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In recent years, deep learning has achieved tremendous success in image segmentation for computer vision
applications. The performance of these models heavily relies on the availability of large-scale high-quality
training labels (e.g., PASCAL VOC 2012). Unfortunately, such large-scale high-quality training data are often
unavailable in many real-world spatial or spatiotemporal problems in earth science and remote sensing (e.g.,
mapping the nationwide river streams for water resource management). Although extensive efforts have
been made to reduce the reliance on labeled data (e.g., semi-supervised or unsupervised learning, few-shot
learning), the complex nature of geographic data such as spatial heterogeneity still requires sufficient training
labels when transferring a pre-trained model from one region to another. On the other hand, it is often
much easier to collect lower quality training labels with imperfect alignment with earth imagery pixels (e.g.,
through interpreting coarse imagery by non-expert volunteers). However, directly training a deep neural
network on imperfect labels with geometric annotation errors could significantly impact model performance.
Existing research that overcomes imperfect training labels either focuses on errors in label class semantics or
characterizes label location errors at the pixel level. These methods do not fully incorporate the geometric
properties of label location errors in the vector representation. To fill the gap, this paper proposes a weakly
supervised learning framework to simultaneously update deep learning model parameters and infer hidden
true vector label locations. Specifically, we model label location errors in the vector representation to partially
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reserve geometric properties (e.g., spatial contiguity within line segments). Evaluations on real-world datasets
in the National Hydrography Dataset (NHD) refinement application illustrate that the proposed framework
outperforms baseline methods in classification accuracy.
CCS Concepts: • Information systems → Geographic information systems; Data mining; • Applied computing → Earth and atmospheric sciences; • Computing methodologies → Artificial intelligence.
Additional Key Words and Phrases: deep learning, earth imagery segmentation, imperfect labels, weakly
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1

INTRODUCTION

In recent years, deep learning techniques (e.g., U-Net [50], DeepLab [8], SegNet [3]) have achieved
tremendous success in image segmentation [18, 23, 41, 72]. The performance of these models
heavily relies on large-scale high-quality ground truth training labels (e.g., PASCAL VOC 2012 [16],
Cityscapes [10]). Unfortunately, such large-scale high-quality training data are often unavailable in
many real-world spatial or spatiotemporal problems in earth science and remote sensing due to
expensive and time-consuming field surveys or visual interpretation of earth imagery [14, 15, 26,
30, 33, 56]. Indeed, lacking high-quality ground truth benchmarking datasets has been identified as
one of the major challenges in developing deep learning technologies for spatial and spatiotemporal
data in earth science applications by several recent survey articles [4, 39, 60, 62, 74].
One important application is the National Hydrography Dataset (NHD) refinement. Surface water
is an irreplaceable resource for human life and environmental sustainability. The NHD of the U.S.
Geological Survey (USGS) is the current most up-to-date, comprehensive, and widely used dataset
on surface water features (e.g., rivers, streams, canals, lakes) for the United States [57]. It serves as
a cornerstone for many scientific applications, such as assessing the quantity and quality of present
and future water resources, modeling climate changes, evaluating agricultural suitability, mapping
flood inundation, and monitoring environmental changes [21, 27–29, 31, 40, 47, 51–54, 65, 67].
In recent years, with the increasingly available high-resolution remote sensing data (e.g., highresolution optical imagery, 3D lidar point clouds, radar imagery), USGS has started refinements
of NHD to a higher resolution [44]. High-resolution NHD provides unique opportunities for
scientific communities to study problems at fine scales that were not possible before, such as
hyper-resolution national water forecasting and precision agriculture. The current refinement
process involves training deep learning models on high-resolution remote sensing imagery to
automatically delineate river stream channels [58, 68]. However, deep learning models often require
manually annotating large amounts of high-quality training labels by well-trained experts, which
is slow, tedious, and expensive [64]. Considering the problem at a national scale, the scarcity of
high-quality training labels quickly becomes a major bottleneck.
Although extensive efforts have been made in the machine learning community to reduce the
reliance on labeled data (e.g., semi-supervised [20, 73] or unsupervised learning [5], few-shot or zeroshot learning [63], co-training [24, 71], or meta-learning [25, 61]), the complex nature of geographic
data such as spatial heterogeneity still requires sufficient training labels when transferring a pretrained model from one region to another [26]. On the other hand, it is often much easier to
collect lower quality training labels by non-expert volunteers (e.g., Amazon Mechanical Turk,
Tomnod.com by DigitalGlobe). However, such training labels often have geometric annotation
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errors [30, 59]. These errors can be due to manual annotation mistakes, particularly if the annotators
are non-experts and thus unable to fully interpret some image pixels or if the annotators interpret
background imagery displayed at a coarse resolution (e.g., on a small screen of a smartphone) [11,
13, 19, 22, 26, 55, 56]. Annotation errors can also come from GPS errors when a field crew travels
on the ground to delineate the boundary of a land parcel. These geometric annotation errors can
significantly impact the effectiveness of existing deep learning algorithms.
Training effective deep learning models based on imperfect annotation labels on high-resolution
earth imagery is non-trivial for several reasons. First, the annotation errors in vector labels lead
to erroneous class labels of training pixels. This issue may not cause much trouble for polygon
segments where annotation errors only impact pixels near segment boundaries, but it is critical
for polyline labels since an error of vector location may lead to a completely different set of pixels
being labeled as the positive class (e.g., river streams). Second, the problem requires a learning
algorithm to infer true label locations and train neural network parameters simultaneously. In
other words, There are both unknown deep neural network parameters and hidden true label
locations. Furthermore, there are other challenges related to the unique characteristics of earth
imagery segmentation. For instance, the geographic space is continuous and often much larger
than the input shape of most existing deep neural networks designed for regular camera photos
(which is only a few hundred by a few hundred pixels). In addition, the input features contain more
spectral channels or topographic layers than camera photos. Thus, we cannot directly transfer a
pre-trained deep convolutional neural network (e.g., VGG16, ResNet50) based on camera photos to
earth imagery datasets. In addition, the input feature imagery in remote sensing data is often noisy
and may not indicate perfect line patterns. Finally, the problem is computationally intensive due to
a large number of potential true polyline label locations in continuous space, as a polyline label is
determined by the combination of its vertices.
Existing research that addresses training label errors often focuses on errors in label class
semantics, assuming label locations to be correct or irrelevant (e.g., samples are independent and
identically distributed). Techniques include simple data cleaning to filter noise [17], choosing
relatively noise-tolerant models [1, 12], designing robust loss function [42, 46, 48] and learning
noise distribution [32, 38, 49, 66, 66]. Thus, these techniques cannot address the location errors in the
ground truth labels. There are a few studies on label location errors in image segmentation [2, 7, 70].
These methods often focus on jointly refining misplaced pixels on object edges or boundaries (e.g.,
active contour based on the level set method [2], edge pixel matching [70]) and thus cannot be
applied to our problem where the labels are buffered polylines (e.g., river streams) instead of object
edges. [42] models location errors of polyline training labels as shifts of square pixel patches in
eight-neighbor directions, but the use of square patches are too rigid for location errors in vector
labels. There are other relevant works that focus on capturing label ambiguity or uncertainty [34–
36, 43]. The main difference is that these works assume the training labels to be nonunanimous
due to different opinions of several experts, and all of the different opinions are considered correct.
In contrast, we assume that there is a single correct true label location (that is unknown and not
perfectly aligned with the given label location). There are also works focusing on generative models
for vector sequences (e.g., synthetic vector graphics [6, 37], trajectories [45]). Other works rely
on interactive active learning to address imperfect labels [69], but this approach requires human
experts in the loop.
This paper proposes a weakly supervised spatial deep learning framework for earth imagery
segmentation based on imperfect polyline vector labels with geometric annotation errors. Specifically, we directly model label location errors in the vector representation. To partially maintain the
geometric properties of polyline labels (e.g., contiguity within segments) and reduce the number of
combinations of candidate true polyline locations, we represent a polyline label as a sequence of
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independent line segments. We model the location error of each segment as shifting in the perpendicular direction. Such a design decision proves to be simple and effective. Based on the location
error model, our framework jointly updates deep learning model parameters and infers hidden
true label segment locations through iterations. Results on real-world remote sensing imagery data
for NHD refinement show that our trained model has significantly higher accuracy than baseline
methods.
2
2.1

PROBLEM STATEMENT
Preliminaries

Definition 2.1. A spatial raster framework is a tesselation of the two-dimensional (2D) plane into
a regular 𝑚 by 𝑛 grid, where 𝑚 and 𝑛 are the numbers of rows and columns. Note that 𝑚 and 𝑛
are usually much larger than the input shape of a typical deep convolutional neural network, e.g.,
beyond a few thousand. Thus, we often need to cut the framework into square patches or windows
(e.g., 224 by 224 pixels) as the input of a deep learning model.
Definition 2.2. In a raster framework, there exist multiple explanatory feature layers, denoted as
X ∈ R𝑚×𝑛×𝐹 , where 𝐹 is the number of input feature channels. Examples spectral bands of remote
sensors (red, green, blue, near-infrared), digital elevation, and its topographic derivatives (slope,
curvature).
Definition 2.3. There also exists a class layer, denoted as Y ∈ {0, 1}𝑚×𝑛 . For example, in the NHD
refinement application, the two classes are stream and non-stream. For simplicity, we only consider
binary classes in this paper, but the study can potentially be generalized to multi-class scenarios.
Definition 2.4. A polyline is a connected sequence of line string segments, denoted by its vertices
L =< p1, p2, ..., p𝑛p >, where p𝑖 ∈ R2×1 is the 2D coordinates of a vertex and 𝑛 p is the number
of vertices in the polyline. Polylines provide a vector representation (alternative to the raster
representation) of spatial class labels. For example, a river stream can be represented by a polyline
along its center. We can add a buffer on a polyline to reflect the river width. The ground truth labels
often contain a set of polylines, denoted as L = {L (𝑖) |1 ≤ 𝑖 ≤ 𝑁 }. In reality, it is often very slow
and expensive to annotate polyline labels that are perfectly aligned with high-resolution earth
imagery. Instead, we may be given a set of imperfect polylines, denoted by L̃ = {L̃ (𝑖) |1 ≤ 𝑖 ≤ 𝑁 },
that are not well-aligned with the true positive class pixels.
Note that in the above definition, we denote a polyline as a sequence of varying-length line
segments between vertices. Alternatively, we can also denote a polyline by a sequence of equallength polyline segments, i.e., L =< L1, L2, ..., L𝑛L >.
Definition 2.5. We can convert class labels from the vector representation L to the raster representation Y. The process is called rasterization. Specifically, after buffering a polyline, the rasterization
process assigns all pixels that are covered by the buffered polyline in the positive class (e.g.,
stream) and leaves the background pixels in the negative class (e.g., non-stream). Thus, the raster
representation Y and vector representation L are two alternative formats of class labels.
2.2

Problem definition

Based on the definitions above, we now formally define the problem below.
Input:
• Explanatory feature layers X
• Imperfect polyline labels in the vector format L̃ = {L̃ (𝑖) |1 ≤ 𝑖 ≤ 𝑁 }
• A fixed buffer width 𝑑 for polyline labels
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• A type of base image segmentation model, e.g., U-Net, DeepLab
Output:
• A deep learning model Y = 𝑓 (X, Θ), where Θ is the set of parameters.
• Refined polyline labels L = {L (𝑖) |1 ≤ 𝑖 ≤ 𝑁 } as a by product
Objective:
• Maximize classification accuracy of the deep learning model 𝑓
• Maximize the quality of refined labels L
Constraint:
• L̃ has a maximum error distance Δ𝑚𝑎𝑥
• The input explanatory feature layers can be noisy
Figure 1 provides a real-world example in streamline segmentation from high-resolution earth
imagery. The input ground truth training labels (polyline in pink color) are misaligned with the
true stream pixels (in gray color) in the earth imagery. Thus, directly training a deep learning model
from the imperfect label will lead to poor classification performance. Given the earth imagery
with an imperfect polyline label (in the left of Figure 1) as well as a base deep learning model (e.g.,
U-Net [50], DeepLab [8]), the problem aims to learn a deep learning model and refine the polyline
label as a by-product (in the middle of Figure 1), such that the model class prediction is accurate (in
the right of Figure 1).

Deep learning
model
Refined vector
labels

Fig. 1. A real-world problem example in streamline segmentation from high-resolution earth imagery.

3

THE PROPOSED APPROACH

This section introduces our proposed weakly supervised learning framework. In our framework,
we assume that unobserved true polyline label locations L are hidden variables. Our goal is to
update neural network parameters and infer the hidden true label locations at the same time. Our
probabilistic formulation consists of two components: the relationship between observed imperfect
label locations and the hidden true location and the relationship between hidden true label locations
with the earth imagery features. The specific formulation is shown in Equation 1. In this equation,
𝑃 ( L̃|L) captures the distribution of location errors in the polyline label and 𝑃 (L|X, Θ) captures the
relationship between the true label and earth imagery features (such a relationship can be learned
by a neural network with parameters Θ). Given an imperfect label location L̃ and imagery features
X, our objective is to find the most likely true label location L and learn neural network parameters
Θ at the same time. Note that here we express the probabilities of label locations without specifying
the exact random vector definition of L and L̃. Our purpose is to illustrate the main idea first and
leave the details in the Section 3.1 and Section 3.2.
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L, Θ ← arg max 𝑃 ( L̃|L)𝑃 (L|X, Θ)

(1)

L,Θ

In order to solve the optimization problem in Equation 1, our framework uses an iterative
approach. We can initialize neural network parameters by pre-training the model on input imperfect
labels, as listed in step (1) below. Then we can iteratively infer the most likely true label locations
and update neural network parameters, as listed as step (2) and step (3) below. We can repeat the
iterations of steps (2) and (3) until the model converges (i.e., the validation performance no longer
improves).
(1) Initialize neural network parameters Θ0 from imperfect labels
(2) Fix Θ0 , refine true polyline location L0 : L0 ← arg maxL 𝑃 ( L̃|L)𝑃 (L|X, Θ0 )
(3) Fix L0 , retrain neural network parameters Θ0 : Θ0 ← arg maxΘ 𝑃 ( L̃|L0 )𝑃 (L0 |X, Θ)
Our main idea is also illustrated in Figure 2. The input includes imperfect polyline label L̃ (in the
left of Figure 2) and explanatory feature layers X (in the right of Figure 2). There can be multiple
possible candidate true label locations L (in the middle of Figure 2). Our objective is to infer the
most likely true label location L and train the neural network parameters Θ at the same time. The
iteration process is highlighted by the arrows. In each iteration, we first fix the neural network
parameter Θ and infer the most likely true label location L among all candidates (the green arrows
in Figure 2). Then we use the inferred most likely true label location L to update neural network
parameters Θ for the next iteration (the red arrow in Figure 2). The iteration continues until
the model converges (i.e., validation performance no long improves). In this example, we use a
single polyline label for simplicity. The idea can be easily extended to a set of polyline labels L̃ by
assuming that different polyline labels are independent from each other.

observed shape 𝑳#

hidden true shape 𝑳

𝑃(𝑳#|𝑳)

input features 𝑿

𝑃(𝑳|𝑿, 𝚯)
Update 𝚯

Fig. 2. Illustration of the proposed weakly supervised learning framework for polyline labels

However, several challenges exist in the implementation of the proposed framework. First, the
number of possible true labels L is exponential to the number of vertices (actually, the number
can be infinite considering that the space is continuous). This makes it very hard, if possible, to
model 𝑃 ( L̃|L) in the continuous space. Thus, we have to discretize the location error of polyline
labels. In other words, we can only consider a limited number of candidate true label locations for
each observed imperfect label location. Second, when inferring true label locations, we also need to
make a good balance between exploration (keeping a wide range of candidate true labels to avoid
overfitting to a particular wrong label, especially when the neural network has not been well-trained
yet) and exploitation (focusing on a narrow range of candidate true labels for refinement). We
discuss the implementation strategies to address the above challenges in the following subsections.
3.1

Statistical model of label location error 𝑃 ( L̃|L)

This subsection aims to design statistical models for geometric errors between observed polyline
labels and the hidden true polyline labels. For simplicity, we only introduce the model of 𝑃 ( L̃|L)
ACM Trans. Intell. Syst. Technol., Vol. 1, No. 1, Article 1. Publication date: January 2021.
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for each individual polyline, assuming different polylines to be independent. This assumption
is reasonable as different polylines in a real-world scenario often represent different geographic
objects (e.g., different river streams).
However, modeling 𝑃 ( L̃|L) is still non-trivial since there can be an infinite number of potential
true polylines in the continuous space. Even if we fix the number of vertices in a true polyline
location, the total number of potential true polylines is still exponential to the number of vertices
(which can easily reach hundreds to thousands). It is computationally infeasible to model a joint
conditional probability mass function for 𝑃 ( L̃|L) without some independence assumption on vertices
of L.
To address the above computational challenge, we make several assumptions. First, we consider each polyline label as a sequence of independent equal-length polyline segments, i.e., L =<
L1, L2, ..., L𝑘 , ..., L𝑛L >. Thus, we can now independently model 𝑃 ( L̃𝑘 |L𝑘 ) for each polyline segment.
Second, we also assume that the observed imperfect segment is generated by shifting a true label
segment along its perpendicular direction (i.e., parallel shifting). In other words, we assume an
observed imperfect segment has the exact same vector shape with the hidden true label segment.
The only difference is in their locations. We assume the segment shifting error to follow the perpendicular direction in order to reduce the interference between consecutive segments. Third, we
further assume that the shifting error distance is a discrete random variable with a fixed number
of 𝐶 choices (i.e., Δ, 2Δ, ..., Δ𝑚𝑎𝑥 = 𝐶Δ, where Δ is the unit of location error distance, Δ𝑚𝑎𝑥 is the
maximum range of location error distance). Therefore, for each observed imperfect segment L̃𝑘 , we
have 𝐶 candidate true segment locations, denoted as {L𝑘,𝑐 |1 ≤ 𝑐 ≤ 𝐶}. Under these assumptions,
we can model 𝑃 ( L̃𝑘 |L𝑘,𝑐 ) as a probability mass function. For simplicity, we can assume a uniform
distribution of location errors, i.e., 𝑃 ( L̃𝑘 |L𝑘,𝑐 ) = 𝐶1 for any 1 ≤ 𝑐 ≤ 𝐶. In our formulation, Δ and 𝐶
are two hyper-parameters that can be determined by the data characteristics in a specific application.
For example, Δ can be the size of one or two pixels, and 𝐶 can be calculated by a rough estimate of
the maximum error distance Δ𝑚𝑎𝑥 .
The idea is illustrated in Figure 3. Figure 3(a) shows the location error model from the hidden true
location’s perspective. Given a true location L𝑘 , the observed imperfect label location L̃𝑘 is shifted
from the true location by different distances along the perpendicular direction. In this example, the
number of possible error distances are five (i.e., 𝐶 = 5). Thus, 𝑃 ( L̃𝑘 |L𝑘 ) = 15 for every error distance.
Figure 3(b) shows the location error model from the observed imperfect polyline’s perspective.
The observed imperfect polyline (in black) is partitioned into three equal-length segments and
there are five candidate true segment locations for each observed segment (including the observed
segment itself). Following the same location error model in Figure 3(a), we have 𝑃 ( L̃𝑘 |L𝑘,𝑐 ) = 15 for
every possible true segment location L𝑘,𝑐 . In this paper, our implementation assumes a uniform
distribution of location error distances for simplicity. Alternatively, we can also assume a relatively
lower probability for a larger error distance (in this case, we assume that the true segment location
tends to be close to the observed segment).
3.2

Estimating Posterior Probability of True Segment Locations Based on Features

This step aims to estimate the posterior probability of a true segment location based on explanatory
feature layers, i.e., 𝑃 (L|X, Θ) in Equation 1. As discussed earlier, the probability 𝑃 (L|X, Θ) can
be estimated by the class predictions of the current neural network parameters Θ. There are
several implementation issues that need to be resolved. First, the base neural network model is
trained on square patches (e.g., 224 by 224 pixels) instead of the entire raster framework. A label
segment can cross the border of several patches. Second, there are a large number of polyline
segments. Evaluating the predicted class probability of each of them repeatedly is time-consuming.
ACM Trans. Intell. Syst. Technol., Vol. 1, No. 1, Article 1. Publication date: January 2021.
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Fig. 3. Statistical model for polyline segment location error. The red, green, and blue segments are different
sets of candidate true segment locations (best viewed in color)

Considering that these probabilities need to be evaluated for every iteration, the total time cost can
be very large.
To address the computational challenges above, we design several implementation strategies.
First, to address the issue that a segment can cross patch border and reduce the number of redundant
class prediction for separate segments, we choose to predict the class probabilities of all patches
only once within each iteration and mosaic their probability maps together into the entire raster
framework. In this way, the combined probability map can be reused to evaluate different segment
probability 𝑃 (L𝑘 |X, Θ) without repeatedly running the neural network prediction. Specifically, to
estimate the predicted probability for each segment L𝑘 , we created a bounding box of the buffered
segment and extract the pixels within the buffer of the polyline segment. Then, 𝑃 (L𝑘 |X, Θ) is
calculated by the predicted probabilities for class 1 on all pixels within the polyline segment buffer.
In order to avoid the bias towards large segment buffer size, we normalized the total probabilities
within a buffer (by the number of pixels).
3.3

Overall algorithm flow

Algorithm 1 The overall learning algorithm
Input:
• X: Earth imagery pixel features
• L̃ = {L̃ (𝑖) |1 ≤ 𝑖 ≤ 𝑁 }: A set of imperfect polyline labels
• 𝑑: a fixed buffer width for line segments
Output:
• Θ: Neural network parameters
• L = {L (𝑖) |1 ≤ 𝑖 ≤ 𝑁 }: A set of refined polyline labels as a by-product
1: Pre-train a neural network 𝚯0 based on imperfect labels (X, L̃)
˜ =< L̃ (𝑖) , L̃ (𝑖) , ..., L̃ (𝑖) , ..., L̃ (𝑖) >
2: Partition each polyline L̃ (𝑖) into fix-length segments L (𝑖)
𝑛L
1
2
𝑘
(𝑖)

(𝑖)

3: For each imperfect segment L̃𝑘 , generate candidate true segments {L𝑘,𝑐 |𝑐} through perpendicular shift
4: while the model is not converged do
5:

(𝑖)

(𝑖)

Compute 𝑃 (L𝑘,𝑐 |X, Θ0 ) by model prediction for all {L𝑘,𝑐 |𝑖, 𝑘, 𝑐} with buffer 𝑑
(𝑖)

(𝑖)

(𝑖)

(𝑖)

Select the top candidate 𝑐 0 ← arg max𝑐 𝑃 ( L̃𝑘 |L𝑘,𝑐 )𝑃 (L𝑘,𝑐 |X, Θ0 ) for every input segment L̃𝑘
7:
Handle a tie with: (1) outermost first, (2) random selection, or (3) default to imperfect segment.
8:
Update 𝚯0 by model re-training based on selected label segments
(𝑖)
9: return Θ0 , {L𝑘,𝑐 |𝑖, 𝑘 }

6:

0

Now we introduce the overall algorithm flow. Algorithm 1 provides an overview of the algorithm
structure. The algorithm first pre-trains a deep learning segmentation model (e.g., U-Net, DeepLab)
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based on imperfect input polyline labels (after buffering and rasterization). The preprocessing
step generates a set of candidate true segment locations for every input segment. The candidate
generation follows our implementation strategy in Section 3.1 and Figure 3. Then, the algorithm
goes through iterations. In each iteration, the model first predicts the class probabilities of all pixels
in the training and validation windows in the raster framework. It calculates a weight for every
candidate true segment location, which is measured by the location error model and deep learning
model output class probabilities (steps 5 and 6). Note that if a deep learning model predicts near-zero
class probability for all candidates, we have three strategies (details in the next paragraph). Based
on the selected candidate true segment locations, we re-train the neural network model (step 8)
and continue to the next iteration. The iteration stops when the validation accuracy no longer
improves. Figure 4 illustrates the entire algorithm flow. From the discussion above, we can see that
the time cost of the algorithm is linear to the number of polyline segments (due to the independence
assumption between consecutive segments).
Observed imperfect labels
"
𝑳#

"$
𝑳
"%
𝑳

Predict class probabilities
Pre-training
Deep learning
model

𝑳#,(
𝑳#,'
𝑳#,%
𝑳#,$
𝑳#,#

Re-train neural network
parameters (until
convergence)

"#
𝑳

"
𝑳$

𝑳$,(
𝑳$,'
𝑳$,%
𝑳$,$
𝑳$,#

candidate
true locations
𝑳%,(
𝑳%,'
" % observed
𝑳
𝑳 𝑳%,$ 𝑳%,%
%,#

𝑳$,(
"
𝑳#

"$
𝑳

𝑳#,$

" % observed
𝑳
𝑳%,#

Select candidate locations
Fig. 4. An example of the algorithm flow. The red, green, and blue segments are different sets of candidate
true segment locations. (best viewed in color)

One important implementation issue is that the predicted class probabilities from the neural
network may contain systematic errors, e.g., a polyline segment can be missed in the predicted
class probability map (false negatives). In practice, we observe this case frequently at the first
few algorithm iterations when the neural network model is inaccurate (due to the low quality of
(𝑖)
input labels). In this case, the predicted class probabilities 𝑃 (L𝑘,𝑐
|X, Θ0 ) are equally near zero for all
candidates 𝑐. Thus, we need to design a strategy to select candidate true segment locations without
overfitting to a particular poor polyline. We considered three different strategies: (1) select the
default observed segment, (2) select the outermost segment with the largest location distance, and
(3) randomly select a segment among all candidates.
The strategy made in this step is very important. As discussed earlier, when inferring true label
locations, we need to make a good balance between exploration (keeping a wide range of candidate
true labels to avoid overfitting to a particular wrong label, especially when the neural network has
not been well-trained yet at the first few iterations) and exploitation (focusing on a narrow range of
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observed
hidden true

(a) Select the default input segment

observed
hidden true

(b) Select a random candidate segment

observed
hidden true

(c) Select the outermost candidate
Fig. 5. The effect of candidate segment selection in empty probability area. The shaded area is the predicted
stream class probability from a model trained on three selected candidates, which are shown in red, green,
and blue, respectively. The input label segment and the hidden true label segment are shown in black and red,
respectively. (best viewed in color)

candidate true labels for refinement). From this perspective, selecting the outermost segment label
will provide the most benefit, as it will help to train a model that will predict the stream class into a
wide range of areas beyond the input imperfect line buffer. The random selection strategy is in the
middle that will provide a modest range of predicted stream class areas. The strategy of selecting
the default input segment is the worst, as it easily leads to overfitting to the input imperfect line
and get stuck into it. This effect is illustrated in Figure 5. A model trained on outermost segments
have the best chance of covering the true label location in red color (Figure 8(c)), a model trained on
random candidate has a modest range of coverage (Figure 8(b)), but a model trained on the default
input segments will have serious overfitting issue (Figure 8(a)). Although a model trained from the
outermost candidates has the widest range of stream class prediction (containing false positives),
we anticipate that the predicted range will be narrower (more focused) in the later iterations. This
is observed in our experiments on real-world data. Note that these choices are only made when the
predicted pixel class probabilities are equal for all candidates (they are all near-zero). If the class
probabilities from the neural network are non-zero on candidate segments, we still select the top
candidate with the highest probability.
Another implementation detail is the measure of training and validation performance during
the training iterations. There are no manually refined (“perfect") segment labels being provided
from the input. Thus, the training and validation performance is all based on the currently refined
label segments through candidate selection. We assume that the iterations will gradually improve
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the label quality. In the evaluation on real-world datasets, we find that this assumption works well
for model validation. However, we acknowledge that the performance of the proposed learning
framework can collapse if the original input labels are completely wrong.
4

EVALUATION

The goal is to compare the proposed model with the baseline methods in classification performance.
We will also analyze the training curves and parameter sensitivity of the proposed model. All
experiments were conducted on a deep learning workstation with 4 NVIDIA RTX 6000 GPUs
connected by NV-Link (each with 24GB GPU memory) and 128 GB RAM. For the base deep learning
model, we used U-Net [50] and DeepLab [8].
Dataset description: We evaluated our proposed method in a real-world application of National
Hydrography Dataset (NHD) refinement based on high-resolution remote sensing data. We used
two datasets collected from the Rowan Creek in North Carolina and Panther Creek in Iowa. The
input features include earth imagery from the National Agriculture Imagery Program (NAIP) with
red, green, blue, and near-infrared channels, digital elevation model, Lidar point cloud intensity,
and slope derived from elevation. The input imperfect streamline location shapefile was collected
from an earlier coarse version of NHD and visually interpreting coarse background imagery (these
polylines are not well aligned with the stream pixels). The ground truth streamline polyline labels
for testing is manually refined by hydrologists (this true location was hidden from our model in
training and validation and was only used for testing). All imagery was resampled into a 1-meter
resolution. We used a 2-meter buffer and a 16-meter buffer to rasterize the polylines in two study
areas respectively due to different river widths.
In each dataset, we split the study area into two disjoint parts: the upper part is for testing,
and the lower part is for training and validation. For the first dataset, we randomly selected 698
windows for training and 40 windows for validation. The training windows and validation windows
are not overlapping with each other to keep independence. We augmented training and validation
windows by flipping horizontally and vertically as well as 90-degree rotation. Thus, the total number
of training and validation windows was 2792 and 160, respectively. We randomly selected 200
windows in the upper part for testing. The window size is 224 by 224 pixels. For the second dataset,
the total number of training and validation windows was 1008 and 60 after augmentation. The
number of test windows was 300. Note that for class labels in the training and validation windows,
we used imperfect lines that are refined by the current iteration. We only used manually refined
lines in testing windows.
Model Architecture: We did experiments with two kinds of segmentation models as our base
model: U-Net and DeepLabv3+. We used the U-Net model with a 224 by 224 input shape implemented in Keras1 . The U-Net model consists of an encoder-decoder structure. The encoder has six
double-convolution layers and five max-pooling layers. The numbers of output channels for those
convolution layers are 32, 64, 128, 256, 512, and 1024, respectively. There is batch normalization
within each convolutional layer before ReLU (rectified linear unit) non-linear activation. The decoder of the model upsamples the encoded feature map to a higher resolution based on transpose
convolution. The decoder concatenates upsampled global features with the corresponding local
features from the encoder.
We used the DeepLabv3+ model [9] with an input shape of 224 by 224. It was implemented in
Keras2 . The DeepLabv3+ model has an encoder-decoder structure. The encoder applies Atrous
Spatial Pyramid Pooling (ASPP) with 4 different rates to detect multiple-scale features. The encoder
1 https://github.com/ZFTurbo/ZF_UNET_224_Pretrained_Model
2 https://github.com/rishizek/tensorflow-deeplab-v3-plus
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uses an output stride of 16. Then the encoder features are first bilinearly upsampled by a factor of 4
and then concatenated with the corresponding low-level features from the network backbone that
have the same spatial resolution. Then another bilinear upsampling by a factor of 4 is applied to
obtain the original resolution. Note that the network backbone ResNet-101 in the original paper
cannot be utilized for our tasks, because there is no available pre-trained model for the earth image
with seven input spectral bands. The network backbone we used is 4 double-convolution layers
and 4 max-pooling layers. We initialized the backbone model randomly and trained it with the
DeepLab model together.
Model hyper-parameters: For the U-Net model, we used double-convolution layers and batch
normalization. The dropout rate is 0.2. The mini-batch size is 32. We used the Adam optimizer and
negative of dice co-efficient as the loss function. The dice co-efficient loss function is the same as
F1-score except that it allows for soft predicted class probabilities. We used a decaying learning
rate that reduced the learning rate by half if the validation loss did not improve over 5 epochs (with
an initial learning rate of 10−1 and a minimum learning rate of 10−5 . We also used early stopping to
stop model fitting if the validation loss did not improve over 20 epochs. We used a maximum of 50
epochs in model pre-training and each iteration.
For the DeepLabv3+ model, the backbone model has four double-convolution layers and maxpooling layers. The dropout rate in the backbone model is 0.2 and we did not use dropout in ASPP
and upsampling part. The mini-batch size is 32. We used the Adam optimizer. The loss function is
the same as the U-Net model, i.e., negative of dice coefficient. We used a decaying learning rate
that reduced the learning rate by half if the validation loss did not improve over 5 epochs (with an
initial learning rate of 0.05 and a minimum learning rate of 10−5 ). We also used early stopping to
stop model fitting if the validation loss did not improve over 20 epochs. We used a maximum of 50
epochs in model pre-training and each iteration.
For candidate true shape location generations in our method, we split the input imperfect
polylines into small chunks (each with a length of 10 meters). For simplicity, we generated candidate
true locations by shifting the segment in perpendicular directions (15 candidates above and 15
candidates below, 31 in total include the input shape segment itself). The perpendicular distance
between two candidate segments was 1.5 meters. Within each iteration, we re-trained our model
from scratch with the newly inferred label locations.
Evaluation metrics: We used precision, recall, and F-1 score on the streamline class to evaluate
candidate methods.
4.1

Comparison on Classification Performance

We first compared the overall classification performance between the baseline U-Net model and
our proposed model. The setup was the same as described at the beginning of this section. The
results on two datasets are summarized in Table 1 and Table 2. The first column in the confusion
matrices was the number of pixels predicted into the non-stream class. The second column in the
confusion matrices was the number of pixels predicted into the stream class. We can see that on
the first dataset, the pre-trained U-Net model from the imperfect ground truth label has very poor
precision and recall in the streamline class (the overall F1 score was 0.46). In contrast, our proposed
U-Net with iterations improved the precision from 0.39 to 0.66 and improved the recall from 0.57
to 0.68. The overall F1-score in our method is 0.67, significantly higher than the baseline U-Net
model. A close look at the confusion matrix shows that our method reduces the number of false
positives from 147480 to 48658 (by 67%) and reduces the number of false negatives from 79854 to
44303 (by 55%). The metrics confirm that our proposed method significantly enhanced the baseline
image segmentation model when the ground truth segment labels are imperfect. We observe an
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Fig. 6. Training curves of different Iterations

improvement in our method against the baseline DeepLab model (from 0.42 to 0.64 in F1 score).
The same level of improvements are also observed on the second dataset in Table 2.
4.2

The effect of default candidate segment selection

We compared the effect of default candidate true segment selection when there are low probabilities
on all candidates. As discussed in Section 3.2, this situation happens frequently in the first couple
of iterations when the labels have not been well-refined yet. It is very important to select the
candidates that keep a wide range of exploration without focusing on a narrow range (to avoid
overfitting). The experiment results confirm our analysis. We compared three different strategies
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Table 1. Comparison of classification performance on the first dataset

Method

Class
Non-stream
U-Net
Stream
Non-stream
Our Method on U-Net
Stream
Non-stream
DeepLabv3+
Stream
Non-stream
Our Method on DeepLabv3+
Stream

Confusion Matrix Precision
9750497 147480
0.99
79854
57369
0.39
9849319 48658
1.00
44303
92920
0.66
9764563 133414
0.99
64381
72842
0.35
9844775 53202
1.00
47433
89790
0.63

Recall
0.99
0.57
1.00
0.68
0.99
0.53
0.99
0.65

F score
0.99
0.46
1.00
0.67
0.99
0.42
0.99
0.64

Table 2. Comparison of classification performance on the second dataset

Method

Class
Non-stream
U-Net
Stream
Non-stream
Our Method on U-Net
Stream
Non-stream
DeepLabv3+
Stream
Non-stream
Our Method on DeepLabv3+
Stream

Confusion Matrix
13617128 101758
657808
676106
13392213 326673
69322
1264592
13623101 95785
997758
336156
13274401 444485
146311 1187603

Precision
0.95
0.87
0.99
0.79
0.93
0.78
0.99
0.73

Recall
0.99
0.51
0.98
0.95
0.99
0.25
0.97
0.89

F score
0.97
0.64
0.99
0.86
0.96
0.38
0.98
0.80

Table 3. Comparison of classification performance on default candidate selection methods

Method
Outermost first
Randomly select
Default to input

Class
Non-stream
Stream
Non-stream
Stream
Non-stream
Stream

Confusion Matrix
9849319 48658
44303
92920
9860471 37506
58946
78277
9865697 32280
79881
57342

Precision Recall
1.00
1.00
0.66
0.68
0.99
1.00
0.68
0.57
0.99
1.00
0.64
0.42

F score
1.00
0.67
0.99
0.62
0.99
0.51

of candidate selection when none of the candidate true segment locations are confident based on
current neural network model class probability predictions. From the results in Table 3, we can
see that the strategy of selecting the input imperfect segment produces the worse results. The
reason is that default to the input segment leads to the model overfitting to the narrow range of
the input polyline segment. In contrast, selecting random segment location produces significantly
better results due to a wider range of spatial footprints to avoid overfitting. Selecting the outmost
segment provides the best results as it explores the largest range of potential locations.
4.3

The learning curve of different iterations

In order to understand the influence on the training process of each iteration, we plotted the training
and validation F1-score (based on the current inferred “true" label location) after each iteration in
Figure 7. The F1-score after each iteration was from the re-trained U-Net model (through up to
50 epochs) based on the currently inferred label location. We can see that the F1-score continued
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improving during iterations. The training and validation F1-scores in the first iteration (slightly
above 0.2) are worse than those of the pre-trained U-Net model. The F1-scores significantly improve
in the 2nd and 3rd iterations and converge at the sixth iteration (with a validation F1-score of 0.60).

F1 Score
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Validation

0.6

0.4
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6

Iteration

Fig. 7. The converged F1-Scores on training and validation datasets after each iteration

In order to examine the detailed model learning process, we also plotted the training curves
(training and validation loss over every epoch) within each iteration. Those training curves are
shown in Figure 6. As the iteration continues, the gap between training loss and validation loss
decreased. We also observed that the converged training and validation loss was lower through the
iterations, largely due to the continual improvement over label locations.
4.4

Inference of true label locations

We also visualized the inferred (selected) true label locations during the iteration. Figure 8 showed
the comparison of our inferred true label locations (in brown) with the manually refined true label
locations (in blue) as well as the initial imperfect label locations (in red). The actual footprint of the
river channel was also shown in the background imagery, including a true color earth imagery
in Figure 8(a) and a binary map in Figure 8. From the comparison, we can see that our inferred
true label locations (those selected candidate segments in brown) are far closer to the manually
refined true label locations (in blue) than the initial imperfect label (in red). These visualized results
verified that our iteration framework could infer the true label locations while training the U-Net

True label
Imperfect label
Inferred label

True label
Imperfect label
Inferred label

(a) Earth imagery background (b) River channel background
Fig. 8. Visualization of the inferred true label location, manually refined (true) label location, and initial
imperfect line location (best viewed in color)
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(b) U-Net prediction

(c) Our model prediction

Fig. 9. Visualization of the final predicted class maps in the test region

model. What was even more interesting was that our algorithm seemed to make the best efforts in
inferring true label locations. For example, when the initial imperfect label line segments (in red)
are not well oriented with the true line location (in blue), our selected candidates (in brown) still
crossed over with the blue line as much as possible. And when the initial imperfect label line had
the same orientation as the true line, our inferred line location was almost perfectly aligned with
the true line.
4.5

Interpretation of final prediction map

We also visualized the predicted streamline class maps in the test region from our model and the
U-Net model. Due to limited space, we selected one representative sub-area in the test region
to have a zoomed-in view. The results are shown in Figure 9. Figure 9(a) shows the manually
refined streamline labels, which are the “perfect" ground truth in testing. Figure 9(b) shows the
predicted streamline locations by the baseline U-Net model. We can see that it contained many false
positives (false streamlines predicted) and false negatives (missing true streamlines). For example,
the upper right branch of the stream was barely identified by U-Net. The upper left branch was
also not continuous in the U-Net predictions. In addition, there are false stream segments in U-Net
predictions on the top. In contrast, our results (shown in Figure 9(c)) are far better with fewer false
positives and false negatives. We also did a careful examination of the entire predicted maps over
the entire region and found similar trends as shown in this figure.
4.6

Analysis of computational time costs

We evaluated the computational efficiency of our proposed EM framework. The experiments were
conducted on our deep learning workstation with 4 NVIDIA RTX 6000 GPUs connected by NVLink (each GPU has 24GB memory). Model training was conducted on all four GPUs through
the distributed training tool in Tensorflow. The time costs between iterations are summarized in
Figure 10. The blue bars and red bars show the time costs of candidate selection (re-generating
rasterized true label map) in the CPU and model re-training in the GPUs, respectively. From the
results, we can see that the candidate selection part took far less time than the model training and
its time cost was relatively stable across iterations. The time cost of model training varied across
iterations due to early stopping. The longest training time was around 10 minutes in one iteration.
The numbers are highly dependent on the hardware platform.
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Fig. 10. Time cost of candidate selection and model re-training during different iterations.

5

CONCLUSION AND FUTURE WORKS

We investigated deep learning models for earth imagery segmentation from imperfect ground
truth labels with geometric annotation errors. The problem is important for broad applications in
Earth sciences, such as refining the National Hydrologic Dataset through high-resolution remote
sensing imagery. However, the problem is non-trivial due to the requirement to infer the true
geometric label locations and update neural network parameters simultaneously. We propose a
generic deep learning framework to simultaneously infer hidden true label locations and train
deep learning model parameters. Evaluations on real-world datasets confirm that the proposed
framework significantly outperformed the baseline method.
For future work, we plan to continue to improve our proposed weakly supervised learning
framework. For example, one limitation of the current framework is that the refined polylines
are discontinuous between segments (although their location footprints align better with the true
polylines). We plan to improve our polyline refinement component to generate continuous polylines.
We also plan to generalize our framework from polyline labels to polygon labels. Another potential
future direction is using deep reinforcement learning to automatically annotate labels.
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