of our semantic segmentation task. Readers are referred to
to [11] for the details of the U-Net architecture.
[11] for the details of the U-Net architecture.
We up-scaled the 256 × 256 × 8 preprocessed images to 572 × 572 × 8 as input layers
We up-scaled the 256 × 256 × 8 preprocessed images to 572 × 572 × 8 as input layers
in U-Net. The input images and their corresponding segmentation masks were used to
in U-Net. The input images and their corresponding segmentation masks were used to
train the network. Binary cross-entropy was selected as the loss function to evaluate the
train the network. Binary cross-entropy was selected as the loss function to evaluate the
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model weights of the CNN, and an accuracy metric was applied to measure how close the
predicted mask was to the manually annotated masks pixel by pixel, namely:
Pixel accuracy = (TP + TN)/(TP + TN + FP + FN) (%)

(1)

where TP is true positive, TN is true negative, FP is false positive, and FN is false negative.
The accuracy metric is defined by the number of pixels labeled correctly divided by the
total number of pixels. During the training, the loss function was used to evaluate the
performance of the U-Net by comparing the input data to the output values predicted.
Stochastic gradient descent was implemented to iteratively adjust the weights, allowing
the network to best approximate the training data output. At each iteration (i.e., epoch),
a backpropagation algorithm estimated the partial derivatives of the loss function with
respect to the incremental changes in all the weights to determine the gradient descent
directions for the next iteration. The network weights were initialized randomly, and
an adaptive learning rate gradient-descent back-propagation algorithm [29] was used to
update model weights [8]. The model was trained with 80% of the training set and tested on
the remaining images not used for training. Note that the test set was randomly selected for
each epoch and was not used in the optimization or backpropagation algorithms. Instead,
the loss function was evaluated over the hold-out validation data, and this served as an
independent tuning metric of the performance of the U-Net.
Data augmentation and batch normalization were applied in the training. Data augmentation is essential to teach the network the desired invariance and robustness properties,
when only a few training samples are available, especially for segmentation tasks [11]. In
the model, we generated image transformations by randomly reversing and transposing
first and second image dimensions. Dropout layers at the end of the contracting path
were used for further implicit data augmentation. In practice, the random transformation allowed us to increase the size of the dataset without deteriorating its quality. Batch
normalization is used for addressing internal covariate shift and is widely used in image
segmentation [30]. In our model, we applied batch normalization after the convolution and
before the activation. Data augmentation and batch normalization used here are expected
to further improve the datasets and prediction performance.
We experimented with a set of hyperparameters for the learning algorithm, which
included training epoch, batch size, and learning rate. We utilized these parameters to
obtain a final accuracy after every run. We conducted a grid search hyperparameter tuning
to obtain the optimal set of parameters whose values are used to control the learning
process. The search space for the training epoch was {50, 100, 150}, and the batch size
was {8, 16, 32, 64}. As for the learning rate, the first search space was {1 × 10−5 , 1 × 10−4 ,
1 × 10−3 , 1 × 10−2 }, then we narrowed down the search to the best performing power
group, for example, 1 × 10−5 to 9 × 10−5 with an increment of 1 × 10−5 .
We implemented U-Net model and training in the Python development environment
with the Keras package [31], which provides a high-level application programming interface
to access Google’s deep learning framework, TensorFlow 2 [32]. Open Source code packages
developed in this study can be accessed via the link provided in the Supplementary
Materials Section.
2.4.4. Inference and Heat Maps
After training the U-Net model and fine-tuning the network parameters in an iterative
process, the best-performing model and corresponding weights were used to identify the
aquatic vegetation on hold-out/OOB satellite data at the pixel level. With new input image
feeds, our model outputs four layers of pixel-by-pixel segmentation, including floating
vegetation, emergent vegetation, water, and land. Each output pixel prediction is accompanied by a probability of the object belonging to one of the four classes. For visualization
purposes, we combined four layers of segmentation and color-coded each layer to form
a single inference image. The inference image displaying the spatial distribution of the
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and 83.1% for the hold-out validation set, over all four classes, while the accuracy for the
floating vegetation class was 97.0% for the test set and 84.0% for the validation set. The
results are summarized in Table 2.
Table 2. Summary of model results on test set and hold-out validation set.

Model

GLCM
Features

Test Set
Accuracy—4
Classes

Hold-Out Validation
Set Accuracy—4
Classes

Test Set
Accuracy—Floating
Vegetation

Hold-Out Validation Set
Accuracy—Floating
Vegetation

Random forest

Added

96.7%

67.8%

97.0%

68.0%

CNN-based
(U-Net)

Not
Added

94.5%
96.5%

82.7%
83.1%

96.0%
97.0%

84.0%
84.0%

4. Discussion
Our results demonstrate the ability of a deep learning segmentation approach to
automatically identify the aquatic vegetation associated with snail species that act as
intermediate hosts for transmission for schistosomiasis to humans in the lower SRB. Using
high-resolution satellite imagery, our CNN-based model outperformed a commonly used
random forest approach with regard to accuracy on validation data. This new framework
applies a cutting-edge AI solution that has the capacity to provide a rapid, accurate, and
cost-effective risk assessment for vegetation characteristics that have previously been
elusive to quantify at large scales but have recently been shown to be correlated with
urinary schistosomiasis transmission hotspots in the lower SRB [7]. This approach can
be potentially applied and scaled to other areas subject to endemic schistosomiasis risk,
especially where the ecology of local intermediate host snails is linked to the presence and
extent of floating aquatic vegetation.
The deep learning workflow we presented here took considerable time for manual
annotation (~200 human hours) on targeted vegetation and computing power to properly
train the U-Net model. However, once trained and deployed, the deep learning model can
analyze a satellite image and provide classification results extremely rapidly (in the scale of
minutes). Our finding that the CNN (U-Net) model performed better than random forest
approaches in the OOB dataset confirms previous findings that tree-based methods are less
generalizable than deep learning segmentation methods [42]. In addition, adding GLCM
texture layers to the U-Net model only marginally improved accuracy, which shows that
deep learning does not heavily depend on the statistical features of the underlying image.
Consequently, the CNN model does not require prior specification of GLCM layers by a
domain expert, which makes the model less prone to bias due to researcher-specified inputs
otherwise needed for conventional machine learning (e.g., random forest) approaches.
In general, the benefit of deep learning is to reduce the task of developing a new
feature extractor for every problem as well as to avoid human biases when solving the
problem. However, the limitation with deep learning is its interpretability. Mathematically
it is possible to find out which nodes of a deep neural network were activated, but it is
difficult to assess what these layers of neurons were doing collectively. On the other hand,
conventional machine learning algorithms such as decision trees provide crisp rules on
feature selections and decode for feature importance; therefore, it is easier to interpret the
reasoning behind the model. In this study, we focus more on model prediction performance
and accuracy than the interpretability, so deep learning is the preferred approach in this
case.
The model evaluation metric selected here is pixel accuracy, which can sometimes
provide misleading results when the class representation is very small within the image
(<1%), as the measure will primarily be biased in reporting the model’s ability to identify
negative cases (i.e., when the class is not present). This is not the concern for the imagery
data used in this study, as the minor class achieved a very high segmentation performance
around 97% accuracy. To further analyze the distributions of false positives of the predicted
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floating vegetation (see the black color pixels in the inference maps; Figure 7c,d), we found
that most false positives were located along the edge of floating vegetation patches as well
as the boundary with other vegetation, which indicates that more labeled pixels on the
vegetation patches are required to improve the pixel accuracy of the model. However, the
purpose of this study is to show the capability of generating rapid prediction and generalized mappings of the floating vegetation for the larger area instead of providing small
details on how floating vegetation patches are distributed. The latter is more important
in analyzing the seasonal changes in the floating vegetation and how it correlates with
schistosomiasis transmission. This will be the focus of our follow-up studies.
In this study, the drone imagery was used to validate the presence and identity of
aquatic vegetation on satellite imagery that was captured in a similar time period (less than
a few months apart). For future studies, the drone imagery could have greater utilization
in training deep learning models, e.g., for image super-resolution [43] as well as resolution
enhancement [44] for satellite imagery in an adversarial training setting [45], as long as
the satellite data is captured at the same time and place, ideally less than a few weeks
apart, which would require precise planning and coordination of satellite image capture
and drone operation activities. The opportunity to couple synchronous drone and satellite
imagery becomes more and more feasible as more high-resolution satellites circle the Earth
and create Earth observation data at a faster tempo. For example, the Planet satellite
constellation now provides high-resolution satellite imagery with a global extent on a daily
basis (https://www.planet.com, accessed on: 8 January 2022).
The segmentation algorithm and resultant aquatic vegetation inference maps presented here demonstrate proof of principle for the utility of a deep learning approach
to enable production of aquatic vegetation maps with potential public health relevance
for schistosomiasis transmission control. So far, the model has only been trained and
validated over a relatively large spatial extent in the lower SRB, one of the most important
hotspots for schistosomiasis transmission in the world, but there is strong potential to
apply this model to larger spatial extents using remote sensing images from different river
and lake systems to build a more generalized model. The next step in the development
of this approach is to validate the predictive power of vegetation maps produced by this
method for actual snail and human prevalence or incidence data. If indeed vegetation maps
derived through the integration of high-definition satellite imagery with deep learning
prove accurate in predicting snail presence or abundance and/or human infection risk
across large scales, then this tool has the potential to provide unprecedented precision
mapping of snail suitable habitat to efficiently target limited resources to control disease
in the high-transmission areas. Future studies should thus focus on validating the ability
of these vegetation inference maps to correctly predict human disease transmission in the
SRB and other regions of Africa where there is endemic schistosomiasis transmission in a
similar ecological context.
5. Conclusions
Recent analyses clearly show that area covered by suitable snail habitat (i.e., floating, non-emergent vegetation), percent cover by suitable snail habitat, and size of the
water-contact area are more effective environmental proxies of human infection with schistosomiasis in the SRB than snail abundance estimates derived with traditional malacological
field sampling [7]. In this work, we translated this ecological knowledge into practical
tools for management through a deep learning model (U-Net) that is capable of automatically analyzing high-resolution satellite imagery to produce segmentation maps of aquatic
vegetation associated with intermediate host snails, and potentially, with human schistosomiasis transmission. The performance of our deep learning model was more robust to
generalization across different river and lake regions in the SRB than the more commonly
used machine learning method of random forest and GLCM analysis. We show a proof of
principle for how to create aquatic vegetation maps, including estimates of uncertainty, for
identifying the possible intermediate host snail habitat hotspots in the SRB. We envision
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that these maps may allow local governments and health authorities to affordably obtain
the most up-to-date spatial distribution of disease transmission at policy-relevant scales
that were previously unobtainable, expanding capacity to address schistosomiasis environmental risks in this disease hotspot. This technology can be easily and affordably applied
in other resource-poor settings where schistosomiasis is endemic and where identification
of hotspots of transmission is desperately needed to target interventions. Our proof of
principle shows that deep learning is a powerful tool that may help fill the capacity gap
limiting our understanding of the environmental components of transmission for more
affordable, efficient, and targeted control of neglected tropical diseases.
Supplementary Materials: Open-Source code packages developed in this study can be accessed via
this link (https://github.com/deleo-lab/schisto-vegetation, accessed on: 8 January 2022).
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