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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 con-
struction of dams and water resource management infrastructure in tropical and subtropical areas. 
Changes to hydrology and salinity linked to water infrastructure development may create condi-
tions 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 dis-
tribution 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 identify 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 semantic segmentation. A deep learning model 
(U-Net) was built to automatically analyze high-resolution satellite imagery to produce segmenta-
tion maps of aquatic vegetation, with a fast and robust generalized prediction that proved more 
accurate than a more commonly used random forest approach. Accurate and up-to-date 
knowledge of areas at highest risk for disease transmission can increase the effectiveness of control 
interventions by targeting habitat of disease-carrying snails. With the deployment of this new 
framework, local governments or health actors might better target environmental interventions to 
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where and when they are most needed in an integrated effort to reach the goal of schistosomiasis 
elimination.  

Keywords: deep learning; U-Net; semantic segmentation; schistosomiasis; aquatic vegetation; Ne-
glected Tropical Diseases; Senegal River Basin. 
 

1. Introduction 
Schistosomiasis is one of the most prevalent neglected tropical diseases (NTDs), 

with more than 800 million people at risk and 200 million infected, the vast majority in 
sub-Saharan Africa [1-3]. The disease is caused by parasitic worms with a complex life 
cycle that includes two obligate hosts: a human host and a freshwater snail. People be-
come infected through contact with water contaminated by a free-living stage of the 
parasite, called cercariae, shed by infected freshwater snails (Figure 1a). Snails are in-
fected by the other free-living stage of the parasites, miracidia, which emerge from eggs 
released in human urine, for Schistosoma haematobium, or feces, for S. mansoni.  

The current approach for schistosomiasis control in Africa is preventive chemo-
therapy in the form of mass drug administration (MDA), generally targeting school-aged 
children. While effective at reducing adult worm burdens, MDA does not kill juvenile 
worms nor does it prevent re-infection. Thus, drugs provide only temporary relief for 
people exposed to contaminated water for daily chores and water-based livelihoods, 
leaving entire communities in an endless cycle of drug treatment and re-infection [4]. For 
these reasons, schistosomiasis elimination remains a major public health challenge in 
many settings.   

 

 
Figure 1. (a) The life cycle of Schistosoma spp. parasites. The adult worms live and reproduce sex-
ually within the human host, releasing eggs into the environment that hatch and seek an interme-
diate freshwater snail host, where the larval stages of the worms develop via asexual reproduction. 
Cercariae are released from snails and seek human hosts, completing the lifecycle. (b) Sampling 
aquatic environments for infected snails is physically demanding, time-intensive, and limited to 
accessible areas. Snails are found by sifting through thick vegetation, and later processed in the la-
boratory for parasitological data. 

 
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. 
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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 po-
tential 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 distribu-
tion 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 dis-
ease risk and identifying transmission hot spots for targeted chemotherapy and envi-
ronmental 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 vegeta-
tion [7] and integrates satellite data with high-definition, low-cost drone imagery, and an 
artificial intelligence (AI)-powered computer vision technique termed ‘semantic seg-
mentation’ [8,9].  

The method proposed here has its foundation in extensive field studies we con-
ducted in the lower basin of the Senegal River (SRB) between 2016-2018, where we iden-
tified 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 priori-
tize 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 pos-
sible 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 gen-
erate 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. 

2. Materials and Methods 

2.1 Study Area  

The SRB, located in West Africa, covers 1.6% of the continent and spans four coun-
tries, with total basin size of about 337,000 km2. The Senegal River is a 1,086-km-long 
river that forms the border between Senegal and Mauritania; it flows through large ex-
panses of scarce Sahelian vegetation, with seasonally varying water levels [12]. We con-
ducted field missions in the SRB seven times between 2016 and 2019, during which we 
visited 32 water access sites where human schistosomiasis transmission is known to oc-
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cur, and collected various ecological and epidemiological data from 16 villages within the 
geographic coordinates 15.898277° − 16.317924° N and 15.767996° − 16.431078° W. Ten 
water access sites across six villages were located along the Senegal river and connected 
tributaries near the city of Saint-Louis, while the remaining 22 water access sites across 10 
villages were located along the shores of Lac de Guiers, a 170 km2 freshwater lake located 
about 50 km east of the river sites and which overflows into the Senegal River (Figure 3).  

 

Figure 2. (a) Typical vegetation types found at water access points in the SRB, as seen from the 
shoreline. (b), and (c) through drone imagery and (d) satellite imagery (WorldView-2). Specific 
vegetation types are a key indicator of snail presence and abundance, and extend far beyond the 
area safely sampled by trained technicians, thus limiting accurate estimates for human dis-
ease-risk.  

2.2 Remote Sensing Data and Vegetation Types  

During field missions, we acquired more than 6,000 high-resolution drone images 
using a DJI™ Phantom IV consumer drone equipped with the standard-issue 
12.4-megapixel 1/2.3”-inch CMOS sensor. Each image consisted of RGB bands with av-
erage ground sample distance (GSD) of 2.31 cm/pixel and an average flight altitude of ~50 
m above ground level, covering a total area of 15 km2. From drone images, several types 
of aquatic vegetation were identified visually: Potamogeton spp., Ceratophyllum spp., 
Typha spp., Phragmites spp., and Nymphaea spp. (Figure 2a, 2b). In most cases, Potamogeton 
spp. and Ceratophyllum spp. are associated with each other and are floating or lightly 
rooted and partially submerged in the water, while Typha spp. and Phragmites spp. form 
tall, dense stands of emergent vegetation along the edges of the water. Results from our 
previously published fieldwork [7] show that Bulinus spp. snails (obligate intermediate 
hosts for S. haematobium) are strongly associated with floating and lightly rooted aquatic 
vegetation, specifically the abundant, partially submerged plants Ceratophyllum spp. and 
Potamogeton spp. (Figure 2b), which appear as dark blue color patches on the water in 
RGB drone images. Drone imagery revealed sizable patches of suitable snail habitat dis-
tributed at great distances from the shore in areas inaccessible to traditional sampling 
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methods. Results from our previous work show that measuring suitable snail habitat is a 
better predictor for disease risk and transmission than direct snail sampling methods [7]. 
Exploratory sampling from a boat also confirmed that schistosome-hosting snails were 
indeed present in offshore floating and submerged vegetation [7].  

 

Figure 3. A mosaic of Maxar Technologies, Inc. (formerly DigitalGlobe) WorldView-2 imagery of 
our study area, the SRB. Red markers indicate the locations of our 32 sampling sites.  

 
We used high-resolution drone imagery (Figure 2c) to validate the presence of var-

ious types of aquatic vegetation in coarser-resolution satellite images (Figure 2d). 
WorldView-2 multispectral satellite images were provided by the DigitalGlobe Founda-
tion (now Maxar Technologies Inc.), including 36 mosaics covering a large area of our 
field sites in the SRB (Figure 3). These images were acquired between June and October 
2016 and contain eight multispectral bands (Table 1) with a 2.0-meter pixel spatial reso-
lution. At this resolution, Ceratophyllum spp. and emergent vegetation are visible; how-
ever, it is not possible to distinguish Potamogeton spp. from Ceratophyllum spp., and Typha 
spp. from Phragmites spp. or Nymphaea spp. Therefore, we identify floating patches as the 
mixture of 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 June 29th, 2016 (for river 
sites) and July 4th, 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.  

 
 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 dis-
ease (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 
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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 lay-
er) [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 seg-
mentation [24]. Leveraging the advantages of convolutional computation in feature or-
ganization 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 encod-
er-decoder [11]. The workflow of our deep-learning approach is presented in the next 
section.  

 

Figure 4. U-net architecture reproduced from [11]. The black boxes correspond to a multi-channel 
feature map. The number of channels is denoted on top of the box. The x-y-size is provided at the 
lower left edge of the box. Gray boxes represent copied feature maps. The colored arrows denote 
the separated operations. The final segmentation layer outputs 4 classes of labels for this study. 
Details refer to [11].  

2.4 Workflow and model implementation  

The workflow of our deep learning approach of semantic segmentation on aquatic 
vegetation consisted of the following steps: (1) data preprocessing, (2) making label 
masks, (3) CNN model (U-Net architecture) training, (4) making predictions on new sat-
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ellite imagery (i.e., inference) and producing example transmission risk maps for each 
image. Each step is described in the following sub-sections.  

2.4.1 Data Preprocessing  
The calibration of multispectral satellite imagery was done by DigitalGlobe before 

delivery, including correcting for radiometric and geometric sensor distortions [28]. Ra-
diometric corrections include relative radiometric response between detectors, 
non-responsive detector fill, and conversion for absolute radiometry. Sensor corrections 
include corrections for internal detector geometry, optical distortion, scan distortion, 
line-rate variations, and misregistration of the multispectral bands. Each image had also 
been projected to UTM zone 28N using the WGS84 datum.  

The eight bands of Worldview-2 imagery are Coastal, Blue, Green, Yellow, Red, Red 
Edge, NIR1, NIR2 (details in Table 1). Each pixel is geo-referenced and encoded as INT2U 
data type (hence, information is stored as digital numbers spanning 0-65534). Before 
making label masks, we split each image mosaic into 16 sub-images of size 256 × 256 × 8, 
which was chosen as the input size for the U-Net model.  
 

Table 1. WorldView-2’s eight multispectral bands. 
 

Spectral Band   Wavelength (nm)  
Coastal  397 – 454  

Blue  445 – 517  
Green  507 – 586  
Yellow  580 – 629  

Red  626 – 696  
Red Edge  698 – 749  
Near-IR 1  765 – 899  
Near-IR 2  857 – 1039  

 

2.4.2 Label masks  
In this study, we defined four classes for the semantic segmentation task, namely 

‘floating’, ‘emergent’, ‘water’, and ‘land’. As described above, the ‘floating’ class en-
compassed most types of floating or lightly rooted and submerged aquatic vegetation, 
with Ceratophyllum spp. and Potamogeton spp. among others, and the ‘emergent’ class 
identified mixed or uniform stands of mostly Typha spp. or Phragmites spp. vegetation, 
along with shorter emergent vegetation such as grasses and sedges at the water’s edges. 
The ‘water’ class was simply areas devoid of either floating or emergent vegetation, with 
muddy bottom. The ‘land’ class was non-water habitat and could be farmland, villages, 
terrestrial vegetation, or bare ground.   

Technicians with extensive on-the-ground training and who were working directly 
with the identification and surveillance of aquatic vegetation at the sampling sites man-
ually annotated 50 sub-images of WorldView-2 satellite imagery to create a binary mask 
for each class to use as training data. The manual annotation was done via visual inter-
pretation. The higher-resolution drone imagery was used to confirm the presence of each 
class on satellite data (Figure 2d) in the training set. Floating vegetation appears dis-
tinctly dark blue on drone and satellite imagery, which can help distinguish it from the 
green color of emergent vegetation. Therefore, for each image, four binary masks repre-
senting the four classes described above were produced. For example, a pixel of the 
‘floating’ mask has a value of 1 (white color) if it belongs to the ‘floating’ class or a value 
of 0 (black color) if it belongs to any other class (Figure 5). There are no overlaps in the 
256 × 256 labeled pixels for each class. Of the 50 × 4 masks, 80% were used as training/test 
set and 20% as hold-out validation/out-of-bag (OOB) set. Within the training set, 86% of 
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the pixel area was water or land, 4% was floating vegetation, and 10% was emergent 
vegetation.  

 

Figure 5. Example of label masks for a satellite image. The four classes are ‘floating’, ‘emergent’, 
‘water’, and ‘land’. Pixels are assigned a value of 1 (white color) if they belong to the assigned class, 
and a value of 0 (black color) otherwise.   

2.4.3 U-Net training and validation  
Here we followed the classical U-Net architecture (Figure 4), the CNN encod-

er-decoder [11], for the model design in the training. The network architecture consists of 
a contracting path (left side) and an expansive path (right side). The contracting path 
follows the typical architecture of a convolutional network, which is composed of Recti-
fied Linear Units - i.e., the ReLU activation function - to avoid vanishing gradients and to 
improve 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 feature vector to the 4 classes of our semantic segmentation task. Readers 
are referred to [11] for the details of the U-Net architecture.  

We adopted the 256 × 256 × 8 preprocessed images as input layers in U-Net. The 
input images and their corresponding segmentation masks were used to train the net-
work. Binary cross-entropy was selected as the loss function to evaluate the model 
weights of the CNN, and an accuracy metric was applied to measure how close the pre-
dicted mask was to the manually annotated masks pixel by pixel, namely:  

Pixel accuracy = (TP + TN)/(TP + TN + FP + FN) (%)  
  

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 di-
vided 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 of all the weights to determine the gradient de-
scent 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 
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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 backpropaga-
tion algorithms. Instead, the loss function was evaluated over the test 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 con-
tracting 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 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 implemented U-Net model and training in the Python development environ-
ment 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 Supple-
mentary Materials Section.  

2.4.4 Inference and heat maps  
After training the U-Net model and fine-tuning the network parameters in an itera-

tive process, the best-performing model and corresponding weights were used to iden-
tify 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, in-
cluding 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 col-
or-coded each layer to form a single inference image. The inference image displaying the 
spatial distribution of the aquatic floating vegetation identified through field observa-
tions as the most suitable snail habitat can then be used for examining disease transmis-
sion risk [7].    

2.5 Benchmarking deep learning performance against random forest  
Additionally, we benchmarked U-Net formulations against a common modeling 

approach in the remote sensing community: random forest, a tree-based algorithm. 
Random forest analysis is a supervised ensemble classifier that generates unpruned 
classification trees to predict a response. Random forest implements bootstrapping sam-
ples of the data and randomized subsets of predictors [33]. Final predictions are ensem-
bled across a forest of trees (n = 100) on the basis of an averaging of the probabilistic 
prediction of each classifier. No maxima were set for tree depth, number of leaf nodes, or 
number of features; we did this to favor prediction over interpretability.  

Several studies [34-38] showed that random forest is a very efficient approach for 
land cover and vegetation classification from satellite imagery in environmental applica-
tions, especially when combined with a gray-level co-occurrence matrix (GLCM) textural 
analysis [39], a statistical approach to examine image texture based on the value and 
spatial relationships of pixels.  

Here we adapted the approach of [35] that combines GLCM with random forest for 
our segmentation task on aquatic vegetation in the SRB, and compared its prediction 
performance on the satellite data and on hold-out datasets not incorporated in the train-
ing set. With respect to the random forest approach, deep learning exploits feature rep-
resentations learned exclusively from raw image pixels, without depending on additional 
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statistical features, such as GLCM. However, for the purpose of comparison, we also 
trained a U-Net model with GLCM layers.  

Six GLCM texture features, i.e., contrast, dissimilarity, homogeneity, energy, corre-
lation, and angular second moment (Figure 6; see [40] for texture details), were calculated 
for each of the eight WorldView-2 multispectral bands by using Python scikit-image 
package version 0.15 [41]. The same input size (256 × 256 × 8) and the same batch of 
training and validation data of satellite imagery and corresponding masks were used in 
the random forest test, in comparison with the U-Net model.  

 

 

Figure 6. Examples of GLCM texture features: contrast, dissimilarity, energy, and correlation, 
which are calculated from the raw pixel values of the 8-band multispectral WorldView-2 imagery.  

3. Results 
We evaluated the deep learning segmentation algorithm’s performance accuracy for 

the four classes (floating vegetation, emergent vegetation, water, and land) and experi-
mented with multiple learning rates. We found the optimized learning rate to be 4 × 10-5, 
which resulted in a segmentation accuracy of 94.5% for the test set and 82.7% for the 
hold-out validation/ OOB set, over all four classes. Color-coded inference maps were 
produced for visualization (Figure 7). Floating vegetation, which strongly predicts snail 
abundance and transmission risk in the SRB [7], represents the most important classifi-
cation target for the problem at hand. When segmentation accuracy is computed only on 
the floating vegetation class, the U-Net model achieved an accuracy of 96% for the test set 
and 84% for the hold-out validation set.  

Concerning the performance of the random forest model coupled with the six 
GLCM texture features, segmentation accuracy achieved 96.7% for the test set and 67.8% 
for the hold-out validation set, over all four classes, while the accuracy for the floating 
vegetation class was 97% for the test set and 68% for the validation set. When the U-Net 
model was trained by using the GLCM features, the segmentation accuracy was 96.5% for 
the test set and 83.1% for the hold-out validation set, over all four classes, while the ac-
curacy for the floating vegetation class was 97.0% for the test set and 84.0% for the vali-
dation set. The results are summarized in Table 2.  

 
Table 2. Summary of model results on test set and hold-out validation set 
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Model  
GLCM Fea-

tures  

Test set accu-
racy-  

4 classes  

Hold-out vali-
dation set ac-

curacy-  
4 classes  

Test set accu-
racy- floating 

vegetation  

Hold-out validation 
set accuracy-  

floating vegetation  

Random Forest  Added  96.7%  67.8%  97.0%  68.0%  
CNN-based 

(U-Net)  
No  94.5%  82.7%  96.0%  84.0%  

Added  96.5%  83.1%  97.0%  84.0%  

 

 

Figure 7. Comparison between satellite images and the corresponding inference maps. (a) and (b): 
WorldView-2 satellite imagery, (c) and (d): inference map (red: floating, green: emergent, blue: 
water, yellow: land) produced by the trained U-Net model. The black colored pixels on the infer-
ence map refer to the false positive values of floating vegetation. 

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 in-
termediate 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 
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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 pre-
viously been elusive to quantify at large scales but have recently been shown to be cor-
related with urinary schistosomiasis transmission hotspots in the lower SRB [7]. This 
approach can be potentially applied and scaled to other areas subject to endemic schis-
tosomiasis 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 
annotations (~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 addi-
tion, adding GLCM texture layers to the U-Net model only marginally improved accu-
racy, 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 specifi-
cation 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. Mathemati-
cally 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 like 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 perfor-
mance 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 targeted 4 classes are not extremely imbalanced. To further 
analyze the distributions of false positives of the predicted floating vegetation (see the 
black color pixels in the inference maps; Figure 7c and 7d), 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 vegeta-
tion 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 gener-
alized 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 of 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 uti-
lization 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 
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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).  

The segmentation algorithm and resultant aquatic vegetation inference maps pre-
sented 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 vali-
dated 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 devel-
opment 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 vege-
tation 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 unprece-
dented 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 dis-
ease transmission in the SRB and other regions of Africa where there is endemic schis-
tosomiasis 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 wa-
ter-contact area are more effective environmental proxies of human infection with 
schistosomiasis in the SRB than snail abundance estimates derived with traditional mal-
acological 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 hu-
man 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 esti-
mates of uncertainty, for identifying the possible intermediate host snail habitat hotspots 
in the SRB. We envision that these maps may allow local governments and health au-
thorities to affordably obtain the most up-to-date spatial distribution of disease trans-
mission 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 schistosomia-
sis 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 ne-
glected tropical diseases.   

 

Supplementary Materials: Open-Source code packages developed in this study can be accessed via 
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