
Learning to Score Economic Development
from Satellite Imagery

Sungwon Han
lion4151@kaist.ac.kr

School of Computing, KAIST

Donghyun Ahn
segaukwa@kaist.ac.kr

School of Computing, KAIST

Sungwon Park
psw0416@kaist.ac.kr

School of Computing, KAIST

Jeasurk Yang
e0508688@u.nus.edu

Department of Geography, National
University of Singapore

Susang Lee
susang88@kaist.ac.kr

School of Business and Technology
Management, KAIST

Jihee Kim
jiheekim@kaist.ac.kr

School of Business and Technology
Management, KAIST

Hyunjoo Yang
hyang@sogang.ac.kr
School of Economics,
Sogang University

Sangyoon Park
sangyoon@hku.hk

Faculty of Business and Economics,
University of Hong Kong

Meeyoung Cha
mcha@ibs.re.kr

Institute for Basic Science &
School of Computing, KAIST

ABSTRACT
Reliable and timely measurements of economic activities are fun-
damental for understanding economic development and designing
government policies. However, many developing countries still
lack reliable data. In this paper, we introduce a novel approach for
measuring economic development from high-resolution satellite
images in the absence of ground truth statistics. Our method con-
sists of three steps. First, we run a clustering algorithm on satellite
images that distinguishes artifacts from nature (siCluster). Second,
we generate a partial order graph of the identified clusters based on
the level of economic development, either by human guidance or by
low-resolution statistics (siPog). Third, we use a CNN-based sorter
that assigns differentiable scores to each satellite grid based on the
relative ranks of clusters (siScore). The novelty of our method is
that we break down a computationally hard problem into sub-tasks,
which involves a human-in-the-loop solution. With the combina-
tion of unsupervised learning and the partial orders of dozens of
urban vs. rural clusters, our method can estimate the economic
development scores of over 10,000 satellite grids consistently with
other baseline development proxies (Spearman correlation of 0.851).
This efficient method is interpretable and robust; we demonstrate
how to apply our method to both developed (e.g., South Korea) and
developing economies (e.g., Vietnam and Malawi).

CCS CONCEPTS
• Applied computing → Economics; • Computing method-
ologies → Unsupervised learning.
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1 INTRODUCTION
Collecting data on socioeconomic activities is crucial for design-
ing sound government policies aimed at promoting and sustaining
economic development. Not surprisingly, most developed countries
and international organizations, such as the World Bank, deploy
significant amounts of financial and human resources to conduct
censuses and surveys. For instance, there are more than 130 on-
going surveys in the U.S. on demographic and economic activities
currently conducted by the Census Bureau.

Unlike rich countries, however, developing countries often lack
resources for conducting expensive surveys and suffer from data re-
liability issues. To solve these limitations and improve the quality of
economic measures, researchers from various fields have attempted
to use alternative data sources. Remote sensing data can be an at-
tractive source for economic measurements because of its extensive
geographic coverage, timeliness, and high granularity. For example,
high-resolution satellite images allow social scientists to analyze
the local impact of air pollution, changes in land use or crop choice,
and fluctuations in retail demand predicted by counting cars [8].

Despite the rapid development of deep learning techniques in
analyzing satellite imagery to construct economic development
proxies, there remain two considerable limitations to use them
in practice. First, the existing classification or regression models
cannot be applied to regions without ground truth data, where these
techniques are most needed, because the models require a massive
amount of labels for training. Second, deep learning remains as a
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black-box function. Its lack of interpretability hinders practitioners
from applying such techniques to real-world problems.

This paper proposes a novel approach to overcome these lim-
itations. We introduce a model that learns from high-resolution
satellite images to rank relative scores of economic development.
Our deep neural network model clusters images based on visual
features and defines paired sets of clusters, i.e., a partial order graph
(POG). The POG is an essential element in our approach addressing
the limitations of the existing methods: it is an interpretable input
to the scoring model that estimates the economic development,
which can be generated either by readily available data or by light
human annotation.

Our model operates in three stages. The first stage (siCluster)
uses an entire collection of satellite images of a target country and
clusters them by a deep learning-based unsupervised learning and
transfer learning. siCluster uses labels for the general land cover
types, such as rural, urban, and uninhabited. The second stage
(siPog) builds a POG of the clusters from siCluster. The order in
a POG captures the relative level of economic development, for
which we use urbanization as a comprehensive proxy, following
the economics literature [33]. Two different methods to generate
a POG are suggested: the clusters are ordered either by humans
(human-guided) or by data such as population density or nightlight
intensity (data-guided). Lastly, the final stage (siScore) uses the
POG from siPog to assign a differentiable score, via a CNN-based
model. The proposed computational framework to measure sub-
district level economic development from satellite imagery without
the guide of any partial ground-truth data is novel and shows
remarkable performance gain over existing baselines. Codes and
implementation details aremade available at the project repository.1

The main contributions of this paper are as follows:
• We propose a novel model to predict economic development
in the absence of ground-truth data. The model only requires
the generation of a POG. As we demonstrate in this paper,
a POG can be constructed easily using either public online
resources or light human annotation.

• POGs provide an interpretable explanation of which human
activity patterns in satellite imagery depict a more advanced
level of economic development.

• Our approach provides new insights on how to decompose
a challenging problem into sub-tasks and combine human
intelligence with machine intelligence.

• Extensive ablation studies not only show that all components
in our model are critical but also present several possible
applications of our model.

2 RELATEDWORK
Satellite imagery has been frequently used in economic and demo-
graphic research. In the past, the nightlight intensity of satellite
images was used as a proxy for socioeconomic factors such as power
consumption [25], income [6], well-being [13], urban growth and
population [3].

Recent studies have begun to exploit daytime images to esti-
mate economic statistics better. For example, Jean et al. [22] present
a deep neural network model that combines both daytime and
1https://github.com/dscig/urban_score

nighttime images to determine the poverty in sub-Saharan African
countries. This model has shown improvement in 𝑅2 value by 0.1 or
more, compared to models using only nightlight luminosity for var-
ious regions examined. Head et al. [19] confirmed the same model
could be “transferred” to broader geographic areas, yet this required
significant effort in hyper-parameter tuning. The performance also
varied by attribute types. For instance, predicting education level
and electricity access reached𝑅2 scores of 0.47 and 0.69, respectively.
However, predicting water access and children’s weight-for-height
index remained low at 0.26 and 0.06.

In mapping grid-shaped satellite images to economic data in ad-
ministrative units, many approaches use sampling (e.g., a random
selection of images within an administrative district) to correlate
the land cover features with ground truth data. New approaches
like [16] propose a lightweight embedding method that utilizes
descriptive statistics from the entire images within an area. This ap-
proach yields the state-of-the-art prediction for population density
with 𝑅2 up to 0.96.

The common assumption behind the existing approaches is that
a rich set of traditional socioeconomic data is available for train-
ing. However, the assumption may not be met for much of the
developing world and even for developed countries for a specific
temporal resolution. Some research has examined the potential use
of supplemental data to handle the absence of socioeconomic labels.
One such example is using mobile phone call detail records (CDR)
along with remote sensing data. CDR data contains geo-tagged
user behaviors based on either calls or SMS and can even track
personal-level social networks. Steele et al. [30] used a mixture
model combining both CDR and satellite imagery for poverty map-
ping. Sheehan et al. [29] examined the frequency of each location
mentioned on Wikipedia (e.g., infrastructure, company location)
and applied natural language processing (NLP) for economic pre-
dictions. This work suggested a multimodal model that combines
the feature vector extracted by the Wikipedia article embedding
and the vector derived by nightlight imagery.

Inspired by this line of research, we also consider the case when
supplemental data is available for training and provide a comparison
of outcomes between different methods. Specifically, our model
exploits two additional datasets: (1) district-level demographics,
which is readily available from governments, and (2) nightlight
intensity, which is publicly available with low-resolution quality.
More importantly, our model can be run and perform better, even
without any socioeconomic data labels for training.

3 MODEL
3.1 Overview
Problem definition: Let I = {x1, x2, . . . , x𝑛} be the set of satellite
images for a given area. The main goal of the proposed model 𝑓 is
to compute a score 𝑦𝑖 for each image x𝑖 (i.e., 𝑦𝑖 = 𝑓 (x𝑖 )) that well
represents the economic development level 𝑦𝑖 . We assume ground
truth values of 𝑦𝑖 are unknown at the training phase. Note that this
prevents the use of existing methods [16, 22, 30] to predict 𝑦𝑖 .

As a solution, we propose a weakly-supervised method to esti-
mate relative scores that highly correlate with the target variable𝑦𝑖 ,
rather than predicting its absolute values directly. The method con-
sists of three steps: (1) identifying satellite grid clusters of similar
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(a) siCluster (b) siPog (c) siScore
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Collect satellite images Predict urbanization

Figure 1: The overall architecture of the proposedmodel, composed of (a) siCluster for clustering satellite images, (b) siPog for
generating partial order graph (POG), and (c) siScore for training the scoring model with POG. The example in (a) shows that
the red and the green clusters are rural and urban areas, respectively, and the other two are mixed. The partial order graph
would place the most rural clusters on the left and the most urban clusters on the right, as in (b). The step in (c) will assign
urbanization scores to individual satellite grids while complying with the POG structure.

urbanization traits via a deep learning architecture — siCluster, (2)
generating the POG of the found clusters — siPog, and (3) comput-
ing differentiable scores from the learned POG structure — siScore.
The intermediate POG structure helps solve the complex problem
efficiently and also makes the result interpretable. These steps are
visualized in Fig. 1.

3.2 Clustering satellite imagery with siCluster
To generate scores that represent the urbanization level, one needs
to know what kinds of human activities capture such values. Satel-
lite grids contain various kinds of geo-spatial information, including
vegetation, surface elevation, and human activities. Therefore, satel-
lite images are an excellent source of examining unique patterns
in agricultural and industrial zones, such as paddy fields and fac-
tories [2]. To distinguish various human activities, we apply the
deep learning-based clustering that can efficiently handle the curse
of dimensionality problem via hierarchical architectures [14, 24].
This work adopts DeepCluster [5], which is known for its novel
end-to-end training process in the computer vision domain.

DeepCluster iteratively updates the CNN-based encoder and
its clustering result every epoch. It starts by computing k-means
clustering over the encoded vectors of input images. Each cluster
is assigned a pseudo-label. The encoder is then updated from the
classification process. Weights of the classifier 𝑔𝜃 and encoder ℎ𝑊
are jointly trained by optimizing the following loss (Eq. 1),

𝐿𝑐 =
1
|B|

∑
𝑖∈B

𝑁𝐿𝐿(𝑔𝜃 (ℎ𝑊 (x𝑖 )), 𝑦𝑖 ), (1)

where 𝑦𝑖 represents the pseudo-labels from k-means clustering, B
denotes the input batch of satellite grids, and 𝑁𝐿𝐿 is the negative
log-softmax function for maximizing log-likelihood.

DeepCluster has two limitations. One is the initial randomness;
the model is affected by the initial weights that can propagate
through the training process. Another is the lack of consistency in
the class assignment; the model relies on the pseudo-labels gener-
ated from its k-means clustering, which is subject to noise in data.
As a result, DeepCluster is not directly applicable to our problem,
and the satellite grids are grouped according to trivial traits such
as RGB patterns [5, 23]. Our clustering algorithm, siCluster, builds
upon DeepCluster with two new improvements.

Improvement #1 from transfer learning:Most of the land cover
on Earth is uninhabited [9, 12] and including such grids will add
noise to clustering. Hence, we first aggregated satellite grids into
three categories: urban, rural, and uninhabited. This task was done
by a pre-trained classifier and transfer learning. We constructed
a labeled dataset for transfer learning that includes one thousand
satellite images with three labels: urban, rural, and uninhabited.2
We then adopted a semi-supervised learning technique to train
the classifier over the small set of labels and massive amounts of
unlabeled data. The Mean Teacher [31] model, which penalizes the
inconsistent predictions between the teacher and student, is used.

For example, in the context of South Korea, one thousand labeled
grids and 22,577 unlabeled grid images were combined to train the
classification model. The fine-tuned encoder part is re-used as the
initial data points of the siCluster model. Repeating the actual
clustering process for urban and rural categories produced an equal
number of 𝑛𝑐 clusters. We did not further cluster the uninhabited
category. The siCluster algorithm produced a total of 𝑛𝑡 = 2×𝑛𝑐 +1
clusters.
Improvement #2 from consistency preserving:We added new
loss terms to prevent the model from learning trivial features. Sup-
pose a given satellite grid x𝑖 and its corresponding encoded vector
v𝑖 , i.e., v𝑖 = ℎ𝑊 (x𝑖 ). We then augment x𝑖 via common techniques
such as rotation, gray-scale, and flipping that do not deform the
original visual context. Let us call the augmented versions x̂𝑖 . Then,
the distance between x𝑖 and its augmentations x̂𝑖 in the embedding
space should be close enough, compared with the distance between
x𝑖 to other data points. We define the consistency preserving loss
to represent this invariant feature characteristic against data aug-
mentation in the embedding space. siCluster is trained by jointly
optimizing the negative log-likelihood loss (Eq. 1) and reducing the
Euclidean distance between the input and its augmentations on
embedding space (Eq. 2).

𝐿𝑒𝑐𝑝 =
1
|B|

∑
𝑖∈B

| | ℎ𝑊 (x𝑖 ) − ℎ𝑊 (x̂𝑖 ) | |2 (2)

2One may hire human annotators or use free GIS data sources for labeling. We describe
the steps to get coarse-grained labels in the supplementary material.
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The final loss to train siCluster is as follows (Eq. 3), and weights
of the encoder is updated via back-propagation.

𝐿𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑖𝑛𝑔 = 𝐿𝑐 + 𝐿𝑒𝑐𝑝 (3)

3.3 Generating partial order graph with siPog
Images within each cluster share similar visual contexts that likely
represent a similar level of economic development. The second
step of the algorithm aims at ordering these identified clusters. The
partial order graph (POG) is an efficient representation showing the
order across different clusters while ignoring any within-cluster
difference. We generated a POG in the order of economic devel-
opment. Here, development refers to an economic transition from
agriculture to manufacturing and service industries, which tend to
cluster in more urbanized areas [33]. When two clusters showed
a similar level of development, they were placed at the same level
without any strict ordering between them, as illustrated in Fig. 1(b).
Below are two strategies of siPog.

Human-guided.
We first considered the human-in-the-loop design and asked human
annotators to sort clusters manually. Both experts (i.e., professionals
in economics or geography holding a master’s degree or higher) and
laypeople participated in this ordering task. Annotators compared
clusters and identified relative orders of clusters by examining the
provided grid images. Clusters were ordered and connected as a
graph by their presumed economic development level. Cluster pairs
whose development levels were judged to be indifferent were placed
at the same level within the POG. The strength of this method is
its lower cost than the full comparison of images. In this work, a
total of ten annotators who had some domain knowledge on the
target country created the POG. Most annotators completed the
task within 60 minutes.

Data-guided.
POG can also be generated without human guidance. While grid-
level demographics are costly to obtain, there are ample resources
that can be used as a proxy, such as Internet search results. Proxy
data are aggregated at high-level (e.g., city or province) or are not
accurate. Nonetheless, they can be used for generating POG. Below
we demonstrate two examples.

• Census data-guided: One may generate POG based on the widely
available census data. Census data for most countries, whether
collected by local governments or by third party entities, contain
demographic information aggregated over districts or other ad-
ministrative units that are far larger than the areas covered by
each satellite grid. The administrative units may be in an arbitrary
polygon shape. We suppose that the census data over each district
comprises the aggregate metrics in the corresponding satellite grids.
Since similar human activities contribute to the economic develop-
ment, in the same way, we assigned all the grids that belong to the
same cluster the same census records.

Assume that each cluster𝐶𝑘 , composed of a collection of satellite
grids, needs to be assigned a score for target metric𝑑𝑘 . Each satellite
grid belongs to a single cluster. If the number of grids for district
𝑖 with membership in cluster 𝐶𝑘 is 𝑐𝑖

𝑘
and if the census data is 𝑦𝑖

over district 𝑖 , we can form the following equation:

𝑦𝑖 =

𝑛𝑡∑
𝑘=1

𝑐𝑖
𝑘
× 𝑑𝑘 . (4)

DenotingD as a set of districts in the target country, we can form
a system of linear equations by collecting the equation from each
district in D. To predict the ground-truth scores of district 𝑦𝑖 , we
can fit a linear regression model solving the optimization problem
(Eq. 5). The weight of the regressor becomes the approximation of
representative scores of clusters, which is used to define relative
ranks.

min
𝑑1,...,𝑑𝑛𝑡

∑
𝑖∈D

| |𝑦𝑖 −
𝑛𝑡∑
𝑘=1

(𝑐𝑖
𝑘
× 𝑑𝑘 ) | |22 (5)

To reduce overfitting, we randomly select 50% of the equations
for training the regressor and collect the weights from 100 tri-
als. Two sample t-test at a significance level of 0.05 was used to
determine significant differences in weights. If two clusters are
sufficiently separable by the t-test, an edge was created to connect
them in the partial order graph.
• Nightlight data-guided: Another proxy we use is the luminosity
intensity measured in nighttime satellite imagery. This publicly free
data is only available at the low-resolution quality. We first extrapo-
late the nighttime images to match the size of the daytime satellite
grids. Once we identify all the extrapolated nighttime grids that
correspond to each cluster, then nightlight intensity was averaged
for each cluster. We perform a two-sample t-test with a threshold
0.01 to detect any significant intensity difference between every
two clusters and consequently create an edge between them if two
clusters are sufficiently comparable.

3.4 Computing scores with siScore
Now given the relative orders of clusters in the POG, the next task
is to assign a score between 0 and 1 to every cluster using the CNN-
based scoring model 𝑓 . This model automatically detects which
features from satellite imagery (belonging to clusters) determine the
urbanization score via supervised learning. This scoring is identical
to the metric learning framework, as the model determines the
semantic scores that can measure urbanization. During training,
we limit the range of values of the scoring model from 0 to 1 by
clamping smaller or larger values.

Among many existing ranking methods, three main themes in-
clude: (1) a point-wise method that directly prepares the model
from training dataset [32], (2) a pair-wise method that learns from
the comparison of given pairs [4, 21, 26], and (3) a list-wise method
that optimizes the loss function on a list of predictions and actual
values [1, 17]. The first two methods either require labeled data for
training or easily suffer from clustering noise leading to flipped
labels. For these reasons, we adopt the list-wise method with our
unique structures for the scoring model, siScore.
List-wise metric learning: The only knowledge from POG is the
orders of clusters, but not the orders of individuals images. The
third step, siScore, use the POG structure in learning scores of
every satellite grid in the following way. We first extract every
ordered paths P from the POG. After choosing one of them 𝑃 𝑗 (i.e.,
𝑃 𝑗 = {𝐶1,𝐶2, ...,𝐶𝑚} ∈ P where 𝐶𝑘 is a 𝑘-th cluster on a chosen
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path 𝑃 𝑗 , and𝑚 is a length of 𝑃 𝑗 ), an equal batch size of 𝑛𝑠 images
are sampled from each cluster 𝐶𝑘 along the selected path. siScore
produces the scores to these selected images and the final scores
are concatenated as s𝑖 in Eq. 6, where x𝑖

𝐶𝑘
indicates the 𝑖-th image

in cluster 𝐶𝑘 .

s𝑖 = 𝑐𝑜𝑛𝑐𝑎𝑡 ( [𝑓 (x𝑖𝐶1
), 𝑓 (x𝑖𝐶2

), ..., 𝑓 (x𝑖𝐶𝑚
)]) (6)

The rank 𝑟𝑎𝑛𝑘 (s𝑖 ) is calculated by sorting the score vector s𝑖 .
Since the selected path is already ordered, the actual rank 𝑟 𝑗 of
clusters in 𝑃 𝑗 should be r𝑗 = [0, 1, ...,𝑚]. The scoring model 𝑓
trains to match the following two rank vectors: 𝑟𝑎𝑛𝑘 (s𝑖 ) and r𝑗 .
The Spearman correlation evaluates how well given two variables
are related as a monotonic function in terms of measuring rank
correlation. Accordingly, we calculate and maximize the Spearman
correlation of the estimated ranks against the actual rank to train
the model as follows:

max
𝑓

(1 −
6| |𝑟𝑎𝑛𝑘 (s𝑖 ) − r𝑗 | |22

𝑚(𝑚2 − 1)
), (7)

where the 𝑟𝑎𝑛𝑘 function returns the sorted order of a list. If we
assume that the length of the selected path is always the same (i.e.,
𝑚), maximizing Eq. 7 is equivalent to minimizing the following loss
function:

𝐿𝑠 =
1
𝑛𝑠

𝑛𝑠∑
𝑖=1

| |𝑟𝑎𝑛𝑘 (s𝑖 ) − r𝑗 | |22, (8)

where 𝑛𝑠 represents the batch size for training. siScore repeats this
step for all paths 𝑃 𝑗 in P.
Differentiable sorter: Besides determining the correct rank or-
der of the selected image batches in path 𝑃 𝑗 , it is desirable to find
scores that can “differentiate” one cluster from another. The Spear-
man correlation, in contrast, is unsuitable for such training due to
the back-propagation nature of deep learning. Based on recent ad-
vances in computing ranking losses [10], we use an approximation
method to mimic the sorting algorithm and make the algorithm
differentiable to use the Spearman correlation as a loss directly.

Suppose a score vector ŝ = {𝑒1, 𝑒2, ..., 𝑒𝑛} with 𝑛 elements. Given
all records of pair-wise comparisons among the elements, the algo-
rithm sorts elements by counting wins for each element. We define
the sigmoid function with hyper-parameter 𝜆 to make records of
binary comparison (Eq. 9).

𝜎𝜆 (𝑒𝑖 , 𝑒 𝑗 ) =
1

1 + 𝑒−𝜆 (𝑒 𝑗−𝑒𝑖 )
, where 𝜆 > 0 (9)

This sigmoid function takes two variables 𝑒𝑖 , 𝑒 𝑗 and produces
close to 1 if 𝑒 𝑗 is larger than 𝑒𝑖 with sufficient margin, while pro-
ducing close to 0 if 𝑒𝑖 is larger than 𝑒 𝑗 . By calculating all records
of comparisons with the sigmoid function, rank is generated by
summing up the values of records for each element (Eq. 10). The
hyper-parameter 𝜆 in sigmoid function affects the size of gradients
during the backpropagation and the precision of estimated ranks
by sorter ℎ. The rank of 𝑖-th element in the list can be calculated as:

ℎ(ŝ, 𝑖) =
𝑛∑

𝑘=1; 𝑘≠𝑖
𝜎 (𝑒𝑖 , 𝑒𝑘 ) . (10)

To sort the images, we utilized differentiable sorter ℎ to rank the
values. Equation 8 is then re-written as follows:

𝐿𝑠 =
1
𝑛𝑠

𝑛𝑠∑
𝑖=1

| |ℎ(s𝑖 ) − r𝑗 | |22, (11)

Variance regularization: Note that ℎ is sensitive to the value
of 𝜆. Because of the characteristics of 𝜆 that controls the slope
of comparison function 𝜎𝜆 , it gives a trade-off between training
efficiency and precision of the sorter. For a large 𝜆, the precision
of the sorter becomes higher, but only small differences in values
between two elements result in substantial differences in ranks.
This can cause every score from siScore to gather within the small
range and thereby cause flipped results. Meanwhile, if we set 𝜆
small, large differences in values are required to make differences
in rank, but the precision of the sorter would be low, and noise can
be generated.

To leverage the high precision of sorter and avoid errors from the
flipped results, we added a loss to regularize the score distribution
of each cluster to satisfy small variance. With small variances in
score distributions, the overlapping part between two adjacent
score distributions, where the flipped results are brought, would
be reduced. The average variance of score distributions of every
cluster in the selected path 𝑃 𝑗 is minimized as a regularization loss:

𝐿𝑣𝑎𝑟 =
1
|𝑃 𝑗 |

∑
𝐶𝑖 ∈𝑃 𝑗

𝑉𝑎𝑟 (𝑓 (X𝐶𝑖
)), (12)

where X𝐶𝑖
indicates the batch images in cluster𝐶𝑖 and𝑉𝑎𝑟 denotes

the function that calculates the variance of the given score list.
Finally, the loss function to train siScore is adjusted with the

weight parameter 𝛼 as in Eq. 13.

𝐿𝑠𝑐𝑜𝑟𝑒 = 𝐿𝑠 + 𝛼 × 𝐿𝑣𝑎𝑟 (13)

4 DATA AND SETTING
4.1 Satellite imagery
Remote sensing enables analysis over an extensive geographic
coverage, near real-time accessibility, high spatial resolution, sub-
district- or grid-level measurements, and change detection in land
use or urban sprawls [8, 15]. ESRI, a GIS software company, pro-
vides satellite-based remote sensing data at various zoom levels.
The zoom level (𝑍 ) refers to the spatial resolution, where the entire
earth is fit into a single tile when 𝑍 = 0 and to 2𝑘 tiles for 𝑍 = 𝑘 .
Since the number of pixels remains identical to 256-by-256 per im-
age tile, a higher zoom level means richer resolution. We chose the
𝑍 = 15 images with 4.7m-resolution, which can distinguish indi-
vidual buildings as well as other artifacts such as roads. Each tile
contains three spectral bands (RGB), and the images are cloud-free
for most of the area. We consider data from three countries: South
Korea, Malawi, and Vietnam, where images are from between 2015
and 2017.

4.2 Public data sources
Census data: We utilize the total population data collected by
Michael Bauer Research (MBR) GmbH, which investigates demo-
graphics data over 130 countries. The ArcGIS API allows for access
to the latest data, and all data used in this paper were downloaded
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in January 2020.

Nighttime satellite imagery: This data is known to contain a
blurring effect of light emission that affects nearby areas with less
luminosity. Hence the best resolution available for public use if at
𝑍 = 9, released by the NASA Earth Observing System Data and
Information System. Due to the zoom level difference (15 vs. 9), we
treat the data such that every 64-by-64 pixel within the 𝑍 = 15 grid
matches with one single pixel of nightlight imagery. Hence, each
𝑍 = 15 grid holds a 4-by-4 pixel of nightlight intensity data.

4.3 Ground truth dataset
The grid-level ground truth labels were prepared in two forms:
Population and Gross Floor Area. Facebook has contributed to
making the most precise population map of the world, and they
open the data that covers most of the Asian and African countries
online [11]. The estimation is at the resolution of an arcsecond-by-
arcsecond scale. Since this unit area is smaller than our grid size,
we sum up the estimated population density of each unit located
inside the grid for evaluation. Also, the Gross Floor Area, which
is an amount of total construction in buildings, can refer to the
degree of economic development in a given area. Such information
can be computed from GIS data of building shapefiles. The local
government can collect such information; we utilize the official
data released by the Ministry of Land, Infrastructure, and Transport
in South Korea.

4.4 Implementation setting
ResNet-18 [18] is used as a backbone CNN network for both clus-
tering and scoring model. The pre-training step of siCluster used
the same hyper-parameters in the original Mean Teacher algorithm
in [16]. Adam optimizer with learning rate of 1𝑒−4 was used, where
the model trained for 200 epochs. Random rotation and grey scaling
with probability 0.1 are utilized for data augmentation to make
our model robust against the tone of color or textures. The batch
size was set to 256 for clustering and to 20 for metric learning (i.e.,
𝑛𝑠 = 20 in Eq. 8). The number of clusters 𝑛𝑐 to separate satellite
imagery of urban and rural each was set to 10 in South Korea (i.e.,
total cluster count is 𝑛𝑡 = 2 ×𝑛𝑐 + 1 = 21), 𝜆 in Eq. 9 to 30, and 𝛼 in
Eq. 13 to 4.

5 EXPERIMENTS
We conducted extensive experiments to examine how each part
of the model operates via component analysis and test robustness
across multiple countries.

5.1 Performance evaluation
The POG was generated as follows. Human-guided method in-
volved annotations from five experts and five locals, where both
the average and the maximum performance are reported. For data-
guided POG, we utilized the population census data collected by
MBR (Census-guided) and grid-level nightlight intensity data
(Nightlight-guided). Table 1 reports the correlation values be-
tween the estimated economic development and two kinds of ground
truth labels: Gross Floor Area and Population. Both Spearman and
Pearson correlations were calculated on the log-scaled ground truth

Table 1: Comparison of prediction models for South Ko-
rea. Results are evaluated for two grid-level statistics: Gross
Floor Area and Population Count.

Method Gross Floor Area Population
Spearman Pearson Spearman Pearson

A

Human-guided (Avg) 0.825 0.787 0.764 0.766
Human-guided (Max) 0.851 0.800 0.795 0.778

Census-guided 0.826 0.799 0.792 0.788
Nightlight-guided 0.846 0.801 0.794 0.789

B Nightlight-only 0.664 0.655 0.728 0.731
Pairwise (Human) 0.651 0.610 0.300 0.302

C K-means 0.434 0.587 0.451 0.557
DeepCluster 0.618 0.559 0.532 0.551

D
Triplet (POG) 0.807 0.754 0.768 0.726
Pairwise (POG) 0.825 0.759 0.767 0.739
w/o Score model 0.737 0.675 0.678 0.673

A : Our model, B : Baselines, C : siCluster ablation, D : siScore ablation

values. All models produced scores of solid correlation (i.e., above
0.7) with ground truth labels, even when such information was
not available during training. The best performance comes from
the human-guided model, reaching 0.851 and 0.795 in Spearman
correlations.

Seven baselines were implemented for comparison, which used
ResNet-18 as the backbone network. (1) Nightlight-only uses the
light intensity of nighttime satellite imagery for measuring eco-
nomic development. We also experimented with human-annotated
labels (2) Pairwise (Human) that indicated the relative rank of
four thousand random image pairs. Three annotators who have
domain knowledge of target countries were recruited. Participants
were asked to choose which image in pair showed higher economic
development, and their decisions were aggregated. The pairwise
loss was then used for training. This model is one kind of naive
methods that directly learn from the human-annotated orderings.
These baselines were not as effective as our models.

The next two baselines are ablations for siCluster. We replace this
module by the conventional (3) K-means clustering algorithm and
by the original (4) DeepCluster algorithm. The remaining three
are ablations for siScore. The labels for (5) Triplet (POG) and (6)
Pairwise (POG) were generated by an identical POG instead of
human annotation. When generating labels from the POG, cluster
pairs are randomly selected, and images from each cluster form
pairs. The order of chosen clusters is considered as a label for these
pairs. Triplet makes labels, including anchor, positive, and negative
samples. The model is trained to generate a similar score between
an anchor and positive, while different and order-preserving scores
should be calculated between an anchor and negative. We also
proposed baseline (7) without the score model, which gives a
scalar value that preserves the orders of POG to each cluster instead
of a deep learning-based score model. Census-guided POG is used
for these baselines.

Ablation studies demonstrate that every tested component of
the model is critical to performance. The ablation study for the
cluster method shows that siCluster is an optimal cluster method
for satellite images. The Pearson value of siScore is far superior to
other methods in the case of scoring model ablations. Triplet and
Pairwise dip into confined POG rank. On the other hand, siScore
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takes the overall POG rank as a whole and leverages the hierarchical
relationship between clusters efficiently.

5.2 Component analyses
Clustering review: We examine the performance of siCluster
qualitatively. A total of 95,936 grids were clustered into 21 clusters
for South Korea (i.e., one uninhabited, ten rural, and ten urban).
Fig. 2 show example images of cluster no. 1, 6, and 17. The clustered
images show remarkable visual similarity in terms of urbanization
and land cover types. Cluster no. 1 consistent of highly urbanized
zones with large warehouse-like structures. Cluster no. 6 also rep-
resents urban structures but composed of smaller structures that
are residential areas. Cluster no. 17 show agricultural zones.

(a) Cluster no. 1 (b) Cluster no. 6 (c) Cluster no. 17

Figure 2: Example images from the same cluster. These im-
ages show similar visual characteristics of land covers.

POG design: To validate the intermediate POG designs generated
by human-guided and data-guided siPog approaches, Table 2 reports
that Spearman and Pearson correlation for the generated POGs and
the actual orders of images according to the population data. We
assigned the rank to every image following the POG, and images in
the same cluster are considered to have the same rank. As a result,
shown in Table 2, all three designs’ correlations (Human, Census
data-guided, and Nightlight data-guided POG) are near 0.7, and this
high correlation infers that our POGs with three models well mimic
the actual order of images.

Table 2: Measured consistency between generated POG from
our proposed designs and ground-truth population dataset.
Spearman and Pearson correlations are used for evaluation.

Human-guided Census-guided Nightlight-guided

Spearman 0.68 0.68 0.71
Pearson 0.65 0.67 0.70

Hyper-parameters: Sensitivity of the model to parameters can
be examined by enumerating the possible ranges of: (a) cluster
count 𝑛𝑡 , (b) 𝜆 in differentiable sorter (Eq. 9), and (c) 𝛼 for the
regularization weight (Eq. 13). Due to space limitation, we show
results of the census data-guided POG in siPog in Figure 3. We
make several observations.

First, the correlation is the highest at the cluster count of 𝑛𝑡 = 21,
and the model performance decreases for larger or fewer clusters.
A possible explanation is that too many leads to flipped orders
due to the overlap between distributions, whereas too few misses
urbanization patterns. These results can be compared to the optimal

Figure 3: The effect of cluster counts and hyper-parameters
(𝜆 values in the differentiable sorter and 𝛼 values in the reg-
ularization loss) on model performance.

number of clusters for Malawi and Vietnam, which were 7 and 11,
respectively. This exploration shows that there exists an adequate
cluster count for each target country.

Next, in terms of hyper-parameters, the prediction performance
degrades for a large 𝜆 value. As explained earlier, such values can
cause every score of the model to gather in a limited range and
hence affects the efficiency in training due to the skewed gradients.
This likely contributes to the poor performance above the 𝜆 value of
40. Also, the average accuracy reaches the highest at 𝛼 = 4 for both
datasets, and no significant performance gain is observed below
or beyond this point. In the case of the Spearman correlation on
the Gross Floor Area, the highest performance is observed at 𝛼 = 8,
although at a marginal. Altogether, we find that hyper-parameter
tuning is important for the performance, and there exists some
range of parameters (𝜆, 𝛼) that are acceptable to many models.

5.3 Robustness testing
Application to developing economies:We conducted additional
experiments on two developing economies, Malawi and Vietnam,
and gathered a total of 64,303 and 226,305 satellite images for them,
respectively. All models were trained in the same manner as men-
tioned earlier, except for the cluster count 𝑛𝑡 in siCluster. The
optimal 𝑛𝑡 was found to be 7 for Malawi and 11 for Vietnam based
on grid search, respectively.

Figure 4 shows the performance comparison, based on the grid-
level Facebook population data [11]. Our model repeatedly outper-
forms the conventional nightlight model for developing economies.
In the case of Malawi (i.e., the poorer of the two), the nightlight
baseline performs nearly one-third of the other best solution. As
a result, the improvement is from ‘weak’ to ‘strong’ correlation.
The light intensity from nighttime satellite imagery is known to
be erroneous to be used for areas of extreme poverty [22]. The
advantage of our model is attributed to the use of daytime imagery,
which no longer suffers from the light saturation effect.

Next, Figure 5 shows the transferability of the model when it
is trained on one country’s data and tested on another country’s
data. As one might expect, training and testing model on the same
country (i.e., the diagonal line) shows the highest performance in
most cases. One exception is the census-guided POG generation
for Vietnam. South Korea showed consistently above 0.6 Spearman
correlation even when the model was trained onMalawi or Vietnam
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Figure 4: Results for Malawi and Vietnam. Three models
(Human, Census, and Nightlight) are compared against the
conventional nightlightmodel (Baseline). The red lines indi-
cate the boundaries for ‘weak,’ ‘moderate,’ ‘strong,’ and ‘very
strong’ correlations from the bottom.

data, for all Human, Census, and Nightlight strategies. We speculate
that a comparatively broad spectrum of urbanized patterns in South
Korea contributes to this result. This may be linked to the fact
that South Korea data required the highest number of clusters (21)
compared to the other two (7 and 11), again likely because there
were many more distinctive grids with the sufficient numbers of
images in each cluster, showing vastly broad economic spectrum.
In contrast, the poorest economy (i.e., Malawi) images may contain
smaller variations across the grid images.

Figure 5: Spearman correlation with ground-truth popula-
tion for models that are trained in one country and evalu-
ated in another country. Results from three designs of POG
generation are visualized respectively.

Application on change detection and visual interpretation:
Cities grow rapidly in many places. Monitoring changes in cities
is crucial for sustaining economic development, yet this task is
challenging to track. We here show that our model of estimating
economic development can be used to quantify change detection.
Figure 6 displays images of one district over time. Our algorithm
can measure the economic development score from the grid-level
images. The estimated scores increased from 0.13 in 2010 to 0.31 in
2018, quantifying the urbanizing process. Besides, the POG struc-
ture of the corresponding images as well as the visual interpretation
of the model, generated by the grad-CAM algorithm [28], indicates
which areas of the district contributed most to the scoring decision.
The regions highlighted in the heat map were critical to the algo-
rithmic decision. This example demonstrates how the algorithm
can be used to monitor the urbanizing process over vast areas in
both developed and developing economies.

(a) Score = 0.13 (b) Score = 0.21 (c) Score = 0.31

Figure 6: Satellite image and its corresponding score for ur-
ban development over multiple years for the same district.
Estimated scores from our scoring model reflect the dis-
trict’s evolution process (from score 0.13 to 0.31 on average).
Below heat-map image extracted by grad-CAM [28] displays
which image part contributes to the score increase.

Sensitivity of human annotator type: Does constructing a POG
require advanced knowledge? We examined whether the expertise
of annotators has any effect on the quality of POG. Our expert anno-
tators were knowledgeable in economics and geography, whereas
the local annotators had an in-depth knowledge of the target coun-
try. For different countries, we recruited different local annotators.
All annotators were given the same instruction and data, and their
POGs are compared in Figure 7. This small scale comparison shows
there is no evidence of the quality difference in the generated POGs
between experts and locals, demonstrated by the p-values of the
two-sample t-tests. Furthermore, high graph consistency between
the two groups, which is calculated by measuring the Spearman cor-
relation of two partial orders, shows their POGs are similar (i.e., the
value of graph consistency is near or over 0.7). These findings imply
that our POG generation process is simple, and thereby anyone who
wants to train the model can quickly implement by themselves.

Figure 7: Spearman correlation of POGs generated by expert
versus local annotators. GC refers to the graph consistency.
The p-value of the t-test indicates there is no significant dif-
ference between experts and locals.
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6 CONCLUSION
We presented a new method that measures economic development
from high-resolution satellite imagery using deep learning. Our
method first groups tens of thousands of grids into clusters of
manageable sizes by visual patterns of artifacts. Then it generates a
POG of the identified clusters guided by humans or low-resolution
proxy data, which is lightweight compared to the overall scale
of the problem. The final step assigns differentiable scores to the
entire grid set based on the POG structure, which reported a high
correlation to the ground truth data.

One implication of this research is the use of high representation
power of deep learning in demographic analysis. The model applies
to both developing economies where labeled data is limited and
developed economies where grid-level census data are not gathered
frequently. Generating a POG helps interpret which land cover
patterns are linked to high urbanization scores. Our approach can
be used in various scenarios, including change detection; repeatedly
computing the economic development scores over newly collected
satellite imagery can measure changes in fast-growing areas over
time.

This work bares several limitations. First, since every step of
our method affects the model performance, any errors in the initial
clustering can propagate throughout the entire model. Combining
the first two steps as an end-to-end model will be able to minimize
standard errors. Second, the model is vulnerable to noise in satellite
imagery. Due to its unsupervised fashion in the clustering process,
noise in images, such as clouds [7], can be falsely identified as
a unique pattern of human activities. Finally, while this research
considered two kinds of annotators (e.g., experts and locals) as
part of the human-in-the-loop design, it can be further designed
to minimize the impact of variances in human performance. In
the future, we would like to explore in-depth how computational
intelligence can improve further by complementing it with human
intelligence [20].
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SUPPLEMENTARY MATERIAL
The authors note that the entire datasets used in this paper are non-
proprietary online resources, except for human annotations. We
share the model details and codes for the reproducibility of research
outcomes at https://github.com/dscig/urban_score.

Clustering process details
The siCluster algorithm aims to capture the unique patterns of
human activities in satellite imagery related to economic develop-
ment. We made an improvement from the original DeepCluster
by applying transfer learning. One thousand satellite images were
labeled within three classes: urban, rural, and uninhabited. Four an-
notators contributed to generate the labels of the images; they were
guided to decide the label according to the common traits on urban
structure, such as compact construction, high population density,
non-agricultural land use [27]. We aggregated the decisions of all
annotators as average votes, which were then applied to construct a
classifier. After training, the fine-tuned model without a final fully
connected layer was utilized as the feature extractor during the
main clustering step.

We initially split the entire dataset into three classes: urban, rural,
and uninhabited. Then, the clustering algorithm runs separately for
the urban and rural classes to find an equal number of 𝑛𝑐 clusters.
Thismakes the total cluster count to be𝑛𝑡 = 2×𝑛𝑐+1. Figure 8 shows
example cluster images in South Korea, composed of ten urban, ten
rural, and one uninhabited cluster. Each cluster shows consistent
traits in image patterns. For example, cluster no. 2 consists of the
urban apartment complex, cluster no. 10 and no. 14 consists of
warehouses and paddy fields, respectively.

Examples of partial order graphs
Once tens of thousands of satellite grids are grouped via siCluster,
we are now able to construct a partial order graph (POG) to deter-
mine the relative order of clusters, by economic development. This
step is the siPog algorithm. Figure 9 shows one instance of a POG
for South Korea, generated by a human annotator. Twenty-one
clusters are aligned in a graph format, from the most urban to the
least. Clusters that have a similar level of development appear on
the same level. This POG structure becomes the input to the final
metric learning step. This step is also interpretable; later, one may
use this structure to explain why certain images receive higher
scores than others.

Hyper-parameter details
As suggested by Head et al. [19], parameter selection is critical
when applying deep learning model on satellite images to different
countries. We performed a hyper-parameter analysis in Section 5.2
and gave guidelines for appropriate ranges, which we provide more
details. Our model has three hyper-parameters: (a) cluster count 𝑛𝑡 ,
(b) 𝜆 in differentiable sorter (Eq. 9), and (c) 𝛼 for the regularization
weight (Eq. 13). In the case of cluster count 𝑛𝑡 , optimal value mostly
depends on the variations of pattern that each country has. Reflect-
ing on the actual appearance of the target country, we adjusted the
optimal 𝑛𝑡 by grid search (South Korea: 21; Vietnam: 11; Malawi: 7).
On the other hand, 𝜆 and 𝛼 are the hyper-parameters comparatively
less affected by changes in countries. The performance of our model
is fairly robust if two parameters meet a certain condition (𝜆 < 50
and 𝛼 > 0). Therefore, we adopted the hyper-parameters, 𝜆 and 𝛼 ,
to Vietnam and Malawi the same as those tuned from South Korea
(𝜆 = 30 and 𝛼 = 4).
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Figure 8: SiCluster results in South Korea. All satellite images are grouped into 21 clusters (i.e., 𝑛𝑡 = 21).
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Figure 9: Example POG of South Korea from human-guided siPog. Clusters are sorted from urban to rural, from left to right.
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