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Abstract
Remote sensing images with the convolutional neural net-
work (CNN) model are proved to be an alternative approach
to night-lights in poverty prediction. However, CNN model
creates a high dimensional dataset, which may cause over-
fitting, and limit its performance. In this paper, we select on
remote sensing CNN features to improve its performance. We
leverage five feature selection methods: forward search, cor-
relation search, principle components analysis (PCA), vari-
ational autoencoder (VAE) and lasso. All these features are
then evaluated via linear, ridge and lasso regression method
as well as XGBoost gradient boosting methods. We obtain
robust feature sets that outperform night-lights intensities in
poverty prediction.

Introduction
Accurate poverty measurements of certain area critically
shape the decisions of local governments about how to allo-
cate scarce resources, and to track progress toward improv-
ing human livelihoods. However, ground truth data from
conducted surveys such as the Demographic and Health Sur-
veys (DHS) are far from adequate in such regions. Closing
this data gap is prohibitively costly and institutionally diffi-
cult, due to governments’ reluctance to show their lacklus-
ter economic performance. An alternative path is proposed
to measure poverty by leveraging satellite images of lumi-
nosity at night (night-lights). This technique shows promis-
ing results in improving the predictions of urban area’s eco-
nomic status, but has trouble distinguishing differences of
economic activity between areas with populations living
near or below the international poverty line ($1.90 per capita
per day). In these impoverished areas, luminosity levels are
generally very low and show little variation. To remedy this
issue, a novel machine learning approach(Jean et al. 2016)
of extracting socioeconomic data from high-resolution day-
time satellite imagery is proposed. In this approach, a con-
volutional neural network (CNN) model pre-trained on Im-
ageNet is fine-tuned to predict nighttime light intensities
based on the input daytime satellite imagery. We obtained
a large labeled training dataset using CNN as a feature ex-
tractor. The features are then used to predict poverty lev-
els via linear and ridge regression. This approach does not
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depend on night-lights data, which enables it to distinguish
poor, densely populated areas from wealthy, sparsely popu-
lated areas.

However, this CNN feature extraction method creates a
dataset with size smaller than the feature dimensions, thus
it has no closed form solutions. Moreover, overfitting would
be a considerable problem. Another issue is that, CNN fea-
tures cannot outperform night-lights data by itself in poverty
prediction (Xie et al. 2016). To tackle these issues, we con-
duct feature selections on CNN features and try various re-
gression models to find a feature-regressor combination that
outperforms night-lights data in poverty prediction. Through
our work, a fine-grained poverty and wealth estimator can be
produced using only the data available to the public domain.
Our major contribution lies in these three parts:
• Train CNN as a feature extractor rather than a classifier.
• Reduce overfitting by wisely selecting CNN features.
• Improve prediction performance by using stronger regres-

sion models.

Methodology
We begin by introducing the CNN model as a feature extrac-
tor, and then we will introduce the regression and boosting
models used in our work. Finally, we will present our con-
tribution in feature selections.

Fully Convolutional Neural Network
Convolutional Neural Networks (CNN) are powerful mod-
els with application widely spread in image processing tasks
such as classification, semantic segmentation and object de-
tection. The multiple convolution layers provide massive
feature assets while the pooling layers select on that. CNN
model such as VGG net (Simonyan and Zisserman 2014)
facilitate further research on the use of deep visual represen-
tations in computer vision.

In our work, we use a convolutional model converted from
the VGG F model pre-trained on ImageNet as Figure 1. We
train this VGG model by using remote sensing images with
corresponding night-lights intensities as labels. The input to
our VGG model is 400× 400 pixels and the 4096 fully con-
nected layer features produced by our model are selected as
our CNN features. We use TFlearn framework built on Ten-
sorflow to implement VGG model.



Figure 1

Regression Model
• Linear Regression

Linear regression is a naive model for CNN feature re-
gression, which models the error as normal distributions.
We consider linear regression as our baseline for all fea-
tures and regression models.

• Ridge Regression
Ridge regression is a technique for analyzing multiple re-
gression data that suffers from multicollinearity. When
multicollinearity occurs, least-square estimates are unbi-
ased, but their variances are large so they may be far from
the true value. By adding a degree of bias to the regression
estimates, ridge regression reduces the standard errors. It
can also help mitigate overfitting to some extend.

minimize (Xθ − y)T (Xθ − y)

subject to

n∑
i=1

θi ≤ t

• Lasso Regression
Lasso (Least Absolute Shrinkage Selector Operator) re-
gression is quite similar to ridge regression, but instead
of using L2 regularization, Lasso uses L1 regularization,
which causes many fitted coefficients to become zero. In
other words, Lasso automatically discards features that
are not very helpful, and only uses a small number of fea-
tures. For this reason, Lasso is even less susceptible to
over-fitting than ridge regression.

minimize (Xθ − y)T (Xθ − y)

subject to

n∑
i=1

|θi| ≤ t

• XGBoost
XGBoost is an open-source software library which pro-
vides the gradient boosting framework for machine learn-
ing. XGBoost is widely used in Kaggle competitions and
other machine learning objectives due to its scalable,
portable and distributed features.
In our work, we leverage the regression model API in
open source python XGBoost library on various input
feature combinations. We set our regressor in the gradi-
ent boosting mode and then tune on parameters includ-
ing maximum depth of a tree, minimum sum of instance

weight (hessian) needed in a child, subsample ratio of the
training instance, etc.

Feature Selection Methods
The number of CNN features is well above 4000, larger than
the number of samples which is around 3000. Therefore, we
may experience serious overfitting if we use all these fea-
tures directly in the regression. In the experiments, we try
possible feature-selection approaches as below:
• Correlation-based Feature Selection

The basic method to select features is to compute each
feature’s correlation with the label (asset index/poverty
level). Then we simply use the features with the highest
correlation in our regression. The correlation values are
computed using the training set only.

• Principle Component Analysis
Principal components analysis is often used in unsuper-
vised learning to find a low-dimensional coordinate sys-
tem that preserves the separation of data points. Here, we
try to apply PCA to the 4096 CNN features and see if the
principle components would give a good regression per-
formance. We also compare it with other feature selection
methods in the experiments.

• Lasso Features
Lasso regression automatically selects some features to
use while reducing the coefficients of others to zero. This
property makes lasso regression a valid feature selection
method.

• Variational Autoencoders
Variational Autoencoder (VAE) has emerged as one of
the most popular approaches to unsupervised learning of
complicated distributions. VAEs are built on top of stan-
dard function approximators (neural networks), and can
be trained with stochastic gradient descent. First, we con-
struct a encoder-decoder pairs. The encoder encodes input
4096 CNN features and output 2 dimension compressed
features, then the decoder uses them to recover input.
Both encoder and decoder are neural network with 256
intermediate latent variables and ReLU activation func-
tion.

• Forward Search
The forward feature selection procedure begins by eval-
uating all input attributes feature separately. Then it ex-
tends to feature subsets. In other words, we start by mea-
suring the leave-one-out cross validation error of the one-
component subsets, so that we can find the best individual
feature. We then repeat this process over the remaining
and generate a sorted list of features.

Experiments
Dataset and Benchmark
In our work, we construct a dataset with the DHS sur-
vey containing wealth assets and households data from five
African countries, which are Rwanda, Malawi, Uganda, Tan-
zania and Nigeria. We also collect the corresponding night-
lights intensities value in the surveyed areas. Then we fine-
tuned the proposed VGG model using the remote sensing



images in the surveyed areas and its night-lights intensities
to get the CNN features. To test different feature selections
and regression models, we split our dataset randomly into
66.6% training set and 33.3% testing set. We train differ-
ent feature selection methods and regression models on the
training set and validate them on testing set. R2 score is
widely used as our performance indicator.

Meanwhile, to compare our selected features with night-
lights intensives. We apply linear regression on night-lights
intensities, and get 0.5147R2 score in both train and test set.
This score can be treated as our baseline.

Feature Selection
First, we run straightforward linear regression using all 4096
CNN features and get 0.995 training R2 score, but the test
R2 is below zero. This clearly is overfitting.

To address the problem, we first try 2 basic feature selec-
tion methods. First, we simply select features starting from
the beginning of the 4096 CNN features. Using 50 to 400
features gives slightly better results than night-lights. But as
the number of features gets large, overfitting becomes ob-
vious. Second, when using PCA components as features in
linear regression, the performance is rather unsatisfactory.
This is because PCA is based on the linear dependency of
different feature assets, but our CNN features are not lin-
ear dependent for the non-linear activation function used in
VGG net architecture. Meanwhile, PCA loses information
of the original features. Both train and test R2 scores are
shown in the appendix.

Then, we applied correlation-based feature selection use
features with the highest correlation with the labels, the re-
sult is similar to selecting features from the beginning. When
we use more than 200 features, overfitting becomes obvious.
We also find that the correlation is not an excellent metric in
selecting features. We then use forward-search feature selec-
tion, i.e. starting from an empty feature set, each time adding
one single feature that raises the test performance the most.
Specifically, we have two loops. In the outer loop, we start
from an empty feature set, and loop until overfittting occurs
(e.g. 300 epochs). In the inner loop, we traverse through all
features, each time add one feature into the current feature
set, test the performance, and record which feature gives the
most performance increase. We add this feature into the cur-
rent feature set. We periodically pause to check overfitting.
In the forward search, the performance is evaluated using
ridge regression. We notice that the test performance begins
to stay around certain level when the number of features ex-
ceeds 180. We then take the first 300 features selected by
forward-search, and train our prediction models using lin-
ear regression, ridge regression and Lasso regression. Again,
overfitting becomes obvious in linear regression and ridge
regression when the number of features is larger than 180.

Then we turned to Lasso regression. As shown in Figure
2, Appendix A, feeding all 4096 features to Lasso regres-
sion yields promising results. This is because Lasso auto-
matically discards most of the features and only uses a small
portion of them. In fact, Lasso selects 282 features out of all
4096 CNN features - all other features have coefficients of
zero in Lasso regression. Also, the right-hand part of Figure

2, Appendix A, shows that as the number of features gets
large, Lasso almost shows no overfitting problem. There-
fore, in our situation, where we have a huge number of fea-
tures to select from, Lasso is a convenient and robust method
to use.

Finally, we check the feature indices and show the over-
lapped features in Figure 2. In the figure we observe that the
three effective methods selected features with few overlap-
ping. We select all 63 features in the overlapped areas and
form a new combination called common features for further
investigation.

Figure 2: Common features shared by selection methods

Regression
In this section, we test our selected features on different re-
gression models. As shown in Table 1, we can see that VAE
features are inadequate for our task. Then reason behind this
may come from the high loss in the decoder when trying to
recover the original 4096 features. Nonetheless, we see that
the features selected by forward-search perform well in all
three regression experiments, meaning we have found a set
of features that is robust and gives stable performance. The
common features (those appearing in at least two feature sets
in Figure 2) and lasso features preform well, but do not in-
crease the performance by a lot compared to our baseline.

We also try XGBoost to train our model of predicting.
XGBoost introduces a number of parameters to tune for the
model to best fit the data. After carefully researching the
parameters, we find that:
1. Its almost impossible to find the global minimum through

manually tuning the parameters;
2. For different sets of features, we need different sets of

parameters for the model to perform better;
3. The model is vulnerable to overfitting, in the sense

that controlling overfitting sometimes reduces test perfor-
mance at the same time.
For the experiment, we try to find the best set of param-

eters for different sets of features through grid searching.
And we show the result in Figure 3. The model trained by



Table 1: R2 score of Selected Features on Regression Models
Model(Train|Test)

Features Linear Reg Ridge Reg Lasso Reg XGBoost
Forward Search 0.6749|0.6416 0.6747|0.6438 0.6724|0.6426 0.8748|0.5094

Common Features 0.5606|0.5271 0.5605|0.5283 0.5552|0.5311 0.7591|0.3493
Lasso Features 0.6433|0.5027 0.6419|0.5170 0.6681|0.5863 0.8787|0.4970
VAE Features 0.5331|0.3042 0.6559|0.2918 0.6900|0.3199 0.5677|0.3391

Figure 3: XGBoost performance

forward search features is providing the best performance,
which is consistent with our previous experiment. However,
all three models are subject to overfitting to some extent. As
stated above, its hard to control the overfitting while keeping
the test accuracy at the same time. Overall, we conclude that
XGBoost is not the most stable model to perform different
sets of model fitting, because changing the features means
that we have to tune the parameters again. Further research
needs to be done to better utilize the XGBoost.

As forward select features has the best results in regres-
sion model, we conduct experiments and plot figures to eval-
uate how regression R2 score changes as we increase the
features selected. As Figure 4 and 5 shows, test perfor-
mance begins to go down when the number of features ex-
ceeds 180. We can choose the first 180 selected features as
our final decision for application.
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Figure 4: Linear regression results against the number of fea-
tures in forward search method used

Conclusion
In this paper, we present a method that leverage CNN as
an feature extractor for poverty prediction in African coun-
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Figure 5: Ridge regression results against the number of fea-
tures in forward search method used

tries. Compared to previous works, we improve CNN fea-
tures’ strength by selecting CNN features to obtain the best
combination for regression models. Through experiments on
various feature-regressor combinations, we find that forward
search is best feature selection method for this project, and
the top 180 searched features are the most robust features for
the regression model. Our features outperform night-lights
intensities in poverty predictions, which is a step forward to
provide validated information for tackling economic issues.
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